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Chapter 1. Dispersal and migration are spatially limited in many natural populations. Such limitations
can lead to clustering of like types, which weakens competition between unlike types; thus, the rate by
which a fitter type displaces an inferior competitor can be affected by the spatial scale of movement.
We use a birth-death model to show that, by creating competitive refugia, limited migration can
increase the frequency of deleterious mutants at mutation-selection balance.
Chapter 2. For a novel genotype to establish in a population, it must (1) be created, and (2) not be
subsequently lost. Recombination is a double-edged sword in this process, potentially fostering
creation, but also hastening loss as the novel genotype is being recombined with other genotypes,
especially when rare. In this chapter, we find that spatial structure may allow a population to harness
the creative side of sex while avoiding its destructive side; that is, it may allow a population to create
rare genotypes via recombination, and allow those rare genotypes to persist despite recombination.
Chapter 3. In this chapter, we show that classical rules for predicting competitive outcomes in
continuous-time systems are appropriate for a certain subset of discrete-time systems, which motivates

a new discrete-time competitive exclusion principle. However, in discrete-time systems in which our

proof's assumptions are not held, we show that classical rules can fail dramatically.
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Abstract: Typical mutation-selection models assume well-mixed populations, but dispersal and
migration within many natural populations is spatially limited. Such limitations can lead to enhanced
variation among locations as different types become clustered in different places. Such clustering
weakens competition between unlike types relative to competition between like types; thus, the rate by
which a fitter type displaces an inferior competitor can be affected by the spatial scale of movement. In
this paper, we use a birth-death model to show that limited migration can affect asexual populations by
creating competitive refugia. We use a moment closure approach to show that as population structure
is introduced by limiting migration, the equilibrial frequency of deleterious mutants increases. We
support and extend the model through stochastic simulation, and we use a spatially explicit cellular
automaton approach to corroborate the results. We discuss the implications of these results for standing

variation in structured populations and adaptive valley crossing in Wright’s “shifting balance” process.
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Most mutations affecting fitness appear to be deleterious (see review by Eyre-Walker and Keightley,
2007). A deleterious mutation is expected to persist in a population at a level influenced by the rate at
which it is generated and the strength of selection against it. This mutation-selection balance was first
developed mathematically by Haldane and Fisher in the 1920’s in models that assumed well-mixed
populations (Fisher, 1930; Haldane, 1927). However, many natural populations are not well mixed:
individuals may not disperse, and even if they do, dispersal or migration is often restricted to nearby
locations (Evans et al., 2009; Howells et al., 2013; Martin and Canham, 2010). Such limited movement
may influence the proportion of deleterious mutants at equilibrium in several ways. In mating diploid
populations, the Wahlund effect (in which population-level heterozygosity is depressed when
subpopulations differ in allele frequency) combines with dominance relationships among genotypes to
influence the frequency of deleterious mutant alleles (Roze and Rousset, 2004; Whitlock, 2002). In
haploid asexual models, limiting migration increases between-deme variation and decreases within-
deme variation, but the extent to which this shift in variation affects evolution is unclear.

Limitations to migration are not predicted to affect the equilibrium frequency of deleterious
mutants in asexual populations when fitness is independent of local composition and density. For
instance, Whitlock (2002) finds no effect of migration under a “hard selection” scheme (in which
absolute fitness is determined solely by genotype, and thus demes of different compositions may differ
in productivity). However, in “soft selection” regimes (in which relative fitness within a deme depends
on genotype, but each deme’s productivity is the same regardless of composition), demes enriched for
mutants are as productive as demes enriched for wild types. Such mutant-rich demes may serve as
competitive refugia. Thus, in soft selection schemes, limiting migration can increase the frequencies of

deleterious mutants (Roze and Rousset, 2004; Whitlock, 2002).
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As mutation, selection and migration occur in a subdivided population, both first-order
moments (i.e., the mean) and higher-order moments (i.e., variance, skew, kurtosis, etc.) of allele
frequencies across demes can change. Previous models have estimated higher-order moments (or
related quantities like Fgr) in terms of first-order moments under an assumption of weak selection. In
this paper, we take a different approach. We build an ecological model of a subdivided population, in
which higher-order moments are dynamic variables. No assumptions about the strength of selection or
mutation are required. Using this model, we find that limited migration increases the fraction of
mutants at mutation-selection balance. However, our moment-closure approach (in which we express
third-order moments in terms of lower-order moments) is exact only under total migration. Thus, our
analytical results are accurate when there is minimal subdivision. Similar moment closure approaches
have been used to model ecological neutrality, competition, and stability (Bolker and Pacala, 1997;
Haegeman and Loreau, 2011; Neuhauser, 2002; Vanpeteghem and Haegeman, 2010). We use
computer simulations to confirm that the fraction of mutants at equilibrium increases under limited
migration (where the mathematical analysis is approximate). The simulations also show spatial

segregation of types, suggesting that mutant-rich areas act as competitive refugia.

MUTATION-SELECTION BALANCE IN A SUBDIVIDED POPULATION
In our model, a population inhabits a metapopulation of patches. Space is implicit in this model; all
patches are equally “far” from any given patch. Migration between patches occurs at birth with a
specified probability. When the probability is one, every offspring migrates to a random patch, and the
population is essentially well mixed. When the probability is lowered slightly from one, there is a
small chance an offspring will stay in its natal patch, and thus a modicum of spatial structure is

introduced.



146

147

148

149

150

151

152

153

154

155

156

157

158

159

160

161

162

163

164

165

166

Terminology and Life Cycle: Consider two genotypes W and M, for wild type and mutant,
respectively, inhabiting a metapopulation with an infinite number of patches. The population size of
each patch is finite. In all that follows, genotype indices i and j will be used where i,j € {W, M} and

i # j. The per capita birth rate of genotype i is given by F; (ni,n]-) = fi — Bi(n; + a;jn;), where n; and
n; are the numbers of genotype i and j in the patch, f; is the intrinsic growth rate of genotype i, §;
measures the effect of intra-genotypic competition, and «;; is an inter-genotypic conversion factor (i.e.,
one individual of genotype j counts as a;; individuals of genotype i). Genotype i dies with rate &;.
Mutation from genotype i to j occurs during the birth process with probability y;_, ;. Migration also

occurs at birth, when genotype i migrates to a random patch with probability m;. The population

evolves stochastically in continuous time.

Moment Dynamics: Let N;(t) be the expected number of genotype i per patch at time t. For
typographical convenience, we drop the explicit reference to time dependence in our notation for the
terms and equations that follow (e.g., N;(t) is written N;). In Appendix 1 we show that
% = (1= pinj) Ni Fi(Nigi, Njii) + s Ny F(Njij, Nyj) — 8 N, (1)

where N;); is the expected number of individuals of genotype i in the patch of a randomly chosen
individual of genotype j, with i,j € {W, M}.

It can be shown that N;;; = N; + 6/ /N;, where o/ is the variance in the number of genotype .
When individuals of the given genotype are uniformly distributed (i.e., variance is zero), this reduces

to the mean N;. Similarly, N;j; = N; + C/N;, where C is the covariance between the numbers of

lj

genotypes i and j. When the two genotypes are independently distributed (i.e., covariance is zero) this

10



167  term reduces to the mean N;. Covariance may be positive, indicating association between types, or
168  negative, indicating segregation of types.

169 Thus the dynamics of the first order moments N; and N; rely on second order moments a7, ajz,

170  and C. The equations governing the dynamics of these second order moments involve third order

171  moments, the differential equations for the third order moments involve fourth order moments, and so
172 on. Our task is similar to Hercules’ battle with the Hydra (in spirit, not magnitude!). With each Hydra
173 head Hercules sliced off, new heads popped up in its place. For each moment dynamical equation we
174  describe, the description of new, higher-order moment equations becomes necessary. We must find a
175  way to stem the endless flow of higher-order moments. Hercules seared the necks of the Hydra to

176  prevent the regrowth of the heads; we close our system of differential equations by a second-order

177  moment closure technique. We approximate third-order moments in terms of lower-order moments

178  (see Appendix 1 for details), thus sealing the endless flow. Our moment closure approximation is exact
179  when migration is absolute (i.e., my, = my; = 1), and we are not limited by assumptions of near

180  neutrality (Neuhauser, 2002). With this approximation, the dynamics for the second order moments are

181  given by:

182
dO'iz le 2 2 2 2

183 FrEar T 26;(N; — o) + 2(1 = m)(1 — pi;){fio? — Bi(N; + 2N;af) — Biai;(N;C + Nyof)}
184 +2(1 —m;) ujm; {f;C — B;2N;C — B;a;i(N;C + N;o?)} )
185

dc ,
187 +(1 —my)ujmidfja? — B;(N; + 2Njof) — Bja;i(N;C + Nyof’ )}
188 +(1=m;)(1 = )i € = B2N;C = B (N:C + Njo?)}
189 +(1 — m)uis{fio? — Bi(N; + 2N;0?) — Bia;j(N;C + Njo?)} 3)

190

11
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Mutation-Selection Balance: Our dynamical system contains many parameters. To simplify matters,
we assume My, = My = m, fyy = fu = f, Bw = Pu = B, awu = Auw = 1, fw-m = K, and
Uy—w = 0. Thus, we assume our genotypes are identical in all parameters except their death rates,
which define a W to M mutation as deleterious (i.e. 6, > &y, > 0), and their mutation rates.
Consequently, we only consider viability selection in this analysis, though we simulate other
possibilities below. We have also assumed that intra-genotypic competition is identical to inter-
genotypic competition (the a parameters are set to unity), and that back mutation does not occur. This
might be realistic if the mutation from wild type to the mutant involves a deletion, but even if this
mutation is a base substitution, the density of mutants is often so low that back mutation does not
greatly affect our results (see simulations below).

In Appendix 2, we derive the mutant fraction of the population at equilibrium under full
migration (m = 1). Because the fraction of mutants cannot be greater than one, there are parameter
constraints on the analysis to ensure mutation does not “overwhelm” selection. Within those parameter

constraints, the fraction of mutants at mutation-selection balance is

udw
= — 4
(1-w)(ém—Sw) )

Like the classical result for a panmictic haploid population, for which ® = %Where 1 — s is the fitness
of a mutant relative to a wild-type (Crow and Kimura, 1970), our expression is proportional to u (for

: : o 5
small u) and inversely proportional to a measure of the selective disadvantage of the mutant (s_M - 1).
w

How does this fraction change as spatial structure is introduced; that is, what happens to ® as
m is lowered from unity? Since Equations (2) and (3) are exact for m = 1, the partial derivative of ®
with respect to m can be computed exactly at m = 1 (Neuhauser, 2002). In Appendix 3, we derive the

following:

12
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. . D . .
This expression demonstrates that £| < 0 for 0 < u < 1, so the fraction of deleterious mutants at
m=1

equilibrium always increases when a small amount of structure is introduced into the model.

Simulation of the Spatial Model

Our analysis is exact when all offspring migrate, but becomes approximate as soon as some offspring
remain in their natal patches. How well do the approximations capture actual dynamics? Here, we
explore the model via simulation.

In the simulation, we seed a finite (but large) number of patches P with wild type and mutant
individuals, and simulate evolution using a Gillespie algorithm in which birth and death events occur
stochastically (see Appendix 4 for details). In simulation runs with absolute migration, all first order
moments and second order moments approach our analytic predictions as equilibrium is reached, even
when initialized far from the calculated equilibrium (Sup. Fig. 1). This is expected, as our analysis is
exact when migration is absolute. As the probability of migration is lowered from unity, our analysis
becomes approximate. Figure 1 shows simulation results across a range of migration probabilities, and
the analytical prediction extrapolated from Equation (5). At high levels of migration, the simulation
corresponds well with the analysis, with ® following its derivative calculated at m = 1 (Fig. 1, inset).
As migration drops further, the mutant frequency rises faster than the linear extrapolation from our
analytical model (Fig. 1). The correspondence between our finite simulation and our deterministic
analysis for high migration indicates that the number of patches P is large enough for the
metapopulation to behave deterministically. Moreover, results are not appreciably affected when fewer
patches are used (Sup. Fig. 2B). Results are also not appreciably affected when back mutation is

allowed (Sup. Fig. 2A).

