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ABSTRACT
Heterogeneity is at the heart of Darwin’s “mystery of mysteries”, the origin of
species, as both cause and consequence. Heterogeneity within and between environments
can lead to genetic and phenotypic heterogeneity within and between populations. This
can lead, in turn, to heterogeneity in patterns of mating and reproduction, often called
“non-random” or “assortative” mating. Ultimately, this process can lead to speciation – in
essence, the development of stable, persistent heterogeneity at the phylogenetic level. A
“chain of causation” thus exists along which heterogeneity propagates, from differences
among environments to differences among individuals, populations, and ultimately
species (Chapter 1). In this thesis I present three models, focused upon three different
links in this chain of causation, to study the causes and consequences of heterogeneity in
the evolutionary process.
The first model (Chapter 2) examines the earliest link in this chain of causation: the
process of adaptation within a single population in an environment containing a single
resource type. This model demonstrates that stochasticity generates genetic and
phenotypic heterogeneity even in a simple environment such as this. Furthermore, that
heterogeneity can be maintained and promoted by simple ecological processes such as
intraspecific competition that decrease the fitness of common phenotypes. The results of
this model help to resolve a long-standing puzzle in evolutionary biology, the “paradox of
stasis”, by providing a mechanistic explanation for the pattern of selection observed in
natural populations.
The second model (Chapter 3) explores an intermediate link in the chain of
causation: the effects of spatial environmental heterogeneity on divergent adaptation and
biodiversification. This model incorporates complex, realistic patterns of environmental
heterogeneity not previously studied, and demonstrates a novel “refugium effect” through
which such complex environmental heterogeneity can promote biodiversification. In
essence, “refugia” generated by patchy environmental heterogeneity can provide
stepping-stones through which adaptation to hostile environments can proceed
incrementally. Other effects of complex heterogeneity are also demonstrated, and these
results are connected to empirical speciation research.
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The last model presented (Chapter 4) investigates the final links in the chain of
causation: the development of reproductive isolation and progress toward speciation. It
has previously been hypothesized that a floral syndrome called heterostyly might cause
partial reproductive isolation among populations of flowering plants, promoting
speciation. This chapter’s model is used to test that hypothesis. Results support this
hypothesis in some scenarios, because divergent ecological selection on traits involved in
heterostyly can pleiotropically produce reproductive isolation. However, this model does
not always lead to reproductive isolation. An alternative outcome in which heterostyly
leads to asymmetric gene flow points toward a novel mechanism underlying the
progression from heterostyly to dioecy, offering a possible resolution of an enduring
mystery in plant mating system research.
In Chapter 5, the chain of causation discussed above is visualized with a flowchart
that depicts the mechanisms that generate and promote heterogeneity at different stages in
the process of adaptation and speciation. This flowchart illustrates the unifying idea at the
heart of this thesis: that the process of biodiversification involves the propagation of
heterogeneity from the environment to individuals, populations, and ultimately new
species. The models presented in the preceding chapters are shown at their respective
positions along the chain of causation, illustrating which parts of this conceptual
framework have been explored in this thesis. A concluding section interprets the
unexplored parts of the framework as signposts, pointing toward future areas of research
that would further illuminate the role of heterogeneity in adaptation and speciation.
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RÉSUMÉ
Translation by Xavier Thibert-Plante
L’hétérogénéité est au coeur du «mystère des mystères» de Darwin : l’origine des
espèces, comme cause et comme conséquence. L’hétérogénéité à l’intérieur et entre les
environnements peut produire de l’hétérogénéité génétique et phénotypique dans une
population et entre des populations. Ceci peut produire, à son tour, de l’hétérogénéité
dans les patrons d’accouplement et de reproduction, souvent appelé «croisement
assortatif». Ultimement, ce processus peut mener à la spéciation – en fait, le
développement d’une hétérogénéité stable et persistante au niveau phylogénique. Une
«chaîne de causalité» existe au cours duquel l’hétérogénéité se propage, de différences
environmentales à des différences entre les individus, les populations, et ultimement aux
espèces (premier chapitre). Dans cette thèse, je présente trois modèles, qui portent chacun
sur un lien différent de la chaîne de causalité pour étudier les causes et les conséquences
de l’hétérogénéité dans les processus évolutifs.
Le premier modèle (deuxième chapitre) examine le premier lien de la chaîne de
causalité : le processus d’adaptation avec une seule population et un seul environnement
ne contenant qu’un seul type de ressource. Ce modèle montre que la stochasticité génère
de l’hétérogénéité génétique et phénotypique, même dans un environnement simple. En
plus, l’hétérogénéité peut être maintenue et amplifiée par des processus écologiques
simples comme la compétition intra-spécifique qui réduit la valeur d’adaptation des
phénotypes communs. Ces résultats aident à résoudre une vieille question en biologie de
l’évolution, «le paradoxe de la stase», en fournissant une explication pour les mécanismes
de sélection que l’on observe dans la nature.
Le deuxième modèle (troisième chapitre) explore un lien intermédiaire dans la
chaîne de causalité : les effets de l’hétérogénéité environnementale sur l’adaptation
divergente et les processus de biodiversification. Ce modèle intègre des patrons
complexes d’hétérogénéité qui n’ont pas été étudiés précédemment et montre un nouvel
«effet refuge» qui amplifie les processus de biodiversification dans des environnements
hétérogènes complexes. En effet, les «refuges» générés par la fragmentation spatiale
peuvent devenir des tremplins par lesquels l’adaptation aux environnements hostiles peut
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procéder séquentiellement. D’autres effets de l’hétérogénéité complexe sont aussi
montrés et ces résultats sont liés à la recherche empirique sur la spéciation.
Le dernier modèle (quatrième chapitre) étudie le dernier lien de la chaîne de
causalité : le développement de l’isolation reproductive et l’évolution vers la spéciation.
Il a été suggéré qu’un syndrome floral appelé hétérostylie peut causer une isolation
reproductive partielle entre les fleurs, entraînant la spéciation. Le modèle de ce chapitre
est utilisé pour tester cette hypothèse. Les résultats appuient cette hypothèse dans certains
scénarios, car la sélection écologique divergente sur les traits impliqués dans
l’hétérostylie peuvent produire de l’isolement reproductif à cause d’effects pléiotropes.
Cependant, ce modèle ne génère pas toujours de l’isolement reproductif. Un autre résultat
possible du modèle est que l’hétérostylie produit un flux génique asymmétrique. Ce
résultat pointe vers un nouveau mécanisme sous-jacent à la progression de l’hétérostylie
vers la diécie, offrant la possibilité de résoudre un mystère persistant à propos du système
reproductif des plantes.
Dans le cinquième chapitre, la chaîne de causalité est représentée par un
organigramme qui présente les mécanismes qui génèrent et amplifient l’hétérogénéité à
différents stades du processus d’adaptation et de spéciation. Cet organigramme illustre
l’idée unifiante au coeur de cette thèse : les processus de biodiversification impliquent la
propagation de l’hétérogénéité à partir de l’environnement vers les individus, les
populations et ultimement vers de nouvelles espèces. Les modèles présentés dans les
chapitres précédents sont positionnés sur la chaîne de causalité, illustrant quelles sont les
parties de cet organigramme qui ont été explorées dans cette thèse. Une section
conclusion présente les parties non explorées de l’organigramme et pointe vers les
questions de recherche futures qui illustrent le rôle de l’hétérogénéité pour l’adaptation et
la spéciation.
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CHAPTER 1
Introduction
1.1

Adaptation
More than 150 years ago, Darwin (1859) outlined the process of evolution by natural

selection. This process depends on three conditions (Darwin 1859; Lewontin 1970; Hurst
2009): (1) phenotypic variation must exist among individual organisms, (2) the
phenotypes of individuals must influence their survival or reproductive success, and (3)
phenotypes must be heritable, such that offspring bear some resemblance to their parents.
When these three conditions hold, evolution by natural selection is the inevitable result
(Darwin 1859). The first two conditions embody the concept of natural selection: the
differential success of individuals depends upon their phenotypic traits, with “fitter”
individuals possessing traits that render them more likely to survive and reproduce. Given
the first two conditions, the third condition produces evolution: alleles favored by natural
selection are preferentially passed on to offspring, and thus will increase in frequency in
the next generation of the population.
Notably, all three conditions for evolution by natural selection involve heterogeneity.
Indeed, the three conditions might almost equivalently be rephrased as: (1) heterogeneity
must exist in phenotypic traits, (2) this phenotypic heterogeneity must be correlated with
heterogeneity in fitness, and (3) this phenotypic heterogeneity must also be correlated
with genetic heterogeneity. It is these correlations in patterns of heterogeneity that allow
natural selection, which operates at the phenotypic level, to produce changes in allele
frequencies that result in an increase in population fitness over time.
Usually, the result of this process is not just evolution – a change in the frequencies
of alleles in a population – but also, crucially, adaptation, in which organisms possess
traits that lead to high survival and/or reproductive rates in the environment they inhabit.
Because natural selection favors such individuals, the degree of adaptation of populations
to their local environment, often called “local adaptation”, tends to increase over time
(Lande and Arnold 1983; Orr 2009).
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Empirical examples of evolution and adaptation abound (Coyne 2009). To further
examine questions related to these ideas, however, it will prove helpful to introduce a
visual metaphor.
1.2

Fitness landscapes, adaptive landscapes, and fitness functions
The concepts of fitness and adaptation can be very powerfully expressed in graphical

form, making them both easier to understand and to treat quantitatively (Wright 1932;
Simpson 1944; Phillips and Arnold 1989; Arnold et al. 2001; Gavrilets 2004; Pigliucci
2012). Several different types of graphical depiction have been proposed, and the
terminology surrounding them has become muddled; I will follow the clarified
terminology of Pigliucci (2012).
Wright (1932) introduced the idea of the “fitness landscape”, a graphical
visualization of the relationship between genotype and fitness. However, this formulation
was not entirely coherent (Bell 2012; Pigliucci 2012); in particular, it was not clear how
genotypes were to be ordered to form a continuum of values along an axis. Furthermore,
determining the mapping from genotype to fitness in natural populations can be difficult,
rendering the empirical application of Wright’s idea problematic except in very limited
cases such as traits inherited in a simple Mendelian fashion (Pigliucci 2012).
Simpson (1944) reformulated Wright’s fitness landscapes more usefully in
phenotypic terms, as “adaptive landscapes”. Adaptive landscapes depict mean population
fitness as a function of mean population phenotype. Simpson’s adaptive landscape
metaphor has proved extremely powerful and useful (Phillips and Arnold 1989). In
particular, it has been shown that populations will generally evolve so as to move
“uphill” on such landscapes, increasing in mean fitness, in a manner that can be specified
mathematically (Lande and Arnold 1983; Phillips and Arnold 1989; Arnold et al. 2001).
The landscape metaphor thus provides a geometric interpretation of Darwin’s theory of
evolution by natural selection. Covariances among phenotypic traits (perhaps the result of
pleiotropy or epistasis) can modify this evolutionary trajectory, but a geometric treatment
of this effect also exists (Arnold et al. 2001), preserving the utility of the adaptive
landscape metaphor.
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However, the population-level view of adaptive landscapes is in some ways at odds
with biological reality. In particular, individual organisms, and not populations,
experience selection as expressed by their individual fitnesses (i.e., their lifetime
reproductive outputs in a given environment), which are, in turn, a consequence of their
phenotypes, based in turn on their genotypes. This individual-level perspective is
encapsulated by the concept of the “fitness function”, also called the “individual fitness

a

c

b

Frequency

Fitness

function” or the “fitness surface” (Fig. 1.1).

Phenotype (z)

Figure 1.1. Types of univariate selection (after Fig. 1 in Phillips and Arnold 1989). The
top of each panel shows a fitness function; below is shown a population trait frequency
distribution before selection (solid line), the action of selection (arrows), and the
frequency distribution after selection (dashed line). The types of selection shown are:
(a) directional, (b) stabilizing, and (c) disruptive selection. This is a simplified version of
Fig. 2.1.
Fitness functions map an individual’s phenotype (rather than the population mean
phenotype) to the individual’s expected fitness (rather than the population mean fitness).
This perspective is better suited to empirical microevolutionary research; in particular,
studies of selection in nature measure the phenotypes and fitnesses of individuals, and
thus estimate the fitness function, not the adaptive landscape (Lande and Arnold 1983;
Pigliucci 2012). From a theoretical perspective, fitness functions are a natural component
of an individual-based approach that can easily accommodate phenomena such as
frequency-dependent selection, non-normal and dynamic phenotypic distributions,
spatiotemporal variation in selection, and demographic stochasticity – phenomena that
might be important to ecology and evolution, but that a population-level perspective often
has difficulty incorporating (Judson 1994; Uchmański and Grimm 1996; Dieckmann and
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Doebeli 1999; DeAngelis and Mooij 2005; Berger et al. 2008; Yeaman and Guillaume
2009; Epperson et al. 2010; Bolnick et al. 2011; Geritz and Kisdi 2012).
Although studies that measure the shape of the fitness function across the natural
phenotypic range of a single trait are becoming increasingly common, few studies
measure multivariate fitness functions in natural populations, or use manipulation to
examine the shape of the fitness function outside of the natural phenotypic range of a trait
(Blows et al. 2003; Martin and Wainwright 2013). Fundamental questions also remain
regarding basic properties of typical fitness functions in nature, such as their ruggedness
and dimensionality (Rice and Hostert 1993; Gavrilets 1997; Gavrilets and Gravner 1997;
Orr 1998, 2000; Gavrilets 2004; Orr 2006; Nosil and Sandoval 2008; Melnyk and Kassen
2011). Comparative studies are difficult, since methods for comparing complex fitness
functions among populations are only beginning to be developed (Rundle et al. 2008;
Shaw and Geyer 2010; Calsbeek 2012). Finally, almost nothing is known regarding how
selection varies across space or through time (Siepielski et al. 2009; Bell 2010; Siepielski
et al. 2011; Kingsolver et al. 2012; Morrissey and Hadfield 2012). The empirical study of
adaptive landscapes and fitness functions thus remains in its infancy.
With these tools, adaptive landscapes and fitness functions, to help visualize how
fitness varies with phenotype and how populations evolve in response to selection, we
can now examine selection in detail, to build toward an understanding of the process of
adaptation. If we consider a quantitative trait – a continuous-valued trait, such as body
size or growth rate, governed by many genes of small effect – in a population occupying
a homogeneous environment, there are a few basic ways in which selection might act
(Lande and Arnold 1983; Endler 1986; Phillips and Arnold 1989; Hurst 2009). The
following sections (§1.3–1.5) will introduce these simple types of selection: directional
selection, stabilizing selection, and disruptive selection. In addition, two more complex
types of selection will be discussed (§1.6): negative frequency-dependent selection and
squashed stabilizing selection.
1.3

Directional selection
Perhaps the simplest type of selection is “directional selection”, in which a

monotonic relationship exists between phenotype and fitness (Fig. 1.1a). For example,
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the higher an individual’s growth rate, the fitter that individual might be expected to be
(but see below). Since evolution proceeds “uphill” on adaptive landscapes, directional
selection will tend to shift the population’s mean phenotype in a consistent direction in
each successive generation, moving the population toward higher mean fitness (Lande
and Arnold 1983).
However, consistent directional selection might rarely persist over long timespans in
nature. The main reason for this expectation is that trade-offs might exist among many
phenotypic traits (Arnold 1992). Extremely high growth rates, for example, might cause
underinvestment in foraging and reproduction, leading to outcomes such as starvation or
sterility (Nunney 1996). Similarly, high investment in brain development has been shown
to result in decreased investment in gut development, leading to decreased fecundity
(Kotrschal et al. 2013). Similar trade-offs have been observed even for traits closely
related to fitness; for example, high investment in fecundity has been shown to cause
poor swimming performance (affecting predator avoidance) and decreased egg mass in
fish (Ghalambor et al. 2004; Kolm et al. 2006). Indeed, it is difficult to think of any
beneficial phenotypic trait that would not become detrimental if taken to a sufficient
extreme, since the energy budget of individual organisms is necessarily limited; increased
allocation of energy to one function must come at a cost of reduced allocation to other
functions. Furthermore, empirical studies suggest that tradeoffs are both ubiquitous in
nature and fundamental to species coexistence (Tilman 1990; Silvertown 2004; Tilman
2004; Edwards et al. 2011). Despite such trade-offs, directional selection might
nonetheless persist if genetic constraint or a lack of genetic variation prevents evolution
from reaching the phenotypic optimum (Arnold 1992; Blows and Hoffmann 2005).
Directional selection has been studied extensively in natural populations, but because
of sampling error and related difficulties, it has been difficult to reach a consensus
regarding its typical strength and temporal consistency (Hoekstra et al. 2001; Kingsolver
et al. 2001; Hereford et al. 2004; Siepielski et al. 2009; Kingsolver and Diamond 2011;
Morrissey and Hadfield 2012). At a minimum, it is clear that directional selection is
usually not detected (i.e., not statistically significant) in most generations in most studies
(Kingsolver et al. 2001). That does not imply, however, that directional selection is
typically absent or weak, since statistical power is generally very low in individual
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studies; a meta-analytic approach integrating data from many individual studies of
selection is therefore needed to draw strong conclusions (Hereford et al. 2004; Morrissey
and Hadfield 2012). More fundamentally, disagreements regarding the best
standardization for trait values has undermined consensus regarding where the line
between weak and strong selection should be drawn (Hereford et al. 2004; Kingsolver
and Pfennig 2007; Kingsolver and Diamond 2011; Matsumura et al. 2012). For these
reasons, our understanding of directional selection in natural populations remains
remarkably poor.
1.4

