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Abstract

The evolutionary trajectories of complex traits are constrained by levels of genetic variation as
well as genetic correlations among traits. Because the ultimate source of all genetic variation is
mutation, the distribution of mutations entering populations profoundly affects standing variation
and genetic correlations. Here, we use an individual-based simulation model to investigate how
natural selection and gene interactions (i.e., epistasis) shape the evolution of mutational processes
affecting complex traits. We find that the presence of epistasis allows natural selection to mold the
distribution of mutations, such that mutational effects align with the selection surface.
Consequently, novel mutations tend to be more compatible with the current forces of selection
acting on the population. These results suggest that in many cases mutational effects should be
seen as an outcome of natural selection rather than as an unbiased source of genetic variation that
is independent of other evolutionary processes.

Introduction

The relationship between the genotype and the phenotype, sometimes called the genotype-
phenotype map, has taken center stage in the study of complex traits for very good
reasons’2. For instance, many important human disorders, such as susceptibility to heart
disease or Alzheimer’s disease, are determined by numerous genetic loci as well as
environmental effects, thrusting these traits directly into the realm of quantitative
genetics®4. An understanding of how genes and the environment conspire to shape these
traits might lead to better screening and treatment options. The complexity of the problem
calls for an approach based on correlations of genetic variants with trait values, either in the
context of genome-wide association studies or quantitative trait locus mapping®?®, but these
approaches typically identify genetic loci that explain only a small fraction of the genetic

Users may view, print, copy, and download text and data-mine the content in such documents, for the purposes of academic research,
subject always to the full Conditions of use:http://www.nature.com/authors/editorial_policies/license.html#terms

"Contact information for corresponding author Adam G. Jones: Department of Biology, Texas A&M University, 3258 TAMU,
College Station, TX 77843; Phone: (979) 845-7774; Fax: (979) 845-2891; ajones@mail.bio.tamu.edu.

Author Contributions: All authors contributed to the design and interpretation of this study. The simulation-based model was
developed primarily by AGJ and the mathematical results were derived mainly by RB. All three authors contributed to the writing of
the manuscript.

Conflict of Interest Statement: The authors declare no competing financial interests.



s1duosnuBIA Joyiny sispund DN edoin3 ¢

s1dLIOSNUBIA JoLINY sispund DN 8doin3 ¢

Jones et al.

Results

Page 2

variance in these sorts of complex traits’. This insufficiency problem has led to a widespread
appreciation that interactions among genes, a phenomenon called epistasis in the
quantitative genetics literature, could make a substantial contribution to the genetic variation
in complex traits®9, although the matter is still hotly debated10-12,

An added wrinkle to these considerations is that traits do not exist in isolation from other
traits. Individuals who express one trait, such as hypertension, may display a tendency to
express other traits, such as diabetes'3. In other words, different traits can be genetically
correlated, and from an evolutionary standpoint we would like to understand how such
genetic correlations arise and constrain population-level processes!4. Genetic correlations
can arise from a number of factors, and chief among them are natural selection and
mutation1516_ If certain trait combinations confer a fitness advantage relative to others, then
the variants that work well in combination will tend to be inherited together due to the
increased fitness of their bearersl’. From a mutation standpoint, if a mutation that affects
one trait in a positive fashion also affects a second trait in a similar direction due to
pleiotropy, then these new mutations will contribute to a genetic correlation between traits.
This source of genetic correlations can be very strong indeed18-20, Given the central role of
this “mutational architecture” in the evolution of complex traits and the apparent importance
of epistasis as revealed by studies of quantitative trait loci®21-25 our goal in the present
study is to investigate how epistasis influences the spectrum of mutations entering
populations and how the evolution of mutational effects in turn constrains the genetic
architecture of complex traits at the population level. Our results show that epistasis allows
the mutational architecture of the multivariate phenotype to be shaped by natural selection
and that the evolution of the mutational architecture in turn affects standing levels of genetic
variance and the ability of a population to respond to selection.

The Epistasis Model

We model epistasis using an individual-based Monte Carlo approach to simulate a
population of N individuals, each of which has a two-trait phenotype determined by both
genetic and environmental effects. The genetic effects arise from a suite of n loci, each of
which is pleiotropic and potentially epistatic. Epistasis is included using the multilinear
approach?6-28 which has been employed extensively to study the effects of epistasis on a
single-trait phenotype29-31, Our implementation allows pairwise interactions among all loci.
Because the loci are pleiotropic, the epistatic effects can occur within or between trait
effects. Our model accommodates both types of epistasis. An individual’s phenotype is
determined by the sum of additive effects and epistatic terms (see Methods), plus an
environmental effect drawn from a normal distribution with a mean of zero and variance of
one. The lifecycle consists of (1) random mating, (2) production of offspring, including
mutation and recombination, (3) natural selection specified by a bivariate Gaussian
individual selection surface (summarized by the m-matrix), and (4) population regulation
(see Methods for more details). We start with a core set of parameter values (Table 1) and
vary numerous combinations of parameters to investigate the evolution of the genetic
variance and mutational architecture under a wide range of biologically plausible conditions.
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For each combination of parameters, we run the simulation for 5000 initial generations to
reach a balance between selection, mutation, and genetic drift. These initial generations are
followed by 5000 experimental generations, during which we calculate variables of interest
(see Methods). For each parameter combination, we conduct 20 independent runs of the
complete simulation, including the 5000 initial and 5000 experimental generations. We
average values of interest across these 20 independent runs. Our main variables of interest in
the present model are the mutational variances (Mq1 and My,) and mutational correlation
(rm), which together describe the distribution of the phenotypic effects of new mutations
entering the population and can be thought of as the mutational architecture of the two-trait
phenotype, which we will also refer to as the M -matrix. We are also interested in the
variables describing the distribution of genetic variation in the population, including the total
genetic variances and covariance (11Vg, 22V and 12Vg), the additive genetic variances and
covariance (11Va, 220Va and 12Vp), and the epistatic genetic variances and covariance

(11Vaa, 22Vaa and 12Vaa). The additive genetic variances and covariances determine the
response of the population mean to selection, and are often organized into a matrix known as
the G-matrix.

The Evolution of the Genetic Variance and Mutation Matrix

Several key results emerge from our analysis. The first major result is that epistasis affects
the evolution of the genetic and mutational architecture of quantitative traits under a very
wide range of parameter combinations. In particular, the mutational variances (i.e., measures
of the absolute size of the phenotypic effects of new mutations entering populations) of the
quantitative trait loci show apparently adaptive changes in response to selection when
epistasis is present (Table 2), and these changes in mutational variances carry implications
for the standing levels of genetic variance. One striking result is that the magnitude of
mutational variances is negatively related to population size (Table 3).

The evolution of the mutational variances has a profound effect on the standing levels of
genetic variation in our simulated populations. For instance, in a strictly additive model,
mutational variances cannot evolve, and larger populations tend to harbor greater amounts of
genetic variance compared to smaller populations due reduced losses of variation because of
a less important role of genetic drift in the large populations (Figure 1). In the presence of
epistasis, however, the situation changes dramatically. Smaller populations evolve larger
mutational variances, and this pattern becomes more pronounced as the average absolute
values of epistatic parameters increase (Figure 1, Table 2). These larger mutational

variances increase the amount of genetic variance introduced by mutation each generation,
which in turn increases the standing level of genetic variation. For moderately strong

epistasis (i.e., epistatic parameter variance, 2 > (.5), this increase in the mutational
variance results in a tendency for larger populations to harbor less additive genetic variance
than their smaller counterparts (Figure 1, Table 3). However, when populations become
exceptionally small, the variance-reducing effects of drift become strong enough to
overcome the increase in mutational variances, resulting in a non-monotonic relationship
between population size and additive genetic variance under moderate to strong epistasis
(Figure 1). Thus, the evolution of the mutational variance, as a consequence of evolving
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epistatic effects, has important implications at the population level in terms of standing
levels of genetic variation.

