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Gene networks are likely to govern most traits in nature. Mutations at these genes often show functional epistatic interactions
that lead to complex genetic architectures and variable fitness effects in different genetic backgrounds. Understanding how
epistatic genetic systems evolve in nature remains one of the great challenges in evolutionary biology. Here we combine an
analytical framework with individual-based simulations to generate novel predictions about long-term adaptation of epistatic
networks. We find that relative to traits governed by independently evolving genes, adaptation with epistatic gene networks
is often characterized by longer waiting times to selective sweeps, lower standing genetic variation, and larger fitness effects
of adaptive mutations. This may cause epistatic networks to either adapt more slowly or more quickly relative to a nonepistatic
system. Interestingly, epistatic networks may adapt faster even when epistatic effects of mutations are on average deleterious.
Further, we study the evolution of epistatic properties of adaptive mutations in gene networks. Our results show that adaptive
mutations with small fitness effects typically evolve positive synergistic interactions, whereas adaptive mutations with large fitness
effects evolve positive synergistic and negative antagonistic interactions at approximately equal frequencies. These results provide
testable predictions for adaptation of traits governed by epistatic networks and the evolution of epistasis within networks.
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Genes do not function in isolation, but instead are typically part
of complex genetic networks. An important consequence of gene
networks is that the effects of mutations are unlikely to be inde-
pendent of the rest of the genome. Alleles at different loci may
epistatically interact, such that a genotype may deviate in fitness
from its expectation based on the separate allelic effects at differ-
ent loci (referred to as “functional epistasis” Whitlock et al. 1995;
Phillips 1998).

Recent site-directed mutagenesis studies have provided a
wealth of evidence that mutations often exhibit such fitness epis-
tasis (see Sanjuan and Elena 2006 and references therein). The
average epistatic effect may range from synergistic to antag-
onistic (Sanjuan and Elena 2006) and may either change the
direction (sign) or magnitude of effect across different genetic
backgrounds (Weinreich et al. 2005). Epistasis is also virtually
ubiquitous in QTL studies (Carlborg and Haley 2004; Malmberg

and Mauricio 2005), and in crosses between distinct populations
and species (Whitlock et al. 1995). Epistatic gene networks under-
lying specific traits are beginning to be characterized (Fedorowicz
et al. 1998; Mackay 2001; van Swinderen and Greenspan 2005;
Sambandan et al. 2006).

However, theoretical models of adaptation typically ignore
epistasis by assuming that genes contribute independently to fit-
ness. This may be due to the mathematical complexity inherent in
describing epistatic genetic architectures as well as the historical
emphasis on statistical epistatic variance, which is often a very
small proportion of the total segregating fitness variation within
populations (Cheverud and Routman 1995; Whitlock et al. 1995;
Phillips 1998; Brodie 2000; Hansen and Wagner 2001; Weinreich
et al. 2005).

Starting with Sewall Wright (1931, 1932, 1949, 1969), some
have repeatedly emphasized the importance of incorporating
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epistasis into models of adaptation (Mayr 1959, 1963; Lewontin
1978; Phillips et al. 2000; Wade 2000, 2002; Wagner 2002;
Hansen et al. 2006). The role of epistasis has been studied in
how it affects stabilizing selection on an additive character (e.g.,
Gimelfarb 1989; Zhivotovsky and Gavrilets 1992; Gavrilets and
de Jong 1993). Much attention has also been given to “how”
epistasis generates rugged adaptive landscapes, where there are
multiple local fitness optima or peaks (i.e., genotypes surrounded
by deleterious one-mutant neighbors; Wright 1932; Kauffman
and Levin 1987; Kauffman 1993; Whitlock et al. 1995; Gavrilets
2004; Weinreich and Chao 2005). Many models focus on how
populations can escape being trapped at local fitness peaks
(Wright 1932; Whitlock et al. 1995; Hansen and Houle 2004;
Weinreich and Chao 2005). Because double mutations are rare,
the probability of peak shift is often very low (Wright 1932;
Maynard Smith 1970; Whitlock et al. 1995; Kauffman 1993;
Gavrilets 2004; Weinreich 2005; Weinreich and Chao 2005).
Hence, it is generally assumed that a major role of epistasis is to
prevent populations from exploring the genotypic landscape by
selection (but see Gavrilets 2004; Weinreich et al. 2005).

Aside from understanding how populations escape local fit-
ness peaks, it is also important to study how epistatic genetic
architecture influences the actual adaptive walk toward fitness
optima during long-term adaptation. This determines the nature
of the adaptive process and which types of mutations become es-
tablished in the evolving population. This question has received
much less theoretical attention. An important exception is the
NK model of Kauffman and Levin (1987) and Kauffman (1993),
where N is the number of loci in a gene network and K is the
epistatic connectivity among these loci (also see Carter et al. 2005;
Hansen et al. 2006). By changing the parameter K, the NK model
can generate different amounts of fitness epistasis between alle-
les at different loci in the genome and thus affect the ruggedness
of adaptive landscapes. Kauffman (1993) showed that increasing
K constrains adaptive walks by forcing populations to get stuck
on local peaks sooner and at lower fitness. In essence, the wait-
ing times to beneficial mutations become eventually prohibitively
long and the population gets stuck.

However, the NK model rests on several assumptions that
limit its utility in understanding how epistatic networks shape
long-term adaptation. First, the model has been studied with the
assumption of strong selection, weak mutation (SSWM) scenario
(Gillespie 1983, 1984), which ignores segregating genetic varia-
tion and assumes that sweeping beneficial mutations enjoy inde-
pendent fates (i.e., clonal interference and recombination among
sweeping mutations is ignored). This leads to completely sequen-
tial accumulation of beneficial mutations during an adaptive walk.

On one hand, this allows for functional or physiological epis-
tasis between a mutation and established alleles at other loci
(Brodie 2000: p. 15). The fate of a mutation is still highly de-
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pendent on how well it interacts with alleles that were fixed be-
forehand (Wright 1949; Gillespie 1984; Phillips 1996; Phillips
et al. 2000; Weinreich et al. 2005). In this sense, the NK model
is qualitatively similar to Fisher’s (1930) geometric target model,
except that the latter assumes functional epistasis only implicitly
(Brodie 2000: pg. 15; Orr 2002; Martin et al. 2007). On the other
hand, because substitutions occur sequentially, with no variation
in genetic background, functional epistasis between different seg-
regating mutations does not contribute to the adaptive process. It
is still unknown how the architecture of epistatic networks influ-
ences segregating genetic variation and in turn how the presence
of multiple genetic backgrounds for mutations changes adaptive
walks.

Second, the NK model assumes that mutant fitnesses are
drawn from the same (fixed) distribution throughout the adap-
tive walk. This is similar to the nonepistatic House of Cards
distribution, where the mutant fitnesses are independent of the fit-
ness of the parental allele (Kingman 1978; Gillespie 1983, 1984,
1994; Orr 2002, 2006). Even though Kauffman (1993) argued
that epistatic connectivity was responsible for generating uncor-
related/rugged fitness landscapes, it is clear that even additive
models that assume the House of Cards mutation distribution also
result in uncorrelated fitness landscapes, as has been recently em-
phasized by Welch and Waxman (2005; also see Gillespie 1994;
Orr 2006). Indeed, Welch and Waxman have called into question
the importance of epistatic networks in evolutionary dynamics.
First, they show that when selection is weak (i.e., nearly neutral
evolution: Ohta 1997, 1998), the NK and House of Cards models
give nearly identical results. Second, they show that when selec-
tion is strong, both models result in fitness plateaus over time
where populations get stuck on local peaks (see also Gillespie
1984, 1994). They conclude that the role of epistatic genetic ar-
chitecture in adaptive walks is unclear.

Further, it is also possible to model mutation distribu-
tions that dynamically change over the course of adaptation
rather than being fixed. These are known as “shift models”
(see Ohta 1977; Hartl et al. 1985; Gillespie 1994). Here mu-
tations are sampled from a distribution centered on or near
the fitness of the parental allele. Thus the mutation distribu-
tion dynamically shifts with the evolving population, resulting
in more correlated and hence smoother adaptive landscapes, with
fewer local optima (e.g., Weinberger 1990; Orr 2006). Indeed,
a nonepistatic or additive genetic architecture gives a perfectly
smooth adaptive landscape with only one global peak (e.g.,
Kauffman 1993; Orr 2006). It is still unclear whether epistatic
and nonepistatic genetic architecture differ in their adaptive walks
on smoother fitness landscapes (see also Welch and Waxman
2005).