Stabilizing selection
As discussed above, the ubiquity of trade-offs in nature suggests that directional

selection might not persist over long timescales; truly extreme phenotypes might rarely
be the fittest. Consequently, populations inhabiting stable environments, to which they
have had sufficient time to adapt, might be expected to more commonly be under a
different type of selection, “stabilizing selection”, in which some intermediate optimal
phenotype has the highest fitness (Fig. 1.1b). By this logic, the high fitness of the optimal
phenotype would be the result of a trade-off, but stabilizing selection does not necessarily
depend on trade-offs. The environment might also directly select for an intermediate
phenotype; for example, optimal fur length in mammals might be a function of the
environmental temperature such that excessively long fur produces hyperthermia, while
excessively short fur produces hypothermia, regardless of trade-offs with other
phenotypic traits.
The evolutionary effects of stabilizing selection have been the subject of much
theoretical study, particularly with respect to its effect on genetic variation (Wright 1935;
Robertson 1956; Latter 1960; Gale and Kearsey 1968; Lande 1976; Bürger 1986;
Keightley and Hill 1988; Barton 1989; Bürger et al. 1989; Foley 1992; Bürger and Lande
1994; Bürger 1998; Bürger and Gimelfarb 1999; Willensdorfer and Bürger 2003; Estes
and Arnold 2007). In brief, even very weak stabilizing selection will tend to keep the
mean population phenotype close to the phenotypic optimum, and will also decrease
genetic variance due to selection against extreme phenotypes (Lande and Arnold 1983;
Phillips and Arnold 1989).
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Many empirical studies have looked for evidence of stabilizing selection. As with
directional selection, it is difficult to overcome sampling error and related problems, but
it is clear, at a minimum, that stabilizing selection is infrequently detected in natural
populations (Travis 1989; Kingsolver et al. 2001; Kingsolver et al. 2012). This result has
been difficult to reconcile with the expectation, based on both the fossil record and
theoretical considerations, that stabilizing selection ought to be common in nature
(Charlesworth et al. 1982; Lynch 1990; Estes and Arnold 2007; Uyeda et al. 2011).
Resolving this disconnect is the principal focus of Chapter 2.
1.5

Disruptive selection
There is a third basic type of selection, “disruptive selection”. Here, extreme

phenotypes have higher fitness, while intermediate phenotypes have lower fitness (Fig.
1.1c). Disruptive selection tends to increase genetic variance, since extreme phenotypes
are favored (Lande and Arnold 1983; Phillips and Arnold 1989). This property of
increasing genetic variance has been of considerable interest theoretically, and many
models have looked at how disruptive selection might lead to outcomes from stable
polymorphisms to sympatric speciation (Maynard Smith 1962; Dickinson and
Antonovics 1973; Udovic 1980; Rice 1984; Wilson and Turelli 1986; Antonovics and
Thrall 1994; Doebeli 1996; Geritz et al. 1998; Dieckmann and Doebeli 1999;
Kondrashov and Kondrashov 1999; Day 2000; Bolnick 2004; Gavrilets 2004).
For quantitative traits, however, disruptive selection is generally expected to be
rarely observed in nature. This is because a population experiencing disruptive selection
on an unchanging adaptive landscape would rapidly escape the fitness minimum by
evolving “uphill” toward a region of higher fitness (Endler 1986; Bolnick and Lau 2008);
the disruptive selection would thus be unlikely to persist long enough to be observed. It is
perhaps puzzling, then, that empirical studies of selection in the wild indicate that
disruptive selection, while infrequently detected, is nevertheless detected about as
frequently as stabilizing selection (Travis 1989; Kingsolver et al. 2001; Kingsolver et al.
2012). This could be a statistical artifact, if sampling error completely dominates such
studies; alternatively, various mechanisms that might hold populations on a fitness
minimum have been proposed, such as genetic constraint, trade-offs, indirect selection on
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correlated traits, or temporal variation in selection. Although none of these explanations
seems convincing (Kingsolver et al. 2012), there is, however, another possibility:
disruptive selection in nature might commonly be due to negative frequency-dependent
selection, which behaves rather differently than ordinary disruptive selection.
1.6

Negative frequency-dependent selection
Negative frequency-dependent selection (NFDS; Ayala and Campbell 1974) is an

unusual kind of selection, because the fitness values associated with particular
phenotypes under NFDS are determined not by the environment, but by the phenotypic
distribution of the population itself. In particular, under NFDS the most common
phenotypes suffer a fitness penalty relative to rare phenotypes. This means that NFDS
increases genetic variance in the population, since rare phenotypes are favored (Ayala
and Campbell 1974; Lande and Arnold 1983). It also means that a population with a
roughly normal (i.e., Gaussian) phenotypic distribution for a quantitative trait – the
expected distribution under conditions of random mating – will be under continual
disruptive selection, because the mean phenotype is the most common phenotype and
thus has the lowest fitness (Slatkin 1979; Abrams et al. 1993; Bürger 2002a, b; Bürger
and Gimelfarb 2004; Bürger 2005; Rueffler et al. 2006; Schneider 2006). This disruptive
selection due to NFDS cannot be escaped, because it remains associated with the
population’s mean phenotype regardless of how that mean phenotype might evolve. For
this reason, the resulting dynamic fitness function has been termed a “stable fitness
minimum” (Abrams et al. 1993). The stability of this type of disruptive selection makes it
a compelling candidate to explain the frequency with which disruptive selection is
detected in nature, a possibility that will be explored in more detail in Chapter 2.
Although this is an appealing theory, the question remains why NFDS would exist in
natural populations in the first place; it might seem a rather artificial theoretical construct.
Why might we expect common phenotypes to suffer a fitness penalty? An illuminating
example is provided by intraspecific competition (Rosenzweig 1978; Christiansen and
Loeschcke 1980; Schluter 2003; Martin and Pfennig 2012). If individuals within a
species compete with each other for some resource, such as food, then individuals that are
similar to many other individuals will experience that competition very strongly.
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Individuals that are unusual in some way – perhaps preferring a different food, foraging
in a different part of the habitat, or being active at a different time – will escape some of
that competitive pressure. The same dynamics can also originate in many other ecological
scenarios, such as predation, parasitism, mutualism, sexual selection, and both spatial and
temporal environmental heterogeneity (Levene 1953; Maynard Smith and Price 1973;
Ayala and Campbell 1974; Maynard Smith and Brown 1986; Allen 1988; Brown and
Pavlovic 1992; Marrow et al. 1992; Abrams et al. 1993; Chesson 1994; Doebeli and
Dieckmann 2000; Geritz et al. 2004; Spichtig and Kawecki 2004; Gray and McKinnon
2007).
Theoretical models have shown that NFDS can drive speciation, even in sympatry
(e.g., Dieckmann and Doebeli 1999). Indeed, most of the models of speciation due to
disruptive selection that were cited in the previous section (§1.5) are actually models of
NFDS, either explicitly or as a side effect of their design. In fact, if a static disruptive
fitness function were substituted for the NFDS they use, these models would no longer
result in speciation. Instead, the modeled population would quickly escape the fitness
minimum, and the observed effects of disruptive selection in promoting genetic variation,
adaptive divergence, and speciation would disappear (Maynard Smith 1962).
Few empirical studies have attempted to test whether NFDS causes disruptive
selection in nature, but the few studies that have been conducted have generally found it
(Schluter 1994; Blows et al. 2003; Schluter 2003; Bolnick 2004; Bolnick and Lau 2008;
Martin and Pfennig 2012; Martin and Wainwright 2013). Given the many plausible
ecological mechanisms by which NFDS can arise, the otherwise hard-to-explain
detection of disruptive selection in natural populations, and the potential importance of
NFDS in driving diversification and speciation, it is puzzling that it has received so little
empirical attention (Martin and Pfennig 2012). Chapter 2 attempts to remedy this, with
particular attention paid to a combination of stabilizing selection and NFDS that I have
termed “squashed stabilizing selection”.
Although many theoretical models show that NFDS can lead to sympatric speciation
(reviews: Bolnick and Fitzpatrick 2007; Bird et al. 2012), there is little evidence to
suggest that speciation in nature is commonly sympatric (Coyne and Orr 2004; Bolnick
and Fitzpatrick 2007; but see Papadopulos et al. 2011). Instead, the empirical evidence
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suggests that much of the biodiversity in the world has been generated by the adaptation
of populations to different environments – perhaps in parapatry, rather than allopatry
(Doebeli and Dieckmann 2003). Keeping in mind the different types of selection
reviewed above, the next step in understanding the origins of biodiversity should thus be
to consider the divergence of populations due to local adaptation in heterogeneous
landscapes.
1.7

Adaptive divergence
As emphasized previously, adaptation is not aimed toward some global optimum, but

is instead determined by the local environment that a population inhabits. The concept of
the local environment is thus inherent to the concept of adaptation. Environmental
conditions vary from place to place, producing different selective pressures –
representable as different adaptive landscapes or different individual fitness functions –
for different populations across a spatial landscape. Spatial environmental heterogeneity
thus leads to adaptive divergence: phenotypic divergence among populations, or among
individuals within the same population, resulting from adaptation to different local
environmental conditions (Orr and Smith 1998; Schluter 2000).
Adaptive divergence has been studied empirically in a wide variety of systems
including stickleback, Darwin’s finches, Heliconius butterflies, Drosophila fruit flies, pea
aphids, monkey flowers, amphipods, walking-sticks, and many others (Schluter 2000,
2001; Coyne and Orr 2004). Although adaptive divergence has been observed in many of
these systems, there also remain many cases in which it has apparently not occurred. In
some cases, divergence might be prevented by gene flow (discussed in the next section,
§1.8); in other cases, environmental differences might not be large enough or temporally
consistent enough to cause strong divergent selection, or divergent selection might be
accommodated by responses such as increased phenotypic variance or sexual
dimorphism, rather than by adaptive divergence (Bolnick and Doebeli 2003; Van Dooren
et al. 2004; Kopp and Hermisson 2006; Rueffler et al. 2006; Bolnick 2011; Cooper et al.
2011). It is clear that adaptive divergence is a powerful and important force driving
diversification; however, the factors that promote it and hinder it in natural systems
remain unclear.
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For sexual taxa, a full theoretical treatment of adaptive divergence must include the
effects of gene flow (see next section, §1.8). For asexual or clonal taxa, however, such as
bacteria and many plants and fungi, gene flow usually does not occur; each lineage is
evolutionarily independent of other lineages. In theoretical models of asexual taxa,
divergence into discrete ecotypes, rather than speciation, is thus the endpoint of adaptive
divergence. This process of asexual divergence is called “evolutionary branching”, and is
often considered analogous to speciation. Indeed, some use the term “speciation” for both
phenomena (Coyne and Orr 2004), but it is useful to preserve a semantic distinction
between the two since the dynamics of divergence with gene flow can be so different
from the dynamics of evolutionary branching, as discussed in the following sections
(§1.8–1.10). However, theoretical results indicate that for sexual populations in which the
trait under divergent selection is also the basis of assortative mating – a so-called “magic
trait” (see §1.10) – adaptive divergence may proceed very similarly to how it proceeds in
asexual populations, with only a slightly reduced propensity for speciation (e.g.,
Dieckmann and Doebeli 1999; Gavrilets et al. 2000; Doebeli and Dieckmann 2003). The
predictions of asexual models may therefore be largely applicable to sexual magic trait
systems.
Many models of evolutionary branching due to environmental heterogeneity have
been constructed. These models have been used to investigate the importance of the
magnitude of environmental heterogeneity in relation to factors such as dispersal and
dispersal evolution, generalist vs. specialist strategies, trade-offs, cyclical dynamics,
stable polymorphisms, competition and other sources of negative frequency-dependent
selection, character displacement, Allee effects, boundary condition effects, phenotypic
clustering, phylogeography, and range limits – and this is but a small sampling of the
literature (Doebeli and Ruxton 1997; Meszéna et al. 1997; Kisdi and Geritz 1999; Day
2000; Doebeli and Dieckmann 2003; Mizera and Meszéna 2003; Parvinen and Egas
2004; Heinz et al. 2009; Ispolatov and Doebeli 2009; Débarre and Gandon 2010; Payne
et al. 2011; Irwin 2012). These models often use an analytical approach called “adaptive
dynamics” that predicts branching based upon the invasion fitness of rare mutants (Geritz
et al. 1997; Geritz et al. 1998). However, individual-based models have also often been
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used due to the lack of analytical solutions for complex questions (e.g., Doebeli and
Dieckmann 2003).
Although these models all involve environmental heterogeneity as the driver of
adaptive divergence, they generally model only very simple environments – usually
either a linear environmental gradient in continuous space, or an environment consisting
of two discrete spatial patches connected by dispersal. Chapter 3 will present an
important extension to this literature: an investigation of the effects of more complex
patterns of spatial heterogeneity on evolutionary branching.
1.8

Gene flow
In sexual taxa, adaptive divergence is often limited by gene flow (Slatkin 1987;

Hendry et al. 2001; Mallet 2001; Lenormand 2002; Garant et al. 2007; Räsänen and
Hendry 2008). Gene flow is generally defined as the movement of alleles between
populations (but see Mallet 2001). Gene flow occurs whenever individuals of different
populations mate and produce viable, fertile offspring. This can happen if populations
have an area of sympatric overlap in which hybridization occurs; alternatively, it can
happen if individual organisms successfully disperse from their natal population into the
range of a different population, into which they subsequently mate.
Gene flow opposes adaptive divergence in most scenarios, because it moves locally
adaptive alleles into new environments in which they might no longer be adaptive
(Garant et al. 2007). This generally works to homogenize away any differences that
might exist among the gene pools of populations, eliminating the effects of local
adaptation. In general, then, the extent of adaptive divergence attained might be
understood as an equilibrium between the pressure of selection, which acts to increase
divergence until local adaptation is attained, and the force of gene flow, which acts to
decrease divergence by homogenizing the gene pools of populations. There are
interesting cases, such as temporal environmental variation, coevolutionary dynamics,
phenotype-dependent dispersal, reinforcement dynamics, and populations subject to
inbreeding depression, in which gene flow might instead facilitate adaptive divergence
(Servedio and Kirkpatrick 1997; Ingvarsson and Whitlock 2000; Garant et al. 2007;
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Edelaar et al. 2008; Sexton et al. 2011; Edelaar and Bolnick 2012; Feder et al. 2012), but
such cases are generally thought to be exceptional, and will not be further examined here.
The interaction between gene flow and adaptive divergence has been the subject of
many empirical studies (Endler 1973; Riechert 1993; King and Lawson 1995; Ross and
Keller 1995; Smith et al. 1997; Stanton and Galen 1997; Lu and Bernatchez 1999;
Hendry et al. 2002; Calsbeek and Smith 2003; Hendry and Taylor 2004; Nosil and Crespi
2004; Hoekstra et al. 2005; Moore and Hendry 2005; Blondel et al. 2006; Sambatti and
Rice 2006; Moore et al. 2007; Rosenblum et al. 2007; Cremieux et al. 2010; de León et
al. 2010; Freeland et al. 2010; Lind et al. 2011; Paul et al. 2011; Ribeiro et al. 2011; Zardi
et al. 2011; Andrew et al. 2012; Cooke et al. 2012; Cristescu et al. 2012; Edelaar et al.
2012; Fedorka et al. 2012; Kremer et al. 2012; Muir et al. 2012). This literature is
reviewed from various angles in Nosil (2008), Garant et al. (2007), Savolainen et al.
(2007), Räsänen and Hendry (2008), Pinho and Hey (2010), Crispo et al. (2011), with
many further examples of studies not cited above. Broadly, this literature supports the
idea that gene flow often restricts divergence, and that divergence often proceeds further
when gene flow is weak or absent; however, many studies also demonstrate that
substantial divergence can accumulate even in the face of gene flow (discussed further in
the next two sections, §1.9–1.10).
Some theoretical work has specifically studied the interaction between gene flow and
adaptive divergence (Haldane 1948; Slatkin 1973; May et al. 1975; García-Ramos and
Kirkpatrick 1997; Kirkpatrick and Barton 1997; Lythgoe 1997; Barton 2001; Hendry et
al. 2001; Lenormand 2002; Alleaume-Benharira et al. 2006; Gandon and Nuismer 2009;
Polechová et al. 2009; Golestani et al. 2012; Nuismer et al. 2012). There are also many
studies that use models of adaptive divergence in sexual populations to examine the
effects of gene flow, or that compare asexual and sexual models to observe the net effect
of gene flow and sexual reproduction on adaptive divergence (e.g., Case and Taper 2000;
Gavrilets et al. 2000; Doebeli and Dieckmann 2003; Gavrilets and Vose 2005; Leimar et
al. 2008; Heinz et al. 2009; Sutter and Kawecki 2009; Thibert-Plante and Hendry 2009;
Payne et al. 2011; Birand et al. 2012).
Adaptive divergence constitutes an increase in intraspecific biodiversity; moreover,
it might often be the first step toward speciation (Orr and Smith 1998; Schluter 2001).
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However, if gene flow generally hinders adaptive divergence, then that gene flow must
be reduced or eliminated before local adaptation can proceed unhindered toward
speciation (Coyne and Orr 2004). The next section, §1.9, will consider this problem in
detail.
1.9