Triple Alignment

Our second major result is that the mutational covariance evolves in a way that causes
adaptive alignment with the individual selection surface. If selection favors certain
combinations of traits, then the presence of epistasis allows the mutational architecture to
evolve in a way that new mutations tend to reinforce these favorable trait combinations. This
alignment result is very general, and it occurs under almost all investigated parameter
combinations, as evidenced by the evolution of a positive mutational correlation whenever
we impose correlational selection (Tables 2 and 3). We investigate the veracity of the
alignment between the individual selection surface (the w-matrix), the additive genetic
architecture (the G-matrix), and the mutational architecture (the M -matrix), by conducting
simulation runs involving selection surfaces oriented differently in phenotypic space, but
otherwise of identical shape, and tracking the evolutionary responses of the G-matrix and
M-matrix. When we perform this exercise, we find remarkable alignment between the -
matrix, the G-matrix and the M-matrix (Figure 2). Under our parameter combinations, the
elongate selection surface results in a somewhat less elongate G-matrix, and in turn an even
less eccentric M -matrix, but the leading eigenvectors of all three matrices align almost
perfectly in phenotypic space. These aligned M-matrices tend to remain stable within a run,
and while different runs sometimes produce quantitatively different M-matrices, nearly all
of them evolve toward alignment with the selection surface (Supplementary Table 1). Figure
2 shows results from a large population (N = 4096), but this sort of triple alignment also
occurs in much smaller populations (Supplementary Table 2), even though the alignment is
disrupted somewhat in smaller populations by the operation of genetic drift.

The evolution of larger mutational variances in small populations can be understood by
considering the relationship between average allelic effects at the quantitative trait loci and
the average epistatic coefficients for each locus. Because the epistatic coefficients are
parameters in the multilinear model, they do not change during a given simulation run (see
Methods). Rather, epistatic contributions, and hence genotypic values, evolve as the allelic
effects of individual loci change over evolutionary time. Loci with favorable epistatic
coefficients can evolve larger allelic effects that enhance their epistatic effects. Alternatively
loci can evolve allelic effects in opposition to their epistatic coefficients to reduce the
phenotypic effects of new mutations. Figure 3 shows the relationship between average
allelic effects and average epistatic coefficients in a small population (N = 128) in which
large mutational variances evolve, and in a large population (N = 2048) in which small
mutational variances evolve. In the small population, we see a very weak, non-significant
negative relationship between average allelic effects and average epistatic coefficients.
However, in the large population, we see a strong and highly significant negative
relationship. Thus, in the large population, loci with negative epistatic effects on average
tend to have positive allelic effects and loci with positive epistatic effects tend to evolve
negative allelic effects, with the consequence that the reference effects of most new
mutations are largely counteracted by their opposing epistatic effects. This masking process
due to opposing reference and epistatic effects is more important in larger populations than
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smaller populations, resulting in a negative relationship between mutational variances and
population size. In Figure 3, for the sake of simplicity, we address only the evolution of the
mutational variance at one trait, but the evolution of mutational covariances arises from
similar processes. In short, the mutational architecture evolves as a consequence of the
quantitative trait loci evolving allelic effects that interact with their epistatic coefficients
according to the current regime of selection and drift.

One other consequence of the evolution of the mutational architecture under epistasis is that
the alignment of the M -matrix with the G-matrix will tend to strengthen any additive genetic
correlations that exist in the population (Tables 2 and 3). Except under very strong epistasis
or large population size and strong epistasis, the majority of genetic variance arising from
epistasis is additive (Tables 2, 3, Supplementary Table 3), which means that this genetic
variance can contribute to a response to selection. Indeed, our results indicate that a
mutational architecture evolving under epistasis can enhance a population’s ability to
respond to selection. For instance, in small populations with very high mutational variances
(caused by epistasis), we see a stronger response to selection compared to larger populations
(Supplementary Table 3). Much of the genetic variance in the smaller population is
attributable to the large mutational variance, which is a product of the evolution of the
mutational architecture made possible by epistasis. However, the majority of the genetic
variance is nonetheless additive (compare Vp to Vg in Supplementary Table 3), and
therefore available for natural selection. Similarly, the genetic covariance, which is
strengthened by the alignment of the G-matrix and M -matrix, is mainly additive genetic in
nature and thus produces a correlated response to selection (Supplementary Table 3).

Evolution of the M-matrix and triple alignment of the type we describe here occurs under
almost all parameter combinations. Regardless of the strength of epistasis (Table 2),
population size (Table 3), mutational variance of reference effects (Supplementary Table 4),
or strength of stabilizing selection (Supplementary Table 5), we see a tendency for the M-
matrix to align with the selection surface, as evidenced by the evolution of a positive
mutational correlation in the presence of positive correlational selection. However, we do
observe that the evolution of the mutational correlation becomes less pronounced as
mutations become sufficiently rare (Supplementary Table 6).

Discussion

Our analysis of the two-trait version of the multilinear model of epistasis provides several
important insights into the evolution of the genetic variance of quantitative traits. The first
key insight is that epistasis allows the evolution of mutational effects and in particular larger
mutational effects and variances in smaller populations. These larger mutational variances,
in turn, cause smaller populations to harbor greater amounts of additive genetic variance
than larger populations, a counterintuitive result that is nevertheless consistent with the
broader literature on the evolution of mutational effects and mutational robustness32-34,
which is defined as the ability of an organism or trait to maintain its function despite the
occurrence of novel mutations33. The second major insight from our model is that epistasis
allows the mutational matrix to evolve toward alignment with the individual selection
surface. Because both the mutational matrix and the individual selection surface influence
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the shape and orientation of the G-matrix, we find that epistasis produces a situation of triple
alignment, in which patterns of mutation, genetic variation and selection evolve toward a
common orientation in phenotypic space. These results illuminate the potential importance
of epistasis and the evolution of mutational effects in evolutionary processes.

The most counterintuitive result in our study is that smaller populations evolve larger
mutational variances than larger populations to such a degree that smaller populations tend
to harbor greater levels of additive genetic variance in quantitative traits. This pattern likely
arises from three main processes, one driven by epistasis and the other two arising from
genetic drift. First, because epistasis is non-directional on average in our model (i.e.,
positive and negative interactions potentially balance), mutational variance tends to increase
in the absence of other evolutionary forces (see Methods). Second, the efficacy of stabilizing
selection is lower in smaller populations, allowing these populations to maintain alleles with
larger “reference” effects, which can be thought of as the phenotypic effect the allele would
have in the absence of epistasis. These larger reference effects in turn increase the absolute
magnitude of epistatic contributions. In particular, large reference effects at some loci can be
compensated for by large reference effects of opposite sign at other loci, thus leading to
more compensatory evolution in small populations. For a seemingly similar observation in a
different model, see the recent report from Rajon and Masel3®. The third cause of a higher
mutational variance in smaller populations is that stabilizing selection favors the evolution
of smaller additive genetic variances®6, a phenomenon that has been observed in other
studies as an increase in mutational robustness in large populations3#37. Because smaller
populations tend to have their phenotypic means displaced away from the bivariate optimum
by the action of genetic drift, they experience larger absolute forces of directional selection,
which favors an increase in additive genetic variation38, and less stabilizing selection
compared to larger populations. Therefore, the evolution of mutational robustness is less
effective in the smaller populations. Together, these factors produce large mutational and
additive genetic variances in small populations.