Finally, the NK model has generally focused on how
epistatic connectivity of gene networks impacts waiting times to
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substitutions and the length of the adaptive walks (Kauffman
1993). Much less is known about how epistatic networks deter-
mine the fitness effects of mutations, even though this may be
an important feature of epistasis. Unlike other population ge-
netic models, the fitness effects of mutations are intimately linked
to epistatic connectivity (Welch and Waxman 2005). This oc-
curs because the fitnesses of mutations are modified by alleles
at K other loci within a given genotype (i.e., epistatic effects).
Therefore, increasing the epistatic connectivity of a gene net-
work, in principle, should increase the fitness variance of mu-
tational effects (Welch and Waxman 2005). It is still unknown
how the fitness effects of substitutions interact with their waiting
times during adaptive walks of epistatic gene networks (also see
Phillips et al. 2000). We could then understand how the distribu-
tion of fitness effects of substitutions differs between epistatic and
nonepistatic models (e.g., Gillespie 1984, 1991; Orr 1998, 2002,
2006).

Here we develop a new model of epistatic gene networks that
retains the general NK framework (i.e., a multilocus system with
epistatic connectivity), but extends the model in several directions.
Our model encompasses: (1) segregating genetic variation during
the adaptive walk, which allows for epistatic interactions between
different sweeping mutations, (2) evolution in the presence of
fixed and dynamic mutation distributions, and (3) the study of
how gene networks affect the fitness effects of substitutions in
combination with their waiting times. We focus on “strong selec-
tion” scenarios in which the adaptive walk is primarily driven by
selection as opposed to genetic drift (see Gillespie 1984; Welch
and Waxman 2005). Our results provide novel insights into how
epistatic gene networks shape the dynamics of adaptive walks and
how these in turn impact the evolution of epistatic interactions be-
tween sweeping mutations.

MODEL

Allelic and epistatic effects in multilocus networks
Consider a model in which there are only allelic effects. In this
case, mutations at different loci combine independently toward
fitness such that no epistasis is possible. On the other hand, when
pairwise or higher order epistatic effects are allowed between
mutations at different loci, the model can generate magnitude
and/or sign epistasis (e.g., Phillips et al. 2000; Weinreich et al.
2005). The simplest epistatic network consists of two loci (Wright
1932; Gavrilets 2004; Weinreich et al. 2005). More generally,
mutations may epistatically interact with alleles at multiple loci in
the genome (Mayr 1963; Wright 1969; Lewontin 1974; Kauffman
1993; Wade 2000).

To model multilocus epistasis, we start with a haploid net-
work of L loci (we use L instead of N to denote number of
loci following standard usage because N is reserved for popula-
tion size). First, we assume that each allele at every locus has

an allelic effect (W;), which is independent of alleles at other
loci. Second, we assume that each pair of alleles has a unique
epistatic effect (W;_;), which applies only when both alleles
are present in the genotype. Epistatic effects between different
pairs of alleles in the genotype are assumed to be independent of
each other (e.g., Phillips et al. 2000). For a multilocus genotype,
these terms are combined to obtain the overall fitness of the in-
dividual (also see Zhivotovsky and Gavrilets 1992; Gavrilets and
Jong 1993). This is done by multiplying the allelic and epistatic
effects:

{allelic effects} e {epistatic effects} = {w4; ® wp; @ we; ...}

® {Wai—pi ® Wai—Ci ® WBi—Ci---}- (D

We assume there is no environmental effect on genotype fitness.
Each fitness effect is nonnegative and is initially assumed to equal
1 (initially alleles have no epistasis). We allow allelic effects in
the model because the fitness of an allele may be partially in-
dependent of genetic background (Jerry Garcia effect: Brodie
2000; see Threadgill et al. 1995; Chambers et al. 1998; Elena and
Lenski 2001 for empirical examples). Multiplying terms across
the genotype is a preferred null model because it avoids creating
false correlations between alleles at different loci in the absence of
epistasis (Felsenstein 1965; Ewens 1979; Kauffman 1993; Phillips
et al. 2000; Welch and Waxman 2005, also see empirical epistasis
studies: e.g., Sanjuan et al. 2004). It is also convenient that without
epistatic effects, our model reduces to a standard multiplicative
model, where the rate of evolution increases linearly as a function
of the number of loci (Felsenstein 1965; Franklin and Lewon-
tin 1970; Lewontin 1974; Ewens 1979; Gavrilets 2004). This
model is used for comparison below. Eliminating allelic effects
and adding instead of multiplying terms have no bearing on our
results. We also ignore higher order epistasis (but see Analytical
Framework).

Because not all pairs of loci in a multilocus network exhibit
allelic epistatic interactions (as observed in e.g., Fedorowicz et al.
1998; Sambandan et al. 2006), we incorporate epistatic connectiv-
ity (K). We define epistatic connectivity slightly differently than
in Kauffman (1993). In our model, K is the proportion of loci
in a network that can potentially participate in allelic epistatic
interactions. Thus K is a percentage rather than an integer in our
model and may range from 0% (no alleles can interact) to 100%
(alleles between all loci can interact). Partially connected gene
networks result when alleles between some loci, but not between
others, are capable of epistatically interacting. By defining K in
terms of the proportion of loci that are epistatically connected, we
can study the effect of K independent of the number of loci in a
network.

EVOLUTION SEPTEMBER 2008 2217



ROMAN YUKILEVICH ET AL.

Individual-Based Simulations

THE LIFE CYCLE

We use Monte Carlo simulations written in C (code available by
request). We convert arbitrary genotypic fitness values in equation
(1) to probability of zygote to juvenile survivorship ranging from 0
to 1. We assume that the population starts out monomorphic with a
single (reference) genotype with a probability of zygote to juvenile
survivorship of 55% (initial value 1 in eq. 1). The fitness of a
mutation in equation (1) is multiplied by the reference genotype
survivorship of 55% to get the new survivorship probability. We
use 55% initial viability to ensure that the population replaces
itself every generation with our assumed fecundity (see below).
The life cycle of the program begins with adults and proceeds
through adult mating -> zygote production -> recombination
-> meiosis -> mutation -> zygote survival -> juvenile density-
dependent mortality.

First, pairs of individuals are randomly sampled with replace-
ment. Each pair mates and produces a standard number of zygote
offspring (fecundity = 2). Sampling continues until fecundity x
N zygotes are accumulated. To study the effect of recombination,
we introduce a transient diploid stage in which each zygote under-
goes meiosis, allowing for recombination between maternal and
paternal genes. The zygotes are then exposed to mutations at their
Lloci, which modify their probability of survivorship. We assume

Fixed Mutation Distribution

that fitness effects are sampled from a Gaussian mutation distribu-
tion (see below for details). Zygotes then experience hard viability
selection based on their probability of survival. Then the surviv-
ing juvenile genotypes undergo density-dependent mortality to
the adult stage by being randomly sampled until the surviving
pool reaches the carrying capacity, which is set by the logistic
growth equation. The surviving adult pool then initiates the next

generation.

FIXED VERSUS DYNAMIC MUTATION DISTRIBUTIONS
We explore fixed (House of Cards) and dynamic (shift) muta-
tion distributions during the adaptive walk (see below for details).
This allows us to study both highly uncorrelated (rugged) and
more correlated (smoother) fitness landscapes, respectively (see
Introduction). Figure 1 shows actual simulated data describing
the correlation between the fitness of parental genotype and its
single mutants for a multiplicative model and a 100% K epistatic
model. The fixed mutation distribution generates uncorrelated
fitness landscapes. The dynamic mutation distribution generates
highly correlated fitness landscapes, but somewhat less so in an
epistatic model compared to a multiplicative model. Also, the
epistatic model produces a wider range of single mutant fitnesses
compared to the multiplicative model under both fixed and dy-
namic mutation distributions (Fig. 1).

Dynamic Mutation Distribution
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Figure 1. An example of simulated data showing the correlation between parental genotype fitness and its single-mutant genotypic
fitnesses in a five-locus model (parameters identical to Figs. 4 and 8; see below).
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SIMULATED PARAMETERS

Population sizes (N) are maintained at a carrying capacity of
50,000 adults. Genetic networks are composed of 2 to 40 loci.
Epistatic connectivity of a gene network ranges from K = 0%
(multiplicative model) to K = 25%, K = 50%, and K = 100%.
Connections are random for partially connected networks. We
also explore power law, ring and star connection topologies. Re-
combination rates between neighboring loci range from R = 0
(complete linkage), R = 0.25, and R = 0.5 (independent assort-
ment). Mutation rate per locus per generation = 10~ (Falconer
and Mackay 1996). Per locus 6 (4Nu) = 2. Mutations are as-
sumed to be on average deleterious (e.g., Nielsen and Yang
2003; Kassen and Bataillon 2006; Eyre-Walker et al. 2006;
Eyre-Walker and Keightley 2007).