13
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Figure 1. Stochastic simulation under various migration rates. Frequency of deleterious
mutants at mutation-selection balance across various probabilities of migration as found by
simulation (red circles), compared to the m=1 derivative of our analytical model (black dashed
line). The analytically calculated mutant fraction at full migration is given as a gray dotted
horizontal line for comparison. At high migration probabilities, the simulation results agree
well with our analytical model (see inset). As the probability of migration decreases further
from unity, the fraction of deleterious mutants increases faster than the analytical
extrapolation. Large data points and shading represent mean values and standard deviation
of 20-40 replicate simulations (small data points) using parameter values P = 10%, f = 0.5,
g =0.2,u=0.1,34, =0.05, 5, = 0.1, corresponding to a per-patch carrying capacity of
approximately % = 2.25.
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Parameters for Figure 1 were chosen to illustrate a large effect of limited migration on the

mutant fraction at mutation-selection balance. When the competition parameter [ is decreased,
0D . . . o
abs(%| ) is proportionately decreased (see Eq. 5) and the per-patch carrying capacity is increased,
m=1

but the simulated mutant frequency still rises faster than the linear extrapolation from our model (Sup.
Fig. 2C). Similar results to those shown in Figure 1 occur when both the mutation rate and the selective
disadvantage of mutants are decreased (Sup. Fig. 2D).

To see why limited migration increases the fraction of deleterious mutants in a population, we
follow a simulation (Fig. 2) as it transitions from absolute migration to limited migration (i.e., m = 1
to m = 0.5). We see that when limited migration is introduced, the mutant frequency increases (Fig.
2A), the variance in mutant density increases (i.e., the mutants become more clumped), and the
covariance between the densities of the two genotypes becomes negative (i.e., patches with many wild-

type genotypes tend to have fewer mutant genotypes, and vice versa) (Fig. 2B).
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Figure 2. A simulated shift in the probability of migration. When migration becomes limited
(grey-shaded portion of plots), the increase in deleterious mutant frequency (A) coincides
with an increase in the variance in mutant density and a decrease in the covariance between
mutant and wild type densities (B, variances are divided by the means of their corresponding
variables, and covariance is divided by the product of the roots of the two means). Time units
are relative, and defined by a Gillespie algorithm described in Appendix 4. Solid lines and
colored shading represent the mean + SD of 16 replicate simulations using the parameter
values listed in Figure 1.
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Such spatial segregation leads to an increase in the fraction of inhabited patches that house
mutant-only populations (Sup. Fig. 3A). The fraction of mutants in mutant-only patches also increases
as the migration rate decreases (Sup. Fig. 3B). Notably, the fraction of mutants in patches that also
house wild type genotypes does not increase as the migration rate decreases (Sup. Fig. 3B). Thus, the
increase of mutants in mutant-only patches may suffice to explain the overall increase in mutants at
limited migration rates.

We conclude that limited migration leads to a higher mutant frequency at mutation-selection
balance because the less fit mutant is able to escape competition with the wild type due to spatial
segregation. Thus, mutant-rich patches are competitive refugia that allow the mutant genotype to
persist in relative isolation from the competitively superior wild type. If this explanation is correct,
limited migration should safeguard deleterious mutants regardless of whether selection occurs via
differences in viability or fecundity, whether space is explicit or implicit, and whether the spatially

distributed units are populations or individuals.

A LATTICE-BASED APPROACH
Our next approach considers individuals that are embedded in a lattice. Here, unlike our first approach,
(a) space is explicit, (b) population structure varies with dispersal distance, (c) the “patches” house
individuals rather than subpopulations, and (d) we consider both viability and fecundity selection. A
similar lattice-based approach has been used to explore many eco-evolutionary aspects of spatially
structured populations, including the invasion of rare types, species coexistence, host-parasite
evolution, spatial structuring of communities, and evolutionary trajectories (Débarre et al., 2012;

Durrett and Levin, 1997; Hauert and Doebeli, 2004; Kerr et al., 2002).
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In our simulation, we consider two haploid asexual genotypes: wild type (W) and mutant (M).
These genotypes occupy an LXL regular square lattice with periodic boundaries (i.e., a toroidal
geometry). Each lattice point may take one of three states: empty, wild type, or mutant. At each update,
a point is chosen at random. If this focal point is “filled” with a wild type, the wild type dies with
probability &y, giving a transformation to the empty state. Likewise, a mutant that is chosen will die
with probability &,, (where 8y, = &y, > 0).

If the focal point is already empty, then a birth event can occur, where an individual in a pre-
defined neighborhood of the focal point produces an offspring that fills the focal point (giving a
transformation to a filled state). Let x;;, and x,, be the fraction of the focal point’s neighborhood
occupied by wild type and mutant lattice points, respectively. Then with probabilities fy,xy, and fyxy,
the parent of the individual “born into” the focal point is wild type and mutant, respectively. The
parameters fy, and fy; represent the fecundities of wild-type and mutant individuals (where
0 < fy < fw < 1). The focal point stays empty with probability 1 — f;;,x;, — fyXy. Mutation occurs
at birth: from wild type to mutant with probability uy,_, and from mutant to wild type with
probability puy,_,y,- The degree of population structure is controlled by adjusting the size of the
neighborhood around any focal point (effectively altering the distribution of distance at dispersal). We
focus on three cases: a von Neumann neighborhood (where the lattice points immediately to the north,
east, south and west of the focal point comprise the neighborhood), a Moore neighborhood (where the
eight lattice points nearest the focal point constitute the neighborhood), and a Global neighborhood
(where the entire lattice, minus the focal point, comprises the neighborhood). Thus, the evolving

population can range from highly structured (von Neumann neighborhood) to effectively well mixed

(Global neighborhood).
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Figure 3 shows that smaller dispersal neighborhoods lead to higher mutant frequencies at
equilibrium, corroborating our prior analysis. This pattern holds under both pure viability selection

(6p > Oy and fy; = fiy) and pure fecundity selection (8, = 8y, and fy < fir)-

A. B
0.24 -
0.13 i :
) L]
G
S H ¢
©
Y
T
S :
g ............................ . 0.20
S o
0.10 A
|| || || || || ||
4 8 all 4 8 all
dispersal neighborhood dispersal neighborhood

Figure 3. Lattice-based simulation results. The frequency of deleterious mutants at mutation-
selection balance across various neighborhood sizes in lattice-based simulations with viability
selection (A) or fecundity selection (B). As dispersal is limited to smaller neighborhoods, the
frequency of deleterious mutants increases. Large data points represent mean values of 24
replicate simulations (small data points) using parameter values L = 200, yu;,_, = 0.1,

unv—w = 0.02, and either viability selection (A, with 8y, = 0.1, 6, = 0.2, fy = fy = 1) or
fecundity selection (B, with 8y, = 8y, = 0.1, fiy = 1, fi = 0.5).
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DISCUSSION
We find analytically and computationally that limited migration increases the frequency of deleterious
mutants, and this increase is not restricted to a specific form of space or mode of selection. Prior
models of selection in metapopulations have shown effects of limited migration when local
interactions are defined by mating, or when mutant-rich demes have similar productivity to wild type
enriched demes, and can thus act as competitive refugia for mutants (Glémin et al., 2003; Roze and
Rousset, 2004; Whitlock, 2002). In this paper, we embedded competition in an explicitly ecological
framework, which allows us to manifest local interactions explicitly as density-dependent fecundity.
We used a moment closure approach that expresses higher-order moments in terms of lower-order
moments, therefore allowing those higher-order moments to vary dynamically as we began to limit
migration. We showed that limited migration can affect asexual populations by segregating types.
Essentially, limiting migration has no effect on the generation of mutants, but hampers the effective
strength of selection (Cherry and Wakeley, 2003) by sheltering alleles from global competition, and so
tips the mutation-selection balance in favor of deleterious mutations. Generally, whenever there is both
variation in localities and local interaction, migration rate will be a salient factor in determining the
frequency of deleterious mutants.

Mutant frequency is sometimes used to estimate mutation rates of microbes. Using such a
method, a structured environment may appear mutagenic because a higher frequency of mutants is
found. For example, Bjedov et al. (2003) find a disparity in mutant frequencies between liquid and
agar bacterial cultures, and attribute it to oxidative stress incurred during colonial growth on agar. This
explanation is certainly plausible, but the colony structure itself may contribute to the increased mutant
frequency. When going from an unstructured to a structured environment (e.g., a flask to an agar

plate), the frequency of deleterious mutants may increase even if the mutation rate is constant.

20



355

356

357

358

359

360

361

362

363

364

365

366

367

368

369

370

371

372

373

374

375

376

377

Adaptive valley crossing: If a single deleterious mutation is complemented by a second mutation that
improves the fitness of the organism above the wild type, the frequency (and number) of the original
mutant may be relevant for crossing “adaptive valleys”. Recent theoretical studies have elucidated how
well-mixed populations cross adaptive valleys, and at what rate (Weissman et al., 2010, 2009).
However, Sewall Wright’s shifting balance process is predicated on the idea that, collectively, semi-
isolated subpopulations would explore a landscape in a way unavailable to well-mixed populations
(Pigliucci, 2008; Wright, 1988, 1932). To cross a valley, a population must first discover a new peak,
and then have the peak genotype spread through the population. Increasing migration between
separated patches hinders exploration of novel genotypes (Whitlock, 2003), but, once a beneficial
genotype is discovered, the increased migration facilitates its spread (Jain et al., 2011; Rozen et al.,
2008). In the rugged landscapes that were the focus of Wright’s shifting balance, the rate-limiting step
in adaptation may be the discovery of novel genotypes (i.e., finding new peaks) rather than their spread
through a population. If this is the case, limited migration may speed the rate of adaptation.

If valley crossing requires multiple “downward” steps, the facilitating effect of limited
migration is amplified. Limited migration protects not only deleterious single mutants from
competition with wild types, but also relatively deleterious double mutants from competition with
single mutants (and wild types). When deleterious double mutants are added to our metapopulation
simulation, we see the amplified effect of limited migration on the double-mutant frequency (Fig. 4A);
when we add triple mutants, the effect of limited migration amplifies further (Fig. 4B). This effect on

double and triple mutants is also observed in our lattice-based approach (Sup. Fig. 4).
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380  Figure 4. Stochastic simulations with a chain of sequential deleterious mutants in a

381 metapopulation approach. The wild-type genotype yields the first mutant via mutation; the

382  first mutant yields the relatively deleterious double mutant via mutation; and so on. The

383  density of each genotype is shown relative to its density in a well-mixed population (given by

384 the dotted line at unity). The effect of migration probability on relative density in a community

385  with two (A) and three (B) mutants are shown. Points and colored shading represent the

386 mean + SD of 12 replicate simulations, while dashed lines roughly matching the double-

387  mutant frequency represent the square of the mutant to wild-type ratio, multiplied by the wild-

388  type density, for each m. In (B), the cubes of the ratios are also shown, roughly matching the

389 triple-mutant density. Parameter values used in this simulation are: P = 10%, f = 0.5, 8 = 0.2,

390 pwom = Hu-m2 = Huzomz = 0.1, fyzome = Uya-m = Uy-w = 0.01, 6y = 0.05, 6y = 0.1, 8 =

391 0.2,8y3 = 04.

392

393

394 For sufficiently wide valleys, a population starting with only wild type individuals may
395  discover the peak genotype faster when its migration is limited (Fig. 5). For certain parameter values, a
396  population whose migration is limited may cross even the narrowest valley—one deleterious mutant

397  between two peak genotypes—faster than an unstructured population (Bitbol and Schwab, 2014). Note
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that when only upward steps are required for adaptation (e.g., a smooth landscape) then the rate-
limiting step in adaptation is the spread of beneficial genotypes, and thus limited migration will inhibit

adaptation (Kryazhimskiy et al., 2012).