Another possibility is that multiple quasi-stable equilibria exist in our simulated populations,
a phenomenon that has been observed in other studies of the multilinear model of
epistasis?®, and that genetic drift allows smaller populations to shift between these equilibria
more often than larger populations3?. Such a scenario could also produce an increase in
genetic variance and mutational variances in the small populations. Regardless, despite the
fact that selection is less efficient in small populations due to the effects of genetic drift, our
results show that the combined action of drift and selection can allow these small
populations to maintain large mutational variances. Thus, these conflicting evolutionary
pressures combine to produce a negative correlation between effective population size and
mutational variances, and we see a pronounced manifestation of this expectation in our
results (Table 3).

Our analysis of the evolution of the orientation of the mutational matrix extends previous
work, which focused exclusively on the evolution of the mutational correlation. When the
mutational correlation is treated as a quantitative trait in an additive model, it has a tendency
to evolve toward alignment with the selection surface20. However, a much more realistic
way to model the evolution of the M-matrix is by using an explicit, general model of
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epistasis, as we have done here. Our results show that, indeed, the mutational correlation
does evolve toward alignment with the selection surface, and more importantly, the
mutational variances and covariances evolve in tandem to produce a mutational matrix
nearly perfectly aligned with the selection surface. Under these circumstances, the selection
surface and mutational matrix both influence the standing genetic variance in the population,
which also results in triple alignment of the M -matrix, G-matrix, and selection surface. This
alignment scenario is important from an evolutionary standpoint, because constraints
imposed by the M-matrix can be quite strong819, but here we see that these mutational
constraints are shaped in part by natural selection. Triple alignment means that new
mutations entering the population will tend to fall along the ridge of the selection surface, if
there is one, thus mitigating their deleterious impacts. Furthermore, triple alignment will
facilitate evolution along both genetic and selective lines of least resistance®?41, Thus, the
evolution of robustness and of evolvability occur simultaneously in our model33:42:43,

Our study has several limitations that offer fodder for future work on how epistasis affects
multivariate trait evolution. Importantly, we follow the convention of other individual-based
studies of quantitative genetic phenomena, including epistasis, and use unrealistically high
per-locus mutation rates. Although this rate inflation is likely to facilitate the evolution of
genetic architecture3?, this device is necessary because realistic per-locus mutation rates in
such simulations tend to produce unrealistically low levels of additive genetic variance. For
instance, with mutation rates on the order of 10" or 107, our populations lose all genetic
variation and all interesting evolutionary phenomena cease to occur. This result illustrates
that we still do not fully understand the mechanisms maintaining genetic variation in natural
populations, but it also represents a real constraint for the type of model we employ here36.
It is worth noting, however, that our mutation rates are much more realistic than those used
in some univariate studies of the multilinear model. Le Rouzic et al.30, for instance,
employed a per-locus mutation rate of 0.01, arguing that the mutation rate has little effect on
the qualitative dynamics of the system beyond affecting the timescale of evolution**45, In
addition, our model typically focused on quantitative traits determined by a small number of
loci, typically 20, due to computational constraints. Actual traits in living systems may be
affected by hundreds or thousands of loci, which would give them a much larger mutational
footprint than the traits considered here. Moreover, if quantitative traits are sometimes
affected by suites of physically linked genes, then mutations at these supergenes could occur
more frequently than they would occur for any single gene in the genome. These sorts of
tightly linked gene clusters are appropriately simulated by the type of model we used here,
where each simulated locus could be interpreted as a group of physically linked genes
affecting the phenotype. Regardless, progress in reconciling simulation-based models and
real data will require additional data on the genetic details of multivariate, quantitative
phenotypes.

Our results also show that the type of epistasis influences the evolution of mutational
architecture. Most of our simulations allow all possible pairwise epistatic effects. However,
in our model all loci are pleiotropic, meaning each locus has an effect on trait one and an
effect on trait two, so epistatic effects can potentially occur within or between trait effects
across loci. If only within-trait effects are allowed (e.g., the trait one effect at one locus
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interacts with the trait one effect at another locus to affect only the trait one phenotype), then
the mutational correlation cannot evolve (Supplementary Table 7). Thus, the alignment of
the M-matrix with the selection surface requires at least some between-trait epistasis. Recent
empirical studies indicate that this type of epistasis, necessary for the evolution of
mutational covariances, does exist in natural populations. This type of epistasis has been
termed “differential epistasis” by Cheverud and colleagues*® and has been shown to occur
for morphological and physiological traits in mice24:2547,

The results of the present model should provide a foundation for studies involving more
realistic assumptions, and several obvious directions for future studies emerge from our
results. For instance, our model ignores complications such as dominance, directional
epistasis and higher-order epistasis, all of which can influence the evolution of the
mutational architecture2?48, We also allow all pairwise epistatic interactions among loci,
whereas the genetic architectures of actual traits are probably determined by gene networks
with far fewer epistatic interactions. Furthermore, we constrain the epistatic parameters to
remain constant within a simulation run, a feature that we retain from the univariate version
of the multilinear model. However, in actual biological systems, the strengths of epistatic
interactions among loci may evolve. A model with evolving epistatic coefficients would
require assumptions about the genetic basis and inheritance of epistatic effects and is well
beyond the scope of the model we present here, but such a model could be very enlightening
with respect to the evolution of mutational and genetic architectures of complex traits.

In summary, the application of the multilinear model of epistasis to a two-trait phenotype
results in several startling insights into the evolutionary process. The most important insight
is that natural selection, embodied by the individual selection surface, causes mutational
architectures to evolve in an adaptive way. This result contradicts the simplistic view of
mutation presented in most texts in which mutation is claimed to be random with respect to
adaptation. Our results reinforce and extend the results of other studies that have addressed
various aspects of the evolution of the mutational architecture by exploring the effects of
epistasis in the univariate case28-31:39 by examining the evolution of mutational
correlations?%47, and by addressing the effects of phenotypic plasticity on the evolution of
mutational processes*?. Our approach is unique in that we allow the mutational variances
and covariance to evolve simultaneously, and our results show a striking pattern of three-
way alignment across levels of biological organization. In particular, the M-matrix, which
describes the distribution of mutational effects entering the population, evolves to align with
the individual selection surface. This alignment increases mutational robustness in the sense
that it is expected to reduce the fitness impacts of novel mutations32:34, In turn, the G-
matrix, which describes the standing levels of additive genetic variance in the population,
evolves to align with both the M -matrix and the selection surface. This three-way alignment
of mutation, genetic variation, and selection is significant for a number of reasons. First, the
mutational architecture of traits should not be seen as something that is independent of
natural selection. Rather, the mutational architecture is partially a product of natural
selection®0. Second, the evolution of the M-matrix will tend to reinforce any genetic
correlations produced by selection, and this reinforcement increases the efficacy of
correlated responses to selection, which determine evolutionary trajectories in phenotypic
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space. Finally, the extent of alignment between the mutational architecture and the selection
surface will influence the fitness effects of new mutations. Stronger alignment reduces the
deleterious impacts of new mutations. In general, our results suggest that the already
impressive forces of natural selection may extend to the very roots of the evolutionary
process by shaping the nature of variation that enters populations as a consequence of novel
mutations.