Fixed mutation distribution

In this scenario, a constant mutation distribution is assumed
throughout the adaptive walk, with a fixed mean () for allelic
and epistatic effects = 99% of initial genotype fitness and a fixed
variance (02) = 0.0004.

Dynamic mutation distribution

Here the mean allelic and epistatic effects of a mutation (v, and
L, respectively) are relative to those of its immediate parental
allele. The p, of a mutation = 99% fitness of the allelic effect of
its parental allele throughout the adaptive walk (i.e., deleterious
on average). The means of epistatic effects of a mutation (j.’s)
are assumed to be either deleterious or neutral relative to the
effects of its parental allele (referred to as Model 1 and Model 2,
respectively). In Model 1 all pairwise p.’s of a mutation = 99%
fitness of the epistatic effects of its parental allele. In Model 2, all
pairwise p.’s of a mutation = 100% fitness. Note that in Model 2,
mutations are still always on average deleterious because their
mean allelic effects are deleterious.

For simplicity, all loci and their epistatic interactions are
assumed to contribute equally, on average, to the genotypic fit-
ness (i.e., variance, o2, of allelic and epistatic distributions are
identical and are assumed to equal 0.0004). Given the popula-
tion size above, this assumes a “strong selection scenario” be-
cause per locus No > 1000 (see Welch and Waxman 2005). For a
fixed mutation distribution scenario, each simulation is run until
a population reaches a local genotypic optimum (defined when
there are no more substitutions for 50,000 generations and a fit-
ness plateau is evident). For the dynamic mutation distribution
scenario, the simulation is stopped when a fitness of 100% zy-
gote to juvenile survivorship is reached by a substitution (i.e., a
global peak).

Results

ANALYTICAL FRAMEWORK

Here we describe a theoretical framework that sharpens our intu-
ition about adaptation of epistatic networks in the presence of mu-
tations and strong selection. The framework follows Gillespie’s
(1984) Strong Selection Weak Mutation (SSWM) scenario, which
ignores segregating genetic variation within populations. This
framework also only applies to a dynamic mutation distribution
(shift model), where the mean and variance of mutant genotypes
shifts with the evolving population such that, relative to a wild-
type allele, the mean and variance remains the same throughout
the walk (see Fig. 1). Because all fitness effects are multiplied to
obtain the genotypic fitness (see eq. 1), the effect of a mutation
on the fitness of a multilocus genotype relative to its parental
genotype can be approximated using the log-normal distribution,
with a mean and variance:

Wi

m=[1+L-1)-K]-In| ———— )
v=[1+(L — l)-K]-ln(l—f—cl.z/Ml.z) 3)

where L is the number of genes in the network, K is the epistatic
connectivity, and p; and o ,2 are the mean and variance, respec-
tively, of each allelic and epistatic effect of a mutation. The ex-
pected value and variance of mutant genotypes is given by:

M(X) = "2 4

V(X) = (¥ — e (5)

with a probability density function of:

e(~[In(X) — m12/2v)
X/2vw

First, consider a model in which K = 0, such that mutations do

pdf = (6)

not interact with any alleles. In this case, mutations only modify
the allelic effect. Thus, m and v in equations (2) and (3), respec-
tively, should remain the same, regardless of L. However when
K > 0, pairwise epistatic effects can modify m and v in equations
(2) and (3). Because in Model 1 epistatic effects are on average
deleterious (all i’s < 1 in equations (2) and (3)), the mean mutant
genotype (M(X) in equation (4)) will be more deleterious with in-
creasing L and K (Fig. 2A). However, in Model 2 (average neutral
epistatic effects (i.’s) = 1 in equations (2) and (3)), the mean
mutant genotype will be the same in fitness, regardless of L and
K (Fig. 2C). Here, the mean mutant fitness is only determined by
the mean allelic effect of a mutation, which is deleterious in the
Figure 2C example. Finally, in both Models 1 and 2 the mutant
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Figure 2. Fitness distributions of all mutant genotypes (A, C) and sweeping beneficial mutant genotypes (B, D). Plots show the change

in the distribution of mutants as a function of number of loci in an epistatic network for Model 1 (A, B: average deleterious epistasis) and
Model 2 (C, D: average neutral epistasis). The value 1 equals selective neutrality, with all genotypes to the left of 1 deleterious and to the

right of 1 beneficial. The above results assume K = 100%. For Model 1 (A, B) W ajelicefrects = 0.99, epistaticeffects = 0.99, and o2 effects

0.0004. For Model 2 (C, D) R apjelic effects = 0-99, W epistatic effects = 1.0, and o2 alleffects = 0.0004.

variance (V(X) in eq. 5)) should increase with L and K, generat-
ing more extreme deleterious and beneficial mutations (Fig. 2A,
C). Including higher-order epistasis should exaggerate the above
results because the fitness of a mutation would depend on more
epistatic terms.

Because our interest is to describe adaptation, we focus on
the fitness distribution of only mutant genotypes that undergo
selective sweeps. The probability that a beneficial mutation occurs
is given by equation (6) with X = 1 4 s, where s is the positive
selection coefficient. The probability of fixation of a beneficial
mutation can be approximated by diffusion equations (Kimura
1962) or by ~2s in large populations when s is not too large
(Haldane 1927). Considering all possible beneficial mutations, to
obtain the probability that a sweep occurs (P), one integrates from

) 2s ds.
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)

Therefore, in Model 1 (average deleterious epistasis), as L and
K increases, the likelihood of a sweep should decrease, whereas
its mean fitness effect should increase (Fig. 2B). However, in
Model 2 (average neutral epistasis), the likelihood and the mean
fitness effect of a sweep should both increase (Fig. 2D). The
waiting time to selective sweeps (7) is described by

1

= —_-—, 8
NLu - P ®)

where NLu (the product of population size, number of loci, and
per locus mutation rate) is the genome-wide per-generation rate
of new mutations. Given the distribution of sweeping muta-
tions (see Fig. 2D and eq. 7)) and weighting by s, the mean
fitness effect of a sweep (f) can be found numerically. This
leads to a simple relationship for the genome-wide rate of
evolution:

A =NLu-P- f. 9)
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Because we are interested in how epistasis between differ-
ent mutations affects dynamics, we must allow for the possibil-
ity of standing genetic variation to influence the evolutionary
fate of mutations (see Introduction). Thus we study dynamics
using individual-based simulations below. We later discuss how
the above theoretical framework compares with our simulation
results.

GENERAL SIMULATION DYNAMICS

When a relatively beneficial mutation appears in the population, it
may undergo a selective “sweep” or substitution (this is a “quasi-
fixation” event because there is a continuous input of new muta-
tions; Kimura 1954). Because there is a constant input of muta-
tions, we define a selective sweep somewhat differently from a
standard definition, as any mutation that overtakes the majority
frequency of the previously established allele at a locus. Under
the strong selection scenario, the locus-specific waiting time for
a sweep (as defined above) is greater than the time it takes for a
mutation to sweep.

Figure 3 illustrates an example of an adaptive walk under
the dynamic mutation distribution model (for adaptive walks with
fixed mutation distribution, see Fig. 8 below). The trajectory re-
veals distinct adaptive steps, each step representing a selective
sweep at some locus (Fig. 3A). With each sweep, a new multilo-
cus genotype succeeds and becomes the majority in the population
(Fig. 3A, B). The mean fitness is first below the fitness of the cur-
rent genotypic sweep, but then exceeds that fitness, indicating
that more beneficial mutant genotypes begin to segregate in the
population. The whole process then repeats.

We focus on the genome-wide waiting times to sweeps,
which are the times between two sequential sweeps at any locus
in the genome (horizontal lines in the adaptive steps of Fig. 3A).
These correspond to trajectories of beneficial mutant genotypes
in Figure 3B. Even though each sweep at a particular locus ap-
proaches fixation, the respective mutant genotype may only rep-
resent a fraction of the population because of other mutations at
other loci (Fig. 3B). Thus, a beneficial mutant may be replaced by
an even more beneficial genotype as a result of a sweep at another
locus.