16 ] =
] 1 50% e—

50%

1%

1%

waiting time
(units relative)

-

0 05 4 8 all

migration probability (m) dispersal neighborhood

Figure 5. Discovery versus spread in simulated populations. Both metapopulation (A) and
lattice (B) simulations were initialized with wild type genotypes only. There are three
successively more deleterious mutants comprising a valley between the wild type genotype
and a highly beneficial mutant (accessible from the third deleterious mutant). The waiting time
before the beneficial mutant reaches a given frequency is shown. As migration becomes
more limited, the waiting time to the discovery of the beneficial mutant decreases (as m
decreases from 1, the 0.01% profile drops; as the dispersal neighborhood shrinks, the 0.01%
profile drops). However, a greater degree of structure inhibits the spread of these beneficial
mutants (and thus the time to reach a substantial frequency of the beneficial mutant can
increase under initial limitations to migration—see 1% and 50% trajectories). Extremely
limited migration decreases total population size, facilitating spread. Fixation does not occur
as back mutation is allowed and the numbers of patches are large. Points and shaded
regions represent the mean + SEM of 24-36 (A) or 16 (B) replicate simulations using
parameter values f = 0.5, = 0.2, pyp = Uy-mz = Umz-mz = 0.1, Uyzmz = Uuzom =
Uy—w = 0.01, 8, = 0.05, 8, = 0.1, 8, = 0.2, 653 = 0.4, 53y = 0.025. For (A), P = 10*. For
(B) L = 200.
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The limited migration of individuals generally slows the spread of advantageous traits.
However, it is precisely this dampening of competition that can allow spatially structured populations
to safeguard deleterious mutants. By harboring this diversity, it may be possible for structured

populations to discover novel genotypes faster, even if the benefit spreads more slowly.
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536  Supplemental Figure 1. Stochastic simulation under full migration (m = 1). The equilibrium
537  values for all first and second order moments (dashed lines) are calculated from the model.
538  The initial conditions used for the simulation are far removed from these equilibria: each
539  patch starts either empty or with one wild type and one mutant, each with equal probability.
540  All first order moments (A) and second order moments (B) converged to their expected

541 values. In (B), variances are divided by the means of their corresponding variables, and

542  covariance is divided by the product of the roots of the two means. Time units are relative,
543  and defined by a Gillespie algorithm described in Appendix 4. Solid lines and shaded areas
544  represent means + SDs of eight replicate simulations using parameter values P = 10*%, f =
545 0.5, =0.2,u=0.1, 6, = 0.05, 5, = 0.1.
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Supplemental Figure 2. Stochastic simulations under various migration rates, with
parameters identical to those used for Figure 1 (P = 10*, f = 0.5, 8 = 0.2, u = 0.1, §,, = 0.05,
6y = 0.1) except with (A) non-zero back mutation rate, (B) fewer patches, (C) decreased
competition parameter, and (D) decreased selective disadvantage of mutants with a
compensating decrease in mutation rate (see Eq. 4). Frequency of deleterious mutants at
mutation-selection balance plotted across various probabilities of migration as found by
simulation (red circles), compared to the m=1 derivative of our analytical model (black dashed
line). The simulated (A) or analytically calculated (B, C, D) mutant fraction at full migration is
given as a gray dotted horizontal line for comparison. Large data points and shading
represent means + SDs of 12-36 replicate simulations (small data points).
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570  Supplemental Figure 3. Patches as competitive refugia for deleterious mutants. The

571  proportion of homotypic, heterotypic, and empty patches at approximately steady-state for a
572  range of migration rates is shown (A). At very low migration rates, the frequency of empty
573  patches increases due to the low rate of reseeding after stochastic within-patch extinctions.
574  The proportion of wild type and mutant individuals ‘housed’ in homotypic and heterotypic

575 patches is also shown (B). Each bar represents the mean values of two replicate simulations
576  using parameter values P = 10%, f = 0.5, p = 0.2, u = 0.1, 6, = 0.05, 6,, = 0.1.
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Supplemental Figure 4. Lattice-based simulations with a chain of sequential deleterious
mutants (as in Figure 4). The density of each genotype is shown relative to its density in a
population with a global neighborhood (given by the value of unity). Large data points
represent mean values of 24 replicate simulations (small data points) using parameter values
L =200, uy-ym = Uy-m2 = Bmz-m3 = 0.1, Uyzomz = Umzom = Hy-w = 0.02, 8y = 0.1, 6y =
0.2, 8z = 0.4, 83 = 0.8, f = fu = fuz = fuz = 1.
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Appendices

Appendix 1: Moment Equations
Mean Density Dynamics

In this appendix, we derive the dynamical equations for our first and second-order moments.
We assume our population inhabits a metapopulation of infinite patches (each of which houses a finite
population), allowing us to use expectation values for our patch dynamics. We start with the dynamics
of the mean genotype abundances. Let g;(t) be a random variable giving the number of individuals of
genotype [ € {W, M} within a randomly selected patch at time t. If we consider a period of time, At,
small enough that the probabilty of more than one event occuring during that interval is vanishing

small, we have the following:

30 ={{070 Vi probabiey a1
where
P = 6;q;()At, (Al1.2)
and

Pt = (1 =m)(1 = pe)F (00, 4,0) @A+ (1= my)siFy (4,00, 4:(0)) a; (DAL
+mi(1 = o) )E [F: (00, 4;0) i@ At + myp;iE [F (4,00, q:(0)) q;(0)] At (A13)
where E is the expectation value over all patches. Thus, the expected change in g; over our small
interval of time is given by:
E[Aq;] = E[P} — P[], (Al.4)
For typographical convenience, we drop the explicit time dependence in our notation for the terms and
equations that follow. We use the following notations

N; = E[q],
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af = var[q],
C = cov[g;, q;] = cov[q;, q;]
and we have the following relations
Elg?]1 = N} + o7, (AL.5)
E[qiq;] = NiN; + C. (A1.6)
Using (A1.5), (A1.6), and our per capita birth rate of F; (ni, nj) =fi—Bi (ni + al-jnj) we can rewrite
(A1.4) as follows:

E[Aq;]
At

= —6;N; + (1= pyj) {fiNi — Bi ((Niz +07) + a;;(N;N; + C))}
i {1 = B; (N? + 07) + au(NeN; + )} (A1.7)
Taking the limit At — 0, and factoring N; from the second term and N; from the third term, we have

2

dN; % .
= 0N+ (1= pis) 1 fi = Bi| (N +ﬁi +ay (Nf +ﬁi) N

i {fj — B; ((NJ + ;_]j) + i <Ni + 1%))} N;. (AL8)

The terms N; + 6 /N; and N; + C/N; (and the two other similar terms) are more approachable if we

allow Nj|; to represent the expected number of individuals of genotype j in the patch of a randomly
chosen individual of genotype i (rather than a randomly chosen patch). Eq. A1.6 can now be rewritten
as N;N;; = E[qiqj] = N;N; + C, and therefore N;; = N; + C/N;. Similarly, Eq. A1.5 yields N;; =

N; + 6?/N;. Using this notation, (A1.8) can be simplified to

dn;

5 = 0 N+ (1 — min) Fi(Nuoy Nj) Ny + i Fi(Njyj, Nigj) N (AL.9)
From these equations we see that change in the first order moment (the expected density of genotype i)
depends on second order moments (the variances and covariance of genotype densities). Thus, we now

derive the dynamical equations for the change in these second order moments.
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Variance Dynamics
Again, we consider a very small interval of time, At. The following holds:
Aqf (t) = qf (t + At) — qf (). (A1.10)
Using (A1.1), (A1.2), (A1.3) and (A1.10), and again dropping the explicit time dependence in our
notation, we see that
Aq? = (q; — 1)? — q? = —2q; + 1 with probability P, and (A1.11)
Aq? = (q; + 1)? — q? = 2q; + 1 with probability P;*. (A1.12)
Thus, the expected change in g7 is given by:
E[Aq?] = E[2q; + DP{ + (=2q; + DP;] (AL13)
We have the following relations:
Elq}] = Ty; + 3N;0? + N3, (Al1.14)
Elq?q,] = Ty + 2N;C + N;o?+NZN;, (A1.15)
where Tj; and Tj;; are the central third-order moments. Because of (A1.5), we also have

E[Aq?] _ AN? | Ac?
Tae =t (AL16)

Using (A1.5), (A1.6), (A1.14), (A1.15) and (A1.16), taking the limit At = 0 and using the chain rule

. dNi2 _ dN;

(i.e., vl 2N; o ) , we have
dO-l'z le 2

dt = dt + Z(Nl - O'i )61

+2(1 = m)(1 = psj){fio? = Bi(Tus + 2N;07 + ay;(Ty; + N;C + N;o?))}
+2(1 — my)pjmi{f;C — Bi(Tjji + 2N;C + ;i (Tiij + NiC + Njo?))}. (A1.17)
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If we describe the third order moments exactly, we will find ourselves needing to describe fourth order
moments, which will in turn require fifth order moments, and so on. Here we use our moment closure

technique.

Closing the Moments
When migration is absolute (i.e., m; = m; = 1), the random variables ¢; and q; are

independently Poisson distributed among the patches with means equal to N; and N;, respectively (see
Neuhauser, 2002). For any independent Poisson-distributed random variables, their third order
moments can be described exactly in terms of lower-order moments; the homogeneous third central
moment is the corresponding first-order moment, while all mixed third central moments are zero:

Tiii = N;

T;; =0
By using these substitutions as approximations when m; ~ m; ~ 1, we obviate the need to describe
higher order moments. This moment closure technique is exact when m; = m; = 1, and approximate
whenm;  m; ~ 1.

Substituting our approximations for the third central moments into equation (A1.17), we have

do? dN;
dtl = dtl +2(N; — )6,

+ 2(1 - ml)(l — ,Lli_,j){in'iz — lgi(Ni + 2Nio-i2 + aij(NiC + IV]‘O'iZ))}

+2(1 — mj)pjmi{f;C — B;(2N;C + aj;(N;C + N;a?))} . (A1.18)
Covariance Dynamics

Again, we consider a very small interval of time, At. The following holds:
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8 (q:(0)q;(0)) = qi(t + A q; (¢ + AL) — qi(6)g;(0) (AL.19)
Using, (Al.1), (A1.2), (A1.3) and (A1.16), and again dropping the explicit time dependence in our

notations, we see that
A(q:9;) = (q; — 1)q, — q;q; = —q; with probability P, and (A1.20)
A(q:q,) = (q; + 1)q; — q:q; = q; with probability P;". (Al1.21)
Thus, the expected change in the quantity q;q; is:
E[A(q:q;)] = E[~q;P7 — ;P +q;P} + q:P}']. (A1.22)

From (A1.6), we have the following relation:

E[A(q:4)] _ A(NN)

e v yve (A1.23)

Using (A1.5), (A1.6), (A1.14), (A1.15) and (A1.23), taking the limit At — 0, and using the product

d(N;N;) N dn; +N, le

le (i.e.
rule (i.e., de Lodt

) we have

dc
=6+ 8)C+ A -m)(1 - piy) {fic = B (T +2N,€) + iy (T + N;C + Ni?) )}

+(1 —my)ujn {fj(’jz — B ((Tm +2N;a?) + a;i(Tjji + N;C + Nioj ))}
+(1=m)(1 = pimi) {FC = B; (T + 2N,€) + (T + NiC + Nyo?) )}
+(1 —m)p;; {fiaiz — Bi ((Tiii + 2N;6?) + a;j(Ty;j + N;C + Njo; ))}

Substituting our approximations for the third central moments yields

dc )

i —(8;+6)C+ (1 —m)(1 — s ){fi€ = B;(2N:C + a;;(N;C + N;o?))}
+(1 = m)umi{fio? — Bi((N; + 2N;07) + a;;(N;C + N;a7))}

+(1=my)(1 = u){fiC = B;(2N;C + “ji(NiC + Njo?))}
+(1 — m)pi{fic? — Bi((N; + 2N;02) + a;;(N;C + N;a?))}. (A1.24)

With equations (A1.8), (A1.18) and (A1.24), we have a closed system of five differential equations

describing the dynamics of Ny, Ny, 033, 05 and C.
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Appendix 2: Equilibrium Densities

dNy  dN

At equilibrium, —% = —* = 0. In this appendix, we assume my, = my, =m, fiy = fy = [,

> dt dt

Bw =Pu =0, awy = ayw =1, yyw_n = 1 and py .y, = 0. Using these assumptions and equation

(A1.8), the equilibrium value Ny, must satisfy the following:

If we assume that m = 1, then g; and q; are independently Poisson distributed, and therefore:

Using (A2.2) and (A2.3), the non-zero equilibrium in (A2.1) is

S _A-wE-B-dw o
Nw = (1-wB Ny,

We denote the total density at equilibrium T = Ny, + Nj,. So, we have

7= 1-w)(f-B)-dw
a-wp

and

P

Now we turn to the equilibrial density of the mutant genotype, N, again using (A1.8):

(A2.1)

(A2.2)

(A2.3)

(A2.4)

(A2.5)

(A2.6)

If we are assuming m = 1, the resulting Poisson distribution yields

Using (A2.3), (A2.6), and (A2.8), the non-zero mutant equilibrium in (A2.7) is

N = —#TU=BT+1)
M ™ —su+(1-w) (f-B(T+1))

After substituting, using (A2.5), and simplifying, equations (A2.4) and (A2.9) simplify to the

following:

3A

(A2.8)

(A2.9)
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5 _ {0-péu-swHF-pa-w-sw}
Nw = B(Ep—8w)(1-p)? (A2.10)

5 _ wwlF-pa-w-swi
N = B(Em—6w)(1—-u)? (A21 1)

In order for Ny, and N, to be positive, we must have the following two conditions:
A= = B) > bw. (A2.12)
(1 —wby > dy. (A2.13)
Note that (A2.13) is more stringent than the already assumed &, > Jy,,. In all of what follows, we will
assume conditions (A2.12) and (A2.13), except where explicitly mentioned. When y = 0, equations
(A2.10) and (A2.11) simplify to:

N, = @ Ny =0 (A2.14)

which gives a positive density of the wild type (by condition (A2.12)) and no mutant density. When
(1 — w)éy = dy (i.e., right where equation (A2.13) starts to be violated), equations (A2.10) and

(A2.11) simplify to:

Ny=0 N,= f‘ﬁﬁ“s“, (A2.15)

which gives a positive density of the mutant (by condition (A2.12), replacing 6y, with (1 — u)d,,) and
no wild-type density. Equilibria in (A2.14) and (A2.15) agree with single species equilibria from
ecological models (Neuhauser, 2002; Pacala and Levin, 1997).