The Multivariate Multilinear Model

Our Monte Carlo simulation is an extension of the models used by Jones and colleagues!®-20
to study the evolution of additive genetic variances and covariances in sexually reproducing
populations. These models explicitly simulate all individuals in the population. Every
individual has a two-trait phenotype determined by its genotype and random environmental
effects. In the original models, all loci are assumed to be additive, so an individual’s genetic
value is determined by simply summing across all alleles at all loci. As in the original
model, all loci are assumed to be pleiotropic, so each allele has an effect on both traits and
both effects for a particular allele are inherited together.

The most important difference between the present model and previous models is the
addition of epistasis. Our implementation of epistasis follows the multilinear model8, which
has been used successfully to study the effects of epistasis on a univariate phenotype?9-31,
The addition of epistasis to the model changes the way a multilocus genotype is converted
into a phenotype. The multilinear model simply extends the additive model by specifying
additional terms, which describe the effects of epistasis. Thus, in the univariate multilinear
model, the phenotype is given by

X=&+ zi:ym + 573 ey (y) o

iG>l

where X is the individual’s genotypic value for the quantitative trait, &y is the value of an
arbitrary reference genotype, which for our model with a stationary intermediate optimum
can be assumed to be zero, y() is the reference effect of an individual’s genotype at locus i
(the two allelic values in the diploid organism are summed to obtain the genotype’s
reference effect), and () is an epistatic coefficient, which determines the nature of the
interaction between locus i and locus j. Clearly if all epistatic coefficients are zero, then this
model reduces to a strictly additive model and the reference effects correspond to additive
effects. This description of the multilinear model includes only pairwise interactions. In
principle, higher order interactions can be included in the model, but in the present study we
allow only pairwise interactions between loci.

The multiple trait version of this multilinear model requires additional notation and
additional epistatic terms. In the present paper, we restrict attention to the two-trait case,
which is simple enough to understand yet complex enough to capture the essence of the
evolution of the multivariate phenotype. In our model, every locus is potentially pleiotropic,
in the sense that it has a reference effect on both traits. In addition, every locus is potentially
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epistatic, as specified by the multilinear model. In this model, then, every individual has two
genotypic values, one for each trait, specified by

aX = a§0 + ;ay(z) + Z Z ZZabCE(i7j)by(i)cy(j) )

i jij>i b oc

where ;X is an individual’s genotypic value for trait a, and ;& is the value of the reference
genotype, which will be zero for our analysis. As in the univariate case, y@ is the
individual’s reference genotypic value on trait a at locus i, and in the absence of epistasis,
this value would be the additive effect of the locus. The final summation term represents the
epistatic interactions among loci, where 4pc()) gives the epistatic effect on trait a of the
interaction between the effects of locus i on trait b and locus j on trait c. We assume that no
locus interacts with itself, so z,c£0) = 0 and that interactions are symmetric in the sense
that gpeel) = 40pe0) . Each epistatic term is simply the product of the relevant epistatic
coefficient and the reference effects at the two interacting loci. However, this model allows
the reference effects of the two loci on one trait to affect an individual’s genotypic value at
another trait, so the model is general, and most forms of epistasis can be represented as
special cases of this multivariate multilinear model.

Equation (2) allows us to calculate an individual’s genotypic value across all loci at both
traits, taking into account all possible pairwise epistatic interactions. We simulate
environmental variance by drawing a value from a normal distribution with a mean of zero
and a variance of one independently for each trait. These environmental effects are added to
the genotypic values to determine an individual’s phenotypic value for each quantitative
trait.

The Life Cycle — Mating, Recombination, and Mutation

Each generation of the simulated lifecycle begins with the adults of the previous generation
mating and producing zygotes. The epistasis model employs a mating system in which each
female mates with exactly two males and produces a total of four offspring, two from each
father. Mates are chosen at random, and individual males can mate as many times as they
are chosen. This breeding design facilitates the estimation of quantitative genetic values, as
described below. Alleles are inherited in a Mendelian fashion, and we assume that all loci
are physically unlinked.

Each gamete contributing to a zygote has a probability of ny of carrying a new mutation,
where n is the number of loci affecting the quantitative traits and p is the per-locus mutation
rate. Recalling that each locus affects both quantitative traits, we draw mutational effects at

random from a bivariate normal distribution with mutational variances of o2 (for trait one)

and o3 (for trait two) and a mutational correlation specified by r,. These mutational effects
are then added to the existing reference effects of the allele undergoing the mutation. Hence,
each time a mutation occurs, it alters the pleiotropic allele’s effects on both traits. The
changes are at the level of reference effects, which will be additive effects if all the epistatic
parameters are zero. However, in the presence of epistasis, changes in reference effects do
not necessarily translate directly into changes in additive effects. Even though the epistatic
coefficients remain constant throughout a simulation run, the epistatic interactions can
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evolve as the allelic effects present at various loci change over time. Because the epistatic
interactions also determine the mapping of reference effects to the genotypic value of an
individual, this model allows the M -matrix, which summarizes the distribution of new
mutations entering the population, to evolve as well.

The Life Cycle — Selection

We impose selection by assuming an individual selection surface with the shape of a
bivariate Gaussian function. Assuming z is a vector of an individual’s phenotypic values at
the traits under consideration, the probability of surviving selection is

W (Z) =exp —%(Z . 0)TUJ71 (Z - 0) (3)

where 0 is a vector of trait optima, T represents matrix transposition, and w is a matrix that
describes the shape of the selection surface. In our two-trait case, o is a symmetric 2x2
matrix with diagonal elements, analogous to variances, indicating the strength of stabilizing
selection on each trait. Smaller values result in a steeper surface with stronger stabilizing
selection. The off-diagonal element, analogous to the covariance, indicates the strength of
correlational selection, and can be conveniently summarized as the selectional correlation,
r,,» with larger absolute values corresponding to stronger correlational selection (see below).

We impose viability selection by choosing a uniformly distributed pseudorandom number
between 0 and 1 for each individual. If the number is less than W(z), then the individual
survives to the next phase of the life cycle, population regulation.

The Life Cycle — Population Regulation

In this evolutionary model, we assume that a population is near its carrying capacity, K. We
restrict attention to cases in which the population invariably produces more than K offspring,
and we impose population regulation by choosing K individuals at random from the
survivors of selection. We also impose an equal sex ratio on these adults. These individuals
are the adults of the new generation, and they will go on to mate as described above to
produce the next generation of progeny.

Important Parameter Values

In this model, we restrict attention to a population evolving in response to a stationary
individual selection surface. Thus, genetic drift and stabilizing selection are the main
sources of evolutionary change. Some directional selection occurs when drift moves the
population away from the bivariate optimum, and this directional selection moves the
population back toward the optimum.

In the present analysis, we explore a large swath of parameter space, and we report results
from the most important parameters. An exhaustive exploration of parameter space is
intractable for this sort of model, so we start with a core set of parameter values and
examine how deviations from this core set affect evolutionary dynamics. The core parameter
set is given in Table 1.