Also, depending on the level of genetic variation and recom-
bination rates among loci, sweeping mutations can recombine to
form double-mutant genotypes, which may also sweep. In the
context of epistatic genetic networks, which allow epistatic ef-
fects between mutations, the double-mutant genotypes may devi-
ate from their expected products of single mutant effects in either
the positive (synergistic epistasis) or the negative (antagonistic
epistasis) direction (see below).

Each time a selective sweep occurs, we measure its fitness
effect relative to its parental genotype (see vertical lines in the
adaptive steps of Fig. 3A). Further, Figure 3C shows the number

of genotypes that are able to segregate in the population and their
fitness variance (see Fig. 3B for their frequencies). The presence
of such genetic variation in our simulations highlights the need
to study evolutionary dynamics using individual-based models.
Below we present summary statistics describing the averages of
simulation runs.

ADAPTIVE WALKS ON SMOOTH FITNESS
LANDSCAPES

We first study adaptive walks under the dynamic mutation dis-
tribution scenario, which assumes that the mean and variance of
mutations shift proportionately with the evolving population over
time (see Model). This generates a high correlation in fitness be-
tween parental genotypes and their single mutants (see Fig. 1;
i.e., landscapes are fairly smooth). We later show that our find-
ings on smooth fitness landscapes extend well to adaptive walks
on rugged fitness landscapes.

Dynamics of model 1: Average deleterious epistasis
First, consider the average epistatic effects of mutations to be
relatively deleterious compared to those of their parental alle-
les throughout the adaptive walk. In a multiplicative model, av-
erage genome-wide waiting times to sweeps decrease linearly
with L (Fig. 4A). This is expected from quantitative genetics the-
ory because the mutational input into the population increases
proportionately (Felsenstein 1965; Lewontin 1974; Ewens 1979;
Falconer and Mackay 1996). In epistatic networks, however, the
average waiting times to sweeps reveal a nonlinear, hyperbolic
function with L. Waiting times are lowest at intermediate L but
dramatically increase as L gets larger. This occurs because the mu-
tational input into the population increases, but then as L increases
further, on average mutations have more deleterious interactions
with alleles in the genome, thus eventually reducing the prob-
ability of beneficial mutations (see Fig. 2B for how L changes
the beneficial mutant distribution). The same effect occurs as K
increases while L is kept constant. Thus our results show that in
Model 1, epistasis can lead to prolonged evolutionary stasis in
larger and more connected networks relative to a multiplicative
model.

Further, when mutations sweep through the population, their
average fitness effects are generally larger in epistatic networks
compared to a multiplicative model (Fig. 4B). This effect in-
creases with initial L and generally with K. We test whether this
result is sensitive to the mutational variance of allelic and epistatic
effects (0?). By reducing the mutational variance of these ef-
fects, the difference in fitness effects of substitutions between
the two models tends to diminish (Table 1). Under low variance
parameters, fitness effects in epistatic networks may actually de-
crease with increasing L or may become deleterious altogether
(Table 1). However, under most “strong selection” scenarios,
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Figure 3. An example of a simulation run and some of its basic outputs. The parameters in this simulation are as follows: L = 20, K =
25%, W allelic effects = 0.99, Wepistatic effects = 0.99, 62 sy effects = 0.0004, mutation rate/locus = 107>, N gysts = 50,000, Nzygotes = 10°, (6 = 1), rec.
rate/all loci pairs = 0.25. In (A) the population mean fitness (smooth line) and sweeping genotypes fitness (step line) are shown over time
(in generations). The genotypes with their actual allelic composition are shown adjacent to their corresponding sweep. Novel mutations
of each genotype are shown as enlarged/bold values; the actual value indicates the number of attempted mutations before the present
sweep at a given locus. In B) the evolutionary trajectories of segregating genotypes are shown over time (each genotype’s frequency
increases and is then replaced by subsequent genotypes). Genotypes whose mutations led to selective sweeps at their respective loci
(A-T) are labeled with upward arrows, which correspond to fitness jumps in panel A. In C) the number of segregating genotypes and
their overall fitness variance in the population are shown over time (fitness variance = a[Freq; x (W; — Wpean)?1l, where Freq; and W;
are the frequency and fitness of each genotype, respectively, and Wean is the mean population fitness).
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Figure 4. Summary statistics of adaptive walks assuming mutations exhibit on average deleterious epistatic effects (Model 1). The plots
show: average waiting times to genome-wide sweeping beneficial mutations on a log scale (A), average fitness effects of genome-wide
sweeping beneficial mutations (B), average number of segregating genotypes per generation on a log scale (C), and average fitness
variation and average rate of evolution (D) in epistatic networks with L loci and K connectivity. For each run we averaged each output;
variation during a run is not shown, but see example in Figure 2. The rate of evolution of each run (panel D), was determined by dividing
the total fitness change from start to end of a run by the total number of generations. Each scenario was studied using five independent
replicate runs (standard errors represent n = 5). Each run generated from 25 (2-locus system) to 10 (40-locus system) substitutions during
the adaptive walk for a total of 125 to 50 substitutions for five runs. For each run, . ajejiceffects = 0-99, W epistatic effects = 0.99, 62 1l effects =
0.0004, mutation rate/locus = 107>, Nagyis = 50,000, Nzygotes = 10°, (0 = 1), rec. rate/all loci pairs = 0.25. Partially connected networks
(K = 25%, 50%) had randomly assigned connections, whereas Power Law curves have a scale-free power law distribution (see Siegal

et al. 2007).

epistatic networks still produce larger fitness effect sweeps rela-
tive to a multiplicative model. We also find that the distribution
of fitness effects of substitutions over the adaptive walk is uni-
form. This is because with a dynamic mutation distribution, the
mean and variance remain identical relative to wild-type alleles
throughout the adaptive walk (but see fixed mutation distribution
results in Fig. 8 below).

Power law (or scale-free) networks (see Siegal et al. 2007)
exhibit intermediate behavior between a nonepistatic system and
anetwork with K =25% (Fig. 4A, B). Similar behavior is seen for
other sparsely connected networks, such as ring and star topolo-
gies (Fig. Al; Appendix). These results indicate that unlike the

overall connectivity within networks, the actual connection topol-
ogy has very little effect on the evolutionary dynamics of the entire
genetic network (consistent with Kauffman 1993; also see Welch
and Waxman 2005: pg. 19).

The average number of segregating genotypes and their fit-
ness variation within the population are lower in epistatic net-
works compared to a multiplicative model (Fig. 4C, D; note that
Fig. 4D describes both fitness variance as well as total rate of evo-
lution because these patterns are identical in our model). Similar
results to Figure 4C are seen for average allelic heterozygos-
ity and genotypic diversity measures. K has a dramatic effect
on the average number of segregating genotypes and their fitness

EVOLUTION SEPTEMBER 2008 2223



ROMAN YUKILEVICH ET AL.

Table 1. Mean fitness effects of substitutions as a function of
standard deviation (o 5y effects) Of allelic and epistatic effects.

NxSD 1000 450 300
SD 0.02 0.009 0.006
N 50,000 50,000 50,000
K=0% model (all loci) 0.0144 0.0081 0.0047
K=100% models
L=2 0.0202 0.0100 0.0055
L=5 0.0294 0.0124 0.0063
L=10 0.0436 0.0139 0.0067
L=20 0.0399 0.0150 0.0051
L=30 0.0365 0.0154 NA
L=40 0.0392 0.0145 NA

Note: Data averaged across 5 replicate runs for each set of loci as in
Figure 4. "NA” for L = 30, 40 indicates that beneficial mutations are not
available (see text).

variation, with higher connectivity leading to much lower standing
variation (Fig. 4C, D). Similarly, as L increases, genetic variation
increases little in high K networks and fitness variation actually
decreases (Fig. 4C, D).

These results may seem surprising at first, but can be ex-
plained by the observation that larger L and K decrease the prob-
ability of beneficial mutations because mutants on average have
more deleterious interactions with alleles at other genes (see dis-
tributions in Fig. 2A). Therefore, most genotypes segregate at low
frequencies and thus cannot contribute much to fitness variance in
the population. In agreement, as L increases, statistical epistatic
variance in the population actually decreases (Fig. A2; Appendix).
This somewhat counterintuitive result indicates that increasing L
and K in the network will make the selective value of a mutation
less dependent on genetic context.