We let the fraction of mutants in the population be given by ®(t), where

o) = —m® (A2.16)

Nw (O)+Ny ()’

Using equations (A2.10) and (A2.11), the mutation-selection balance under full migration is:

= — Hw
®= A-p) (S —bw)’ (A2.17)
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Note that if u = 0, then ® = 0. That is, when there is no supply of new mutants through mutation,
selection “wins” and no mutants remain at equilibrium; this corresponds to the special case of (A2.14).
If u = (8p — S6yy) /Oy, then @ = 1. That is, as yu — (8 — Sy )/, mutation “wins” by overwhelming

selection and only mutants remain at equilibrium; this corresponds to the special case of (A2.15).

Appendix 3: The Effect of Structure on Mutation-Selection Balance

In order to explore the role of structure on the mutant frequency, we look at

ON 0N
6_(1): BWI;/INW_ anZVNM (A3 1)
am (NW+NM)2 ’ ’

ONy

. FES N .
Here we will evaluate —| . In order to do so, we must find —% , which we
omlm=1 om ly=1 om lym=1
. .. ON N . . . .
abbreviate with a—:l'/| and a_r:[| . To do this we differentiate (A1.8) with respect to m and evaluate at
1 1

the m = 1 equilibrium. We start with equation (A1.8) where i = W.

0= {1 = wlf - B@Rw + Fi)] - 8w} 2| — {801 - AW} 52| - (81— )5 - (81—} 3e] . (A3.2)
Again, we see that we will need to consider partial derivatives of higher-order moments with respect to
m to solve (A3.1). By differentiating equations (A1.8) with i = M, (A1.18) with i = W, (A1.18) with

i = M, and (A1.24), all with respect to m and making the appropriate substitutions for when m = 1,

we obtain other equalities involving partial derivatives (similar to (A3.2)). This leads to the following

linear system:

Ad, = ¢ (A3.3)
where,
(1= w{f = B@Ny + Ny} — 6w —B(1 — )Ny -pA-pw) 0 -
—B(+ WNy + u(f —2BNyw)  f—2BNy — B+ Ny, — 8y —Bu - B+
A= 5W 0 _6W 0 0 s
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Solving system (A3.3) and using ‘i;v—mWL and ?—mML for equation (A3.1) gives the following:

[ - _ Br
amly =1 A-w26pu{(6u/ow)?-1}

(A3.4)

We abbreviate ‘;ﬁ as 0,, . From equation (A3.4), it is not difficult to show that 319mal

= = >0,

0|0, @I

|0, ®| 0|0, ®|
2 T — < 0,and ——

a5y 6w

>0, > 0. That is, as the competition coefficient 8, the mutation rate p,

or the death rate of the wild type genotype increase, the addition of structure to an unstructured system
leads to a greater increase in the mutant class frequency. As the death rate of the mutant is increased,
the addition of structure to an unstructured system leads to a smaller increase in the mutant class

frequency.

Appendix 4: Gillespie Algorithm

Our simulation is based on a Gillespie algorithm (Gillespie, 1977) that we coded in the Python
2.7 scripting language. The Gillespie algorithm simulates a possible trajectory of a continuous time
stochastic system.

In our system of P connected patches, patches must be initialized before simulating evolution.
Unless otherwise indicated, we seeded our patches with wild-type and mutant individuals by
repeatedly drawing from independent Poisson distributions whose parameters are the full migration

equilibria Ny, and N,, from (A2.10) and (A2.11), respectively. The initial population defines update
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zero, for which the time variable t is also zero. As the populations are seeded from their corresponding
m = 1 equilibrium distributions, structure is introduced as any limited migration simulation begins.

Evolution of the population occurs over “update” steps. First, for update u each patch p
receives four “weights”, corresponding to the four possible events in that patch: a wild-type birth, a
mutant birth, a wild-type death, and a mutant death. Each event’s weight is proportional to its rate. If
we let the number of genotypes W and M in a patch p at update step u be given by ny, (u, p) and

ny (u, p), respectively, then the weights are defined as follows:

ki(w,p) = fry (w, p) — By (u, p) (nw (w, p) + 4 (w, p)), (A4.1)
ko (w,p) = fry (u, p) — By (u, p) (nw (w, p) + 14 (1, ), (A4.2)
ks(u,p) = Symy (u, p), (A4.3)
ko(u,p) = Syny (u,p). (A4.4)

The event that is attempted at update step u is either a death, a birth with migration, or a birth without

migration, and the decision is made stochastically using the following weights:

Kaeaen(w) = Z§=1 ks (u,p) + Z§=1 ky(u,p), (A4.5)
Kpirth mig (u) = m{Z§=1 ki(u,p) + Z§=1 k, (u, P)}a (A4.6)
Kbirth_natal(u) = (1 - m){25=1|k1 (u: p)l + Z§=1|k2 (ur p)l} (A4~7)

Time increment At is drawn from an exponential distribution whose rate is equal to Kypq:p (1) +
Kpirth mig(W) + Kpirtn nata: (W), and time parameter t is incremented to ¢ + At. For Figure 2 and
Supplementary Figure 1, the time increment’s exponential distribution rate is equal to k; + k, + k3 +
k,, which does not noticeably affect the resulting time steps.

The Kpiren natar (W) terms are summed using absolute values due to potentially negative intra-
patch birth rates. Since birth rates decrease linearly with density, k; (u, p) and k,(u, p) may be

negative occasionally in particularly crowded patches. For migrating events, the negative births reduce
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the mean birth rate, which was never negative for the conditions of our simulations. For non-migrating
births, a negative birth event decrements, rather than increments, the chosen genotype population in a

patch. Thus, for any patch r, if a non-migrating birth event is chosen:

[kq(u,r)l

ny(u+1,7) =ny(u,r) + sgn(k,; (u,r)) with probability (1 — u) — (A4.8)
birth_natal(u)
_ . e [ko(u,r)] [kq(u,r)]
ny(u +1,7) = ny(u,r) + sgn(k, (u, r)) with probability — - , (A4.9)
Kpirth_nata1(w) Kpirth_nata1(w)
If a migrating birth event is chosen (i.e., a migrant will ‘land” on a random patch):
ny (u + 1,7) = ny (w,7) + 1 with probability £ yp_ —Fa®r) (A4.10)
P Kpirth_mig(W)

nay (e + 1,7) = ny (w, ) + 1 with probability %{ gzlﬁ + gzlﬁ}, (Ad.11)

If a death event is chosen:

(@ + 1,7) = ny(u, 1) — 1 with probability K"S(”'r(l), (A4.12)
death
nyu+1,7) =ny(u,r) —1wi ility —e@r)_
M ,T) = ny(u, with probability p = (A4.13)
death

Simulations were run for 200,000 updates (for 1 > m > 0.95), 500,000 updates (for 0.95 > m = 0.7),
or 1,000,000 updates (for 0.7 > m > 0). Data was recorded every 5000 updates, and equilibrial values

represent a simulation’s average state over its final 10,000 updates.
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Abstract:

Epistatic interactions among genes can give rise to rugged fitness landscapes, in which multiple
“peaks” of high-fitness allele combinations are separated by “valleys” of low-fitness genotypes. How
populations traverse rugged fitness landscapes is a long-standing question in evolutionary biology.
Sexual reproduction may affect how a population moves within a rugged fitness landscape. Sex may
generate new high-fitness genotypes by recombination, but it may also destroy high-fitness genotypes
by shuffling the genes of a fit parent with a genetically distinct mate, creating low-fitness offspring.
Either of these opposing aspects of sex require genotypic diversity in the population. Spatially
structured populations may harbor more diversity than well-mixed populations, potentially amplifying
both positive and negative effects of sex. On the other hand, spatial structure leads to clumping in
which mating is more likely to occur between like types, diminishing the effects of recombination. In
this study, we use computer simulations to investigate the combined effects of recombination and
spatial structure on adaptation in rugged fitness landscapes. We find that spatially restricted mating and
offspring dispersal may allow multiple genotypes inhabiting suboptimal peaks to coexist, and
recombination at the “sutures” between the clusters of these genotypes can create genetically novel
offspring. Sometimes such an offspring genotype inhabits a new peak on the fitness landscape. In such
a case, spatially restricted mating allows this fledgling subpopulation to avoid recombination with
distinct genotypes, as mates are more likely to be the same genotype. Such population “centers” can
allow nascent peaks to establish despite recombination. Spatial structure may therefore allow an
evolving population to enjoy the creative side of sexual recombination while avoiding its destructive

side.
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Author Summary:

For a novel genotype to establish in a population, it must (1) be created, and (2) not be subsequently
lost. Recombination is a double-edged sword in this process, potentially fostering creation, but also
hastening loss as the novel genotype is being recombined with other genotypes, especially when rare.
In this study, we find that spatial structure may affect both the creative and destructive aspects of
recombination in rugged fitness landscapes. By slowing the spread of high-fitness genotypes, spatially
restricted mating and dispersal may allow diverse subpopulations to arise. Reproduction across the
borders of these subpopulations—at “sutures”—may create genetic novelty. Depending on the
topography of the fitness landscape, such novelty may be in the domain of attraction of a new, higher
peak; the population may “peak-jump” to an area of genotype space unlikely to be explored by
mutation alone. Lineages founded by peak-jumping events are particularly prone to early extinction, as
recombination with unlike genotypes may disrupt the rare allele combination and thereby produce low-
fitness offspring. However, these fledgling peak lineages may be protected from early extinction by
mating within small homotypic clusters—in “centers”. Thus, spatial structure may allow a population
to create rare genotypes via recombination, and allow those rare genotypes to persist despite

recombination.
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Introduction

Sexual recombination has long been a puzzling evolutionary strategy (see [1,2]). Recombination has
the potential to create novel high-fitness genotypes in a population, but also to destroy high-fitness
lineages by recombining them with genetically distinct lineages. Whether recombination speeds or

slows adaptation depends largely on the relative strengths of its creative and destructive effects.

One of the earliest adaptive explanations for recombination is the Fisher-Muller effect, in which
beneficial alleles in different lineages can recombine into a single lineage, speeding adaptation [3,4].
The Fisher-Muller effect exemplifies the creative aspect of sex, and many studies have shown faster
adaptation due to Fisher-Muller dynamics [5—8]. However, the Fisher-Muller effect assumes that
beneficial alleles remain beneficial when recombined into new genetic backgrounds. This assumption
is necessarily broken in multi-peaked fitness landscapes [9], which arise when genetic interactions
among loci yield multiple high-fitness allele combinations separated by valleys of low-fitness

intermediate genotypes. In such landscapes, the adaptive effects of recombination are more complex.