Reproductive isolation and ecological speciation
Many definitions of the term “species” exist; the term is difficult to define with

precision because nature itself does not seem to draw a sharp distinction (Mayden 1999;
Hendry et al. 2000; Coyne and Orr 2004; Hey 2006). Perhaps the oldest and most
intuitive definition is called the “morphological species concept” (MSC; Coyne and Orr
2004). According to the MSC, species are distinguished by their possession of distinct
phenotypes. If phenotype is read broadly, to include behavior and life history in addition
to morphology, then populations that differ substantially in any observable way might be
called separate species according to the MSC.
But whenever populations interbreed gene flow tends to homogenize away such
differences, as discussed previously. Differences between populations might therefore be
expected to persist only when the populations don’t interbreed often enough to cause
substantial gene flow, or when inter-population crosses produce inviable or sterile
offspring. Such “reproductive isolation” between populations decreases gene flow and
consequently promotes adaptive divergence. A realization of the importance of
reproductive isolation in the process of speciation has led many – perhaps most –
biologists to adopt the “biological species concept” (BSC; Mayr 1940), which places
reproductive isolation, not phenotypic divergence, at its conceptual center. According to
the BSC, two populations are separate species if they do not commonly interbreed to
produce viable, fertile offspring in nature.
The chicken-and-egg question that might then be asked is: which comes first in the
process of speciation, adaptive divergence or reproductive isolation? There is no one
answer to this question, since there are many mechanisms by which speciation can occur
(Coyne and Orr 2004). For some mechanisms, such as polyploid speciation (Rieseberg
and Willis 2007) and cultural speciation (Freeberg et al. 1999), reproductive isolation
occurs before adaptive divergence. However, the empirical evidence suggests that most
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speciation, particularly in animals, is caused by divergent selection that leads to adaptive
divergence, followed (causally, and perhaps temporally) by reproductive isolation that
allows that incipient adaptive divergence to persist and increase (Coyne and Orr 2004;
Schluter 2009).
This “divergence first” perspective is expressed in its purest form by the “ecological
speciation” model (Orr and Smith 1998; Schluter 2001; Rundle and Nosil 2005;
Boughman 2013). Ecological speciation is speciation driven by adaptive divergence;
according to this model, reproductive isolation arises as a byproduct of adaptive
divergence, or is selected for as a consequence of previously established adaptive
divergence. This contrasts with “mutation-order speciation”, in which reproductive
isolation arises due to chance interference between different alleles fixed in populations
occupying ecologically similar environments (Schluter 2001; Coyne and Orr 2004;
Schluter 2009). It is also markedly different from speciation due to genetic drift in
allopatric or founder populations, a once-popular idea that has largely fallen by the
wayside as the empirical evidence against it has mounted (Coyne and Orr 2004), although
some forms of it remain theoretically plausible (Gavrilets 2003; Coyne and Orr 2004).
There are several ways in which adaptive divergence can drive the establishment of
reproductive isolation. If environmental variation is sufficiently strong, dispersal between
populations might be prevented by “selection against migrants”, cutting off gene flow by
eliminating the carriers of foreign genes (Via et al. 2000; Hendry 2004; Nosil et al. 2005).
Similarly, hybrids produced by matings between populations might have intermediate
phenotypes unfit in either of the parental environments, and thus “selection against
hybrids” might eliminate introgressing alleles before they enter the larger population’s
gene pool (Via et al. 2000; Rundle and Whitlock 2001; Rundle 2002). If the adaptive
alleles fixed in different populations are mutually incompatible and thus produce lowfitness offspring when brought together in a single individual by recombination, such
“Bateson–Dobzhansky–Muller incompatibilities” would produce reproductive isolation
by rendering hybrids inviable or sterile (Orr 1996; Orr and Turelli 2001; Brideau et al.
2006; Unckless and Orr 2009; Presgraves 2010; Agrawal et al. 2011). Furthermore,
reinforcement and related mechanisms can select for the strengthening of reproductive
isolation after adaptive divergence has begun. According to reinforcement-like

15

mechanisms, if hybrids suffer decreased fitness for any reason, assortative mating might
be selected for because it avoids the production of low-fitness hybrids (Kirkpatrick 2001;
Servedio and Noor 2003; Servedio 2004; Matute 2010). However, there is little evidence
that reinforcement-like processes are commonly important to speciation (Coyne and Orr
2004; Servedio et al. 2013). Finally, so-called “magic traits” might also produce
reproductive isolation in the ecological speciation model; discussion of these will be
deferred to the following section, §1.10.
Much empirical evidence has been assembled in support of the ecological speciation
model (reviewed in Schluter 2000; McKinnon et al. 2004; Rundle and Nosil 2005;
Schluter 2009; Givnish 2010), although there are clearly also many cases in which
ecological differences do not result in speciation (Hendry 2009); understanding when
ecological speciation does and does not proceed remains a focus of empirical
investigation (Nosil et al. 2009; Elias et al. 2012; Karvonen and Seehausen 2012).
In addition to the models of evolutionary branching, gene flow, and adaptive
divergence previously cited, a number of theoretical models have been constructed to
examine the process of ecological speciation more explicitly, either from an abstract
theoretical perspective, or in specific empirical systems (Maynard Smith 1966;
Felsenstein 1981; Kirkpatrick 2001; Lande et al. 2001; van Doorn et al. 2001; Fry 2003;
Hendry 2004; Servedio 2004; Gavrilets and Vose 2007; Gavrilets et al. 2007; Nosil and
Yukilevich 2008; Duenez-Guzman et al. 2009; Sadedin et al. 2009; Thibert-Plante and
Hendry 2009; van Doorn et al. 2009; Labonne and Hendry 2010; Agrawal et al. 2011;
Aguilée et al. 2011; Kisdi and Priklopil 2011; Thibert-Plante and Hendry 2011; Birand et
al. 2012; Débarre 2012; Liancourt et al. 2012). Reviews relevant to this vast literature can
be found in Turelli et al. (2001), Kirkpatrick and Ravigné (2002), Gavrilets (2003),
Dieckmann et al. (2004), Coyne and Orr (2004), Gavrilets (2004), Doebeli et al. (2005),
Bolnick and Fitzpatrick (2007), and Weissing et al. (2011). Chapter 4 presents a
theoretical model that explores questions related to adaptive divergence, reproductive
isolation, and ecological speciation in a particular empirical system: flowering plants with
a floral morphological syndrome called “heterostyly”. This model explores the causes
and consequences of one particular mechanism that can generate reproductive isolation in
ecological speciation: magic traits.
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1.10 Magic traits
As mentioned above, there is another way that adaptive divergence can cause
reproductive isolation: so-called “magic traits”. The technical definition of this term has
some subtle twists, but in essence, magic traits are phenotypic traits under divergent
selection that also contribute to non-random mating (Gavrilets 2004; Servedio et al.
2011). Because of this double nature, divergent selection on a magic trait can easily
produce reproductive isolation as a side effect of adaptive divergence. Although such a
confluence of trait effects might seem unlikely, there is good reason to think that magic
traits might actually be quite common in nature (Servedio et al. 2011).
For example, the mechanism of “selection against migrants” mentioned previously is
in fact a magic trait mechanism, since the phenotypic trait under divergent selection also
causes non-random mating – in this case, by eliminating individuals that might otherwise
have caused gene flow by mating into a different (i.e., non-natal) population (Servedio et
al. 2011). A trait under divergent selection that is the cause of selection against migrants
(i.e., that causes immigrant inviability) is a type of “automatic magic trait”, so called
because reproductive isolation results as an automatic consequence of adaptive
divergence. Selection against migrants is only one of many mechanisms that might lead
to “automatic” reproductive isolation; traits such as flowering time, habitat preference,
and even flower color might also act as automatic magic traits if they are subject to
divergent selection, since their divergence might automatically cause assortative mating
(Servedio et al. 2011).
Organisms also often mate assortatively according to phenotypic traits such as body
size (Nagel and Schluter 1998), coloration (Merrill et al. 2012), or beak morphology
(Podos 2001), among many other examples (Podos and Hendry 2006). If such a trait
happens to become subject to divergent selection, it is then considered a “classic magic
trait” (Servedio et al. 2011). Reproductive isolation in this case is not an automatic
consequence of divergence; rather, it depends upon the mechanism of mate choice, and
divergence at a locus governing mating preference might even be required in addition to
the divergence of the magic trait itself (Felsenstein 1981; Servedio et al. 2011).
Nevertheless, classic magic traits might often facilitate the development of reproductive
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isolation to a greater extent than would non-magic traits (Gavrilets 2004; Servedio et al.
2011).
This extensive discussion of magic traits might seem somewhat tangential. However,
magic traits might be quite central to ecological speciation (Servedio et al. 2011),
depending on the typical strength of divergent selection acting upon them, and on the
typical strength of their effect on non-random mating (Haller et al. 2012). Chapter 4
investigates an unusual floral syndrome called “heterostyly” that involves two
morphological traits that together influence mate choice. In some pollination milieus
these traits are considered “magic”, while in other milieus they are not, illustrating that
traits are not intrinsically “magic”; it is instead the interaction between the environment
and the trait that makes the magic happen (Haller et al. 2012). Additionally, Appendix A
presents a letter (Haller et al. 2012) on the subject of magic traits and speciation,
originally published in response to Servedio et al. (2011), a recent review of this topic.
1.11 Chapter overview
The preceding sections (§1.1–1.10) have reviewed a set of related evolutionary
mechanisms: adaptation, selection, negative frequency-dependence, adaptive divergence,
gene flow, reproductive isolation, ecological speciation, and magic traits. Influenced and
driven by these various mechanisms, heterogeneity within and between environments
generates heterogeneity in adaptive traits and reproductive patterns; a sufficient level of
such adaptive and reproductive heterogeneity constitutes speciation. The following
chapters will use theoretical models to investigate phenomena within this complex
mechanistic tapestry.
Chapter 2 examines the details of adaptation in a single population in a simple
environment, using an empirically motivated sampling protocol to examine the pattern of
selection detected on the modeled population. This unusual approach connects theory
with empirical studies of selection in nature, and helps resolve long-standing issues
regarding evolutionary stasis, stabilizing selection, disruptive selection, and negative
frequency-dependence in natural populations.
Chapter 3 weaves in another mechanistic thread with the addition of heterogeneity
among local environments across a landscape, allowing an examination of the effects of
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spatial environmental heterogeneity on adaptive divergence and evolutionary branching.
The model in this chapter incorporates complex types of environmental heterogeneity
never previously studied, and demonstrates novel effects of heterogeneity on
evolutionary branching. To tie this theoretical model to empirical concerns, connections
are drawn between these findings and empirical work in speciation and conservation.
Chapter 4 presents a sexual model of adaptive divergence, introducing the
mechanistic threads of gene flow and reproductive isolation, and builds toward questions
involving ecological speciation. The model in this chapter is less abstract than those of
previous chapters; in this chapter the evolutionary effects of a specific floral trait,
heterostyly, are explored. Besides advancing our understanding of heterostyly – an
important and widespread trait – the results in this chapter also provide interesting new
views on magic traits, adaptive precision, and the eco-evolutionary dynamics of mating
systems.
Finally, Chapter 5 presents a unifying summary of the preceding chapters. A
flowchart is used to visualize the central idea that heterogeneity propagates upward from
environmental differences to differences among individuals, populations, and ultimately
differences among new species. Heterogeneity is thus both a cause and a consequence of
the process of biodiversification. The position of the preceding chapters in this
conceptual framework is illustrated, and future directions for research are explored.
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CHAPTER 2
Solving the paradox of stasis: Squashed stabilizing
selection and the limits of detection
Haller, B. C., A. P. Hendry. (in review). Solving the paradox of stasis: Squashed
stabilizing selection and the limits of detection. Evolution.
2.1

Abstract
Despite the potential for rapid evolution, stasis is commonly observed over

geological timescales – the so-called “paradox of stasis”. This paradox would be resolved
if stabilizing selection were common, but stabilizing selection is infrequently detected in
natural populations. We hypothesize a simple solution to this apparent disconnect:
stabilizing selection is hard to detect empirically once populations have adapted to a
fitness peak. To test this hypothesis, we developed an individual-based model of a
population evolving under an invariant stabilizing fitness function. Stabilizing selection
on the population was infrequently detected in an “empirical” sampling protocol, because
(1) trait variation was low relative to the fitness peak breadth; (2) non-selective deaths
masked selection; (3) populations wandered around the fitness peak; and (4) sample sizes
were typically too small. Moreover, the addition of negative frequency-dependent
selection further hindered detection by flattening or even dimpling the fitness peak, a
phenomenon we term “squashed stabilizing selection”. Our model demonstrates that
stabilizing selection provides a plausible resolution to the paradox of stasis despite its
infrequent detection in nature. The key reason is that selection “erases its traces”: once
populations have adapted to a fitness peak, they are no longer expected to exhibit
detectable stabilizing selection.
2.2

Introduction
The “paradox of stasis” (or the “problem of stasis”) has long been a focus of debate

among evolutionary biologists (Simpson 1944; Lewontin 1974; Gould and Eldredge
1977; Wake et al. 1983; Williams 1992; Hansen and Houle 2004; Friedman 2009;
Futuyma 2010; Kirkpatrick 2010). At the foundation of the paradox is the pattern,
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commonly seen in the fossil record, of long periods of morphological stasis despite the
potential for – and occasionally the appearance of – rapid evolution (Darwin 1859;
Simpson 1944; Eldredge and Gould 1972; Stanley 1979; Bradshaw 1991; Benton and
Pearson 2001; Gingerich 2001; Eldredge et al. 2005; Gingerich 2009; Uyeda et al. 2011).
Although the generality of stasis has been disputed (Gould and Eldredge 1977; Stebbins
and Ayala 1981; Gould and Eldredge 1993; Erwin and Anstey 1995; Hunt 2007; Hunt
2008), the many instances in which it clearly occurs demand explanation.
One explanation for stasis is the presence of stabilizing selection (Fig. 2.1b)
maintained over long timescales (Charlesworth et al. 1982; Estes and Arnold 2007),
presumably owing to phenotypic fitness peaks that correspond to relatively stable niches
(Holt and Gaines 1992; Ackerly 2003; Hansen 2012). Selection of this sort could
constrain populations to a relatively constant and narrow range of high-fitness
phenotypes and thus limit the frequency and extent of directional evolutionary change.
Although this mechanism is unlikely to explain all instances of evolutionary stasis
(Hansen and Houle 2004), and although other explanations have been advanced (Wake et
al. 1983; Hansen and Houle 2004; Eldredge et al. 2005; Estes and Arnold 2007; Zeh et al.
2009; Futuyma 2010; Kirkpatrick 2010; McGuigan et al. 2011), stabilizing selection does
seem likely in many instances (Charlesworth et al. 1982; Lynch 1990; Estes and Arnold
2007; Uyeda et al. 2011). If stabilizing selection predominates over long timespans in
nature, the paradox would largely be resolved, but a key difficulty remains: stabilizing
selection does not seem to predominate in empirical studies of selection in nature (Travis
1989; Kingsolver et al. 2001; Kingsolver et al. 2012). Indeed, disruptive selection (Fig.
2.1d) is detected (i.e., statistically significant) about as often as stabilizing selection,
while directional selection (Fig. 2.1a) is detected even more often (Kingsolver et al. 2001;
Kingsolver and Pfennig 2007; Knapczyk and Conner 2007; Kingsolver and Diamond
2011; Kingsolver et al. 2012). Furthermore, even when stabilizing selection is detected it
often does not persist through time (Siepielski et al. 2009; Siepielski et al. 2011). We here
propose and test a hypothesis that resolves this apparent disconnect between theoretical
expectations and empirical findings, and thus further promotes stabilizing selection as a
resolution to the paradox of stasis.
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Our hypothesis is that stabilizing selection will be difficult to detect empirically even
when it is common in nature. This hypothesis derives from five postulates. First, when a
population is well adapted, the fitness peak it occupies might be broad compared to the
phenotypic range of the population (Hendry and Gonzalez 2008), leading to relatively
few selective deaths and thus a statistically weak signature of stabilizing selection. In
essence, selection “erases its traces”. Second, populations on fitness peaks might
stochastically wander back and forth, generating episodic directional selection even
though the fitness landscape is stabilizing and invariant (Wright 1932; Lande 1976; Hunt
et al. 2008). Third, random mortality (i.e., mortality uncorrelated with the focal trait
under stabilizing selection) might obscure the selective signal, decreasing statistical
power (Hersch and Phillips 2004). Fourth, negative frequency-dependent selection
(Ayala and Campbell 1974) might flatten, or even dimple, the tops of fitness peaks
(Rosenzweig 1978; Slatkin 1979; Abrams et al. 1993; Bürger 2002a, b; Bürger and
Gimelfarb 2004; Bürger 2005; Rueffler et al. 2006). This combination of negative
frequency-dependent selection and stabilizing selection, which we term “squashed
stabilizing selection” (SSS, Fig. 2.1e; see §2.5.4), causes selective deaths close to the
phenotypic mean that decrease detection of stabilizing selection while increasing
detection of disruptive selection (Day and Young 2004; Sinervo and Calsbeek 2006;
Kingsolver and Pfennig 2007). Fifth, the small sample sizes typically used in empirical
studies of selection might yield insufficient statistical power to detect stabilizing selection
(Kingsolver et al. 2001; Hersch and Phillips 2004).
Although the above postulates seem reasonable and would be expected to limit the
detection of stabilizing selection, they have not previously been subject to quantitative
exploration. We performed this exploration through an individual-based model of a
population subject to an invariant stabilizing fitness function resulting from a resourcebased fitness peak. The dynamics of populations under stabilizing selection have been
extensively explored by previous theoretical research (Wright 1935; Robertson 1956;
Latter 1960; Gale and Kearsey 1968; Lande 1976; Bürger 1986; Keightley and Hill 1988;
Barton 1989; Bürger et al. 1989; Foley 1992; Bürger and Lande 1994; Bürger 1998;
Bürger and Gimelfarb 1999; Willensdorfer and Bürger 2003; Estes and Arnold 2007).
Extending these findings was not our aim; rather we were specifically interested in the
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empirical methods normally employed to detect stabilizing selection on natural
populations. The efficacy of these empirical methods has not been explored in previous
research, and yet this efficacy is central to the crucial disconnect at the heart of the
paradox of stasis: the infrequent empirical detection of stabilizing selection, versus the
theoretical expectation that it should be common.
To address this disconnect as directly as possible, we followed the “virtual ecologist”
approach advocated by Zurell et al. (2010). Specifically, we sampled the modeled
population in simulated mark-recapture experiments each generation, and then used these
samples in standard regression-based tests of selection. From this analysis, we show that
the pattern of selection observed in our model under reasonable parameter values is
compatible with the empirical pattern of selection observed in nature. Our results
therefore promote resolution of the paradox of stasis by showing that a population that
has adapted to a stabilizing fitness function is expected to exhibit statistically detectable
selection (of any type) only rarely. Furthermore, when selection is detected on such a
population, it might be directional or (particularly with the addition of negative
frequency-dependence) disruptive as often as stabilizing. Although natural populations
might often exhibit long-term evolutionary stasis due to stabilizing selection, empirical
studies are currently limited in their ability to detect this phenomenon.
2.3