Given that epistatic networks have longer waiting times to
sweeps and lower genetic and fitness variation, but yet have sub-
stitutions of larger fitness effect relative to a multiplicative model,
we ask which model shows overall higher rates of evolution. Our
results indicate that unlike a linear change in the rate of evolution
with L in a multiplicative model, in epistatic networks, the rate
changes hyperbolically with L (Fig. 4D). Therefore, with small
or intermediate L, epistatic networks either evolve faster than a
multiplicative model or show similar rates. However, as L and K
increase, epistatic networks ultimately lead to evolutionary con-
straint (Fig. 4D). Thus larger effect mutations of epistatic systems
are able to compensate for their longer waiting times only when
networks are moderately sized.

In Figure 5 we ask how general are these patterns when we
modify the mean epistatic effects of mutations. As these effects
become less deleterious on average, network sizes that previously
had lower rates of evolution than a multiplicative model are now
able to evolve faster (Fig. 5). Thus, depending on specific param-
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Figure 5. Approximations of average rate of evolution of a mul-
tiplicative model (mutations have only allelic effects; designated
as “ae”) and an epistatic network with K = 100% (mutations also
have epistatic effects; designated as “ee”). The plot shows the
relationship between the average allelic and epistatic effects of
mutations and the rate of evolution. All parameters are the same
as in Figure 4 except for variable  jejic effects and W epistatic effects*
Note that Figure 4 assumed W.peliceffects and W epistatic effects =
0.99. Results were derived from numerical approximations of
equation (9).

eters of L and K and average epistatic effects, traits governed by
epistatic networks may not necessarily show evolutionary con-
straint relative to a multiplicative model.

Dynamics of model 2: Average neutral epistasis

Results in Figure 5 lead us to study a scenario in which the mean
epistatic effect is selectively neutral relative to the effect of the
parental allele (Model 2), while still keeping the assumption of
average deleterious allelic effects (see Fig. 2C for description of
mutational distributions). As mutations become less deleterious
on average, the population is expected to harbor much higher
levels of genetic variation. Thus we can address how epistatic
systems evolve when there are multiple beneficial mutations co-
segregating and recombining in the population.

In this case, the genome-wide waiting times to sweeps be-
come very similar between epistatic networks and a multiplica-
tive model (Fig. 6A). This differs substantially from results above
(compare Fig. 4A with Fig. 6A). Indeed, the shortest average
waiting times occur in epistatic networks with intermediate L
(Fig. 6A). This occurs because epistatic networks no longer gen-
erate more deleterious mutant genotypes with increasing L and
K (see Fig. 2C). Further, epistatic networks select for mutations
of much larger fitness effect compared to a multiplicative model
(Fig. 6B; also compare to Fig. 4B). Also notice that fitness effects
increase more linearly with increasing L (see also Fig. 2D). Un-
like in Model 1, this result is no longer sensitive to the mutational

variance.
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Figure 6. Summary statistics of adaptive walks assuming mutations exhibit on average neutral epistatic effects (Model 2). The plots

show: average waiting times to genome-wide sweeping beneficial mutations on a log scale (A), average fitness effects of genome-wide
sweeping beneficial mutations (B), average number of segregating genotypes per generation on a log scale (C), and average fitness
variation and average rate of evolution (D) in epistatic networks with L loci and K connectivity. All parameters are identical to Figure 4

except for Wepistatic effects = 1.0-

Even though epistatic networks again segregate lower ge-
netic variation compared to a multiplicative model (Fig. 6C),
much more genetic variation can now be maintained (compare
Fig. 4C with Fig. 6C). Fitness variation is also greater in epistatic
networks relative to a multiplicative model and increases pro-
portionately with L and K (Fig. 6D). This is strikingly different
from results above (compare Fig. 4D with Fig. 6D). This oc-
curs because the likelihood of beneficial mutations, instead of
decreasing with L and K (as in Model 1), now increases (com-
pare Fig. 2B with Fig. 2D). Thus in Model 2, the overall rate
of evolution is always higher in epistatic networks relative to a
multiplicative model and increases with L and K (Fig. 6D). This
result is robust to asymmetrical distributions of mutant epistatic
effects. Consistent with these results, epistatic networks generate
larger statistical epistatic variance compared to Model 1 (Fig. A2:
Appendix). However, epistatic variance is still extremely low dur-

ing the adaptive walk (see also Whitlock et al. 1995). As shown
below, much of the accelerated evolution in epistatic networks
in Model 2 occurs principally because multiple beneficial mu-
tations sweep simultaneously and recombine to form even more
beneficial allelic combinations.

Sequential versus cosegregating and recombinant
evolution of adaptive mutations

In our simulations, mutations either sweep sequentially through
the population, where the second mutation directly appears on the
first mutant’s genetic background, or both appear independently
on an ancestral (parental) genetic background and then increase
in frequency simultaneously (i.e., cosegregate). In Model 1, these
alternative evolutionary histories of sweeping mutations occur
equally frequently, whereas in Model 2 all sweeping single mu-
tations originate on the ancestral background and thus always
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Table 2. Percentage of sequential vs. cosegregating origin of mu-
tations that result in sweeping double mutant genotypes and
magnitude versus sign epistasis between these mutants.

Model 1 Model 2 Diagram

1 2
Sequential 52% 0 —Sie—ti—
(n=15) 1 2
B
Cosegregating  48% 100% |/ \2
(n=14) (n=46) =Ht——
Both magnitude 72% 100%
(n=21) (n=46)

Sign/magnitude 28% 0
(n=38)

Both sign 0 0

Note: Mutations are sampled equally from 2, 5, 10, 20, 30, and 40 locus
systems with K = 100% in simulations from Figures 4 and 6. The asterisks in
diagrams represent mutations at different loci. Sequential scenario means
that the second mutation originated on the background of the first mutant.
Cosegregating scenario means that the two mutations independently
appeared on an ancestral background and then recombined to form the
double mutant genotype. In the two-locus adaptive landscape diagrams,
the vertical axis represents genotypic fitness. The ancestral genotype is
designated as AgBy, with subsequent single and double mutant genotypes
shown accordingly. Both loci show magnitude epistasis because Ay — A,
and By — B4 mutations are both beneficial on either background of the
other locus. Each mutation only deviates in magnitude from its multiplica-
tive expectation. Locus A shows sign epistasis because A — A1 mutation
is beneficial on —B1 background but deleterious on the —B, background,
whereas locus B shows magnitude epistasis because B — B; mutation is
beneficial on both locus A backgrounds. Sign epistasis between sweeping
mutations at both loci is not observed in simulations (Weinreich et al. 2005).

cosegregate (Table 2). This occurs because waiting times to se-
lective sweeps in Model 1 are often much longer than in Model 2
(compare Figs. 4A and 6A).

For the case of cosegregating sweeping mutations recombina-
tion is necessary to form double mutants, whereas double mutants
form without recombination when two single mutations appear
sequentially at different loci. In both epistatic and nonepistatic
genetic systems, recombination accelerates adaptation in terms of
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decreasing waiting times to substitutions and increasing segregat-
ing genetic variation (compare R = 0 with R = 0.5 in Table 3).
Waiting times decrease because cosegregating beneficial muta-
tions can recombine to form double mutants much faster. How-
ever, recombination does not seem to influence the fitness effect
of sweeps (Table 3). In a multiplicative model, the double mutant
fitness is simply a product of two independent single mutations.
However, in epistatic networks the double mutant fitness may
deviate due to functional epistasis. With epistasis and recombina-
tion, mutations are exposed to multiple segregating genetic back-
grounds, which makes their fitness variable across backgrounds.
This reduces their overall mean fitness (see also Gillespie 1974;
Barton 1995). As a result, in the case of independent assortment
(R = 0.5), genetic variation increases much more dramatically
in a multiplicative compared to an epistatic model (Table 3). Be-
low we study what types of epistatic interactions evolve within
epistatic gene networks during adaptive walks.