Nat Commun. Author manuscript; available in PMC 2014 November 14.



s1duosnuBIA Joyiny sispund DN edoin3 ¢

s1dLIOSNUBIA JoLINy sispund DN 8doin3 ¢

Jones et al.

Page 12

Several of these parameters require some explanation. As noted above, the parameters
describing the selection surface, @, whose elements are @1, a»y and wy», are critically
important because they determine the strength of selection and the extent to which
correlational selection acts on the population. For convenience, we use the selectional
correlation (r ) rather than @y, because r,, which is constrained to fall between -1 and 1, is
more conceptually understandable. Of course, r, is simply w15 /  /wi7was, SO the conversion
between the selectional correlation and the selectional covariance is trivial. The mutational

variances (a?, o2) and mutational correlation (ry,) for reference effects determines the
distribution of new mutations entering the population. Epistasis can cause the reference
effects to be only loosely connected to the effects of the mutation on the genotype, so we
specify the latter as the M -matrix (see below). The M-matrix is thus a variable (of
considerable interest) in this model rather than a parameter, whereas the effects of mutations
on the reference effects of alleles are true parameters that can be specified and remain
constant for a given simulation run. Because we are interested in the tendency for epistasis
to generate mutational correlations, we use a value of zero for the mutational correlation of
reference effects (ry).

Another feature of the epistasis model is that there are many epistatic coefficients. For
instance, in a single-trait multilinear model, there will be a total of n(n-2)/2 such
coefficients, where n is the number of loci. In the two-trait multilinear model, there are six
times as many coefficients, because all interactions between reference effects within and
between traits must be considered. Thus, a model with 20 loci has a total of 1080 unique
epistatic coefficients. The only feasible way to model epistasis, then, is to draw these
coefficients from a distribution. We draw them from a normal distribution with a mean of

zero and a variance of 52 This approach allows a mixture of positive and negative epistasis.
One key aspect of this model is that the epistatic parameters are set at the beginning of each
independent simulation run, and they do not change during the run. Because the epistatic
coefficients remain constant, the epistatic effects evolve as a consequence of changes in the
reference effects of loci, which do evolve as a consequence of mutation, drift, and selection.
The other parameters listed in Table 1 also remain constant throughout a particular
simulation run.

Evolution of Mutational Effects

We show for the univariate case that the mutational variance will increase in the absence of
other evolutionary forces if there is no directional epistasis, i.e., if E[£]=0, as assumed
throughout this paper. Consider just two loci. Then, by eq. (1), the effect of a mutation of
size a at the first locus is

Am — (50 + y(l) + o+ y(z) + € (y(l) + a) y(2))_ (50 + y(l) + y(Q) + Ey(l)y@)) = (1 + Ey(2)) (4)

where we write € = ¢(1.2), Because E[a]=0, also E[Am]=0. Taking expectations with respect
to mutational effects, epistasis parameters, and locus effects, the variance of mutational
effects becomes
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Bl(@am?] =& [0 +ey?] =B[o’] (14281 Bl + B[] B[y]) ©

where we used pairwise independence of a, &, and locus effects. Now, the assumption E[¢] =
0 yields

B[(am?] =2 [+] (028 [1]) 2 £[a7] @

However, at each particular locus mutational variances may increase or decrease, depending
on the particular choice of epistatic parameters.

Statistical and Estimation Issues

The addition of epistasis to our model carries with it a number of challenges regarding the
estimation of variables of interest. In this study, we are interested in the distribution of total
and additive genetic variance in the population at any given time, and we are also keenly
interested in the evolution of the M-matrix, which serves as the central source of motivation
of this study. We represent the elements of the M-matrix as M1, M2 and M1, and we also

specify the mutational correlation as ry (which is equal to M1 / /N1, Mas)-

We estimate the genetic variance components by building a half-sib breeding design into the
model. By having each simulated female mate twice, we generate a number of half-sib
families equal to the number of females in the population. The analysis of this breeding
design can be accomplished through a standard analysis of variance approach®l. Our
population lacks dominance, so the total genetic variance can be partitioned into parts
arising from additive genetic variance and additive by additive epistatic variance. Even
when epistatic effects are large, much of the genetic variance arising from the epistatic terms
in equation (2) is additive and thus contributes to parent-offspring resemblance.

The M-matrix is prohibitively difficult to estimate analytically, due to the many epistatic
interactions and the possible presence of linkage disequilibrium among loci, so we use an
empirical approach to determine the distribution of mutational effects. Every 100 or 200
generations, we make a copy of all progeny produced and induce individual mutations 50
times per locus for each individual. After each single-locus mutation, we refigure each
individual’s genotypic value for the two traits, as described in equation (2), and compare this
new genotypic value to the value before mutation. The individual’s genotype is then set back
to its original value before the next mutation. The change in the genotypic value is the effect
of the mutation, and we use this approach to compile a distribution for each locus separately.
In most cases, we report the average M-matrix, which we calculate as the mean mutational
variances and mutational correlation across loci.

For each simulation run, we start with an initial population of adults with population size (N)
equal to the carrying capacity (K), and indeed N = K for the duration of each run. Each locus
starts with five equally frequent alleles with allelic effects drawn from a bivariate normal
distribution with a mean of zero, standard deviations of the corresponding mutational
standard deviation divided by the number of loci, and covariance of zero. This initial
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population is then permitted to evolve for a period of 5000 generations to reach a state of
quasi-equilibrium between genetic drift, selection and mutation. These initial generations are
followed by 5000 experimental generations during which we calculate values of interest. For
each combination of parameter values, we typically conduct 20 independent simulation runs.
Variables are often averaged across generations within a run and then these means are
averaged across runs to give the values we report.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.

Acknowledgements

This work was supported by National Science Foundation grants to SJA and AGJ (DEB-0447554 and
DEB-0448268) and by funds from the Austrian Science Fund (FWF) to RB (projects P21305 and P25188). We
thank Joachim Hermisson for valuable discussion and suggestions for improvement of the manuscript.

References
1.

10.

11.

12.

13.

14.

15.

Wagner GP, Altenberg L. Perspective: Complex adaptations and the evolution of evolvability.
Evolution. 1996; 50:967-976.

. Wagner GP, Pavli¢ev M, Cheverud JM. The road to modularity. Nature Rev. Genet. 2007; 8:921—

931. [PubMed: 18007649]

. Mackay TFC, Stone EA, Ayroles JF. The genetics of quantitative traits: challenges and prospects.

Nature Rev. Genet. 2009; 10:565-577. [PubMed: 19584810]

. Plomin R, Haworth CMA, Davis OSP. Common disorders are quantitative traits. Nature Rev. Genet.

2009; 10:872-878. [PubMed: 19859063]

. Altshuler D, Daly MJ, Lander ES. Genetic mapping in human disease. Science. 2008; 322:881-888.

[PubMed: 18988837]

. Mackay TFC. The genetic architecture of quantitative traits. Annu. Rev. Genet. 2001; 35:303-3309.

[PubMed: 11700286]

. Manolio TA, et al. Finding the missing heritability of complex diseases. Nature. 2009; 461:747-753.