Methods

2.3.1

Model summary

A full model description is given in §2.S1. In brief, we developed an individualbased, non-spatial, sexual model of the evolution of a single population on an invariant
stabilizing fitness function (parameters summarized in Table 2.1). The model includes
both a selected trait (as), subject to the stabilizing fitness function, and a neutral trait (an)
physically unlinked with the selected trait. The neutral trait serves as a control, showing
the pattern of selection detected on a trait that is not under selection, but that exists in
organisms under selection on other traits. Both traits have a genetic value based on one of
three implemented genetic architectures (see §2.S1.3): (1) a single value representing a
quantitative genetics approach with, conceptually, an infinite number of loci (the
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“quantitative” architecture, following, e.g., Heinz et al. 2009); (2) a diploid 8-locus
triallelic architecture (“triallelic”, following, e.g., Thibert-Plante and Hendry 2011); or
(3) a diploid 8-locus continuum-of-alleles architecture (“continuum”, following, e.g.,
Yeaman and Guillaume 2009). These three architectures were chosen as they bracket the
main alternatives used in theoretical models – alternatives that have been argued to
matter for various outcomes. Notably, all architectures allow the genetic variance of the
population to evolve in response to the selective regime, thus producing more realistic
dynamics than would a fixed variance. Phenotypic trait values (zs, zn) are derived from the
respective genetic values (as, an) by the addition of random environmental noise with
variance VE.
Time is divided into non-overlapping generations with three phases: random
mortality, selective mortality, and reproduction. In the first phase, the population size is
reduced by random mortality at a rate m, representing deaths due to causes other than
selection on the focal trait. In the second phase, additional mortality occurs based on the
absolute fitness of each individual as a function of its phenotype, due to both stabilizing
selection (always enabled) and negative frequency-dependent selection (if enabled by an
“on/off switch” parameter C), similar to Roughgarden (1972) and Dieckmann and
Doebeli (1999). Stabilizing selection is modeled with a Gaussian stabilizing fitness
function of width ω, so that fitness decreases with increasing distance of an individual’s
phenotype from the optimum phenotype θ (see §2.S1.8). Standardized by the phenotypic
standard deviation, ω2 was typically 5–100 with a median of ~12.7 (see §2.S2.3), which is
consistent with the range of values typically observed empirically (Estes and Arnold
2007). Negative frequency-dependent selection, conceptualized as competition, is
modeled with a phenotypic competition kernel width of σc and an intensity c, and its
effects on fitness are combined multiplicatively with the fitness effects due to the
underlying stabilizing fitness function (see §2.S1.5 and §2.S1.8). In the third phase,
sexual reproduction occurs randomly (non-assortatively) up to the environment’s
carrying capacity of juveniles, Nj. Inheritance is modeled according to the above genetic
architectures, including mutation occurring at a rate µ with mutational effect size standard
deviation α (see §2.S1.12 regarding mutational variance, and §2.S2.5 regarding genetic
and phenotypic variances; these are in general agreement with empirical values).
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2.3.2

Data collection

A total of 720 realizations (“runs”) of the model generated the main body of results;
see Table 2.1 for parameter values used. The triallelic architecture comprised 144
realizations: 2 values of C × 3 values of VE × 2 values of µ × 2 values of ω × 2 values of
σc × 3 values of m. The quantitative and continuum architectures, which had two values

of α for each of the above parameter combinations, each comprised 288 realizations.
Since σc is not used by the model when competition is off, the 360 realizations without
competition contain redundancy; specifically, that set covers 180 distinct parameter
combinations, each realized twice. This redundancy allowed the total sizes of various
subsets of the data to be equal, simplifying the analysis, and also allowed the
reproducibility of results to be tested (see §2.S2.9).
Each realization of the model comprised 60,000 generations, with population census
information saved each generation (see §2.S1.11). The first 10,000 generations were
considered “burn-in” and were not used in the results presented here. In reality, fewer
than 1000 generations were necessary for the model to reach a pseudo-equilibrium state
(not shown), but 10,000 generations were used to ensure that the initial state of the model
was unlikely to affect results.
2.3.3

Data analysis

The analysis of the data generated by the model realizations is summarized in Fig.
2.2. Analysis was conducted in the R programming language (version 2.14.2; R
Development Core Team, http://www.r-project.org). A significance threshold of α = 0.05
was used for all statistical tests unless otherwise specified. For each model realization,
separate analyses were conducted using population samples of several sizes (Ns of 100,
500, and 1000 individuals). When the sample size Ns equaled the carrying capacity Nj
(Nj = Ns = 1000), the “sample” was a full population census; this case considered the
detection of selection in the absence of sampling error. To generate a sample of size Ns, a
simulated mark-recapture survey was conducted in which Ns juveniles were “marked” at
the beginning of a generation, and only that subset of individuals was “recaptured” and
subjected to analysis at the end of the generation. A recapture rate of 100% was
guaranteed; in other words, every “marked” individual that survived the random mortality
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and selective mortality phases was “recaptured”, and thus it could be reliably concluded
that all individuals not “recaptured” had died. This methodology produced the most
comprehensive dataset possible for a mark-recapture survey of size Ns, and thus
maximized the rate of detection of selection; it was thus conservative in testing our
hypothesis. Similarly, although surviving individuals do vary in their reproductive output
in our model, our use of survival rather than lifetime reproductive output as the metric of
fitness was conservative because variation in mating success and fecundity in our model
is stochastic, not trait-based, and is therefore not heritable. The addition of this random
noise arising from reproductive stochasticity would have only further masked the signal
of trait-based selection.
For each generation in each subsampled population history, univariate regression
analysis of fitness (as defined by binary survival) as a function of trait value
(standardized to a mean of 0 and a standard deviation of 1) was used to determine the
strength, direction, type, and significance of selection. Two types of regression analysis
were conducted: linear, following Lande and Arnold (1983), and logistic, following
Janzen and Stern (1998). Detection of selection was much more frequent with linear
regression, making it more conservative in testing our hypothesis, so we focus here on
results from the linear regressions (see §2.S2.10 for methods and results for logistic
regression). Regressions were conducted using relative fitness (absolute fitness divided
by mean fitness across the sample), following standard practice (Lande and Arnold 1983;
Brodie et al. 1995; Stinchcombe et al. 2008). For each generation, regression was
conducted first with a linear term to assess directional selection (the “non-quadratic
regression”), and then with both a linear and a quadratic term (the “quadratic regression”)
to assess quadratic selection. Negative (vs. positive) quadratic selection is consistent
with, but not limited to, stabilizing (vs. disruptive) selection (Schluter 1988; Brodie et al.
1995). These regressions were conducted once using the genetic trait (breeding) values of
individuals, and once using phenotypic trait values, allowing us to compare the two.
Finally, each of these regressions was conducted once for the selected trait and once for
the neutral trait. Eight regressions per generation per subsampled history were therefore
conducted: linear/quadratic × genetic/phenotypic × selected/neutral. Quadratic
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coefficients from these regressions were doubled to yield quadratic selection gradients, γ
(Stinchcombe et al. 2008).
A total of 2,419,200,000 regressions were conducted (including supplemental
realizations and logistic regressions; see §2.S2). Estimated selection gradients from each
regression, with their associated standard error and P-value, became the data for further
analysis as described below. Multiple testing was not a concern because it was the
distribution of estimates and significances, not the significance of any particular estimate,
that was of interest. We used univariate regressions, rather than multiple regressions
including both the neutral and selected traits, because the two traits were not physically
linked and were essentially uncorrelated in the model realizations (see §2.S2.1). As
implied above, we used SD-standardized selection gradients, also called variancestandardized selection gradients or selection intensities (Matsumura et al. 2012) and
symbolized βσ by Hereford et al. (2004). We did not use the alternative method of meanstandardization (Hereford et al. 2004; Matsumura et al. 2012) because the modeled traits
are on an interval scale, not a ratio scale (Houle et al. 2011); regardless, standardization is
not relevant to our conclusions. We refer to selection “gradients” throughout, rather than
selection “differentials”, because the values have been standardized (Matsumura et al.
2012).
Summary statistics of the selection gradients, such as the mean, median, standard
deviation, and median absolute deviation, were taken across the 50,000 post-burn-in
generations of each realization of the model for many of the per-generation statistics
computed. The median absolute deviation (MAD) is a robust measure of statistical
dispersion, calculated as the median of the absolute deviations about the median of a
sample; following standard practice, we scale it by 1.4826 for consistency with the
standard deviation (Hampel 1974; Rousseeuw and Croux 1993). We will refer to the rate
of detection of linear selection (i.e., the rate at which the estimated linear selection
gradient is statistically significant) in the non-quadratic regressions using the symbol
P(β*), and the rate of detection of quadratic selection in the quadratic regressions using
the symbol P(γ*). These two statistics directly addressed our central question, from an
empirical sampling perspective: they are the rate at which we could statistically infer
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selection, whether linear or quadratic, for a population known to be evolving on an
invariant stabilizing fitness function.
Realizations with and without competition were generally analyzed separately, due
to the large qualitative effect of competition on the model dynamics (see §2.4.1). Welch’s
t-tests and analysis of variance (ANOVA with main effects and two-way interactions)
were used to determine the significance and effect size for the independent variables on
dependent variables such as P(β*) and P(γ*). Independent variables included: (1) model
parameters, Nj, VE, µ, α, ω, m, and when competition was enabled, σc, (2) the genetic
architecture, G, used for a run, (3) the trait examined, T, whether as, zs, an or zn, and (4)
the mark-recapture sample size, Ns; see Table 2.1. Paired t-tests were used in some cases
to compare the means of parallel groups (realizations with vs. without competition, for
example); in these cases, each realization in one dataset was paired with the (unique)
realization in the other dataset with the same values for all independent variables.
Significance is relatively meaningless for simulation studies, because any non-zero
effect can be made significant with a sufficiently large number of realizations. The
emphasis in our results is thus upon the effect size (given as η2), not the significance, of
the effects observed.
2.4

Results
Complete analysis of the neutral trait is presented in §2.S2.1. In summary, the mean

rate of detection of selection (linear or quadratic) on the neutral trait was less than the
expected type I error rate, and was significantly less than the mean rate of detection of
selection on the selected trait. These observations confirm that the neutral trait acted as a
control, and that results for the selected trait are thus indeed the result of selection. See
§2.S2.1 for further details; all analyses below examine the selected trait. This
presentation focuses on the largest effects, with the remaining effects shown in the
referenced tables and figures.
2.4.1

Effects of competition

For the selected trait (genotypic value as and phenotypic value zs, taken together),
P(β*) was significantly lower with competition than without (competition:
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mean = 0.0458, SD = 0.0158, n = 2160, no competition: mean = 0.0763, SD = 0.0820,
n = 2160, paired t2159 = 18.42, P < 0.001; Fig. 2.3). Indeed, with competition P(β*) was
only slightly greater than for the neutral trait, although the difference was significant
(selected trait: mean = 0.0458, SD = 0.0158, n = 2160, neutral trait: mean = 0.0419,
SD = 0.0178, n = 4320, one-sided unpaired t4829.8 = 8.94, P < 0.001). P(γ*) was
significantly lower with competition than without (competition: mean = 0.128,
SD = 0.208, n = 2160, no competition: mean = 0.142, SD = 0.236, n = 2160, paired
t2159 = 2.16, P = 0.031; Fig. 2.4). Furthermore, the mean proportion of quadratic selection
detected that was stabilizing was lower with competition than without (Fig. 2.4),
indicating that competition caused a shift away from the detection of stabilizing selection,
toward the detection of disruptive selection (competition: mean = 0.370, SD = 0.272,
n = 1791, no competition: mean = 0.753, SD = 0.231, n = 1791, paired t1790 = −62.2,
P < 0.001; only pairs in which quadratic selection was detected for both realizations were
included). In short, the model dynamics qualitatively differed with vs. without
competition (see also §2.4.4 and §2.S2.8). For this reason, the two cases are analyzed
separately below.
2.4.2

Detection of linear selection: P(β*)

Linear selection was not often detected in most realizations (Fig. 2.3). Without
competition, the median P(β*) value was 0.0514, although the variation among
realizations was large (MAD = 0.00909, range 0.000–0.588). With competition, the
median P(β*) was slightly lower, 0.0497, with less variation among realizations
(MAD = 0.00451, range 0.000–0.182). Although both medians were close to the type I
error rate, the high variation among realizations meant that selection could sometimes be
detected above sampling error.
Without competition, ANOVA with only main effects (see §2.3.3) explained 46.5%
of variance in P(β*), and all independent variables were significant (Table 2.3). Detection
of linear selection was increased by a lower random mortality rate m (η2 = 0.217, Fig.
2.3d), by the use of phenotypic rather than genotypic values (η2 = 0.077, Fig. 2.3e), by a
higher mutation rate µ (η2 = 0.074, Fig. 2.3i), and by a smaller stabilizing fitness function
width ω (stronger stabilizing selection; η2 = 0.064, Fig. 2.3b). Other parameters had only
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small effects (η2 < 0.02; Table 2.3, Fig. 2.3). ANOVA incorporating the 28 second-order
interaction terms (Table 2.4) explained an additional 31.4% of variance, but the only
interactions of large effect (η2 ≥ 0.03) involved the mortality rate m (m*ω, m*T, m*Ns,
m*µ). In all these interactions, high random mortality obscured effects of the other
parameters (see §2.S2.6).
With competition, ANOVA with only main effects explained 28% of variance in
P(β*), and all independent variables except VE, ω, and α were significant (Table 2.5).
Detection of linear selection was increased by a lower mutation rate µ (η2 = 0.102, Fig.
2.3i), by the use of phenotypic rather than genetic values (η2 = 0.098, Fig. 2.3e), and by
the use of the quantitative genetic architecture (η2 = 0.046, Fig. 2.3g). Other parameters
had only small effects (η2 < 0.02; Table 2.5, Fig. 2.3). ANOVA incorporating the 36
second-order interaction terms (Table 2.6) explained an additional 32.2% of variance, but
the only interactions of large effect (η2 ≥ 0.03) involved the mutation rate µ (µ*T, µ*G).
In particular, the effect of µ was weaker when phenotypic values were used, and with the
use of the quantitative genetic architecture.
2.4.3

Detection of quadratic selection: P(γ*)

Quadratic selection was not often detected in most realizations (Fig. 2.4). Without
competition, the median P(γ*) value was 0.0511, although the variation among
realizations was large (MAD = 0.0208, range 0.000–1.000). With competition, the median
P(γ*) was slightly higher, 0.0541, also with high variation (MAD = 0.0189, range 0.000–
0.999). Again, although both medians were close to the type I error rate, the high
variation among realizations meant that selection could sometimes be detected above
sampling error.
Without competition, ANOVA with only main effects (see §2.3.3) explained 43.0%
of variance in P(γ*), and all independent variables were significant (Table 2.7). Detection
of quadratic selection was increased by a smaller stabilizing fitness function width ω
(stronger stabilizing selection; η2 = 0.131, Fig. 2.4b), by the use by phenotypic rather than
genetic values (η2 = 0.084, Fig. 2.4e), by lower random mortality m (η2 = 0.081, Fig.
2.4d), by higher environmental variance VE (η2 = 0.052, Fig. 2.4a), by a higher mutation
rate µ (η2 = 0.035, Fig. 2.4i), and by a larger sample size Ns (η2 = 0.030, Fig. 2.4f). Other
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parameters had only small effects (η2 < 0.02; Table 2.7, Fig. 2.4). The quadratic selection
detected was always predominantly stabilizing (Fig. 2.4); furthermore, higher rates of
detection of quadratic selection were generally associated with a higher proportion of the
detected selection being stabilizing (Fig. 2.4), although this was not true for the effect of
sample size (Fig. 2.4f). ANOVA incorporating the 28 second-order interaction terms
(Table 2.8) explained an additional 35.6% of variance, but the only interactions of large
effect (η2 ≥ 0.03) involved the environmental variance VE and the fitness function width ω
(VE*ω, VE*T, ω*m, ω*T). In particular, smaller ω (stronger stabilizing selection) and
higher VE amplified the effects of T and m, and in combination they strongly increased
detection of quadratic selection (realizations with ω = 1 and VE = 0.1: n = 360,
median = 0.193, MAD = 0.286, range 0.000–1.000; other realizations: n = 1800,
median = 0.0504, MAD = 0.0139, range 0.000–0.998).
With competition, ANOVA with only main effects explained 33.6% of the variance
in P(γ*), and all independent variables except VE and µ were significant (Table 2.9).
Detection of quadratic selection was increased by a larger stabilizing fitness function
width ω (weaker stabilizing selection; η2 = 0.107, Fig. 2.4b), by a smaller competition
width σc (η2 = 0.082, Fig. 2.4c), by a larger sample size Ns (η2 = 0.056, Fig. 2.4f), and by
the use of the triallelic genetic architecture (η2 = 0.055, Fig. 2.4g). Other parameters had
only small effects (η2 < 0.03; Table 2.9, Fig. 2.4). The quadratic selection detected was
now always predominantly disruptive (Fig. 2.4; see §2.4.4). Higher rates of detection of
quadratic selection were associated with a higher proportion of the detected selection
being disruptive in some cases (ω, σc, Ns), but with a higher proportion being stabilizing
in other cases (VE, T), and with no clear effect for the remaining parameters (Fig. 2.4).
ANOVA incorporating the 36 second-order interaction terms (Table 2.10) explained an
additional 35.8% of variance, but the only interactions of large effect (η2 ≥ 0.03) involved
ω and σc (ω*σc, ω*G, σc*G). In particular, larger ω and smaller σc amplified the effects of

the genetic architecture, and in combination they strongly increased detection of
quadratic selection (realizations with ω = 10 and σc = 0.5: n = 540, median = 0.170,
MAD = 0.160, range 0.0443–0.999; other realizations: n = 1620, median = 0.0504,
MAD = 0.0121, range 0.000–0.665).
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2.4.4