Synergistic versus antagonistic epistasis between
adaptive mutations

Because we are interested in adaptive evolution, we study only
epistatic interactions between mutations that undergo selective
sweeps, ignoring functional epistasis between segregating dele-
terious mutations. Our results reveal rampant functional epistasis
within epistatic gene networks (Fig. 7A, B). In Model 1, mutations
typically show positive synergistic epistasis (31 synergistic, 3 an-
tagonistic; xz—test =123.06,P < 1.6 x 1079; Fig. 7A), Thus in
Model 1, epistasis typically increases the fitness advantage of dou-
ble mutants (i.e., directional; Carter et al. 2005). This gives an ex-
tra boost to the fitness effects of sweeps in epistatic networks and
hence facilitates their adaptation over the multiplicative model. On
the other hand, in Model 2, mutations show both synergistic and
negative antagonistic epistasis (23 synergistic, 33 antagonistic;
¥2-test = 1.78, P = 0.18; Fig. 7B). Hence, in Model 2, epistasis
reduces as often as it improves the fitness advantage of double mu-
tants (i.e., nondirectional). This implies that on average, epistatic
interactions between sweeping mutations have little effect on the
dynamics of epistatic networks in Model 2. Of course this does
not diminish the importance of epistatic effects of a mutation with
a fixed genetic background (see above).

Relationship between fitness effects of adaptive
mutations and functional epistasis

To explain the difference in results between Model 1 and Model 2,
recall that these models differ substantially in the average fitness
effect of sweeps (compare Figs. 4B and 6B). In Model 1, sin-
gle mutant genotypes have a relatively small fitness advantage
over the ancestral genotype. When mutations combine to form a
double mutant in Model 1, the selective advantage of the double
mutant over single mutants is small without epistasis. If these
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Table 3. Effects of recombination rate on adaptive walks on smoother fitness landscapes.

Waiting times Fitness effects

No. of segregating genotypes

Complete linkage (R=0)

L Multiplicative ~ Model 1  Model 2  Multiplicative ~ Model 1 ~ Model 2 Multiplicative  Model 1  Model 2
2 463 466 353 0.014 0.021 0.025 13 10 11
5 374 330 179 0.017 0.039 0.044 27 16 23

10 311 260 109 0.019 0.038 0.069 47 24 42

20 221 569 92 0.017 0.041 0.111 91 29 71

30 190 1015 43 0.02 0.038 0.096 135 31 96

40 167 5035 38 0.02 0.038 0.14 182 32 120

Independent assortment (R=0.5)

L Multiplicative = Model I  Model 2  Multiplicative ~ Model 1  Model 2 Multiplicative =~ Model 1  Model 2
2 1342 373 365 0.016 0.025 0.032 16 12 14
5 136 286 118 0.017 0.032 0.041 103 23 50

10 59 300 32 0.015 0.045 0.064 1277 33 288

20 39 326 35 0.015 0.04 0.113 6467 35 529

30 19 1263 19 0.016 0.056 0.15 6136 31 319

40 10 3846 28 0.016 0.035 0.15 6764 32 466

Note: Means are shown. Parameters were identical to runs in Figure 4 (Model 1) and Figure 6 (Model 2) except for recombination rates.

mutations interact antagonistically with one another, the double
mutant genotype is unlikely to be favored by selection. Thus when
single mutations have small fitness effects, the only double mu-
tant that can sweep will have either no epistasis or synergistic
epistasis (see Fig. 7A). On the other hand, in Model 2, single mu-
tations typically have large fitness advantages over the ancestral
genotype. The double mutant will therefore have an even larger
fitness advantage, thus allowing both synergistic and some antag-
onistic epistasis (unless antagonistic epistasis is very strong; see
Fig. 7B). The argument that fitness effects of sweeping mutations
determine the direction of epistasis is supported by a negative
relationship between these properties in both Models 1 and 2
(see Fig. 7C, D). Larger effect mutations allow more antagonistic
epistasis than smaller effect mutations.

Magnitude versus sign epistasis among adaptive
mutations

The epistatic interactions in the double mutant described above
give rise to both magnitude and sign epistasis between sweep-
ing mutations (Table 3). Importantly, because we only focus on
sweeping double mutants, it will always be the case that the dou-
ble mutant (A B in Table 3) is relatively beneficial compared to
the ancestral genotype (A¢By in Table 3). This restricts the type of
epistasis that can be observed. We find only magnitude epistasis
between sweeping mutations in Model 2, whereas in Model 1
sweeping mutations show sign epistasis at one of the loci 28% of
the time. This occurs because Model 2 always results in multi-

ple cosegregating beneficial mutations that are beneficial on their
own as well in the presence of each other (Table 3). However, in
Model 1, about half the time mutations sweep sequentially and
this allows the second mutation to only be beneficial on the mutant
background, not on the ancestral background of the other locus
(Table 3). As expected, we do not find sign of epistasis at both
loci because for this to occur both single mutations would have to
be deleterious on their own, but beneficial together. This is equiv-
alent to adaptation via peak shift, which is unlikely to occur in the
model because single beneficial mutations dominate the dynam-
ics of adaptive walks. Note however, that sign epistasis at both
loci is possible among deleterious nonsweeping mutations.

ADAPTIVE WALKS ON RUGGED FITNESS
LANDSCAPES

Finally, we study adaptive walks with a fixed mutation distribu-
tion, which results in uncorrelated adaptive landscapes in which
the fitnesses of the parental alleles provide no information about
the fitnesses of their single mutants (see Fig. 1). The overall
adaptive walk of both epistatic genetic networks and a multiplica-
tive model shows a similar pattern of diminishing fitness returns,
where most rapid evolutionary change occurs early on and then
slows down as the population approaches its local optimum (e.g.,
see Fig. 8A). This is consistent with the idea that epistatic and
nonepistatic systems exhibit qualitatively similar evolutionary tra-
jectories (Welch and Waxman 2005). However, despite this broad
similarity, there are important differences.
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Figure 7. Fitness epistasis between sweeping mutations at different loci. Panels A and B describe the relationship between observed and
expected (multiplicative) fitness for sweeping double-mutant beneficial genotypes in Model 1 (A) and in Model 2 (B). Fitness is relative
to the ancestral genotype. The solid line represents the null expectation of pure multiplicative effects of two mutations. Deviations from
this line indicate the presence of functional epistasis between mutations (W;; # W;W;; see text). Mutations are sampled equally from 2, 5,
10, 20, 30, and 40 locus systems with K = 100% in simulation runs from Figures 4 and 6. Note that the scale of fitness effects of mutations
is smaller for Model 1 than for Model 2 (see Figs. 4B and 6B). Panels C and D describe the relationship between average fitness effect of

mutations that make up the sweeping double mutant genotypes and their epistatic interactions in both Model 1 (C) and Model 2 (D).
The value 1 on the y-axis represents no epistasis (multiplicative fitness), and values above 1 designate synergistic epistasis, and below 1

antagonistic epistasis. Note scale differences.

First, consistent with Kauffman (1993) and adaptive walks
on smoother fitness landscapes above, we once again observe that
large and highly connected epistatic gene networks exhibit evo-
lutionary constraint relative to a multiplicative model (i.e., they
have fewer substitutions to local peaks and reach lower/less fit
local peaks; data not shown). However, smaller and less con-
nected networks may not necessarily exhibit these patterns as
illustrated in a five-locus genetic system below (Fig. 8). On aver-
age a five-locus 100% K epistatic network reached higher local
adaptive peaks compared to a five-locus multiplicative system (z-
test: Wepistaric local peak = 0.742 (SE: 0.0057); Winariplicative local peak =
0.656 (0.0057); df = 23, P < 0.0001; see Fig. 8A). This oc-
curs because epistatic networks still favor substitutions of larger
fitness effect compared to a multiplicative model (z-test: mean fit-
ness effect pisiaric = 0.02 (0.0009); mean fitness effect uipiicarive =
0.007 (0.0009); df = 23, P < 0.0001), but do not have dramat-
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ically longer waiting times to substitutions (z-test: mean waiting
times gpigraric = 6418 gen. (519); mean waiting times ,.uipiicarive =
4223 gen. (519); df =23, P < 0.0067). Thus, similar to our results
on smoother landscapes, larger fitness effects can compensate for
longer waiting times in small epistatic networks, but not in larger
networks.