[PubMed: 19812666]

. Zuk O, Hechter E, Sunyaev SR, Lander ES. The mystery of missing heritability: Genetic

interactions create phantom heritability. Proc. Natl. Acad. Sci. USA. 2012; 109:1193-1198.
[PubMed: 22223662]

. Huang W, et al. Epistasis dominates the genetic architecture of Drosophila quantitative traits. Proc.

Natl. Acad. Sci. USA. 2012; 109:15553-15559. [PubMed: 22949659]

Hill WG, Goddard ME, Visscher PM. Data and theory point mainly to additive genetic variance for
complex traits. PLOS Genetics. 2008; 4:¢1000008. [PubMed: 18454194]

Yang J, et al. Common SNPs explain a large proportion of the heritability for human height.
Nature Genetics. 2010; 42:565-569. [PubMed: 20562875]

Hansen TF. Why epistasis is important for selection and adaptation. Evolution. 2013; 67:3501—
3511. [PubMed: 24299403]

Carmelli D, Cardon LR, Fabsitz R. Clustering of hypertension, diabetes, and obesity in adult male
twins — same genes or same environments? Am. J. Hum. Genet. 1994; 55:566-573. [PubMed:
8079995]

Lande R. Quantitative genetic analysis of multivariate evolution, applied to brain:body size
allometry. Evolution. 1979; 33:402-416.

Lande R. The genetic covariance between characters maintained by pleiotropic mutations.
Genetics. 1980; 94:203-215. [PubMed: 17248993]

Nat Commun. Author manuscript; available in PMC 2014 November 14.



s1duosnuBIA Joyiny sispund DN edoin3 ¢

s1dLIOSNUBIA JoLINY sispund DN 8doin3 ¢

Jones et al.

16.

17.

18.

19.

20.

21.

22

23.

24.

25.

26.

217.

28.

29.

30.

31.

32.
33.
34.

35.

36.

37.

38.

39.

40.

41.

Page 15

Houle D. Genetic covariances of fitness correlates: what genetic correlations are made of and why
it matters. Evolution. 1991; 45:630-648.

Brodie ED Ill. Correlational selection for color pattern and antipredator behavior in the garter
snake Thamnophis ordinoides. Evolution. 1992; 46:1284-1298.

Jones AG, Arnold SJ, Biirger R. Stability of the G-matrix in a population experiencing pleiotropic
mutation, stabilizing selection, and genetic drift. Evolution. 2003; 57:1747-1760. [PubMed:
14503617]

Jones AG, Arnold SJ, Biirger R. Evolution and stability of the G-matrix on a landscape with a
moving optimum. Evolution. 2004; 58:1639-1654. [PubMed: 15446419]

Jones AG, Arnold SJ, Biirger R. The mutation matrix and the evolution of evolvability. Evolution.
2007; 61:727-745. [PubMed: 17439608]

Kroymann J, Mitchell-Olds T. Epistasis and balanced polymorphism influencing complex trait
variation. Nature. 2005; 435:95-98. [PubMed: 15875023]

. Phillips PC. Epistasis — the essential role of gene interactions in the structure and evolution of

genetic systems. Nature Rev. Genet. 2008; 9:855-867. [PubMed: 18852697]

Barton NH, Keightley PD. Understanding quantitative genetic variation. Nature Rev. Genet. 2002;
3:11-21. [PubMed: 11823787]

Pavlicev M, Kenney-Hunt JP, Norgard AE, Roseman CC, Wolf J, Cheverud JM. Genetic variation
in pleiotropy: Differential epistasis as a source of variation in the allometric relationships between
bone lengths and body weight. Evolution. 2008; 62:199-213. [PubMed: 18005158]

Leamy LJ, Pomp D, Lightfoot JT. Genetic variation in the pleiotropic association between physical
activity and body weight in mice. Genet. Sel. Evol. 2009; 41:41. [PubMed: 19775457]

Zhivotovsky LA, Gavrilets S. Quantitative variability and multilocus polymorphism under epistatic
selection. Theor. Popul. Biol. 1992; 42:254-283. [PubMed: 1485273]

Gavrilets S, de Jong G. Pleiotropic models of polygenic variation, stabilizing selection, and
epistasis. Genetics. 1993; 134:609-625. [PubMed: 8325491]

Hansen TF, Wagner GP. Modeling genetic architecture: A multilinear theory of gene interaction.
Theor. Popul. Biol. 2001; 59:61-68. [PubMed: 11243929]

Carter AJR, Hermisson J, Hansen TF. The role of epistatic gene interactions in the response to
selection and the evolution of evolvability. Theor. Popul. Biol. 2005; 68:179-196. [PubMed:
16122771]

Le Rouzic A, Alvarez-Castro JM, Hansen TF. The evolution of canalization and evolvability in
stable and fluctuating environments. Evol. Biol. 2013; 40:317-340.

Hermisson J, Hansen TF, Wagner GP. Epistasis in polygenic traits and the evolution of genetic
architecture under stabilizing selection. Am. Nat. 2003; 161:708-734. [PubMed: 12858280]

Wagner A. Does evolutionary plasticity evolve? Evolution. 1996; 50:1008-1023.
Wagner A. Robustness and evolvability: a paradox resolved. Proc. R. Soc. B. 2008; 275:91-100.

Wagner GP, Booth G, Homayoun-Chaichian H. A population genetic theory of canalization.
Evolution. 1997; 51:329-347.

Rajon E, Masel J. Compensatory evolution and the origin of innovations. Genetics. 2013;
193:1209-1220. [PubMed: 23335336]

Birger, R. The Mathematical Theory of Selection, Recombination, and Mutation. Wiley;
Chichester: 2000.

Hermisson J, Wagner GP. The population genetic theory of hidden variation and genetic
robustness. Genetics. 2004; 168:2271-2284. [PubMed: 15611191]

Burger R. Predictions of the dynamics of a polygenic character under directional selection. J.
Theor. Biol. 1993; 162:487-513. [PubMed: 8412235]

Barton NH, Turelli M. Effects of genetic drift on variance components under a general model of
epistasis. Evolution. 2004; 58:2111-2132. [PubMed: 15562679]

Schluter D. Adaptive radiation along genetic lines of least resistance. Evolution. 1996; 50:1766—
1774,

Arnold SJ, Jones AG, Pfrender ME. The adaptive landscape as a conceptual bridge between micro-
and macroevolution. Genetica. 2001; 112:9-32. [PubMed: 11838790]

Nat Commun. Author manuscript; available in PMC 2014 November 14.



s1duosnuBIA Joyiny sispund DN edoin3 ¢

s1dLIOSNUBIA JoLINY sispund DN 8doin3 ¢

Jones et al.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

Page 16

Draghi JA, Parsons TL, Wagner GP, Plotkin JB. Mutational robustness can facilitate adaptation.
Nature. 2010; 463:353-355. [PubMed: 20090752]

Masel J, Trotter MV. Robustness and evolvability. Trends Genet. 2010; 26:406-414. [PubMed:
20598394]

Hansen TF, Alvarez-Castro JM, Carter AJR, Hermisson J, Wagner GP. Evolution of genetic
architecture under directional selection. Evolution. 2006; 60:1523-1536. [PubMed: 17017054]
Fierst JL, Hansen TF. Genetic architecture and postzygotic reproductive isolation: evolution of
Bateson-Dobzhansky-Muller incompatibilities in a polygenic model. Evolution. 2010; 64:675—
693. [PubMed: 19817852]