Distribution of selection gradient values

Following Kingsolver et al. (2001) and others (see §2.2), and in the “virtual
ecologist” spirit, we examined frequency distribution histograms of selection gradients β
and γ. These distributions convey the signs of gradients (whether detected selection is
more often stabilizing or disruptive, in particular), their magnitudes (whether detected
selection is more often relatively strong or weak), and their statistical significances. The
distribution of selection gradient estimates (significant and non-significant combined) for
the selected trait (as and zs taken together) resembled a leptokurtic double exponential
(Laplace) distribution with a unimodal peak at zero, whether for β or γ, with or without
competition (Fig. 2.5). Most of these estimates were not significant, however, as shown
above. Without competition, the distribution of significant β estimates was unimodal,
symmetric, and leptokurtic with a unimodal peak at zero (Fig. 2.5a). With competition,
these estimates formed a wide, flattened bimodal distribution symmetric around zero
(Fig. 2.5b). Without competition, significant γ estimates were almost always negative,
and could be close to zero (Fig. 2.5c). With competition, these estimates were usually
positive, but were bimodal around zero (Fig. 2.5d).
Histograms were also generated for subsets of the model realizations, to show the
effects of particular model parameters on the distributions of β and γ (Fig. 2.6). In
particular, a smaller stabilizing fitness function width ω (stronger stabilizing selection)
produced a higher rate of detection of stabilizing selection, both without competition
(Fig. 2.6a vs. 2.6b) and with competition (Fig. 2.6c vs. 2.6d). With competition, however,
a wider fitness function (weaker stabilizing selection) not only decreased detection of
stabilizing selection, it also increased the detection of disruptive selection (Fig. 2.6c vs.
2.6d; Fig. 2.4b). The relative widths of the fitness and competition functions, ω vs. σc,
were important here (see also §2.4.3); when the competition function was much narrower
than the fitness function (σc ≪ ω), the quadratic selection detected was overwhelmingly
disruptive (Fig. 2.6f), whereas a fitness function much narrower than the competition
function (σc ≫ ω) overwhelmingly produced detection of stabilizing selection (Fig. 2.6g).
When the two widths were relatively commensurate (σc ≅ ω), quadratic selection was
rarely detected, but was a mix of both types (Figs. 2.6e, 2.6h).
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Histograms showing the effects of other parameters were also generated (see
§2.S2.7; Figs. 2.11–2.18). Those results are in agreement with the effects of parameters
that we present above; they also confirm that the environmental variance VE, genetic
architecture G, mutational effect size α, and mutation rate µ had only small effects upon
selection gradient distributions compared to the other parameters.
2.4.5

Other results

Results for additional amplifying and supporting analyses are provided in §2.S2 in
the following sections. §2.S2.1, The neutral trait, shows that the neutral trait was
uncorrelated with the selected trait, and exhibited detectable selection at close to the type
I error rate. §2.S2.2, ANOVA tables for main chapter analyses, provides supplemental
ANOVA tables. §2.S2.3, The strength of stabilizing selection, shows that the realized
selection strength approximated empirical values. §2.S2.4, Effects of mutational variance,
shows minor effects of mutational variance on the detection of selection. §2.S2.5, Effects
of heritability, shows that emergent heritabilities approximated empirical values, but had
only minor effects on the detection of selection. §2.S2.6, Selective deaths and the
detection of selection, discusses a “signal-to-noise ratio” perspective on our results.
§2.S2.7, Effects of parameters on the selection gradient distribution, shows how
parameter values affected the distribution of selection gradients. §2.S2.8, Two case
studies, inspects two particular realizations. §2.S2.9, Autocorrelation and reproducibility,
shows that results were reproducible; temporal autocorrelation was limited and did not
cause bias. §2.S2.10, Logistic vs. linear regression, shows that logistic regressions
produced qualitatively similar results, with less frequent detection of selection and
smaller gradient estimates. §2.S2.11, The intrinsic rate of evolution, shows that,
curiously, the observed intrinsic rate of evolution was a function of sample size alone.
§2.S2.12, Temporal variation in selection, shows that temporal variation in selection in
our model was largely, but not entirely, due to sampling error. §2.S2.13, Effects of large
population and sample size, shows results from a larger population size, consistent with
our main results. Finally, §2.S2.14, Estimation of fitness landscape parameters, explores
the estimation of the width of the stabilizing fitness function and the position of the
phenotypic optimum from selection gradients.
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2.5

Discussion
Stasis is commonly observed on geological timescales, suggesting that stabilizing

selection is common, and yet stabilizing selection is detected infrequently in empirical
studies of natural populations. To investigate this apparent disconnect, we constructed an
individual-based model of a population subject to an invariant stabilizing fitness function
(and optionally also negative frequency-dependent selection), and then applied an
“empirical” sampling protocol in each generation to determine the inferred pattern of
selection. Our results support the hypothesis that stabilizing selection will be infrequently
detected even when the fitness function on which the population has evolved is
stabilizing. We first discuss our model results, and then synthesize them to form a larger
picture regarding the limits of detection of stabilizing selection and implications for the
paradox of stasis.
2.5.1

The five postulates

The five postulates motivating our hypothesis that stabilizing selection should be
detected only infrequently were confirmed in our realizations. First, broader fitness peaks
hindered the detection of stabilizing selection, an effect most clearly seen without
competition (Fig. 2.4b). With competition, quadratic selection was sometimes detected
more frequently, but this was due to increased detection of disruptive selection; detection
of stabilizing selection decreased as expected (Figs. 2.6c–d). Second, the stochastic
wandering of populations in the vicinity of the fitness peak produced the episodic
detection of directional selection. This effect was particularly pronounced when the
population was more likely to encounter the shoulders of the fitness peak (narrower
fitness peaks, higher mutational variance, and higher environmental variance) or when
statistical power was higher (lower random mortality, larger sample sizes, and the use of
phenotypic values). Third, random mortality hindered the detection of selection, whether
linear or quadratic (Figs. 2.3d, 2.4d). In addition, without competition high random
mortality also reduced the rate at which quadratic selection, when detected, was
stabilizing (Fig. 2.4d). Fourth, the addition of negative frequency-dependent selection
produced squashed stabilizing selection (SSS) that decreased detection of stabilizing
selection and increased detection of disruptive selection (Fig. 2.5c vs. 2.5d). More
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specifically, the relative strengths of stabilizing selection and negative frequencydependent selection predicted whether the fitness peak with SSS would be dimpled or
merely flattened (Dieckmann and Doebeli 1999), and whether the quadratic selection
detected would be predominantly stabilizing, disruptive, or a mixture of the two (Fig.
2.6). Fifth, smaller sample sizes hindered the detection of selection, whether linear or
quadratic (Figs. 2.3f, 2.4f). However, even sample sizes of 2500 (see §2.S2.13) generally
produced infrequent detection of selection, so while small sample sizes make selection
extremely hard to detect, even very large sample sizes are not a panacea, due to the
effects of the other four postulates.
2.5.2

Patterns of selection without competition

In the absence of competition or other negative frequency-dependent selection, the
modeled population was free to adapt to the fitness peak as closely as was allowed by
mutation and drift. Even with a wide stabilizing fitness function the population’s variance
was often quite small compared to the width of the fitness peak (Fig. 2.7a; see §2.S2.3),
and selective deaths were mostly among the few individuals in the tails of the phenotypic
distribution (Fig. 2.19b). As expected, stabilizing selection was detected more often when
the stabilizing fitness function was narrower (Figs. 2.4b, 2.6), but even then detection was
infrequent. This reflects the fact that once a population is well adapted, most genotypes
deviating substantially from the fitness peak have been eliminated. Selection “erases its
traces”.
Despite the fact that the population was well adapted to an invariant stabilizing
fitness function, directional selection was sometimes detected above sampling error.
Because the population evolved a narrow phenotypic range relative to the fitness function
width, the mean could drift stochastically in the vicinity of the optimum until eventually
limited by directional selection (see Movie 2.1). In fact, drift often took the population
into regions of directional selection for extended periods of time (Fig. 2.19a). The
population was often unresponsive to this directional selection because the selection was
extremely weak, as evidenced by the fact that directional selection was often not detected
even when the population was at its maximum excursion from the optimum. With a
Gaussian fitness function, the strength of directional selection is proportional to the
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distance of the population phenotypic mean from the optimum (Lande 1980); here the
population never wandered far enough for directional selection to become strong enough
to be easily detectable. This illustrates that very weak selection suffices to keep
populations in the vicinity of fitness peaks (Lande 1976). Directional selection was, of
course, more likely to be detected with a narrow stabilizing fitness function (Fig. 2.3b;
see §2.S2.12), since the population’s stochastic wandering was then more likely to carry
it into a region in which it would experience many selective deaths.
2.5.3

Patterns of selection with competition

The addition of negative frequency-dependent selection due to intraspecific
competition qualitatively changed the model dynamics. With competition, many selective
deaths occurred – sometimes more than half of the population per generation, although
often much lower (Fig. 2.10c). While stabilizing selection causes mortality mainly for
extreme phenotypes, competition causes mortality mainly for common phenotypes; the
“messages” from these two causes of death conflict (Bürger 2002a; Moreno-Rueda
2009). This conflict made detection of stabilizing selection even less likely, and detection
of disruptive selection more likely although still rare (Figs. 2.4–2.6).
With competition, the population still wandered in the vicinity of the fitness peak,
but now more rapidly than without competition (Figs. 2.20 vs. 2.19). This was because
the mechanism driving the wander was different: without competition it was drift, but
with competition it was selection. With competition, variation in the phenotypic
distribution (due to demographic stochasticity) was immediately compensated for by
selection, since too-common phenotypes suffered decreased fitness and too-rare
phenotypes enjoyed heightened fitness. Detection of directional selection was almost
non-existent for most realizations because of this tight feedback (Figs. 2.3, 2.5b);
although the magnitude of excursions from the optimum was similar to that observed
without competition, the magnitude relative to the phenotypic variance of the population
was much smaller (Fig. 2.19a vs. 2.20a), and what signal of directional selection existed
was obscured by the many selective deaths due to negative frequency-dependence.
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2.5.4

Squashed stabilizing selection

A population under disruptive selection on a static fitness landscape would occupy
an unstable equilibrium; the population would rapidly escape the fitness minimum by
evolving toward one phenotypic extreme or the other (but see Felsenstein 1979). For this
reason, disruptive selection has often been expected to be rare (Endler 1986; Bolnick and
Lau 2008), making it difficult to explain why it is detected at least as often as stabilizing
selection in natural populations (Kingsolver et al. 2001). However, negative frequencydependent selection can cause a more dynamic type of disruptive selection that follows
the population phenotypic mean, and if this is combined with stabilizing selection, a
fitness minimum that is a stable equilibrium can result (Slatkin 1979; Abrams et al. 1993;
Bürger 2002a, b; Bürger and Gimelfarb 2004; Bürger 2005; Rueffler et al. 2006;
Schneider 2006). Negative frequency-dependent selection in our model is due to
intraspecific competition, but it can also result from predation, parasitism, sexual
selection, environmental heterogeneity, or other ecological causes (Ayala and Campbell
1974; Allen 1988; Brown and Pavlovic 1992; Abrams et al. 1993; Dieckmann and
Doebeli 1999; Doebeli and Dieckmann 2000; Bolnick 2004; Spichtig and Kawecki 2004;
Gray and McKinnon 2007). We call the combination of stabilizing selection and negative
frequency-dependent selection “squashed stabilizing selection” (SSS; Fig. 2.1e).
SSS is a combination of stabilizing selection, which depends on the environment,
and negative frequency-dependent selection, which depends on the phenotypic
distribution of the population. Like disruptive selection, SSS increases genetic variance;
however, a population under SSS can escape the fitness minimum only through
speciation or conceptually related responses, such as sexual dimorphism (Bolnick and
Doebeli 2003; Kopp and Hermisson 2006; Cooper et al. 2011). Like stabilizing selection,
SSS constrains the population to the vicinity of a phenotypic optimum determined by the
environment; however, for SSS this environmental “optimum” can be a fitness minimum
for a population occupying it (Abrams et al. 1993).
SSS is closely related to the concepts of stable fitness minima (Abrams et al. 1993)
and evolutionary branching points (Geritz et al. 1998). Stable fitness minima and
evolutionary branching points, however, are always fitness minima, whereas the negative
frequency-dependent selection in SSS may merely flatten the fitness peak somewhat,
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without dimpling it downward into a local fitness minimum. Furthermore, SSS is defined
by the mechanisms of selection acting on the population (stabilizing selection and
negative frequency-dependent selection), whereas stable fitness minima and evolutionary
branching points are defined by their evolutionary effects, such as convergence and
stability (or lack thereof), and thus might (in principle, at least) be produced by other
types of selection.
Competition in our model caused SSS, observed as a flattened or dimpled fitness
peak (Fig. 2.7c; see Movie 2.2). Whether the peak shape was dimpled or merely flattened
depended on the relative widths of the stabilizing fitness function and the competition
function (Dieckmann and Doebeli 1999). In either case, however, SSS decreased
detection of stabilizing selection and increased detection of disruptive selection (Figs.
2.4–2.6). The few realizations in which disruptive selection was frequently detected all
involved SSS, suggesting that SSS might also cause the disruptive selection detected in
nature. But if SSS is to explain the frequency at which disruptive selection is detected in
nature relative to stabilizing selection, it must be fairly common.
2.5.5

Comparisons to selection estimates from natural populations

The distributions of selection coefficients generated in our realizations share several
properties with the distributions seen in meta-analyses of selection observed in nature.
First, selection of all types was only infrequently detected in nearly all realizations (Figs.
2.3–2.5), as in nature (e.g., Kingsolver et al. 2001). This similarity demonstrates that the
infrequent detection of stabilizing selection does not contradict the hypothesis that most
natural populations are well adapted to relatively stable fitness peaks (Estes and Arnold
2007; Hendry and Gonzalez 2008). Detection of selection (linear or quadratic) was aided
by low random mortality and large sample size, but remained infrequent for most
realizations even with favorable values of these parameters (Figs. 2.3, 2.4). Second,
neither stabilizing nor disruptive selection predominated in the selection detected across
all of our realizations (Fig. 2.5) – as is also the case in nature (e.g., Kingsolver et al.
2001). This suggests that natural populations are often subject to SSS, since it seems the
most likely source of disruptive selection. Third, directional selection was variable both
with and without competition, but was typically very weak (Figs. 2.5a–b, 2.25, 2.26; see
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§2.S2.12). This finding might inform the results of Siepielski et al. (2009) in showing that
selection estimates can be highly variable even with a static fitness landscape. Morrissey
and Hadfield (2012) emphasize that the appearance of temporal variation in selection
might be mainly due to sampling error. Sampling error (Fig. 2.26c) certainly played a
role in our realizations, but the stochastic wandering of the population in the vicinity of
the adaptive peak was also detectable (Figs. 2.3, 2.19; see §2.S2.12).
Our model thus has several direct consequences for the empirical measurement and
interpretation of selection. (1) The observation of temporal variation – even beyond
sampling error – in the direction, magnitude, or significance of selection gradients does
not necessarily mean that the underlying fitness function is changing. (2) The observation
of disruptive selection does not imply that the population is not also subject to an
underlying stabilizing fitness function that maintains stability in the long run. (3) These
inferential problems will not necessarily be resolved by larger – even much larger –
sample sizes; new methods might be needed (Figs. 2.3f, 2.4f; see §2.S2.13). (4) The idea
of fitting quadratic fitness functions to decide whether selection is disruptive or
stabilizing is too limiting (Schluter 1988; Schluter and Nychka 1994; Brodie et al. 1995;
Arnold et al. 2001; Kingsolver et al. 2012). SSS is probably common in nature, and
perhaps we can find its signatures using methods such as cubic splines (Schluter 1988),
projection pursuit regression (Schluter and Nychka 1994), tensor decomposition
(Calsbeek 2012), or quartic polynomial regressions (perhaps fitting the dimpled shape of
strong SSS). Martin and Wainwright (2013) provide an excellent example, finding what
appears to be SSS due to competition in Cyprinodon pupfishes; more such studies are
needed (see other possible examples in Schluter 1994; Blows et al. 2003; Bolnick 2004;
Bolnick and Lau 2008; Hendry et al. 2009; Moreno-Rueda 2009; Martin and Pfennig
2012). (5) Greater awareness is needed of the distinction between the true fitness
landscape versus the apparent fitness landscape that is revealed by the observed pattern of
selection. We must find new techniques, including experimental manipulation (Martin
and Wainwright 2013), to deduce the true fitness landscape.
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2.5.6

Resolving the paradox of stasis

The paradox of stasis has long been an outstanding problem in evolutionary biology.
Acceptance of stabilizing selection as the main solution to the paradox has been hindered
by the infrequent detection of stabilizing selection in nature – and the detection, at similar
or greater frequency, of directional and disruptive selection. We resolve this difficulty,
and thereby provide support for stabilizing selection as a general solution to the paradox
of stasis. Specifically, we show that observed patterns of selection in nature – the low rate
of detection of stabilizing selection, and the detection at similar or greater frequency of
directional and disruptive selection – do not conflict with the idea that populations are
commonly maintained near fitness peaks by stabilizing selection. On the contrary: if
stabilizing selection is common, but is often mixed with negative frequency-dependent
selection to produce SSS, then our model readily explains the observed pattern of
selection in nature.
We suggest several important future directions for research. First, we modeled only
temporally invariant stabilizing selection, whereas adaptive peaks doubtless sometimes
move. One could thus ask: given a change (gradual or abrupt) in the environmental
optimum for a trait under stabilizing selection (following, e.g., Lynch et al. 1991; Collins
et al. 2007; Kopp and Hermisson 2007), can the change in optimum be observed in the
pattern of selection detected, relative to the expected pattern for a stationary optimum?
Second, another hypothesis regarding the infrequent detection of stabilizing selection in
nature is that stabilizing selection acts not on univariate traits but on their multivariate
combinations (Phillips and Arnold 1989; Blows and Brooks 2003). This hypothesis
seems orthogonal to ours, and both might well be true; a model of composite traits under
stabilizing selection might further illuminate this hypothesis.
Selection is at the very heart of evolutionary biology, and yet the details of how it
acts remain poorly understood, as exemplified by the durability of the paradox of stasis.
A redoubling of efforts to measure and understand selection is needed, with new ideas
and approaches rather than just larger sample sizes. We hope to have provided some
ideas for directions in which to proceed.
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Table 2.1. Model parameters (above the divider) and analysis-related symbols (below the
divider) with their value(s) and their units. Units are expressed using the symbols E
(ecological phenotype), I (individuals), and G (generations).
Description
Competition enabled

Symbol

Value

C

off, on

Units
–
a

Number of juveniles (individuals prior
to mortality)