Figure 8B shows the distribution of fitness effects of substitu-
tions throughout the adaptive walk in the above example. In both
models, early substitutions typically have a larger fitness effect
than later ones, but this pattern is less pronounced in an epistatic
model than in a multiplicative model. Indeed, only in the multi-
plicative model the fitness effects of sweeps are better described
by an exponential distribution (consistent with Orr 2002, 2006;
compare to Rzlog = (0.864). Fitness effects of sweeps in epistatic
networks are better described by a log distribution (compare to
Rzexpmemia] =0.319). This occurs because unlike the small fitness
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Figure 8. Simulation dynamics of a five-locus genetic system on uncorrelated (rugged) fitness landscapes. (A) A log fit of average fitness
trajectories of 12 simulations runs of an epistatic network model and a multiplicative model (thick lines; R? fit is shown) and an example
run of each model (thin lines). (B) Mean fitness effects of substitutions and (C) mean waiting times to substitutions in generations in the
order with which substitutions appear during an adaptive walk for each model. The best-fit distributions are shown. Asterisks indicate
significant difference between values for the two models for each substitution number (*P < 0.05, **P < 0.01, ***P < 0.001). Error bars
represent standard errors. (D) Mean number of segregating genotypes accumulated in each model over the adaptive walk. All means
were based on 12 replicate simulation runs of each model. For each run, L = 5, K = 100% (for epistatic model), w yeliceffects = 0-99,
Wepistaticeffects = 0.99, 02 ajjeffects = 0.0004, mutation rate/locus = 1075, Nygypes = 50,000, Nzygotes = 10, (6 = 1), rec. rate/all loci pairs =

0.25. Note parameters are identical to Figure 4.

steps in a multiplicative model, epistatic networks improve fit-
ness using large fitness jumps all the way to the local peak (see
Fig. 8B). This pattern holds if fitnesses are ranked from highest
to lowest.

Interestingly, even though a five-locus epistatic network
reached higher local peaks and exhibited substitutions of larger
fitness effects, it did so still using fewer substitutions compared
to a multiplicative model (¢-test: no. of substitutions.p;saric = 9.8
(0.582); no. of substitutions ,uuipiicarive = 14 (0.582); df =23, P <
0.0001). Thus it seems that regardless of the size of the epistatic
gene network, these models exhibit shorter adaptive walks than a
multiplicative model.

Figure 8C shows the distribution of waiting times to sub-
stitutions throughout the adaptive walk. The multiplicative model
generates many more short waiting time events during early stages

of the walk compared to an epistatic model. However, both mod-
els follow an exponential distribution and show similar waiting
times toward the end of the walk (Fig. 8C). Thus the differ-
ences we observe in average waiting times between epistatic and
nonepistatic systems are driven by substitutions that occur early in
the adaptive process. Finally, Figure 8D shows that epistatic net-
works segregate less genetic variation compared to a multiplica-
tive model, which is again consistent with results from smooth
fitness landscapes.

Discussion

Recently, Orr (2006) noted that the theoretical study of the
genetics of adaptation is in its infancy. This is especially the
case for models of adaptation that incorporate epistatic genetic
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architecture (for recent models see Johnson and Porter 2000;
Porter and Johnson 2002; Carter et al. 2005; Hansen et al. 2006).
In the present article we explored long-term adaptation using one
type of epistatic genetic architecture, namely the NK framework
of Kauffman (1993) that emphasizes a multilocus epistatic gene
network approach, where epistatic connectivity among loci plays
a key role in dynamics.

WAITING TIMES TO SUBSTITUTIONS IN EPISTATIC
VERSUS NONEPISTATIC MODELS

Our results revealed that regardless of whether mutations are
drawn from a dynamic or fixed mutational distribution through-
out the adaptive walk (i.e., smooth or rugged adaptive land-
scapes, respectively), epistatic genetic networks can exhibit longer
genome-wide waiting times to adaptive substitutions compared
to a nonepistatic multiplicative model. This result is consistent
with similar findings of Kauffman (1993: p. 58) and suggests
that highly epistatically connected networks will often show pro-
longed evolutionary stasis, characterized by purifying selection
of deleterious mutants (also see Hansen and Houle 2004; Welch
and Waxman 2005).

We also uncovered several important novel insights. First,
this result depends on average epistatic effects of mutations being
selectively deleterious compared to those of the parental allele
throughout the adaptive walk (referred to as “Model 17). This is
why adaptive walks with a fixed mutational distribution always
generate longer waiting times in epistatic systems (Kauffman
1993). Under a dynamic mutation distribution, however, average
epistatic effects of mutations can remain close to selective neu-
trality throughout most of the adaptive walk. In this case, waiting
times to substitutions in epistatic and nonepistatic genetic systems
become similar and can even be shorter in the former (see Fig. 6).
Second, we reveal that genome-wide waiting times in epistatic
gene networks are characterized by a hyperbolic function as the
number of loci in the network increases (see Figs. 4 and 6). Finally,
waiting times during adaptive walks are well characterized by an
exponential distribution toward local fitness peaks, regardless of
genetic architecture (see Fig. 8C).

FITNESS EFFECTS OF SUBSTITUTIONS IN EPISTATIC
VERSUS NONEPISTATIC MODELS

Recently, Welch and Waxman (2005) noted that epistatic connec-
tivity in NK gene networks is intimately linked to fitness effects
of novel mutations. This occurs because the fitnesses of mutations
are modified by alleles at K other loci within a given genotype
(i.e., epistatic effects). This assumption increases the variance of
mutational effects in epistatic relative to nonepistatic systems. We
studied the effect of such mutational distributions on the evolution
of fitness effects of sweeps during adaptive walks. Our results in-
dicate that under most “strong selection” scenarios in which the
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variance of mutational effects is assumed to be reasonably high,
fitness effects of substitutions are larger in epistatic relative to
nonepistatic models and increase with larger and more connected
networks (see Figs. 4 and 6). However, under low mutational vari-
ance (approaching “weak selection” scenarios), fitness effects of
substitutions may be similar or even lower in epistatic relative to
nonepistatic systems (see Table 1).

We also find that adaptive walks on rugged fitness landscapes
are characterized by diminishing fitness returns in which early
substitutions have larger fitness effects than later ones (consistent
with Gillespie 1984; Kauffman 1993; Orr 2002, 2006; Welch and
Waxman 2005). However, this pattern is much less pronounced in
epistatic systems. Indeed, fitness effects in epistatic systems are
better described by a log distribution instead of an exponential
distribution toward local peaks (see Fig. 8B and text results).
Interestingly, this tends to disagree with several empirical studies
of distribution of fitness effects among beneficial mutations before
selection (e.g., Kassen and Bataillon 2006). However, it is still
unclear how general such patterns are and whether they will hold
after selection has taken place. Future work is required to test our
predictions.

THE RATE OF EVOLUTION IN EPISTATIC VERSUS
NONEPISTATIC MODELS

We explored how waiting times and fitness effects of substitu-
tions influence the overall relative rate of adaptation in epistatic
versus nonepistatic genetic models. Interestingly, we discovered
that larger effect mutations of epistatic systems are able to com-
pensate for their longer waiting times, but only when networks
are not too large. As the size and connectivity of networks in-
creases, epistatic models typically lead to evolutionary constraint
(see Fig. 4D; consistent with Kauffman 1993). Nevertheless, when
epistatic networks are either small or fairly sparsely connected
(such as power-law networks, Siegal et al. 2007), or both, evolu-
tion may be more rapid than in a nonepistatic model even when
the average epistatic effects are substantially deleterious.

THE ROLE OF GENETIC VARIATION AND

RECOMBINATION IN ADAPTIVE WALKS

Perhaps the greatest weakness of the traditional NK model is
that it assumes a SSWM scenario, thereby forcing substitutions
to occur sequentially on a fixed genetic background (Gillespie
1984). It has been previously emphasized that this model still ex-
hibits functional epistasis between a mutation and alleles that were
fixed beforehand (Brodie 2000; Phillips 1996; Phillips et al. 2000;
Weinrech et al. 2005). However, the NK model had clearly missed
several important aspects of epistasis in nature. Epistasis may
cause mutations to have variable fitness effects when exposed to
multiple genetic backgrounds (i.e., fitness is context-dependent).
Similarly, in the presence of epistasis, different mutations may
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recombine to form double-mutant genotypes that can deviate in
fitness from their independent contributions (Wright 1932; Brodie
2000; Phillips et al. 2000; Wade 2000; Weinrech et al. 2005).

By allowing mutations to segregate in our model, we let epis-
tasis determine dynamics in the context of multiple genetic back-
grounds (e.g., see Fig. 2). However, we found that epistatic gene
networks segregate less genetic variation relative to a nonepistatic
model during adaptive walks, regardless of whether epistatic ef-
fects are on average deleterious or neutral (although it is more
pervasive in the former) and whether landscapes are smooth or
rugged. This occurs because in the presence of epistasis, most
mutations are incompatible with established alleles in the popu-
lation, which does not occur in a nonepistatic system (see also
Mayr 1963: pp. 293-294; Gavrilets and de Jong 1993; Hermisson
et al. 2003). Thus our findings point to an interesting paradox,
where on one hand, the role of epistatic interactions has particular
relevance when there are multiple genetic backgrounds, but on
the other hand, epistatic gene networks tend to reduce that role
by preventing many mutations from segregating in the population.
Note that this result differs from that of Whitlock et al. (1995) that
emphasized that functional epistasis may not necessarily gener-
ate much statistical epistasis. Our results show that epistatic gene
networks tend to reduce number of segregating genotypes in the
population and thus curtail genetic variance in general. Curiously,
this makes the analytical framework lacking variation a reason-
able approximation of exact simulation results, especially when
average epistatic effects of mutations are deleterious.