Cheverud JM, Ehrich TH, Vaughn TT, Koreishi SF, Linsey RB, Pletscher LS. Pleiotropic effects
on mandibular morphology Il: differential epistasis and genetic variation in morphological
integration. J. Exp. Zool. B Mol. Dev. Evol. 2004; 302:424-435. [PubMed: 15384169]
Pavlicev M, Cheverud JM, Wagner GP. Evolution of adaptive phenotypic variation patterns by
direct selection for evolvability. Proc. Biol. Sci. 2011; 278:1903-1912. [PubMed: 21106581]
Turelli M, Barton NH. Will population bottlenecks and multilocus epistasis increase additive
genetic variance? Evolution. 2006; 60:1763-1776. [PubMed: 17089962]

Draghi JA, Whitlock MC. Phenotypic plasticity facilitates mutational variance, genetic variance,
and evolvability along the major axis of environmental variation. Evolution. 2012; 66:2891-2902.
[PubMed: 22946810]

Schwenk, K.; Wagner, GP. Phenotypic Integration: Studying the Ecology and Evolution of
Complex Phenotypes. Pigliucci, M.; Preston, K., editors. Oxford Univ. Press; 2004. p. 390-408.

Falconer, DS.; Mackay, TFC. Introduction to Quantitative Genetics. 4th Edition.. Longman; NY:
1996.

Nat Commun. Author manuscript; available in PMC 2014 November 14.



s1duosnuBIA Joyiny sispund DN edoin3 ¢

s1dLIOSNUBIA JoLINY sispund DN 8doin3 ¢

Jones et al.

additive genetic variance (4,V,)

mutational variance (M,,)

Page 17
0.5 -
(a)
®
0.4 -
# 4
A
0.3 {0; 4
0 o
a
0.2 A LIRS ®
LS i °
0.1 1¢
0 T 7 T . )
0 500 1000 1500 2000 2500
11 (b) @ variance in epistatic coefficients = 0.0
+ Avariance in epistatic coefficients = 0.1
| Bvariance in epistatic coefficients = 0.5
0.8 : : S .
@ variance in epistatic coefficients = 2.0
0.6 - +
0.4 - o
B e
A A O g
o Joe o ) o

0 500 1000 1500 2000 2500
population size (N)

Figure 1. The additive genetic variance and the mutational variance of atrait evolveasa
function of underlying levels of epistasis.

These simulation results were produced using our core set of parameters, except we imposed
correlational selection, r,,= 0.9, and varied the population size from 64 to 2048 across
different runs. The top panel (a) shows the relationship between the equilibrium additive
genetic variance for trait one and the population size. In a strictly additive model, larger
populations maintain larger amounts of additive genetic variance (red diamonds), but with
moderate to strong epistasis (green squares, open and closed circles) the pattern is reversed
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(with the exception of the smallest populations). The bottom panel (b) reveals the cause of
this reversal. In an additive model, the mutational variance has no way to evolve, so small
populations have the same equilibrium mutational variance as large populations (red
diamonds). In the presence of epistasis, however, smaller populations evolve larger
mutational variances than large populations (triangles, squares, circles), and these larger
mutational variances in small populations contribute to a greater level of standing genetic
variance, except when the effects of genetic drift are extremely strong (i.e., when N = 64). In
(@) and (b), error bars show one standard error of the mean across 20 independent simulation
runs; if error bars are not visible, then they are smaller than the symbol.
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Figure2. Triple alignment of natural selection, genetic variation and mutation.
Epistasis promotes alignment of the individual selection surface (the c-matrix), the additive

genetic architecture (the G-matrix) and the mutational architecture (the M-matrix) of a two-
trait phenotype. The actual matrices are shown to the left, and graphical depictions of the
overlapping matrices are shown to the right. These results are from simulations using our
core parameter set, except that population size is 4096 and the individual selection surface
(described by w) is held at a constant shape but oriented with its long axis turned in a
different direction in phenotypic space for different simulation runs (but note that within a
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run the individual selection surface is always constant). The ellipses are 95-percent
confidence ellipses, and the angle of the long axis of each ellipse is given by the leading
eigenvector of the corresponding matrix (green for M, blue for G, and orange for @) in a
plot with trait one on the x-axis and trait two on the y-axis. The @-matrix is not drawn to
scale, but its orientation and proportions are correct. As the selection surface rotates, both
the G-matrix and the M -matrix evolve to align with the selection surface in phenotypic
space. This alignment result is extremely general and it occurs under almost all investigated
parameter combinations.
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Figure 3. Epistasis allows the mutational variance to evolve as function of population size.
The average allelic effect can evolve to be correlated with the average epistatic coefficient,

and the strength of this relationship varies with population size. These data are from 20
independent simulation runs using our core parameter set, except with only 10 quantitative
trait loci. In addition, we allow only within-trait epistasis affecting trait one and no epistasis
involving trait two, with population sizes of (a) N = 128 and (b) N = 2048. Each point
represents a single quantitative trait locus. The x-axis shows the magnitude of epistasis
(mean epistatic effect of a locus, averaged across all of its epistatic coefficients), and the y-
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axis presents the mean allelic effect (or reference effect) of alleles at the corresponding
locus, averaged across all alleles segregating at the locus. In small populations, large
mutational variances are maintained by the evolution of a large range in allelic effects; we
see a slightly negative but non-significant relationship between epistatic coefficients and
allelic effects (linear regression, N = 200, R2 = 0.01, p = 0.09). In large populations (b),
which evolve lower mutational variances than small populations, we see a much smaller
range in allelic effects and these effects show a strong negative relationship with the mean
epistatic coefficients across loci (linear regression, N = 200, RZ = 0.22, p << 0.0001). Thus,
the allelic effects of a particular locus tend to evolve values that are largely counteracted by
the epistatic effects of the locus in question. This figure is concerned with the evolution of
the mutational variance, but a similar effect explains the evolution of mutational
covariances.
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Key parametersand cor e parameter valuesfor the multivariate epistasis model.

Table 1

Parameter Symbol CoreValue Rangelnvestigated
Adult carrying capacity K 512 64-4096
Adult population size N 512 64-4096
Number of offspring per female 2B 4 4
Number of loci n 20 4-50
Mutational variances of reference effects al2 a22 0.05 0.01-0.50
Mutational correlation of reference effects My 0 -0.9-0.9
Mutation rate per locus u 0.0005 0.0001-0.001
Selection surface width W11, 49 4-199
Selectional correlation o 0 0-0.9
Variance of epistatic coefficients ‘722 1 0.1-10
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The effects of the epistatic parameter variances on the genetic variance and the M -matrix.