Nj

1000, 2500

I

Environmental variance

VE

0.1, 0.01, 0.001

E2

Mutation rate per locus

µ

0.001, 0.00001

G−1

Mutational effect size (standard
deviation of the mutational kernel)

α

0.5, 0.05 b

E

Phenotypic optimum

θ

0.0

E

Width of the Gaussian fitness function
(strength of stabilizing selection)

ω

1.0, 10.0

E

Phenotypic competition width
(standard deviation of the
competition kernel)

σc

0.5, 2.0 c

E

Intensity of competition

c

1.0 c

–

Mortality rate

m

0.0, 0.1, 0.5

G−1

Genetic architecture

G

Q, T, C d

–

Mark-recapture subsample size

Ns

100, 500, 1000, 2500 a

I

Analyzed trait

T

as, zs, an, zn e

–

Realizations with Nj = 2500 were limited to µ = 0.001 and α = 0.5, and are shown in
§2.S2.13; subsample size Ns = 2500 was only conducted for those realizations.
a

Parameter α is not defined for the triallelic genetic architecture; where values of α are
plotted, a value of 1.0 is used in this case; see §2.S1.3.
b

Parameters σc and c are used by the model only when competition is enabled
(C = on); see §2.3.1 and §2.S1.8.
c

d

Genetic architecture values Q, T, and C represent the quantitative, triallelic, and
continuum genetic architectures respectively; see §2.3.1 and §2.S1.3.
e

Analyzed trait values as, zs, an, and zn represent the selected trait’s genetic (breeding)
and phenotypic values and the neutral trait’s genetic (breeding) and phenotypic values,
respectively; see §2.3.1 and §2.S1.2.
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Fitness

b

c

d

e

Frequency

a

Phenotype (z)

Phenotype (z)

Phenotype (z)

Phenotype (z)

Phenotype (z)

Figure 2.1. Types of univariate selection (after Fig. 1 in Phillips and Arnold 1989). The
top of each panel shows a fitness function; below is shown a population trait frequency
distribution before selection (solid line), the action of selection (arrows), and the
frequency distribution after selection (dashed line). The types of selection shown are: (a)
directional, (b) stabilizing, (c) a combination of directional and stabilizing selection, (d)
disruptive selection, and (e) “squashed stabilizing selection” (SSS), a combination of
stabilizing selection and negative frequency-dependent selection (see §2.2 and §2.5.4).
The top of (e) illustrates that the addition of negative frequency-dependent selection can
either flatten the top of the fitness peak (dashed line) or actually dimple it downward
(solid line); both are “squashed”. The bottom of (e) illustrates that SSS causes the
phenotypic distribution after selection to be platykurtic (dashed line); but for quantitative
traits, random mating will restore a normal distribution in the offspring (dotted line), and
thus the net effect is an increase in variance, as with disruptive selection (Slatkin 1979).
Note that the fitness landscapes in (a)–(d) are static; because of this, a population
experiencing disruptive selection (d) is in an unstable equilibrium and will escape from
the fitness minimum in one direction or the other. In contrast, the fitness landscape in (e)
is dynamic, due to the presence of frequency-dependent selection; a population
experiencing SSS is at a stable equilibrium and cannot escape the fitness minimum.
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a

Model definition (Supplemental S1)
realizations (runs)

b

Full population histories
(neutral & selected trait values, survival)
mark/recapture simulations

c

Subsampled population histories
(neutral & selected trait values, survival)
linear regressions

d

Selection gradient estimates (β / γ) for each
generation, with statistical significances
further statistical analyses

e

summary
statistics

P(β*)
P(γ*)

frequency
histograms

ANOVAs

f

Significance and effect size of the effects
of parameters on P(β*) and P(γ*)

Figure 2.2. The principal path of data analysis in Chapter 2. The model (a) was realized
with various parameter values to generate the primary dataset: full histories of the
modeled populations (b), including genotypic and phenotypic values for the neutral and
selected traits of each individual, and whether each individual survived to reproductive
age. These histories were subsampled to simulate an empirical mark-recapture protocol,
generating the subsampled histories (c) used by the subsequent analysis. Linear
regressions of survival as a function of trait value were then applied to each generation of
the subsampled histories to produce estimates of the selection gradients (β and γ) acting
on each population in each generation (d). Summary statistics and frequency histograms
were used to summarize these selection gradient estimates; additionally, the rates of
detection of β and γ, P(β*) and P(γ*) (e), were calculated for each realization to
determine how often we can expect to detect selection of different types (linear and
quadratic) on a population subject to an invariant stabilizing fitness function. Finally,
ANOVAs incorporating all of the varied model parameters were used to determine the
significance and effect size of the effects of model parameters on P(β*) and P(γ*), both
without and with competition.
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Figure 2.3. Effects of independent variables on the rate of detection of linear selection, P(β*).
Each panel shows effects without competition on the left, and with competition on the right, for:
(a) Environmental variance, VE ; (b) Fitness function width, ω; (c) Competition width, σc ; (d)
Mortality rate, m; (e) Trait examined, T; (f) Sample size, Ns ; (g) Genetic architecture, G; (h)
Mutation effect size, α; (i) Mutation rate, µ. Parameters for which ANOVA indicates a significant
effect are shown with stars (*) at top; see Tables 2.3 and 2.5. Boxes span the first to third
quartiles, with a thick line at the median; whiskers extend to the most extreme data point no more
than 1.5× the interquartile range from the box. Red lines indicate the threshold used to determine
significance of individual selection gradient estimates (α = 0.05); realizations above the red line
detected linear selection more often than the expected type I error rate. Each panel is based upon
4320 realizations, and thus the outliers shown are a small minority of realizations. Because the
same P(β*) values are plotted in each panel, the combination of parameter values that produced
most of the high-P(β*) outliers may be readily ascertained: ω = 1, m = 0.0, T = zs, and Ns = 1000.
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Figure 2.4. Effects of independent variables on the rate of detection of quadratic
selection, P(γ*). Each panel shows effects without competition on the left, and with
competition on the right, for: (a) Environmental variance, VE ; (b) Fitness function width,
ω; (c) Competition width, σc ; (d) Mortality rate, m; (e) Trait examined, T; (f) Sample
size, Ns ; (g) Genetic architecture, G; (h) Mutation effect size, α; (i) Mutation rate, µ.
Parameters for which ANOVA indicates a significant effect are shown with stars (*) at
top; see Tables 2.7 and 2.9. Boxes span the first to third quartiles, with a thick line at the
median; whiskers extend to the most extreme data point no more than 1.5× the
interquartile range from the box. Red lines indicate the threshold used to determine
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significance of individual selection gradient estimates (α = 0.05); realizations above the
red line detected quadratic selection more often than the expected type I error rate.
Numbers above each column indicate the median proportion of detected quadratic
selection that was stabilizing. More precisely, the number is the median of per-realization
scores across all realizations in the given column, where each per-realization score is the
proportion of generations, among only those generations for which quadratic selection
was detected, for which the detected quadratic selection was stabilizing (i.e., a negative
estimate for γ). Note that this metric weights all realizations equally, regardless of P(γ*).
Each panel is based upon 4320 realizations, and thus the outliers shown are a small
minority of the data. Because the same P(γ*) values are plotted in each panel, the
combination of parameter values that produced most of the high-P(γ*) outliers may be
readily ascertained: without competition, VE = 0.1, ω = 1, m = 0.0, T = zs, and Ns > 100;
with competition, ω = 10, σc = 0.5, m < 0.5, and Ns > 100.
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Figure 2.5. Absolute frequency histograms of linear selection gradients, β, and quadratic
selection gradients, γ, for the selected trait (as and zs, taken together), across all
realizations of the model: (a) frequency of β with no competition, (b) frequency of β with
competition, (c) frequency of γ with no competition, (d) frequency of γ with competition.
In all panels, black shading shows the portion of estimates of β or γ that are significant
(P < 0.05). Note that the central peak in all panels is off of the scale; many nonsignificant gradient estimates close or equal to zero were observed.
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Figure 2.6. Effects of the fitness function width ω and the competition width σc on the distribution of estimates of γ. Panels show
absolute frequency histograms of quadratic selection gradients, γ, for the selected trait (as and zs, taken together), across various
subsets of the model realizations. The top row (a, c, e, g) incorporate realizations with strong selection (ω = 1.0); the bottom row (b, d,
f, h) use weak selection (ω = 10.0). The leftmost column (a, b) uses realizations without competition, while the second column (c, d)
uses realizations with competition. The remaining panels (e–h) explore the joint effect of the competition width, for realizations with
competition, given a particular strength of selection: the third column (e, f) uses realizations with narrow competition (σc = 0.5), while
the rightmost column (g, h) uses realizations with broad competition (σc = 2.0). In all panels, black shading shows the portion of
estimates of γ that are significant (P < 0.05). Note that the central peak in most panels is off of the scale; many non-significant
gradient estimates close or equal to zero were observed.
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2.S1 Chapter supplemental: Model description
The model description presented here is structured according to the guidelines
suggested by Grimm et al. (2006). The model is an individual-based non-spatial sexual
model with non-overlapping generations. It was implemented in Objective-C using the
Cocoa object-oriented framework (Apple Inc., http://www.apple.com, Mac OS X 10.6.8).
All model parameters are summarized in Table 2.1.
2.S1.1

Purpose

The purpose of this model is to produce full census records, including genetic and
phenotypic trait values and survival records, of a population evolving on an invariant
stabilizing fitness function and, optionally, also subject to negative frequency-dependent
selection due to intraspecific competition. The model is designed to separate out the
regulation of population size from selection involving the focal trait; it is assumed, in
other words, that population size is regulated by other factors. Because the generated
census records are intended to be analyzed using a mark-recapture protocol based upon
common empirical practice, random mortality uncorrelated with the focal trait is also
modeled. A neutral (unselected) trait with the same genetics as the focal trait, but
physically unlinked with that trait, is included as a control.
2.S1.2

Environment and state variables

Each individual in the model is defined by two traits, its selected trait and its neutral
trait. For each individual, the selected trait has a genetic trait value as and an
environmental trait deviation es; the individual’s phenotype for the selected trait, zs, is
additively generated from these values (zs = as + es). The neutral trait is similarly defined
by genetic, environmental, and phenotypic values an, en, and zn (zn = an + en). An
individual’s genetic trait values as and an are themselves defined by one or many values,
representing additive alleles, depending upon the underlying genetic architecture (see
§2.S1.3). The state of the model at any point in time is therefore fully specified by the
state (as, es, an, en) of all individuals, keeping in mind that as and an are themselves
defined by their allelic values, which are therefore part of the model’s state.
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The environment in the model is non-spatial and stateless; its properties are governed
by parameters discussed in the following sections.
2.S1.3

Genetic architectures

Three genetic architectures were used for the model realizations discussed here, for
purposes of comparison and generality: a quantitative-genetics-based architecture
(“quantitative”), a diploid 8-locus triallelic architecture (“triallelic”), and a diploid 8locus continuum-of-alleles architecture (“continuum”). Each architecture will be
discussed in turn, including the way in which inheritance and mutations are implemented
for that architecture. For convenience this section will refer to any genetic trait values of
an individual, whether as or an, simply as a; for a given realization of the model, the
genetic architectures of the selected and neutral traits are always the same.
QUANTITATIVE ARCHITECTURE: The quantitative architecture implements each
genetic trait value a according to the so-called infinitesimal model, using a single
unbounded continuous value that represents the additive effects of an infinite number of
loci of infinitesimal effect size (Fisher 1918; Bulmer 1980). Offspring of parents with
trait values a1 and a2 receive a trait value a drawn from a normal distribution with its
mean equal to the mid-parental value

1
2

( a1 + a2 )

and with standard deviation

1
2

a1 − a2

(following, e.g., Heinz et al. 2009). If a mutation occurs (see §2.S1.9), the offspring trait
value a is then altered by a mutational effect of a magnitude drawn from a normal
distribution with mean 0 and standard deviation α.
TRIALLELIC ARCHITECTURE: The triallelic architecture implements each genetic trait
value a using 8 pairs of values, λa1 and λb1 through λa8 and λb8, where each pair (λan, λbn)
represents one diploid locus; each allele λ may take one of the three possible allelic
values, −1, 0, or +1 (following, e.g., Thibert-Plante and Hendry 2011). The value of a is
determined additively from the λ values, scaled by the square root of the number of
alleles according to

(

a= 1

8×2

)∑(λ
8

an

+ λbn )

(Formula 2.1).

n=1
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Although many models scale by the number of alleles (e.g., Dieckmann and Doebeli
1999), such scaling has the effect that the maximum genetic variance possible without
linkage disequilibrium decreases as the number of loci increases, which is undesirable
since it appears to be biologically unrealistic (traits based upon a very large number of
loci, such as human height, do not thereby have a variance close to zero). Scaling by the
square root of the number of alleles ( 8 × 2 in this case) ensures that the maximum
genetic variance does not depend upon the number of loci upon which the trait is based
(Dieckmann, U., and Meszéna, G., pers. comm.). Since versions of the model were tested
with anywhere from 2 to 256 loci, this was an important consideration in the model’s
construction, but it is of less importance to the results we present here, since we here
discuss only the 8-locus version of the triallelic architecture.
Offspring in the triallelic architecture inherit alleles from the parents with equal
probability and without linkage, according to standard Mendelian inheritance; in other
words, each parent will contribute either its λan or its λbn value to the offspring, with equal
probability. If a mutation occurs for an allele in the triallelic architecture, that allele’s
value is altered by one step in a random direction; values of −1 and +1 therefore always
change to 0, while a value of 0 will change to either −1 or +1 with equal probability.
CONTINUUM ARCHITECTURE: The continuum architecture implements each genetic
trait value a using 8 pairs of values, λa1 and λb1 through λa8 and λb8, where each pair (λan,
λbn) represents one diploid locus (following, e.g., Yeaman and Guillaume 2009). Each
allelic value λ may take any unbounded continuous (thus “continuum”) value (Kimura
1965). The genetic trait value a is determined additively from the allelic values, scaled by
the square root of the number of alleles of which the trait is composed, as in the triallelic
architecture (see Formula 2.1). Offspring inherit allelic values as in the triallelic
architecture. If a mutation occurs for an allele, the allelic value is offset by a draw from a
normal distribution of mean 0 and standard deviation α, as in the quantitative
architecture.
One difference between these genetic architectures is that the triallelic architecture
has a bounded genetic range, whereas the quantitative and continuum architectures are
unbounded. Care was taken to ensure that the phenotypic range of the population was
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generally within the bounds of the triallelic architecture, to minimize the importance of
genetic boundary effects, but the difference nevertheless does exist.
Another difference is in the magnitude of the mutational variance experienced by the
different architectures. The mutational variance, VM, may be calculated using the standard
formula VM = pnµσα 2 , where p is the ploidy level (i.e., 2 for diploid), n is the number of
loci (so pn is the number of alleles), µ is the mutation rate (the probability of a mutation,
per allele), and σα 2 is the mutational variance per allele when a mutation does occur
(Lynch 1988). For the quantitative genetics architecture, pn is taken to be 1, so
VM = µσα 2 , and σα 2 is the square of the mutational variance parameter α. For the diploid

8-locus continuum-of-alleles architecture, σα 2 = α 2 pn , because of the scaling of allelic
effect size described above (see Formula 2.1; note the scaling of the allelic effect by

pn becomes squared in the conversion from standard deviation to variance). Finally,
for the diploid 8-locus triallelic architecture, σα 2 = 1 pn , because mutated alleles always
change in value by 1, with the allelic effect size then scaled as described above (see
Formula 2.1). The realized mutational variances for the genetic architectures and
parameter values used are shown in Table 2.2.
The mutational heritability hM2 = VM VE may easily be calculated from these
mutational variances (Lynch 1988; Houle et al. 1996), given the value of VE for a
particular realization of the model. These mutational heritability values range from 1.0 to
2.5×10−7 for the parameter values used. This range of values is wider than the empirically
observed distribution, which ranges from approximately 3×10−2 to 1×10−4 (Houle et al.
1996). The wide range of mutational heritabilities in our model is a consequence of our
deliberate use of a wide range of mutational variances that span the values used by other
models (see §2.S1.12). However, more than half of our realizations fall within the range
of empirically observed values. Moreover, very few values have been observed for
empirical systems thus far, and so the actual range of mutational heritabilities in nature is
doubtless wider than has yet been documented.
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2.S1.4

Initialization

Initially, the model contains Nj individuals, with each individual receiving selected
trait and neutral trait genetic values, as and an, according to the genetic architecture. For
the quantitative architecture, initial genetic trait values are drawn from a uniform
distribution between −1 and +1. For the triallelic architecture, each allele λ has an equal
and independent probability of being either −1, 0, or +1. For the continuum architecture,
each allele λ is drawn from a uniform distribution between −1 and +1. These rules result
in initial genetic distributions that are reasonably similar between the different
architectures, and that in all cases have substantially more genetic variance than is
observed in the model following the “burn-in” period (see §2.3.2). The equilibration of
the model during burn-in therefore does not depend principally upon the accumulation of
new mutations, which would be slow and very stochastic, but instead principally upon the
sorting of the initial standing genetic variation. If there is a bias introduced by the choice
of initial state, it is thus toward a stable, consistent equilibrium, and is thus conservative
with respect to our hypotheses.
The initial selected trait and neutral trait environmental values, es and en, are drawn
from a normal distribution with mean 0 and variance VE, just as for new offspring (see
§2.S1.9).
2.S1.5

Interactions

Individuals interact only through negative frequency-dependent selection, here
conceptualized as competition although other ecological interactions can also generate
this pattern of selection (see §2.5.4). The model of competition used is based upon that of
Roughgarden (1972), assuming a Gaussian competition kernel as in many similar models
(e.g., Slatkin 1979; Doebeli and Dieckmann 2003), with modifications explained below.
Here zi will refer to the selected trait value zs of an individual i, for notational
simplicity, since the neutral trait is not involved in interactions. The strength of
competition felt by a focal individual i is the mean of the strengths of competition due to
every other individual, scaled by the intensity of competition, c, as given by
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ceff =

N

c
N−1

∑

e

−(z i − z j )2 2 σc2

(Formula 2.2).