Nevertheless, a substantial number of mutations can still
cosegregate during their selective sweeps (especially in Model 2)
and can recombine to form double-mutant genotypes. Higher rates
of recombination allow mutations to explore the genetic back-
ground space faster by forming double-mutant genotypes dur-
ing adaptive walks (Table 2; see also Malmberg 1977; Misevic
et al. 2006). This causes mutations to have variable fitness effects
among genetic backgrounds. Compared to a multiplicative model,
this forces epistatic genetic networks to segregate relatively even
less genetic variation (Table 3; also see Gillespie 1974; Barton
1995).

THE EVOLUTION OF EPISTASIS DURING ADAPTIVE
WALKS IN EPISTATIC GENETIC NETWORKS

Functional epistasis between sweeping mutations is rampant
within our simulated adapting populations, revealing the evo-
lution of positive and negative epistatic deviations in fitness (see
Fig. 7). Fitness effects of sweeping mutations have a direct impact
on whether mutations interact positively or negatively. Adaptive
mutations with small fitness effects typically interact positively
and thus directionally, whereas mutations with large fitness effects
can interact positively or negatively and thus nondirectionally (see
Fig. 7). These predictions assume that all possible epistatic inter-

actions are initially possible between any pair of mutations. Carter
et al. (2005) argued that only when epistasis is directional does it
have any major effect on response to directional selection. Here
we show that this epistatic directionality is a characteristic of
sweeping mutations with small fitness effects.

The relationship between the fitness effects of sweeping mu-
tations and the direction of epistatic interactions has yet to be
tested in any study that we are aware of. This can be done in
long-term selection experiments where the fitness effects of mu-
tations can be well characterized (Lenski and Travisano 1994,
Elena and Lenski 2001, 2003). These results also predict that any
biological condition that determines the fitness effect of adaptive
mutations should also affect the direction of epistasis in nature.
Even though functional epistasis between single mutations has
recently received much empirical attention (reviewed by Sanjuan
and Elena 2006), most studies focus on deleterious single muta-
tions. We are aware of only a single study that looked at epistasis
between adaptive mutations, which showed predominantly nega-
tive antagonistic epistasis (Sanjuan et al. 2004; see also Bahannan
et al. 1999).

Predictions from our model differ in important respects from
other recent attempts to predict the direction of epistasis in nature.
Perhaps the most important difference is that, similar to empirical
work, most theoretical studies focus on epistasis between deleteri-
ous mutations because this is of special interest for understanding
the evolution of sex, genetic load, and robustness to genetic per-
turbations (e.g., Wilke and Adami 2001; Azevedo et al. 2006;
Beerenwinkel et al. 2007; Desai et al. 2007). As for adaptive mu-
tations, Martin et al. (2007) have recently used Fisher’s geometric
model of adaptation to study how the mapping from phenotype to
fitness can generate epistasis (see also Brodie 2000). However, in
our model, epistasis does not occur as a result of a mismatch be-
tween phenotype and fitness maps, but is due to explicit epistatic
effects for fitness between single mutations.

ASSUMPTIONS AND CAVEATS

The task of understanding the role of gene interactions in evo-
lutionary biology is extraordinarily complex. Even though we
have relaxed several important assumptions of the NK model, our
approach most importantly relies on the concept of epistatic con-
nectivity. This is to say that we assume that mutations interact
with alleles at other loci within the genome, regardless of other
segregating genetic backgrounds. The biological relevance of this
concept is clear; mutations whose fitness is modified by alle-
les at many other loci in larger and more epistatically connected
networks should experience different selection pressures and ulti-
mately different evolutionary fates compared to mutations whose
fitness is modified by alleles at only a few other loci in smaller
and poorly connected gene networks. Whether this assumption
is biologically realistic is open to empirical test (Kauffman and
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Weinberger 1989; Fontana et al. 1993; Jeong et al. 2001; Fraser
etal. 2002). Approaches that have been taken to study the effects of
molecular connectivity on fitness (e.g., Featherstone and Broadie
2002; Hahn et al. 2004) can be used in the future to understand
how the fitness of mutations depends on epistatic connectivity of
gene networks (e.g., Fedorowicz et al. 1998; Sambandan et al.
2006).

Further, for the present analysis we have concentrated on
adaptive walks assuming a “strong selection” scenario, where
population sizes are large and mutations have a high chance of
selective sweeps at all loci in the genetic network. Recently, Welch
and Waxman (2005) argued that the epistatic NK model and a
nonepistatic House of Cards model generate essentially identical
evolutionary behavior. However, these similarities mostly apply
to weak selection or nearly neutral scenarios with no genetic
variation (see also Ohta 1997, 1998). Future work should focus
on adaptive walks with weak selection scenarios in the presence
of segregating genetic variation.

When adaptive walks are driven by strong selection, the only
similarity between epistatic and nonepistatic models is that the
adapting population eventually reaches fitness plateaus over time
with fixed mutational distributions (Fisher 1930; Gillespie 1984;
Welch and Waxman 2005; Orr 2006). We have described many
important differences in how epistatic and nonepistatic genetic
systems adapt under fixed and dynamic mutational distributions
(see also Welch and Waxman 2005).

More generally, our model assumed that adaptive walks occur
within a single panmictic population with no structure. The impor-
tance of population structure in determining the role of epistatic
genetic architectures for adaptation is a critical area for future
studies. Population structure should make the fitness of muta-
tions highly variable across genetically differentiated demes (e.g.,
Wright 1949, 1969; Goodnight 1995, 2000; Whitlock et al. 1995;
Brodie 2000; Johnson 2000; Wade 2000, 2002). Future work may
especially benefit by combining weak selection with population
structure to see how epistasis will affect adaptive walks.
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Appendix of Additional Monte-Carlo Simulations
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Figure A1. The effect of gene network topology on the statistics of adaptive walks when mutations exhibit on average either deleterious
(Model 1) or neutral epistatic effects (Model 2). In particular, two additional topologies are explored explicitly, a ring topology, where

only mutations of neighboring genes interact, and a star topology, where only mutations between one “hub” gene and peripheral genes

interact (see inset in (A)). The plots show: average waiting times to genome-wide sweeping beneficial mutations on a log scale (A),

average fitness effects of genome-wide sweeping beneficial mutations (B), average number of segregating genotypes per generation in

log scale (C), and average rate of evolution (D) as a function of the size (x-axis) of a gene network. All other parameters are identical to

Figure 4.
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Figure A2. Approximation of average proportion fitness variance among segregating genotypes explained by epistatic effects between
alleles (Cheverud and Routman 1995; Falconer and Mackay 1996) for Model 1 (average deleterious epistasis) and Model 2 (average
neutral epistasis). Five replicate runs determine the standard errors for each scenario above. The epistatic variance is calculated using
the Generalized Least Squares method of General Linear Model (e.g., Lynch and Walsh 1998). This approach assumes that the genotypic
fitness is a linear function of allelic and epistatic effects. All genotypic fitnesses are converted into a log-linear scale (Sokal and Rohlf
1995). The vector for genotypic observations in matrix form is y = X B, where y are genotypic fitness observations, X is design matrix,
and B is a vector of parameters to be estimated using g = (X”X)~1X"y. If environmental variance in fitnesses among genotypes = 0,
the full design matrix explains all variance in fitness. The vector of parameters (B) is calculated only using the design matrix with allelic
effects. Sum of squares due to epistatic interactions (SSepistasis) are then deviations of observed fitness values from those predicted by
the allelic effects model. Variance or Means Squares (MSepistasis) = SSepistasis/Sample size. The proportion of variance due to epistasis =
MSepistasis/ total fitness variance among genotypes (log(MS..,1)). Note the exact proportion cannot be estimated using this method given
our unbalanced design (e.g., Lynch and Walsh 1998). However, the magnitude of epistatic variance and the relative difference between
Models 1 and 2 is informative (J. Rohlf, pers. comm.).
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