Studies on two-locus rugged landscapes focus on escape from suboptimal peaks, and have found that
modest levels of recombination may speed adaptation slightly, while substantial recombination slows
or halts adaptation entirely [10—12]. However, studies on rugged landscapes with more than two loci
yield conflicting results, variously reporting recombination as slowing adaptation [13], speeding
adaptation [14], or having complex effects dependent on the topography of a fitness landscape, the
population inhabiting it, and the time scale considered [15—17]. Studies on empirical fitness landscapes
report recombination as speeding adaptation [6,18] or having complex effects dependent on the fitness

topography and rate of recombination [15]. The varied results described above may partly depend on
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the genetic variation that a particular landscape supports. If there are multiple suboptimal peak
genotypes, these competing lineages may interact. Depending on the topography of the fitness
landscape, recombination between individuals on different suboptimal peaks may create an offspring
in the attractive domain of a novel peak, termed “peak-jumping” [15,19]. Thus, in topographies that
permit peak-jumping, when subpopulations occupy different suboptimal peaks, recombination may

allow peak-jumping to novel, higher peaks.

What conditions might enable a recombining population to maintain the diversity required for peak-
jumping? Restricted mating and dispersal (which we call “local reproduction”) may promote
population-wide diversity by slowing the spread of high-fitness genotypes and creating competitive
refugia for lower-fitness genotypes [20,21]. However, the same spatial restriction that allows
population-wide diversity also impedes recombination between those diverse types, as mating occurs
largely within monotypic clusters. Martens and Hallatschek [21] show that recombination between
spatially abutting lineages (which we call “sutures”) can be sufficient to speed adaptation due to
Fisher-Muller effects in their smooth landscape model. In some rugged landscapes, recombination at
sutures may allow peak-jumping. However, lineages founded by peak-jumping events are particularly
prone to early extinction as recombination may disrupt the rare allele combinations and consequently
prevent establishment—recombination with the majority genotype may pull fledgling peak populations
off their precipices and into the valley between [22]. On the other hand, recombination within
monotypic clusters (which we call “centers”) may allow high fidelity of rare allele combinations, but
also prevent the creation of such rare allele combinations as no effective recombination is occurring.
Which effects of sutures and centers dominate, and in what circumstances? In this paper, we examine

the combined effects of recombination and local reproduction on adaptation on rugged landscapes.
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Model

In our simulation, a population inhabits an LXL regular square lattice with wraparound edges (a
toroid). Each lattice point may be empty or may house one organism. Organisms have a haploid
genotype of N loci, where the allele at each locus is either a 0 or a 1. Each genotype has an associated
survival probability (s;). Populations are initialized with individuals of the genotype farthest from the
optimal genotype (that is, G, such that H (G, Gop) = N, where H is the Hamming distance operator
and G, is the optimal genotype), unless otherwise indicated. Evolution occurs via discrete update
steps described below, and simulations conclude when the optimal genotype reaches a predefined
frequency, or when a predefined number of epochs have occurred, where an epoch is defined as LXL

updates.

At each update, a point is chosen at random. If this focal point houses an individual of genotype G, the
individual dies with probability 1 — s, and the lattice point becomes empty. If the focal point is
already empty, then a birth event can occur. For a birth event, two parents are needed. The first parent
is chosen from a pre-defined dispersal neighborhood about the focal point, and second parent is chosen
from a pre-defined mating neighborhood about the first parent. For simplicity, we set the sizes of these
two neighborhoods equal, and call the radius of this neighborhood the “reproductive distance”. We
focus on two extreme cases. In our “local reproduction” condition, a focal point’s neighborhood is
defined by the lattice points immediately to the north, east, south and west (the Von Neumann
neighborhood); in our “global reproduction” condition, the neighborhood is defined as the entire

lattice, minus the focal point.
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Once the parents are chosen, an offspring genotype is formed by recombination and mutation. To
simulate recombination, one of the two parents is chosen at random to contribute the allele at the first
locus, and between-locus crossover occurs with probability r. Thus r = 0 yields no crossing over,
while r = 0.5 yields independent assortment of parental alleles. To simulate mutation, each locus of
the recombined offspring’s binary genotype changes its allelic state (0= 1 or 1>0) with probability .

Finally, the offspring is born, and inhabits the initially-empty lattice point.

Results and Discussion

To investigate the interplay of recombination and reproductive distance, we use a 4x2 factorial design:
four recombination probabilities and two neighborhood sizes. For each factorial combination, we
simulate replicate populations evolving on a multi-peaked rugged landscape. Our default fitness
landscape is defined to allow peak-jumping; that is, there exist two suboptimal peaks (0011 and 1100)
which can recombine to produce the optimal genotype (1111). We will relax this contrivance later in
our results. In our 4x2 experiment, all populations are initialized on a suboptimal peak (0000), and all
parameters (lattice size, initial density, mutation rate, efc.) are held constant for all simulations. We
find that the qualitative effect of recombination — whether it speeds or slows the traversal of the rugged
fitness landscape — can depend on whether reproduction is localized (Figure 1), and this interaction
between recombination and reproductive neighborhood is significant (p<0.001, Manly’s permutation
test [23]). When reproduction is global, recombination never speeds, and can even slow, peak
establishment. Conversely, when reproduction is local, recombination never slows but can speed peak

establishment.
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Figure 1. Waiting time to establishment of an optimal peak genotype at various recombination rates.
We define establishment as discovery without subsequent extinction, and time as simulation epochs
(see Methods). Data points and error bars represent mean values and standard error of 75 replicate
simulations using parameter values L = 70, u = 0.002, s; = 0.2, Sg900 = 0.6, S1100 = Sgo11 = 0.85,
s1111 = 0.9, where G represents all non-specified genotypes. Within each reproductive distance, data
points with no shared letter are significantly different (Tukey’s HSD, a = 0.05). The upward arrow
indicates that establishment never occurred by the simulation maximum of 2000 epochs.
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To investigate why the effect of recombination may depend on reproductive distance, we focus on two
aspects of a genotype's spread through a population: discovery and establishment. For a peak genotype

to establish in a population, it must (1) be created, and (2) not be subsequently lost.

Local reproduction fosters the creation of novel genotypes via recombination

On rugged fitness landscapes, populations may become trapped on a suboptimal fitness peak. It is also
possible for a population to discover multiple distinct suboptimal peaks before any single peak
genotype has fixed. Localized reproduction may promote the coexistence of multiple peaks by
increasing the time-to-fixation of a newly discovered peak. Thus, localized reproduction may foster the
diversity of genotypes required for peak-jumping via recombination (e.g., the creation of peak
genotype 1111 due to recombination between suboptimal peak genotypes 0011 and 1100). However,
localized reproduction precludes peak-jumping unless the peak lineages are physically close. Physical
proximity could result if two expanding peak lineages eventually abut, allowing meaningful
recombination at the suture between the distinct genotypes. Such sutures between subpopulations may
allow repeated discovery of genotypes in the domain of attraction of a higher fitness genotype. Indeed,
in a representative simulation of intermediate recombination with local reproduction from Figure 1,
multiple suboptimal peak genotypes coexist (0011 and 1100), and the globally optimal genotype
(1111) is repeatedly created at the sutures between these subpopulations (Figure 2B, supplemental
video). In a parallel representative run with global reproduction, no such sutures exist, because an
intermediate genotype, once discovered, quickly sweeps to near fixation (Figure 2A, supplemental

video).
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Figure 2. Population snapshots of representative runs from Figure 1 with a recombination rate between
adjacent loci of 0.1. When reproduction is global (A), a suboptimal peak (purple) fixes by epoch 100,
rendering recombination ineffective. When reproduction is local (B), two suboptimal peaks (purple and
red) exist by epoch 150, and these subpopulations expand to physical proximity by epoch 200. The
optimal genotype (yellow) is then created multiple times via peak-jumping at the suture between the
two suboptimal peaks.

Does local reproduction encourage sutures between subpopulations? To test this, we simulate a two-
locus landscape with two peak genotypes (10 and 01) and two valley genotypes (00 and 11, the latter
of which is lethal). The population is initialized on genotype 00, and we track how frequently genotype
11 is created, and how it is created. We find that genotype 11 is created by recombination more
frequently in local rather than global reproductive schemes, while it is created by mutation at

approximately the same frequency in the two schemes (Supplemental Figure 1).
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Local reproduction mitigates the loss of novel genotypes via recombination

Once a peak genotype is discovered, it may be lost due to subsequent recombination with unlike types,
lowering the genotypic fidelity of its lineage. When recombination rates are high, such loss may
prevent a genotype from establishing. However, spatially segregated populations may harbor
population “centers”, in which mating pairs are likely to be genetically similar, preserving genotypic
fidelity. Such centers may allow rare genotypes to persist in a population despite recombination. To
examine the effect of centers on the establishment of a novel peak genotype, we model adaptation on a
two-locus landscape in which a population may escape from suboptimal peak genotype 00 by crossing
an adaptive valley (genotypes 10 and 01) to optimal peak genotype 11. We find a three-way interaction
between recombination, reproductive distance, and centers (p=0.03, Manly’s permutation test).
Frequent recombination slows the establishment of the optimal peak genotype in global but not local
reproductive schemes (Figure 3, top row). However, if optimal peak genotypes are prohibited from
mating with each other when rare (i.e., when they comprise less than 1% of the population), the local
and global reproductive schemes have similar results when recombination is frequent (Fig 3, bottom

row).
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[138  Figure 3. Waiting time to establishment of an optimal peak genotype at various recombination rates,
[139  with and without prohibiting “centers”. Populations are initialized on suboptimal peak genotype 00,
[140  and must cross an adaptive valley to optimal peak genotype 11. Clustered genotype centers allow
[141  nascent peaks to establish despite frequent recombination. When reproduction is global, frequent
[142  recombination prevents valley-crossing. Likewise, when genotype 11 individuals are prohibited from
[143  mating with each other until they have reached a frequency of 1% (“centers prohibited” treatments),
[144  frequent recombination prevents valley-crossing. However, local reproduction with naturally occurring
[145  clusters of rare genotypes (“centers’) allows valley-crossing even with frequent recombination (top-
[146  right, shaded). Data points and error bars represent mean values and standard error of 40 replicate
[147  simulations using parameter values L = 70, u = 0.001, sy = 0.8, 519 = 591 = 0.6, 511 = 0.9.
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While recombination may allow a population to more quickly climb a local peak, it can also trap
populations on suboptimal peaks [17]. However, recombination may aid escape from suboptimal peaks
if the landscape topography supports a diversity of genotypes and permits peak-jumping [14,19,24].
Sutures should be most effective when recombination between two suboptimal peaks can create
offspring in the attraction basin of a third, higher peak, allowing for peak-jumping. Centers should be
most effective when novel peaks are discovered via peak-jumping, as recombination between the
nascent peak and the majority genotypes can create low-fitness offspring. Thus the ability of sutures
and centers to modulate the effects of recombination—to harness the creative aspect and mitigate the

destructive aspect—may be sensitive to the particular topography of a rugged landscape.

Sutures and centers in empirically derived fitness landscapes

The full topographies of some naturally occurring fitness landscapes have been measured for small
subsets of their genotype spaces [25]. De Visser et al. [15] generated 5-locus empirical fitness
landscapes by introducing deleterious mutations into the asexual fungus 4. niger, and measuring the
fitness effects of five individual mutations and all combinations thereof. Two complete 5-locus fitness
landscapes were generated, with 32 genotypes each (though the landscapes are not completely
independent as they share four of their five loci of interest). Both landscapes were found to be rugged,
with multiple local maxima and minima. However, only one of the landscapes (which we call PJ") had
suboptimal peaks which could recombine into the attraction basin of the optimal peak; the other
landscape (PJ") did not. De Visser et al. found that recombination generally slows or halts the
establishment of the optimal genotype in either landscape, though there was a window of very
infrequent recombination that could speed adaptation in PJ" and very slightly and rarely speed

adaptation in PJ (see [15], supplement B1). We create landscapes parallel to PJ" and PJ~ for our model
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(e.g., replacing relative fitness with relative survival probabilities), and simulate evolution as before.
We find a significant three-way interaction between recombination, reproductive distance, and fitness
landscape topology on the waiting time for optimal genotype establishment (p<0.001, Manly’s
permutation test). On PJ", recombination slows or prevents the establishment of the optimal genotype
when reproduction is global, but never slows or prevents adaptation when reproduction is local. On PJ”
, whose topography is less conducive to landscape exploration via recombination, we find similar
results to PJ” when reproduction is global, but high recombination (r=0.5) still slows the generation

and establishment of the optimal genotype when reproduction is local.
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[180  Figure 4. Waiting time to establishment of optimal genotypes on empirically-derived rugged

[181 landscapes at various recombination rates. When reproduction is global, recombination slows or

[182  prevents the establishment of an optimal genotype (left column). Local reproduction mitigates the
[183  slowing effect of recombination in both landscapes. In the landscape whose topography allows

[184  recombination between suboptimal peaks to create an offspring in the attractive basin of the optimal
[185  genotype—a landscape that permits peak-jumping—recombination can speed the establishment of the
[186  optimal genotype (top-right panel). Data points and error bars represent mean values and standard error
[187  of 15 replicate simulations using parameter values L = 70, u = 0.001. Upward arrows indicate that
[188  establishment never occurred by the simulation maximum of 5000 epochs. For an explanation of the
[189  conversion from relative fitnesses (as reported in [15] to comparable survival probabilities (as used in
[190  this model), see Appendix.