j=1, j≠i

The mean is used, rather than the sum divided by the carrying capacity as in many other
models, because competition is not meant to act as a regulator of population size in this
model, and thus the strength of competition should not depend upon the number of other
individuals present; in other words, the competition modeled is frequency-dependent but
not density-dependent. From an implementation perspective, this is principally so that
when competition is turned off the population size continues to be regulated in essentially
the same manner as when it is turned on; the population size will be smaller in the former
case than in the latter, because competition causes additional mortality, but the magnitude
of that decrease will depend only on the phenotypic distribution of the population, not on
the population size, and it is typically not large. From a biological perspective, this choice
could reflect, for example, a situation in which competition is exerted by other
individuals that are nearby in space, such that (with a constant spatial density of
individuals determined, for example, by territorial behavior, or by density regulation
based upon traits uncorrelated with the modeled trait) the average strength of competition
over a generation depends upon the phenotypic distribution in the population, but not
upon the population size.
According to this formula, the effective strength of competition felt by an individual,
ceff, varies proportionally with the intensity of competition c, a parameter not present in
the model of Roughgarden (1972), which instead has the intrinsic rate of increase r at this
position in the equation. This difference is again due to the change in how the population
is regulated, as discussed above; in effect, the Roughgarden (1972) model varies the
intensity of competition according to the population size compared to the carrying
capacity, while our model has a separate parameter for that intensity because the
population regulation is separated from the effect of competition.
The effective strength of competition between two individuals of identical phenotype
is 1; this decreases with increasing phenotypic dissimilarity between the individuals, as
described by a normal function with standard deviation σc, the width of the phenotypic
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competition function. As the effective strength of competition felt by an individual
increases, that individual’s probability of selective death increases (see §2.S1.8).
2.S1.6

Process overview

Generations in the model are non-overlapping, and are divided into three phases
which occur sequentially: the mortality phase (in which random deaths occur, unrelated
to the trait under selection), the selection phase (in which deaths occur due to selection on
individuals), and the reproduction phase (in which the generation of juveniles for the next
generation occurs, by random mating of the survivors of random mortality and selection).
These phases are described in the sections that follow.
The separation of random mortality and selective mortality corresponds to a
biological life cycle in which the focal trait develops relatively late (i.e., after juvenile
mortality); this design allows independent variation and measurement of these two types
of mortality. A model combining random and selective mortality into a single phase, or
reversing their order, would be expected to produce similar results, since random
mortality should not change the genotypic or phenotypic distribution (apart from small,
unbiased stochastic effects). The strength of competition would be unaltered by such
changes, since competition in the model is not density-dependent.
2.S1.7

Mortality phase

In the mortality phase, each individual has the same chance of dying, governed by
the probability of random mortality m. Individuals that fail their probability “roll” are
immediately removed from the population.
2.S1.8

Selection phase

In the selection phase, each individual has a probability of “selective death” that
depends upon its absolute fitness W(zs), which depends, in turn, upon its selected trait
phenotype as compared to the optimum phenotype in the environment, θ, as given by

W (zs ) = e−(zs −θ )

2

2ω 2

(Formula 2.3).
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As this formula shows, absolute fitness is based upon the value of a Gaussian function
with optimum θ (the phenotypic optimum) and width parameter ω (analogous to a
standard deviation; the “strength” of selection), evaluated at the phenotypic value of the
focal individual and scaled such that an individual with phenotype zs = θ has an absolute
fitness W (zs ) = 1 . Absolute fitness decreases from this maximum value as the deviation
from the optimum phenotype increases.
Formula 2.3 represents the case of frequency-independent selection, as used in the
model without competition. If competition is enabled in the model, the absolute fitness
also depends upon the effective strength of competition, ceff, felt by the individual, as
e−(zs −θ ) 2ω
W (zs ) =
1+ ceff
2

2

(Formula 2.4).

The effective strength of competition exerted by other individuals depends upon their
phenotypic similarity to the focal individual (see §2.S1.5); it thus gives rise to negative
frequency-dependent selection that is combined multiplicatively with the stabilizing
fitness function of Formula 2.3. If the effective strength of competition is zero, this
formula reduces to Formula 2.3; as the effective strength of competition increases,
absolute fitness decreases.
Once the absolute fitness of every individual in the population has been determined,
selective deaths then occur, with the probability of death for each individual, 1 − W (zs ) ,
depending upon that individual’s fitness. Individuals that die due to selection are
immediately removed from the population.
2.S1.9

Reproduction phase

In the reproduction phase, Nj juveniles (meaning simply individuals prior to random
mortality and selection) are generated, after which all of the adults in the population die
(are removed from the population). Each juvenile is produced by the mating of two adult
parents, randomly chosen from the population with uniform probability. Since individuals
in the model are hermaphroditic, no consideration of gender is implemented. After
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mating the parents remain in the population, and are thus free to mate again, should they
be so lucky.
The selected trait and neutral trait genetic values as and an of the juvenile offspring
are calculated according to the genetic architecture, as described in §2.S1.3 above. After
the alleles inherited from the parents have been determined, for each allele in the genetic
architecture there is a probability µ of that allele mutating (or for the quantitative
architecture, which does not model individual alleles, µ is the probability of a mutation
occurring across the genome as a whole). When a mutational event occurs, its
consequences are determined according the rules in §2.S1.3.
The offspring’s selected trait and neutral trait environmental deviances, es and en, are
drawn from a normal distribution with mean 0 and variance VE. Phenotypic values zs and
zn are then determined additively, as described in §2.S1.2.
At the end of the reproduction phase the generation counter is advanced by one, and
the next generation begins with the mortality phase.
2.S1.10 Stochasticity
This model has several stochastic elements. The initial state of the model is
stochastic (see §2.S1.4), although the burn-in period (see §2.3.2) is intended to minimize
the consequences of this. Demographic stochasticity is present due to finite population
size, which affects the distribution of survivors in the mortality phase and selection
phase, as well as the distribution of individuals that reproduce in the reproduction phase.
Offspring genotypes vary stochastically from mid-parental genetic values due both to the
random assortment of parental alleles and to the effects of mutation (see §2.S1.3 and
§2.S1.9). Offspring trait environmental deviations vary stochastically, which is intended
to model random environmental influences and developmental stochasticity (see
§2.S1.9). Phenotypic values thus include stochastic effects from both those
environmental deviations, and from the underlying genetic values.
2.S1.11 Observables
Each realization of the model generates quite a large amount of data. At the
beginning of each generation, prior to the mortality phase, the genetic and phenotypic
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values of both the selected and the neutral trait of every individual are saved; in other
words, (as, zs, an, zn) are saved for every individual. At the beginning of the reproduction
phase of every generation, the survival status of every individual that was in the
population at the beginning of the generation is saved: whether that individual died
during the mortality phase, died during the selection phase, or survived to the
reproduction phase.
The state of all individuals, and various summary statistics, are also observable
graphically during model runs, for purposes of testing and experimenting with the model
(Grimm 2002).
2.S1.12 Parameters
The parameters of the model are given in Table 2.1, with symbols, units and values.
Where multiple values are listed, model realizations were executed for each value listed,
across all listed values of all other parameters, except where otherwise noted (see §2.3.2).
The strength of selection, ω, plays the same role as the parameter σK in the model of
Dieckmann and Doebeli (1999), while our σc is the same as their σc. Values were chosen
for ω and σc to produce both weak competition that does not lead to disruptive selection
(σc > ω), and strong competition that produces disruptive selection (σc < ω), although
evolutionary branching is not possible in this model since there is no mechanism by
which assortative mating could evolve (Dieckmann and Doebeli 1999). The effective
strengths of stabilizing selection experienced in realizations of the model once a pseudoequilibrium has been reached appear to be realistic (see §2.S2.3).
There has been some debate in the literature regarding the proper mutation rate in
models of this type (Doebeli and Dieckmann 2005; Gavrilets 2005; Waxman and
Gavrilets 2005a, b). We therefore tested both high and low values for µ, the mutation rate
per locus. The mutational effect size α was also varied for the quantitative and continuum
genetic architectures. Together with the effects of the genetic architecture itself, this led
to a wide range of mutational variances and mutational heritabilities tested (see §2.S1.3
and Table 2.2), allowing us to assess the robustness of our conclusions to variation in
these parameters (see §2.4 and §2.S2.4).
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The population size of 1000 used for most realizations was chosen primarily for
computational efficiency, but supplemental realizations conducted with a population size
of 2500 showed larger population size to be unimportant for our conclusions (see
§2.S2.13).
The range of environmental variances used produced a wide range of emergent
heritabilities that span the observed empirical range (see §2.S2.5).
The three genetic architectures used in our realizations span a broad range of
possible architectures, and comparison among them indicates that genetic architecture is
unimportant to our conclusions, although quantitative differences do exist (see §2.S1.3,
§2.S2.4, and §2.S2.7).
The random mortality rate was chosen with the aim of conservatism with respect to
our hypothesis. A random mortality rate of 0.0, in which the focal trait is the only trait
that affects fitness, is clearly unrealistic, but sets a baseline for comparison by showing
what selection would be detected without any obscuring influence of uncorrelated
mortality. The highest random mortality rate used, 0.5, is likely still lower than would be
observed for many species in nature; however, its effects in obscuring the detection of
selection were already so strong that larger, perhaps more realistic values would be
pointless. The effect of random mortality is made clear by the values chosen, and the
effect of higher values is easy to conjecture.
Finally, the mark-recapture sizes used are intended to reflect the range of sizes
typically used in empirical studies (Kingsolver et al. 2001). A few studies have used
larger sizes, and these may be compared to our supplemental realizations with larger
population size (see §2.S2.13).
2.S1.13 Model samples
Snapshots of a modeled population adapted to various fitness functions are shown in
Fig. 2.7. Videos of the running model, without and with competition, are provided as
Movie 2.1 and Movie 2.2.
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Table 2.2. Mutational variances for the genetic
architectures and parameter values used.
µ

α

VM

0.001

0.5
0.05
0.5
0.05

2.5×10−4
2.5×10−6
2.5×10−6
2.5×10−8

0.001
0.00001

1.01
1.01

1.0×10−3
1.0×10−5

0.001

0.5
0.05
0.5
0.05

2.5×10−4
2.5×10−6
2.5×10−6
2.5×10−8

Architecture
Quantitative

0.00001
Triallelic
Continuum

0.00001

For the triallelic model, α is not defined as a
parameter; but the mutational effect size, in the
sense of parameter α, is 1.0, so it is shown as
such here.
1
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Frequency

Fitness

a

b

c

Phenotype (zs)
Figure 2.7. Model snapshots of typical phenotypic distributions (bars) and fitness
functions (curves): (a) no competition, ω = 10; (b) no competition, ω = 1; (c) competition,
ω = 1, σc = 0.2. Other parameter values: m = 0.0, µ = 0.001, α = 0.5, VE = 0.01, Nj = 1000.
Despite the breadth of the peak in (a), the population’s mean phenotype essentially never
leaves the interval (−1, 1). The narrower width of the peak in (b) constrains the
population somewhat more, but wander still occurs due to mutational variance. In (c) the
effects of strong, narrow competition dimples the top of the fitness function, while the
overall stabilizing shape is preserved, an illustration of “squashed stabilizing selection”
(Fig. 2.1e); note that despite the appearance of disruptive selection across most of the
phenotypic range of the population, the population mean will stay under the dimple
indefinitely due to the larger stabilizing structure of the fitness function. Observed values
at these snapshots were: (a) VP = 0.024, VG = 0.014, h2 = 0.587; (b) VP = 0.012,
VG = 0.002, h2 = 0.194; (c) VP = 0.090, VG = 0.079, h2 = 0.879. Note the large differences
in phenotypic variance, genetic variance, and heritability, despite the same genetic
architecture and model parameters; this illustrates how the population is shaped by the
selective regime. In standardized units of phenotypic standard deviation, the effective
strength of selection at these snapshots was: (a) 645.5; (b) 9.1; (c) 3.3 (see §2.S2.3).
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http://www.cloudphotographic.com/HallerThesis_Movie_2.1.mov (17.1 MB)
Movie 2.1. The movie at the URL given above depicts a few generations from a typical
realization of the model without competition. Parameter values: Nj = 1000, VE = 0.01,
µ = 0.001, α = 0.5, θ = 0.0, ω = 1.0, σc = 0.2, c = 1.0, m = 0.0. Note the narrow
phenotypic distribution compared to the fitness peak breadth, and the wander of the
population around the fitness optimum.

http://www.cloudphotographic.com/HallerThesis_Movie_2.2.mov (18.8 MB)
Movie 2.2. The movie at the URL given above depicts a few generations from a typical
realization of the model with competition. Parameter values: Nj = 1000, VE = 0.01,
µ = 0.001, α = 0.5, θ = 0.0, ω = 1.0, σc = 0.2, c = 1.0, m = 0.0. Note the much broader
phenotypic distribution relative to Movie 2.1, and the dimpled shape of the fitness
function that indicates “squashed stabilizing selection” due to negative frequencydependent selection.
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2.S2 Chapter supplemental: Additional results
This supplemental section presents results that are ancillary or orthogonal to the
focus of the main chapter.
2.S2.1

The neutral trait

The mean P(β*) for the neutral trait (an and zn, taken together) was significantly less
than for the selected trait (as and zs, taken together), indicating that the modeled selection
regime increased the rate of detection of linear selection (neutral: mean = 0.0419,
SD = 0.0179, range = [0.000, 0.0613], n = 4320, selected: mean = 0.0611, SD = 0.0610,
range = [0.000, 0.588], n = 4320, one-sided paired t4319 = 22.03, P < 0.001). Similarly, the
mean P(γ*) for the neutral trait was significantly less than for the selected trait, indicating
that the modeled selection regime also increased the rate of detection of quadratic
selection (neutral: mean = 0.0401, SD = 0.0177, range = [0.000, 0.638], n = 4320,
selected: mean = 0.135, SD = 0.223, range = [0.000, 1.000], n = 4320, one-sided paired
t4319 = 28.30, P < 0.001). The mean P(β*) and P(γ*) for the neutral trait are both < 0.05,
indicating that selection detected on the neutral trait is likely attributable mainly to type I
error.
Genetic correlation (i.e., linkage disequilibrium) between the neutral trait and the
selected trait could arise due to both stochastic fluctuations and selection. To check for
the existence of such correlations, linear regressions were conducted between the neutral
trait values (an) and the selected trait values (as) of individuals in every generation of
every realization. For each realization, the median R2 of these regressions was calculated
across all generations to determine the typical degree of correlation observed. The highest
per-realization median R2 observed was 0.022, and the median (of the per-realization
median R2 values) was only 0.0012. Most realizations (93%) had a median R2 of less than
0.005. Although small, these correlations were often significant; the same realization with
the largest median R2 also had the smallest per-realization median P-value observed,
2.2×10−6, and a significant correlation was detected in the majority of generations of 12%
of realizations.
These results show that correlation certainly existed in some realizations. At the
same time, the strength of these correlations was so small that the neutral and selected
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traits were for practical purposes uncorrelated; linkage disequilibrium of this magnitude
did not substantially drive the evolution of the neutral trait. Supposing that it did,
however, such an effect would in any case be conservative for testing our hypothesis: it
would produce a pattern of correlated selection on the neutral trait that would increase the
rate of detection of selection on it, and thus decrease the observed distinctiveness of the
pattern of selection detected on the selected trait.
The neutral trait therefore appears to have provided a meaningful control, showing
that the observed effects of model parameters on the selected trait were the result of
selection. (See also §2.S2.9 for an analysis of temporal autocorrelation of selection on the
neutral trait.)
2.S2.2

ANOVA tables for main chapter analyses

ANOVA tables are here presented for the analyses given in the main chapter (Tables
2.3–2.10). Effect sizes are given as η2, not partial η2 (Levine and Hullett 2002). See §2.4
for further information on the analyses corresponding to these tables.
2.S2.3

The strength of stabilizing selection

Values of 1.0 and 10.0 were used for ω, the width of the stabilizing fitness function
(Table 2.1). These values are difficult to interpret, however, since the magnitude of the
“unit of ecological phenotype” is defined only relative to the magnitudes of other model
parameters also based upon that unit (VE, α, and, with competition, σc; Table 2.1). It is
thus more informative to consider the strength of selection relative to the variation in the
trait under selection. Following Estes and Arnold (2007), we can standardize ω by
squaring it and dividing by the population phenotypic standard deviation of the selected
trait (also expressed in the model’s units of ecological phenotype) to obtain a standard
interpretable metric that we will here call ωs2. This standardization is complicated slightly
by the fact that the population’s phenotypic variance is variable in our model, and
changes to fit the selective regime imposed by the parameters of each realization. Once a
realization has reached a dynamic equilibrium (after the “burn-in” period, in other
words), the phenotypic variance is relatively stable, however, so we can estimate ωs2 for
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each realization using the median of the per-generation phenotypic variances of that
realization.
Some generations (12%) have a phenotypic standard deviation of zero because there
is no variation in the selected trait in that generation; this occurs with the triallelic and
continuum genetic architectures (but not the quantitative architecture) due to the
elimination of alternative genotypes by selection or drift. These generations would
produce an estimate of infinity for ωs2; these generations are thus excluded from the
analysis. Generations with a very small but non-zero phenotypic standard deviation
produce very large estimates of ωs2 for the same reason; we will thus report the median,
first quartile, and third quartile of ωs2 estimates to omit these uninformative outliers.
Following this procedure for all of our core (non-supplementary) realizations, we
observed a median ωs2 of 12.67 (Q1 = 5.02, Q3 = 37.27). The strongest standardized
selection observed across these realizations was 2.20; the weakest was 117,600 (due to a
very small phenotypic standard deviation; see above). These values agree with the range
of empirical estimates of the standardized strength of stabilizing selection (Estes and
Arnold 2007, their Fig. 7), which range from close to zero to somewhat above 100, but
are typically less than 50 and show a strong mode at about 3.
Because the phenotypic variance of the population responds strongly to the presence
of negative frequency-dependent selection, ωs2 depends not only on ω, but also on
whether competition is enabled in the model (Table 2.11). In particular, competition
broadens the phenotypic distribution and thus increases the standardized strength of
selection, from a median of 10.0 to 6.3 for ω = 1.0, and from a median of 99.0 to 5.1 for
ω = 10 (Table 2.11). Interestingly, this effect of negative frequency-dependent selection

in the context of squashed stabilizing selection can apparently be so pronounced that
weaker stabilizing selection in absolute terms produces stronger stabilizing selection in
standardized units; in Table 2.11, for example, the median ωs2 with competition is 6.3
under strong stabilizing selection (ω = 1), but strengthens to 5.1 under weak stabilizing
selection (ω = 10). This illustrates the remarkable extent to which the population
phenotypic variance adjusts to the selective regime imposed.
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2.S2.4