"o 0'3 uVe 2Ve Tfe nuVa 2Va 12Valld)  1uVan 2Van 2Van M Mzp 1y
0 0 0.53 0.51 0.018 0.52 0.50 0.010 (0.02)  0.007 0.004 0.000 0.05 0.05 0
0.50 0 0.48 0.49 0.126 0.48 0.48 0.065 (0.14) 0.004 0.003 0.001 0.05 0.05 0
0.75 0 0.41 0.39 0.266 0.41 0.39 0.113(0.28)  0.002 0.002 0.000 0.05 0.05 0
0.90 0 0.30 0.30 0.420 0.30 0.30 0.132 (0.44)  0.002 0.002 0.000 0.05 0.05 0
0 0.1 0.59 0.59 0.014 054 0.54 0.009 (0.02) 0.047 0.045 0.000 0.108 0.107 0.007
0.50 0.1 0.53 0.50 0.137 0.49 0.45 0.077 (0.16)  0.038 0.040 0.002 0.103 0.097 0.038
0.75 0.1 0.44 0.44 0.311 0.40 0.41 0.148 (0.37)  0.029 0.029 0.000 0.098 0.097 0.095
0.90 0.1 0.30 0.31 0.455 0.27 0.29 0.147 (0.53) 0.019 0.018 0.002 0.078 0.083 0.120
0 0.5 0.70 0.69 0.019 0.58 0.57 0.014 (0.02) 0.111 0.106 0.000 0.196 0.186 0.003
0.50 0.5 0.62 0.59 0.198 0.53 0.50 0.121 (0.24) 0.091 0.086 0.004 0.191 0.186 0.064
0.75 0.5 0.47 0.49 0.318 0.40 0.41 0.162 (0.40) 0.064 0.067 0.002 0.152 0.163 0.112
0.90 0.5 0.31 0.31 0.453 0.27 0.27 0.146 0.041 0.041 0.004 0.126 0.131 0.151
0 1.0 0.75 0.79 0.002 0.60 0.63 0.001 (0.00) 0.144 0.147 0.002 0.267 0.276 -0.002
0.50 1.0 0.67 0.64 0.185 0.54 0.51 0.124 (0.24) 0.114 0.113 0.002 0.251 0.248 0.057
0.75 1.0 0.45 0.44 0.278 0.36 0.35 0.131(0.37) 0.082 0.082 0.003 0.195 0.189 0.066
0.90 1.0 0.31 0.31 0.441 0.25 0.26 0.141 (0.55)  0.054 0.048 0.004 0.168 0.167 0.141
0 100 0.75 0.74 0.008 0.46 0.44 0.003 (0.01) 0.277 0.280 0.002 0.565 0.553 0.005
0.50 100 0.59 0.60 0.134 0.35 0.36 0.078 (0.22) 0.227 0.224 0.010 0496 0.491 0.047
0.75 100 042 0.40 0.191 0.25 0.25 0.078 (0.31) 0.151 0.142 0.007 0.411 0.389 0.043
0.90 100 0.23 0.23 0.260 0.14 0.14 0.059 (0.42) 0.081 0.085 0.007 0.282 0.284 0.074
Ave. SEM 0.016 0.017 0.019 0.015 0.016 0.011 0.004 0.004 0.001 0.009 0.009 0.017

These results are derived from a population evolving under the core parameter set, except we use selectional correlations (r ) ranging from 0 to 0.9

(first column), and we use variances in our epistatic parameters (0'3) ranging from 0 (no epistasis) to 10.0 (second column). The variables reported
in this table include the total genetic variances for traits one and two (11VG, 22VG), the total genetic correlation between the traits (rG), the
additive genetic variances and covariance (11VA, 22VA, and 12VA) with the additive genetic correlation shown parenthetically (rA), the additive-
by-additive epistatic variances and covariance (11VAA, 22VAA, and 12VAA), and the average mutational variances and mutational correlation
across loci (M11, M22, and r\). The last row shows the average standard errors of the mean (SEM) across all entries in the corresponding column
to provide a rough guide to the dispersion of the data. In the first four rows of the table, the values for VAA are not precisely zero, despite the

absence of epistasis, due to a small amount of statistical error that arises from our breeding-design approach of estimating genetic variance

components.
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Table 3
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The effects of population size on the evolution of the genetic variance and the M-matrix.

) N uVe 2Ve T uVa 2Va 12Va(ra) uVa 2Va 2V My Mzp Iy
0 128 0.77 0.79 0.05 0.71 0.72 0.034 (0.05) 0.040 0.049 0.004 0.710 0.818 0.018
0.50 128 0.63 0.66 0.22 0.58 0.61 0.151 (0.25) 0.036 0.035 0.005 0.620 0.628 0.109
0.75 128 0.52 0.51 0.30 0.48 0.47 0.174 (0.37) 0.024 0.026 0.004 0567 0.561 0.029
0.90 128 0.33 0.32 0.41 0.30 0.30 0.155 (0.52) 0.016 0.017 0.002 0425 0423 0.081
0 256 0.80 0.84 -0.02 0.72 0.75 -0.014 (-0.02)  0.065 0.070 0.000 0.463 0.498 -0.011
050 256 0.70 0.65 0.19 0.62 0.58 0.136 (0.23) 0.061 0.059 0.004 0461 0.407 0.031
0.75 256 0.51 0.52 0.33 0.46 0.46 0.185 (0.40) 0.046 0.048 0.005 0326 0.319 0.102
0.90 256 0.33 0.33 0.45 0.29 0.29 0.160 (0.55) 0.035 0.032 0.004 0.236 0.259 0.135
0 512 0.74 0.74 0.01 0.60 0.59 0.002 (0.00) 0.132 0.141 0.003 0.259 0.261 0.020
050 512 0.64 0.64 0.23 0.51 0.50 0.152 (0.30) 0.132 0.131 0.004 0220 0.223 0.108
0.75 512 0.49 0.49 0.32 0.39 0.40 0.164 (0.42) 0.084 0.082 0.002 0.205 0.221 0.113
090 512 0.30 0.30 0.44 0.26 0.25 0.141 (0.55) 0.052 0.054 0.005 0.154 0.150 0.147
0 1024 0.70 0.70 0.00 0.44 0.44 0.003 (0.01) 0.240 0.246 -0.002 0.168 0.164 -0.009
0.50 1024 0.60 0.60 0.17 0.39 0.40 0.100 (0.25) 0.200 0.191 0.005 0.158 0.156 0.069
0.75 1024 0.43 0.43 0.28 0.32 0.30 0.127 (0.41) 0.128 0.125 0.004 0.142 0.135 0.105
0.90 1024 0.28 0.28 0.40 0.20 0.21 0.111 (0.54) 0.066 0.069 0.005 0.112 0.117 0.163
0 2048 0.68 0.65 -0.02 0.37 0.34  -0.013(-0.04) 0.297 0.305 0.000 0.139 0.135 -0.012
050 2048 0.56 0.56 0.15 0.32 0.32 0.085 (0.27) 0.235 0.238 0.002 0.126 0.128 0.065
0.75 2048 0.40 0.39 0.24 0.25 0.24 0.095 (0.39) 0.147 0.146 0.003 0.112 0.108 0.097
0.90 2048 0.26 0.27 0.40 0.19 0.19 0.105 (0.55) 0.074 0.074 0.002 0.095 0.097 0.177
Ave SEM 0019 0.018 0.020 0.018 0.016 0.013 0.004 0.004 0.002 0.015 0.016 0.020

Other than population size (N) and selectional correlation (r ), the parameter values used to generate this table are from the core set. The variables
reported in this table include the total genetic variances for traits one and two (11VG, 22VG), the total genetic correlation between the traits (rg),
the additive genetic variances and covariance (11VA, 22VA, and 12VA) with the additive genetic correlation shown parenthetically (ra), the
additive-by-additive epistatic variances and covariance (11VAA, 22VAA., and 12VAA), and the average mutational variances and mutational
correlation across loci (M11, M22, and rj). The last row shows the average standard errors of the mean (SEM) across all entries in the
corresponding column to provide a rough guide to the dispersion of the data.
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