[191
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In our test landscape and in two empirically-derived landscapes, sufficiently high rates of
recombination prohibit the establishment of a novel high-fitness peak when reproduction is global, but
this destructive side of recombination is alleviated when reproduction is local. Moreover, in landscape
topographies that allow peak-jumping (our test landscape and, to a lesser extent, PJ"), recombination
can speed the establishment of novel high-fitness peaks. Thus, the landscape topography affects the
ability of local reproduction to mediate the effects of recombination: accentuating exploration via
“sutures” while mitigating recombinatory destruction of rare genotypes via “centers”. We suggest the
greatest effect of sutures occurs when peak-jumping is possible, and the greatest effect of centers
occurs when novel peaks are created via peak-jumping. Indeed, we see an amplified effect of local
reproduction on a contrived fitness landscape with six suboptimal peaks and many opportunities for
peak-jumping (Supplemental Figure 2). The prevalence of such topographical features and spatial
restrictions—and therefore how relevant “sutures” and “centers” are to natural populations—remains
an empirical question. It is possible, though, that by creating “sutures”, spatially structured populations
may efficiently explore rugged landscapes via recombination, and by creating “centers”, those same
populations may permit the establishment of novel peaks despite recombination. Spatially structured
populations may therefore harness recombination’s constructive effects while mitigating its destructive

effects on adaptation in rugged landscapes.
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Supplemental Figure 1. “Sutures” between suboptimal peaks allow landscape exploration.
Populations are initialized with genotype 00 on a fitness landscape with peak genotypes 01 and 10.
Lethal genotype 11 is created via recombination (green bars) frequently only when reproduction is
local. Genotype 11 is created via mutation (blue bars) at a low rate at both reproductive distances. Bars
represent mean values of 15 replicate simulations using parameter values L = 70, u = 107, f;; = 0,
Spo = 0.6, 519 = 591 = 0.85,5;; = 0.
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Supplemental Figure 2. Similar to Figure 1, but with organisms of six loci (rather than four), and six
suboptimal peaks (rather than two). The pattern seen in Figure 1 appears more pronounced, likely due
to increased opportunity for peak-jumping. Data points and error bars represent mean values and
standard error of 25 replicate simulations using parameter values L = 70, u = 0.002, s; = 0.2,
S000000 = 0.6, S110000 = So01100 = Soo0011 = 0-85, S111100 = S110011 = So01111 = 0.9, S111111 =
0.95, where G represents all non-specified genotypes. Data points with no shared letter are
significantly different (Tukey’s HSD, a = 0.05). The upward arrow indicates that establishment never
occurred by the simulation maximum of 20,000 epochs.

[Supplemental Video]
Supplemental Video. Population composition through time of the simulations depicted in Figure 2.
The starting genotype (0000) is represented by green; the two other suboptimal peak genotypes (0011
and 1100) are represented by red and purple, respectively; the optimal genotype (1111) is represented
by yellow. All other genotypes are represented by grey.
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[321 Appendix
1322  De Visser et al (2009) created their empirical fitness landscapes (which they call CS1 and CS2) by
[323  measuring growth rates of all 32 relevant genotypes, and define relative fitness as a genotype’s growth

[324  rate divided by the maximum growth rate of that landscape’s genotypes. We convert these fitnesses

1325  (wg) to survival probabilities (s;) with the formula s; = :)—;, where  is the average fitness on the

[326  landscape.
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PJ" (Cs1) PJ™ (CS2)
genotype wg é¢ [ [
00000 1.000 0.638 1.000 0.628
10000 0.878 0.560 0.878 0.551
01000 0.835 0.533 0.835 0.524
00100 0.870 0.555 0.870 0.546
00010 0.772 0.493 0.909 0.571
00001 0.793 0.506 0.772 0.485
11000 0.865 0.552 0.865 0.543
10100 0.854 0.545 0.854 0.536
10010 0.773 0.493 0.923 0.580
10001 0.873 0.557 0.773 0.485
01100 0.816 0.521 0.816 0.512
01010 0.716 0.457 0.852 0.535
01001 0.848 0.541 0.716 0.450
00110 0.778 0.497 0.855 0.537
00101 0.820 0.523 0.778 0.488
00011 0.972 0.620 0.785 0.493
11100 0.816 0.521 0.816 0.512
11010 0.748 0.477 0.879 0.552
11001 0.832 0.531 0.748 0.470
10110 0.749 0.478 0.942 0.592
10101 0.792 0.506 0.749 0.470
10011 0.753 0.481 0.795 0.499
01110 0.617 0.394 0.858 0.539
01101 0.810 0.517 0.617 0.387
01011 0.643 0.410 0.724 0.455
00111 0.671 0.428 0.745 0.468
11110 0.690 0.440 0.825 0.518
11101 0.855 0.546 0.690 0.433
11011 0.649 0.414 0.665 0.418
10111 0.692 0.442 0.686 0.431
01111 0.643 0.410 0.640 0.402
11111 0.645 0.412 0.622 0.391
mean 0.783 0.500 0.796 0.500
SD 0.095 0.061 0.095 0.060
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Abstract:

Many species reproduce in discrete bursts, often synchronized with the seasons. Although such
discrete-time dynamics of single populations have been modeled systematically, the corresponding
theory for multiple populations is less developed. Here we show that classical rules for predicting
competitive outcomes are appropriate for a certain subset of discrete-time systems, which motivates a
new discrete-time competitive exclusion principle. Nonetheless, classical rules can fail dramatically for
other discrete-time systems. As a striking example, a classically inferior species (e.g., low K or high
R*) can drive a classically superior competitor (high K or low R*) to extinction. The reasons relate to
(1) the shifting of statistical moments in abundance accompanying population fluctuations (cycles or
chaos), and (2) how such moments are filtered by non-linearities in the logarithm of growth curves. We
discuss some implications of these results for competition theory as well as other applications,

including management and epidemiology.
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Introduction

The introduction of discrete-time population dynamics into ecology was a theoretical bombshell
(Hassell, 1975; Hassell and Comins, 1976; Hassell et al., 1976; May, 1974, 1975; May and Oster,
1976). These early studies demonstrated that population dynamics resulting from structurally simple
equations could be richly complex—exhibiting fixed points, cycles, and chaos. Indeed, erratic
fluctuations in population data no longer required explanations of experimental error or stochastic
noise, but rather could result from completely deterministic density-dependent population growth.
There was also something of a heterodox character to these dynamics; discrete-time systems did not
behave like their continuous-time counterparts. In this paper, we explore how discrete-time dynamics
conform and deviate from expectations from continuous-time theory in the context of multiple

competing species.

One of the simplest continuous-time models of ecological communities is the Lotka-Volterra
framework for two-species competition. At any instant, the abundances of the two species are given by
a point in a phase plane (Fig. 1). Movement of this point represents change in the competitors’
abundances. The full dynamics can be discerned from the manner in which the zero-growth curves
(isoclines) of the species are positioned. For example, in Figure 1a, the region in which species 1
increases in abundance (dotted red region) completely encloses the corresponding region for species 2
(solid blue region). There are no population values where species 1 decreases while species 2 increases
(Figure 1b), and species 1 drives species 2 extinct (Figure 1c). This is a simple example of a more
general exclusion principle proved by Volterra (1928) and explored empirically and philosophically by

subsequent authors (e.g., Gause, 1934; Hardin, 1960).
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Figure 1: Continuous-time competitor dynamics. (a) The dynamics of two competitors are given by
dN/dt=(1—(N,+N,)/2)N, and dN,/dt=(1-N,—N,)N,. The isoclines of species 1 and species 2 are red and
blue, respectively. A point in the plane gives species’ densities. For three example points (X, Y, and Z),
community change is given (roughly) by the black vector, which is broken into red (change in N,;) and
blue (change in N,) components. The red-hatched and solid-blue regions indicate where N, and N,
increase, respectively. (b) The corresponding slope field, showing locally stable (yellow circle) and
unstable (green circle) equilibria. (¢) The community trajectory when N;(0)=N(0)=2.2.

Here we ask how such continuous-time theory translates to discrete-time. Does a species whose region
of increase completely encloses its competitor’s (as in Fig. 1a) always have the competitive advantage?
In fact, it is already known that two species can coexist under such circumstances (Adler, 1990;
Asmussen, 1979; Edmunds et al., 2003; Franke and Yakubu, 1991; Gatto, 1993). But, as we outline
below, a stranger turn of events is possible—a traditionally inferior species 2 can increase to high

abundance while driving species 1 extinct, even though at no instant of time does species 2 increase

while species 1 is decreasing. We turn to an example of such a scenario first.

A Motivating Example

A generic discrete-time competition model for two species can be expressed as:
Ny (t+1) = G1(N1(t); Nz(t)) N, (t) (la)

Nz(t +1) = GZ(Nl(t)rNZ(t)) Nz(t) (1b)
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where G; is the factor by which the abundance of species i, V;, increases (G>1) or decreases (G<I)
from generation 7 to #+1. Since the species interact, G; is a function of both species’ abundances.
Henceforth we assume that growth always slows with increasing abundances (G;—0 as N;—o or

N,—) and both species thrive when abundances are low (G>1 when N;=0 and N,=0).

As a concrete example, consider an extended version of the widely-used Ricker model (Gatto, 1993;

May, 1974; Ricker, 1954). In this model,

Gi(N, (8, N2 () = exp{In(r) (1 — [(N1 (&) + N, (D) /K, ]"")}
where 7; is the growth factor when abundances are low, K; is the carrying capacity, and ; is a ‘shape
parameter’ for species i. This model is a discrete-time incarnation of the theta-logistic (Nelder, 1961).
In Figure 2, the region of positive growth for species 1 completely encloses that of species 2. We might
expect species 1 to out-compete species 2, which is what the isocline arrangement would dictate if
reproduction were continuous (e.g., Fig. 1). In fact, species 2 invades from low abundance and coexists
with species 1 (Figs. 2a,c). Species 1 likewise invades and coexists (Figs. 2b,d). At higher growth rates
of species 2, though the isoclines are unchanged, species 2 invades and displaces species 1 (Figs. 2e,g).
The classically superior species 1 cannot invade species 2 (Fig. 2f). It seems we have a competitive

David slaying Goliath. What is going on?
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Figure 2: Discrete-time competitor dynamics. (a) Dynamics of two competitors with
G=exp{In(r)(1-[(N1(6)+N2(1))/K]")}, where r1=4.4, r,=6, K;=10, K,=9.25, =2, and y,=1. The isoclines
do not cross and species 1 is the classically superior competitor. Nonetheless, species 2 invades and
coexists with species 1. (b) Coexistence also results when species 1 starts rare and species 2 begins near
its fixed point. (c) A phase plane representation of the dynamics from part a. We ran 500 simulations
with different initial conditions where a small point giving abundances was plotted for 1000 time steps
each. The community starts near species 1’s axis and proceeds (curved black arrow) through oscillations
of decreasing complexity to a period-2 cycle with both species coexisting (yellow circles with rings).
The isoclines are also shown. (d) A phase plane representation of the dynamics from part b (500
simulations). The community moves off species 2’s axis toward extinction of species 1 (straight grey
arrow) until oscillations develop and the community turns around (curved grey arrows), approaching the
same period-2 cycle. (¢) The model from part a, except with r=11. Species 2 now replaces species 1
when starting from a low abundance. (f) Species 2 resists invasion by species 1. (g) A phase plane
representation (500 simulations) of the dynamics from part e. The chaotic trajectory on the N; axis is
unstable to invasion by species 2 (curved black arrow), whereas the period-2 cycle on the N, axis is
stable to invasion by species 1 (yellow circles with rings).
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Oscillations are a conspicuous feature in Figure 2. Coexistence of multiple species on fewer resources
than predicted by classical theory has been shown to occur when populations oscillate periodically or
chaotically, in both continuous-time (Armstrong and McGehee, 1980; Huisman and Weissing, 1999;
Vandermeer et al., 2002) and discrete-time (Adler, 1990; Asmussen, 1979; Edmunds et al., 2003;
Franke and Yakubu, 1991; Gatto, 1993). When systems are oscillating, conclusions based on equilibria
(or isoclines) can be unreliable. Is it ever reasonable to expect information about where abundance is
static (e.g., equilibria) to say something useful about systems where abundance is perpetually
changing? Interestingly, the answer is ‘yes.” For a class of common discrete-time systems, equilibria
tell the whole story about competitive outcomes, even when the system oscillates wildly and never
reaches equilibrium. For such systems we present and prove a competitive exclusion principle, which
corresponds to expectations from continuous-time theory (Volterra, 1928). We then show how models

outside of this class (e.g., Fig. 2) can overturn our expectations.

Discrete-Time Competitive Exclusion Principle
Consider a community of § competitors in which the dynamics of species i is:

Ni(t +1) = G;(N@®))N;(©) )
where N(t) = (N;(t), N,(t), N5(t), ..., Ng(t)) gives the abundances of each species at ¢. Equation (2)
generalizes equation (1). Let N;(t) = (0, 0,0, ..., 0, N;(t), 0, ..., 0), where only species i is present (at

density N;(t)); and 0= (0,0,0, ...,0), where all species are absent.

Here we describe competition for a type of common “abiotic resource” (sensu Armstrong and
McGehee, 1980). We will call a community “Volterrian” if the logarithm of each growth factor can be

written as follows:
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where i € {1,2,3,...,S}, and with @; > 0 and ; > 0. H is a continuous function with H((_))) =0,

0H/0dN; > 0, and Nlim H(N) = oo, forall j € {1, 2,3, ...,S} and any N. Finally, we require that
joo

H(N;)=H(N,) whenever |[N;|| = ||Nj || (we note that the norm ||N;(t)|| = N;(t) here). The function H
gauges the negative impact of species on the shared “abiotic resource.” Condition (3) describes a class

of models that includes familiar members (Table 1).

Table 1: Models obeying the competitive exclusion principle

* Single-Species Condition (3) Details’
Model Growth Factor (G)) Equilibrium (V) " 5 )
exp {ln T; [1 :
nr
Ricker* s v K; Inr; - xv
_(Zj=N;® K;
K;
. A b)) —
Hassell® S l b; exp(4i/by) — 1 Ini; b; In(1
(1+ aYiq Nj(t)) a + ax)
Aiqexp| 1
Unnamed ) wi In(Inv;/w; +1) Inv; w; ixf (x)
— exp Z N;(t)
j=1
1 In all cases shown the variable x is total abundance: x = }7_, N, (¢)

* In all of the models presented, standard competition coefficients are assumed to be unity

1 This is an extended version of the standard Ricker model (as normally y=1).

§ In this version of the Hassell model, the parameter « is assumed to be the same for every competitor.
In a Volterrian community, if species & has the highest equilibrium abundance when alone, it will

displace all other species. We prove this in Appendix A and show how a community can be isolated to

a shifting lower-dimensional subspace during its trajectory. Thus, condition (3) yields a competitive
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exclusion principle, which operates regardless of oscillations (Supplementary Information, section

B.7). Even if trajectories are chaotic, in Volterrian communities, there is order in the chaos.

In Figure 3, the equilibrium abundance of species 1 is slightly greater than species 2 for two
communities satisfying condition (3). Despite oscillations, species 1 displaces species 2, dynamically
etching a bifurcation diagram in the phase plane. This outcome is in agreement with the classical

expectations based on isocline or other analyses.

abundance of species 2
abundance of species 2

abundance of species 1 abundance of species 1

Figure 3: Illustrations of the competitive exclusion principle. (a) The Ricker model (Table 1) with =3,
=30, K;=10, K,=9.995, =1. A phase plane representation in which species 1 starts out rare and species
2 starts out common. We ran 10 simulations (80,000 time steps each) with slightly different initial
conditions, plotting a small point for abundances at each time step. The community starts near species
2’s axis and proceeds (curved black arrow) through oscillations of decreasing complexity to a fixed point
with species 1 excluding species 2. (b) The Hassell model (Table 1) with 4,=150, A,=8, b;=7.2284, b,=3,
a=1. The community starts near species 2’s axis and proceeds (curved black arrow) through oscillations
of increasing complexity to a chaotic trajectory with species 1 excluding species 2.
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Explaining Unexpected Outcomes
Communities that do not satisfy condition (3) can violate classical expectations. Consider a two-

species community where species 1 is a resident and species 2 is a rare invader. When extremely rare,

the appropriate measure for the invader’s long-term growth is G, = Tlim VITEZE G, (N (B), 0).

Mathematically, 5; is a Lyapunov number (Ferriere and Gatto, 1995; Gatto, 1993; Hastings et al.,
1993; Metz et al., 1992). For species 2 to increase from rarity, G, must exceed 1. Using an approach

similar to Chesson’s (2000), this growth rate can be approximated as:

G, ~ G,(N,, 0)e@2/DoN; (4a)
where
_d?InG,(n,0)
6, = anz _—— (4b)

Equations (4) define an ‘invasion heuristic’ (Appendix B outlines the derivation for two species and
the heuristic is generalized in the Supplementary Information, section C). Because our invasion
heuristic highlights measurable quantities, such as the mean (N; ) and variance (01\2,1) in resident
abundance, it is an empirically useful approximation of the Lyapunov number (see Ferriere & Gatto
(1995) for details on Lyapunov analysis). The heuristic is generally suitable when the fluctuations in

the resident’s abundance are small.

A smaller mean abundance in a fluctuating resident, N;, will make G,(N;, 0) greater, which helps the

invader. The effect of the variance in resident abundance, 0,\2,1, depends on the sign of &, which reflects

the curvature of the invader’s growth function. If In G, is concave (5,<0), then a lower variance in the

resident’s abundance will make e®2/2%N: larger, helping the rare species invade. On the other hand, if

In G, is convex (5,>0), a higher resident variance helps the rare species.
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Thus, in the first approximation, successful invasion depends on the shape of the invader’s growth
function and on the statistical moments of the resident’s population distribution. Such moments change
with parameter values like the resident’s intrinsic growth rate, 7. The bifurcation diagrams in Figure 4
show how the variance of the resident tends to increase with ;. If the resident oscillates, its mean
abundance is affected by the shape of its own growth curve. If the logarithm of the resident’s growth
function is concave, then the mean abundance of a fluctuating population is less than its single-species
equilibrium. However, if the fluctuating resident’s growth function is log-convex, then mean
abundance is greater than its single-species equilibrium (Supplementary Information, section A.4). In
general, if the resident’s growth function is log-concave, larger oscillations will lower average
abundance; whereas if the growth function is log-convex, oscillations will raise average abundance

(Figs. 4a and 4c).
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Figure 4: Effects of growth function log-concavity. (a) For a single-species Ricker model (Table 1), if
7>1, InG is concave (inlet: y=2). The bifurcation diagram gives long-term abundances as a function of
intrinsic growth rate (more intensely visited regions are darker grey). The mean abundance (red line)
decreases below the carrying capacity as fluctuations develop. (b) When y=1, InG is linear. The mean
abundance does not deviate from the carrying capacity as fluctuations develop. (¢) When <1, InG is
convex (inlet: »=)2). As fluctuations develop, the mean abundance increases above the carrying
capacity. (d) A two-species model with G=exp{In(r;))(1-[(N1())+N:(£))/Ki]")} and rin=11, Ks=10,
Kiny=9.25. We use y»=2, y=1, and »=0.5 for log-concave, log-linear, and log-convex growth,
respectively. From classical analysis, the resident is “superior.” We plot the invader’s long-term growth
(G inv) in terms of the resident’s intrinsic growth rate (r) for different log-concavity combinations. The
dots are from (4), using simulated resident moments. The jagged line is the invader’s growth computed
as the long-term geometric mean. For yin,~=1 or yn=2, approximation (4) is exact. When ¥in=%.s our
exclusion principle applies (row 1, Table 1). However, when the “inferior” invader has a growth function
that is more log-convex than the “superior” resident, then the invader’s long-term growth factor can be
greater than unity (i.e., it can invade). This can be due to a “mean effect”: the oscillation-mediated
reduction in the resident’s mean abundance (2“0l row, 1% column); a “variance effect”: the oscillation-
mediated increase in the invader’s effective growth (3" row, 2™ column); or both (3" row, 1 column).
(e) The same model as in part d, except 7iny=4.4, Kies=9.25, Kiny=10. Now the invader is “superior.”
Approximation (4) can be inaccurate, as seen when both species have log-convex growth. The “superior”
competitor may not be able to invade (long-term growth drops below unity) due to a “mean effect”, a
“variance effect” or both (plots above the diagonal). Figure 2 can be understood by making species 1 the
“superior” and species 2 the “inferior” and looking at the plot in 2™ row and 1 column of part d and the
plot in the 1 row and 2™ column of part e.

Now it can be seen why a traditionally inferior competitor need not be inferior under discrete
reproduction. When species 1 in Figure 2 is alone with a low growth rate (), its abundance is equal to
its carrying capacity (K;). However, at higher growth rates, species 1 can oscillate. For the parameters
in Figures 2a-d, species 1 follows a chaotic trajectory if alone. Because the growth function of species
1 is log-concave, oscillations lower its mean abundance below K. Consequently, as an invader, species
2 ‘feels’ a lower abundance of its competitor, on average, than it would if species 1 were at its fixed
point. Given that the growth curve of species 2 is log-linear, the invading species 2 is aided by species
1’s changed mean (lower Nj increases G,) while it is unaffected by species 1°s changed variance

(higher o, does not change G, when 8=0).
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The same analysis is relevant when considering species 2 as the resident and species 1 as the invader
(i.e., G, = G,(0, N_Z)e(al/z)aﬁ’z with 8, = {d®In G,(n, 0)/dn?}|,,—5;). Consider the case of

coexistence (Figs. 2a-d). Here, species 2 approaches its carrying capacity when alone (7, small—see
Fig. 4b). In such a case, g3, = 0, N, = K,, and G, (0,K,) > 1. Consequently, G; > 1 and species 1

can invade. Thus, for Figures 2a-d, G; > 1 and G, > 1. In this case, coexistence results.

However, what happens if the intrinsic growth of species 2 increases, such that it oscillates when

alone? In such a case, o7 , > 0and N, = K, (due to log-linear growth). Given that species 1’s growth
is log-concave, the variance in species 2 harms the invasion potential of species 1 (G; decreases as o7 )

increases when 8,<0). It is possible for G; < 1 if the variance in species 2 is large enough. The end
result is that species 2 replaces species 1 (Figs. 2e-g)—opposite of expectations from continuous-time
theory and our exclusion principle (compare the axis bearing yellow circles in Fig. 2g to that in Fig.
1b). Such reversals can also occur in the simplest resource-based competition models. R* is a
measurable resource level below which a given species grown in monoculture cannot persist (Tilman,
1982). Classically, the species with the lowest R* displaces its competitors. Yet when reproduction
occurs discretely, a species with a higher R* can displace one with a lower R* (Supplementary

Information, section D.3).

In the case of Figure 2, condition (3) is violated because y;#y,. When y1=y=7, condition (3) is satisfied
(Table 1) and classical expectations hold (Fig. 3a). The parameter y; controls the log-concavity of the
growth function of species i. By setting =2 and y»=1, the log-concavities of the two species differ (a
form of relative non-linearity (Chesson, 2000)). As a resident, species 1 is harmed by its own

fluctuations. As an invader, species 1 is harmed by the fluctuations in species 2. Meanwhile, species 2
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is not directly affected by fluctuations in the system. Thus, as the community experiences larger
fluctuations (as r; and r, increase), the outlook for species 2 can improve to the point of exclusion of
the classically superior species 1. Given differences in log-concavity, changes to the mean resident

abundance (N,), variance in resident abundance (a,\z,i), or both simultaneously can lead to a reversal of

fortune for an invader (Figs. 4d,e). Growth log-concavities are critical because the shape of the growth
curve affects the mean abundance of a resident as well as the way that an invader ‘filters’ the variance

in a resident.

Discussion

The ecological theory of interacting species has developed over almost a century and has illuminated a
diversity of applications, including management of wildlife populations, harvesting of natural
resources, and control of epidemics. Much of this theory concerns species that reproduce continuously
throughout the year, yet many species in nature reproduce only at discrete times, often synchronised

with the seasons.

In May’s classic paper, he outlined how simple density dependent growth in a single species in a
discrete-time framework could produce dynamics foreign to an equivalent continuous-time framework
(May, 1974). At the end of the very same paper, May discussed deviation between a discrete-time two-
species version of the Lotka-Volterra model and its continuous-time equivalent. The continuous-time
Lotka-Volterra model predicts four basic competitive outcomes depending on the orientation of
isoclines: (i) species 1 excludes species 2, (ii) species 2 excludes species 1, (iii) both species coexist, or
(iv) either species can exclude the other depending on initial conditions (bistability). For discrete
models that do not satisfy condition (3), we have shown that expectations based on this Lotka-Volterra

framework can be misleading. Indeed, all four dynamical outcomes are consistent with a single
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isocline arrangement (Supplementary Information, section D.1). Furthermore, novel outcomes are

possible and lead to potential applications in the laboratory and the field.

A first sample application is Park’s famous 7ribolium competition experiments. These have often been
interpreted using the standard Lotka-Volterra taxonomy (see Edmunds et al. (2003) for a historical
overview), in spite of the fact that Park discovered unconventional competitive outcomes in a final
experiment with two competitors (Leslie et al., 1968). In most of the competitions, Park observed that
one species excluded the other (consistent with bistability); but, in one competition, the two species
were found to coexist over 30 generations. Discrete time models incorporating life cycle stages (e.g.,
larvae, pupae, and adults) have showcased the existence of multiple attractors corresponding to both
coexistence and exclusion that are consistent with these results (Cushing et al., 2004; Edmunds et al.,
2003). However, it has been posed as an open question (Cushing et al., 2004) whether simple
competition models without explicit life cycle stages (such as the two-species Ricker) can also
demonstrate such dynamics. Figures 5a and 5b address this question by showing that the extended
Ricker is capable of producing such multiple attractors (we show cases with one exclusion attractor
and one coexistence attractor). Due to oscillations and a difference in the log-concavity of growth
between species, traditional cases of bistability (Fig. 5a) and coexistence (Fig. 5b) are transformed into

these novel competitive outcomes.
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Figure 5: Multiple attractors. (a) Dynamics of two competitors with growth functions given by
G,-=exp{ln(ri)(1—[(M(t)+0g1\7]-(t))/Ki]yi)}, where =5, n=2, K;=K,=10, n=2, =1, cio=c21=1.1. Note that
c;j 1s the standard “competition coefficient” and that condition (3) may not be satisfied upon inclusion of
arbitrary coefficients (previously we have assumed c;=c;=1). Here the classical expectation from
isocline orientation is bistability, where one or the other species, but not both, can persist. Instead we
find coexistence (approaching a period-2 cycle) from the initial conditions given in white region and
exclusion of species 1 by species 2 from the initial conditions given by the blue region. Example
trajectories are shown to the right, corresponding to initial conditions given by the “x’s”. (b) The same
model with =7, =80, K;=K,=10, %1=0.9, %»=0.5, c12=c21=0.9. Here the classical expectation (from
isocline orientation) is coexistence. Instead we find coexistence (approaching a fixed point) from the
initial conditions given in white region and exclusion of species 1 by species 2 (approaching a period 2
cycle) from the initial conditions given by the blue region. Example trajectories are shown to the right,
corresponding to initial conditions given by the “x’s”.
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A second sample application of our framework involves the management of harvested species. Some
species are managed so that harvesting only occurs once an abundance threshold is surpassed (Lande et
al., 1997). If the managed species has a competitor and both species reproduce in discrete events, then
it is theoretically possible that a management policy of this kind will actually drive the competitor of
the managed species extinct. This can occur because the competitor may depend on existing
fluctuations in the managed species. If harvesting has the effect of reducing these fluctuations (Lande
et al., 1997), the competitor can permanently exit the system (Supplementary Information, Fig D4a).
On the flip side, Anderson et al. (2008) have suggested that harvesting may destabilize populations,
perhaps due to selection for altered intrinsic growth rates. In the Supplementary Information, we
demonstrate that selection for a higher growth rate in one harvested species can drive a competitor
extinct (Fig. D4c). These harvesting impacts can also have the reverse effect, allowing a previously

excluded competitor to invade (Supplementary Information, Figs. D4b and D4d).

A third sample application of our framework shows that these same ideas are not restricted to
ecological competition alone but apply to other species interactions. In epidemiology, the quantity Ry is
related to the rate of increase of a pathogen when extremely rare. If Ry<1, the disease declines to
extinction. Generally, R is evaluated at some equilibrium host abundance. However, if the host
population (with a log-convex growth curve) reproduces discretely, then a disease can spread even
when the equilibrium-based Ry<1 (Supplementary Information, Fig. D5a). Conversely, oscillations in a
host (with a log-concave growth curve) could force the disease extinct even if the equilibrium-based
Ro>1 (Supplementary Information, Fig. D5b). Thus, it is essential to consider host fluctuations when

predicting the likelihood of an epidemic.
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Beyond these sample applications, many species in nature exhibit discrete bursts of reproduction,
frequently coincident with seasonal patterns (e.g., annual plants and various insects). From the analysis
of time-series data in natural and laboratory populations, and from evolutionary theoretical
considerations, several authors have suggested that natural populations likely exhibit periodic and
perhaps chaotic fluctuations (Anderson et al., 2008; Beninca et al., 2008; Edmunds et al., 2003;
Ferriere and Gatto, 1993; Schaffer and Kot, 1986; Tilman and Wedin, 1991), although the subject has
hardly been free from debate (Doebeli and Koella, 1996, 1995; Hassell et al., 1976; Lande et al., 1997).
If endogenous fluctuations are possible, our analysis suggests that the shape (log-concavity) of growth
functions will affect both the moments of a resident species as well as the way in which these moments
are “felt” by an invader. In experimental or observational systems, empirical assessment of the shape
of per capita growth curves in competitive, host-pathogen, and predator-prey systems will help
determine whether such endogenous fluctuations can promote species diversity or even reverse

expected outcomes in nature.

Appendix A: Proof of the discrete-time competitive exclusion principle
Suppose that species & has the highest equilibrium when alone of S competing species in a Volterrian
community. For any i#k, we define:

N; ()i

O N7
By equation (2), it follows that

G(N@)P

Q(t+1) = ()
Gk(N(t)) / Bk

By condition (3), Gi(N(t)) = exp{ai - ﬁiH(N(t))} and we have

Q;(t+1) =e®®0Q, (1)

RA



1772 where ®; = a;/pB;. Letting 1; = e(®i~®®), we have the following solution for Q;(t):

1773 Q;(6) = () 2 (0)

1774  Since ®@; < &, (see section B.5 of the Supplementary Information), we have 0 < n; < 1. Thus,
1775 lim Q;(¢) = lim (n;)*Q;(0) = 0

1776  Each species has an upper bound (see section B.2 of the Supplementary Information). Let the upper

777  bound of species k be given by N"?*. We must have

1778 o< MO NEOVR
- [N’?lax]l/ﬁk = N (t)1/Br

- . NP
= 0, the squeeze rule for limits guarantees lim MO
t—oo [N,r{nax]l/ﬁk

1779 Since lim0 = 0 and lim MO
e s = VAN o N P

[780  Using the scalar rule for limits, it follows that tll_)rglo N;(t)Fi = 0.

[781  Because >0 and N;(t) > 0 for all ¢,

1782 tli_)rgNi(t) =0

1783  This means all species other than species & go extinct. We now turn to species k.

1784

[785  Assume that species k also goes extinct, meaning tlim N, (t) = 0. Given that G is continuous and
1786 Gy (6) > 1, there exists some £>0, such that if ||[N|| < &, GY(N)>1. If tlim N, (t) = 0, then, at some time

1787  point ', N(¢") will be located closer than ¢ to the origin and N(¢) will stay closer to the origin than & for
1788  all £2¢". However, this means that Ni(++1)=Gu(N(¢))Ni(t)> Ni(¢) for all £¢ . Given that N, (t*) > 0, it
[789  cannot then be the case that L!I_)Ig N, (t) = 0, which contradicts our assumption that species k goes

[790  extinct. Therefore, we may conclude that species & persists and all other species are driven to

[791  extinction, which completes the proof of the competitive exclusion principle.
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Given some initial condition for a Volterrian community, we now show that it must be contained

within a shifting lower-dimensional subspace. To do this, we define:

S e/ )
A = N;(t) }

| 1N, (£)1/Br
i=1

By equation (2), we have the following:
S 1/p;\1/*
G;(N(®)
At+1) = 1/ A(Y)
i-1 G (N(®))
Following the earlier approach starting from condition (3), this can be rewritten as
At + 1) = e@PA(t)
where @ = iZfﬂ ®,. Iterating gives us the general formula:
A(t) = k*A(0)
with k = e(®~®®). Using this relationship, we know that the community must be in a subspace at ¢

satisfying:

Ne = G (a@) ™ | | we/s”

=
where w;, = B, S/(S — 1) and S is the set of integers from 1 to S without k. Here we take the density
of species k as the dependent variable. In Figure 3 and the Supplementary Information (section B.7) we
show how dynamics (in particular, competitive exclusion) can be visualized using this moving

subspace.

Appendix B: Derivation of the invasion heuristic for 2-species communities
Consider two species, labeled 1 and 2. Species 1 will be the resident species. In the absence of species

2, the abundance of species 1 enters a bounded positive interval (given our assumptions about growth
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functions; see Supplementary Information, section A.3). Species 2 is the invader and starts at a very
low density (such that its initial success is determined by its growth function and the abundance of
species 1, but not its own abundance). The population recursion for the invader is given by:

Nz(t +1) = G, (N1(t)» Nz(t))Nz(t)
If an invader is to increase from very low density, then its long-term per capita growth rate (the

relevant Lyapunov number, G,) must be greater than unity. In other words:

T-1

T

G, = Jim || [em@,0>1
t=0
Alternatively, this can be expressed as:
1 T-1
InG; = Jim {TZ In G, (N, (), 0)} >0

t=0

Given that the density of species 1 gets trapped in a bounded interval, the mean abundance and

variance in abundance of the resident are:

N; = lim
T—oo

%Emcw}

T-1
2 : 1 N )2
of, = Jim = > (W0 - W)
t=0

assuming both limits exist. To estimate In G, we use a second-order Taylor series approximation of

In G,(N,(t), 0) centered at the mean resident abundance, N;:

T-1
— 1 — —
InG, = 71,1_1)210? {ln G2(Ny,0) + (N1 (¢) — Ny)

t=0

d1n G,(N,, 0)
dN,

N1=N_1}

Ny=N;

((N1 ) - N1)2> d?In G,(Ny,0)
+ 2
2 AN,

RO
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By using the scalar and additive rules for limits, we have:

d1n G,(N,,0)

410G, (N, 0)
dN;,

1 dN,

T
—~ _ 1
t=0

Ny=N;

T
1 1\ d?1n G,(Ny,0)
. _ _ 2 _
+ (}%T;(Nl(t) N,) )(2) a2

Using the definitions of the mean and variance, we have:

Ny=N;

Ni=N;

d?1In G,(Ny,0)
dN,*

2
— _ ON,
ln Gz = ln GZ(N]J O) + (7)

Ny=N;

N1=N_1}

This approximation derives from a second-order Taylor series. If the logarithm of the invader’s growth

Or simply

d%1In G,(N;,0)
dN,*

2
O'N1

G, ~ G,(Ny, 0)exp {(T)

function (InG,) is linear or quadratic, then the approximation is exact.
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