Effects of mutational variance

The genetic architecture G, mutation rate µ, and mutation effect size α all had an
effect upon the rate of detection of selection (Figs. 2.3 and 2.4, Tables 2.3–2.10).
However, these three factors together determine the mutational variance VM (Table 2.2),
and so VM may more parsimoniously explain some or all of their effects. The effects of
VM are shown in Fig. 2.8.
The rate of detection of directional selection, P(β*), increased strongly with
increasing VM when competition was off (linear regression, t2158 = 13.2, P < 0.001,
β = 75.1), explaining a significant portion of the variance among realizations (adj.
R2 = 0.0746, F(1, 2158) = 175, P < 0.001; Fig. 2.8a). With competition, there was very
little variation in P(β*), and while a significant effect of VM was observed (linear
regression, t2158 = 6.53, P < 0.001, β = 7.33), it explained little variance (adj. R2 = 0.0189,
F(1, 2158) = 42.6, P < 0.001; not shown).
The rate of detection of quadratic selection, P(γ*), increased strongly with increasing
VM without competition (linear regression, t2158 = 12.0, P < 0.001, β = 197.6) and
explained significant variance among realizations (adj. R2 = 0.0621, F(1, 2158) = 143.9,
P < 0.001) (Fig. 2.8b). With competition, a moderate positive association was observed
(linear regression, t2158 = 5.08, P < 0.001, β = 75.4), although it explained relatively little
variance (adj. R2 = 0.0113, F(1, 2158) = 25.76, P < 0.001) (Fig. 2.8c).
High levels of mutational variance thus appeared to drive higher rates of detection of
selection in many realizations, but the size of this effect was not generally large, and both
linear and quadratic selection were detected at levels substantially exceeding the type I
error rate for many realizations even at the lowest levels of mutational variance modeled.
Our conclusions therefore appear robust to the level of mutational variance, although of
course the quantitative frequency with which selection is detected changes.
Considering G, µ and α together as VM may not always be valid, of course, as these
parameters may have independent effects. Their independent effects were observed to be
fairly small in most cases (Tables 2.3–2.10), although the effect of mutation rate µ on the
rate of detection of linear selection was large, particularly with competition (Tables 2.3–
2.6); this is unsurprising, since the more frequently mutations occur, the more frequently
selection against maladapted mutants with extreme phenotypes may be expected,
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producing detectable directional selection. Details of genetic architecture did not
generally affect the qualitative interpretation of the effects of other parameters (minor
interaction effects, and the direction of main effects, are noted in §2.4). This is in accord
with the conclusion of Slatkin (1979) that genetic details should not substantially affect
the equilibrium reached under stabilizing and frequency-dependent selection, as long as
the genetics impose no constraints upon the mean or variance of the trait; our triallelic
model did impose some such constraints, but they were minimal, by design (see §2.S1.3).
2.S2.5

Effects of heritability

The narrow-sense heritability, h2, in this model is not specified as a parameter;
rather, it is an emergent property. The heritability was calculated for each generation of
each realization, for both the selected trait (using as and zs) and the neutral trait (using an
and zn), as shown by

h 2 = VA VP

(Formula 2.5; Falconer 1989),

where VA is the additive genetic variance and VP is the phenotypic variance. For each
realization, the mean heritability across all generations was then calculated, and that was
the basis for further analyses; hereafter “heritability” and h2 refer to these per-realization
mean values.
The observed heritability was positively correlated with mutational variance, VM, and
negatively correlated with environmental variance, VE (Fig. 2.9a), as expected. The
heritability also depended strongly on the evolutionary dynamics of the realization, so it
exhibited a much wider range of values for the selected trait than for the neutral trait, for
given values of VM and VE (Fig. 2.9b). Indeed, all three genetic architectures showed a
heritability close to zero for the neutral trait at the lowest level of mutational variance,
because fixation due to drift was common (Fig. 2.9a), but this was not as much of a
problem for the selected trait (Fig. 2.9b), particularly with negative frequency-dependent
selection to balance the fitnesses of multiple alleles.
The heritability of a trait is a measure of the amount of additive genetic variation
present in a population, relative to the total variation present (Formula 2.5); as such, it is
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often interpreted as representing the “evolvability” or “variability” of a trait (Houle
1992). This is convenient because heritabilities are unitless, and can thus be compared
across traits and even across systems; however, this interpretation of heritability can be
problematic, and standardization of the additive genetic variance using the trait mean
instead of the phenotypic variance has been recommended (Houle 1992; Hansen and
Houle 2008; Hansen et al. 2011). Unfortunately, there are several cases in which the
mean-standardized standard deviation, also called the coefficient of variation or CV,
cannot be used. One such case is for “interval-scale” rather than “ratio-scale” traits, for
which the zero point is arbitrary and has no special meaning; the evolvability of intervalscale traits must be compared using heritabilities, for want of a better alternative (Houle
1992; Hansen and Houle 2008; Hansen et al. 2011).
Although it should be interpreted with caution, then, we can examine whether the
heritabilities observed in our model for the selected trait correspond to the distribution of
heritabilities observed in nature. Mousseau and Roff (1987) show that across a large
number of empirical studies the median heritability is ~0.3, with a standard deviation of
~0.25. Across all realizations, the median heritability we observed was 0.17 (SD = 0.44),
somewhat lower than the empirical value, but with higher variability such that the full
range of empirically observed heritabilities was included (indeed, we observed
heritabilities spanning 0.0 to 1.0, depending upon model parameters). The heritability
depended strongly upon the presence of competition (without competition,
median = 0.02, SD = 0.35; with competition, median = 0.86, SD = 0.44); this is expected
since negative frequency-dependent selection promotes the retention of genetic variation,
which was otherwise lost completely in some generations. Heritability also depended
strongly on the genetic details of the mutation rate, mutational effect size, and genetic
architecture; however, since our conclusions were robust to variation in those parameters
(see §2.4 and §2.S2.4), the effects of those parameters on heritability appear to ultimately
be of little consequence for the qualitative pattern of detection of selection.
We can examine this more closely by looking directly at the correlation between
heritability and the detection of selection. Heritability had mixed effects on the rate of
detection of selection (Figs. 2.9c–e). For linear selection, heritability significantly
increased that rate without competition (linear regression, t2158 = 12.39, P < 0.001,
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β = 0.0597, adj. R2 = 0.066; Fig. 2.9c), but with competition heritability had a much
smaller effect, although it explained more variability (linear regression, t2158 = 15.4,
P < 0.001, β = 0.0112, adj. R2 = 0.0983; not shown). For quadratic selection,
heritability’s effect without competition was significantly positive but explained little
variance (linear regression, t2158 = 5.66, P < 0.001, β = 0.0807, adj. R2 = 0.0142; Fig.
2.9d), whereas with competition the positive effect was somewhat stronger and more
explanatory (linear regression, t2158 = 15.1, P < 0.001, β = 0.145, adj. R2 = 0.0946; Fig.
2.9e).
In no case did heritability explain even 10% of the variation in the rate of detection
of selection. In summary, then, the heritabilities observed in our model were roughly
congruent with the heritabilities observed in empirical studies, and in any case heritability
appeared to have only a small effect upon the detection of selection.
The low importance of heritability for the detection of selection is not unexpected
given our other results. In particular, for selection to be detected, the most important
factors should be the strength of selection actually exerted on the population, and the
amount of phenotypic variation present for that selection to act upon. The proportion of
variation present that is due to additive genetics – the heritability – is essential for
predicting the magnitude of the response to selection in the next generation, but it is
irrelevant to the detection of selection itself. Indeed, selection should be readily
detectable on traits with no genetic basis whatsoever, as long as phenotypic variation (due
to developmental stochasticity or environmental influences) is still present in sufficient
quantity. The question that began this section – does our model exhibit a realistic amount
of genetically based variation? – is thus not highly relevant to our conclusions. More
important is the question: does our model exhibit a realistic amount of phenotypic
variation relative to the strength of selection imposed upon the population? We have
shown above that it does (see §2.S2.3).
2.S2.6

Selective deaths and the detection of selection

The design of our model allows the effect of deaths during the random mortality
phase (Figs. 2.3d, 2.4d) to be separated from the effect of deaths due to selection
(“selective deaths”). A higher mean selective death rate was positively associated with
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the rate of detection of linear selection, P(β*), without competition (Kendall’s τ = 0.298,
P < 0.001; Spearman’s ρ = 0.427, P < 0.001; Fig. 2.10a). A positive association also
existed with competition, but it was quite weak (Kendall’s τ = 0.0503, P < 0.001;
Spearman’s ρ = 0.0907, P < 0.001; not shown). The selective death rate was positively
associated with the rate of detection of quadratic selection, P(γ*), without competition
(Kendall’s τ = 0.354, P < 0.001; Spearman’s ρ = 0.486, P < 0.001; Fig. 2.10b). With
competition, however, the association was negative; the greater the number of selective
deaths, the lower was the rate of detection of quadratic selection (Kendall’s τ = −0.197,
P < 0.001; Spearman’s ρ = −0.297, P < 0.001; Fig. 2.10c). For further illustration of
patterns of selective death and the detection of selection, see §2.S2.8.
The detection of selection, whether linear or quadratic, is essentially a problem of
detecting a signal (a meaningful pattern of selective deaths) amid a lot of noise (random
mortality, plus stochasticity in the selective deaths). Many of our results can be
understood from this perspective, as particular factors boosted or attenuated the signal, or
increased or decreased the noise masking that signal. Intuitively, the strength of the signal
should be based upon the number of selective deaths observed, and this was often the
case: the higher the selective death rate was, the stronger the signal was, and so the more
likely it was that selection was detected (Figs. 2.10a–b). Interestingly, however, this was
not the case with squashed stabilizing selection (Fig. 2.10c). In this case, selective deaths
occurred across the whole phenotypic range of the population; deaths of extreme
phenotypes were “stabilizing”, while deaths close to the mean phenotype were
“disruptive”, and both types typically occurred in every generation. Differentiating
between stabilizing and disruptive selection means determining whether extreme
phenotypes are less fit or more fit than the mean phenotype; but under squashed
stabilizing selection, the population was trapped at a dynamic equilibrium at which all
phenotypes, whether extreme or average, had a low fitness due to the flattened shape of
the fitness function. The higher the selective death rate, the more consistent this mixed
signal was; adding more signal – more selective deaths – thus actually decreased the rate
of detection of quadratic selection.
This signal-to-noise perspective is also helpful for understanding the effect of
random mortality, since it affects the amount of stochastic noise masking the signal of the
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selective deaths. As postulated, random mortality made detection of selection more
difficult for both linear and quadratic selection (Figs. 2.3d, 2.4d), both with and without
competition (Tables 2.3–2.10); even 10% random mortality per generation made the
detection of selection quite unlikely, particularly without competition. The number of
selective deaths per generation was quite low without competition, and so the signal was
easily drowned out by even a small amount of noise. With competition there were many
more selective deaths, but the pattern of those deaths was relatively unhelpful for
detecting selection, as discussed above, and so the signal was often still balanced at the
edge of detectability.
Finally, there is the question of the trait analyzed: the genetic breeding value, as, or
the phenotype, zs. For detection of linear selection, this had a small (although significant)
effect on results (Fig. 2.3e). Quadratic selection, however, was much more likely to be
detected using phenotypic values rather than genotypic values, especially without
competition (Fig. 2.4e, Tables 2.7–2.10). This seems logical, since the phenotype is the
thing upon which selection actually acts; the correlation between phenotype and survival
ought to be stronger than the correlation between genotype and survival. In this sense,
using genetic values actually adds noise to the analysis; subtracting out the “noise” of
environmental variance actually adds noise that obscures the correlation that we are
trying to detect.
2.S2.7

Effects of parameters on the selection gradient distribution

Section §2.4.4 shows average distributions across all the realizations conducted,
separated only by whether competition was on or off; but these distributions also
depended upon the other independent variables. The effects of all independent variables
upon the distributions of β and γ are shown in Figs. 2.11–2.18.
No attempt is made here to assess statistically whether the differences between these
distributions are significant or not; each histogram is based on an extremely large number
of gradient estimates (typically > 3.5×107), so almost any differences visible to the eye
are likely to be significant and reproducible. For example, since the competition width,
σc, is not used by the model when competition is turned off, Figs. 2.13a and 2.13e are

actually independent replicates, but they are essentially indistinguishable; likewise for

102

Figs. 2.13b and 2.13f. Additionally, the level of symmetry apparent in all of the linear
gradient distributions gives an indication of the reproducibility of these distributions.
However, each histogram is a composite of all realizations of the model with a
specified value of the independent variable (and with or without competition, as the case
might be). This produces artifacts, because it means that each histogram shows the
combined effects produced by the particular discrete parameter values used in our
realizations. For example, close examination of Fig. 2.15a reveals that the distribution of
significant β estimates is pentamodal: it has five distinct peaks. This is not an indication
that the quantitative genetic architecture produces a pentamodal distribution of β
estimates; it is merely the visible consequence of particular peak positions being
produced by the particular parameter values used in our realizations. The best way to read
these histograms, therefore, is to compare them within columns, to see how the different
values of the independent variable affect things such as the width of the distribution, the
frequency of detection of selection, the prevalence of positive vs. negative values, the
likelihood of significant estimates near zero, and so forth.
Finally, it should be noted that considering only significant regression results can
lead to a large bias in the selection gradient values considered, particularly if most of the
significant regressions are the result of type I error. Caution should be used, therefore, in
interpreting the patterns of significant selection in these figures, particularly in cases in
which significance is rarely found.
Nevertheless, many of the patterns discussed in other sections can be clearly seen
here as shifts in the distributions of β and γ. The increase in detection of stabilizing
selection with a narrow fitness function and no competition, for example, can be seen in
Fig. 2.12b vs. 2.12f, while the increase in detection of disruptive selection with a broad
fitness function and competition can be seen in Fig. 2.12d vs. 2.12h (see also Fig. 2.6 and
§2.4.4). The effect of high rates of random mortality in obscuring the detection of
selection is clearly seen in Fig. 2.14, whereas the opposing effect of large sample size can
be seen in Fig. 2.15.
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2.S2.8

Two case studies

Other results presented are composites across many realizations of the model,
showing average effects and general trends. We here present more specific results from
two realizations of the model, one without competition (Fig. 2.19), one with competition
(Fig. 2.20). The parameter values for these realizations were chosen to provide relatively
strong “signal” (high rates of selective death and detection of selection), for purposes of
illustration.
The mean phenotype wandered considerably over time, both without and with
competition (Figs. 2.19, 2.20; note the difference in the x-axis scales). Without
competition, there were few selective deaths, they tended to occur principally when the
mean was far from the optimum, and the detection of selection followed this pattern (Fig.
2.19). With competition, there were a great many selective deaths (and so only 500
generations are shown, for clarity), and the detection of selection appeared to be largely
uncorrelated with the wandering of the phenotypic mean (Fig. 2.20).
Fig. 2.19 suggests that the detection of selection without competition might have
been temporally autocorrelated; detection of selection might have occurred in “runs”.
Testing this formally, without competition significant autocorrelation was found in the
significance (0 or 1) of both β (Ljung–Box Q = 45.3, P < 0.001) and γ (Ljung–Box
Q = 50.4, P < 0.001), and persisted for approximately 150 generations (Figs. 2.21a–b).
With competition, autocorrelation was not significant for the significance of either β
(Ljung–Box Q = 0.48, P = 0.49) or γ (Ljung–Box Q = 2.1, P = 0.15), as is apparent
visually (Figs. 2.21c–d).
Autocorrelation was also observed in the β and γ estimates themselves (without
regard for the significance of those estimates). Without competition, significant
autocorrelation was found in the estimates of both β (Ljung–Box Q = 182.8, P < 0.001)
and γ (Ljung–Box Q = 20.7, P < 0.001); for β this autocorrelation persisted for ~7000
generations (Fig. 2.22a, not fully shown), while for γ it persisted for ~150 generations
(Fig. 2.22b). With competition, autocorrelation was significant for the estimates of both β
(Ljung–Box Q = 145.5, P < 0.001) and γ (Ljung–Box Q = 24.2, P < 0.001), but this
autocorrelation was short-lived, up to perhaps only ten generations (Figs. 2.22c–d).
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The autocorrelation structure of these particular realizations is detailed here for
purposes of illustration; a more general analysis of the autocorrelation of model
realizations is presented in the next section, §2.S2.9.
2.S2.9

Autocorrelation and reproducibility

A metric was desired for the temporal autocorrelation of selection, following
Siepielski et al. (2009) and Morrissey and Hadfield (2012) (see §2.S2.12 for another
perspective on this question). Since our model is of stabilizing selection, we expected that
over the long term directional selection would be equally likely to be toward smaller as
toward larger values, so a metric of the proportion of generations observed with a
positive or negative sign for β, such as used by Siepielski et al. (2009), would not be
useful. Similarly, a metric of the rate at which directional selection acts in opposite
directions in two temporal replicates, as proposed by Morrissey and Hadfield (2012),
would be expected to have a value very close to 0.5 for our study, since two randomly
drawn temporal replicates from a timeline of 50,000 generations would be expected to be
uncorrelated. Instead, then, we calculated the autocorrelation of several metrics of
selection over all of the generations of a realization, for generation lags from 1 to 25000,
using the standard formula for the estimation of autocorrelation

R̂ ( k ) =

n−k
1
( X − µ )( Xt+k − µ )
∑
( n − k )σ 2 t=1 t

(Formula 2.6),

where Xt is the metric value at a given generation t, n is the length of the time series
(50,000 generations), k is the lag (in generations), σ2 is the variance among metric values,
and µ is the mean metric value. This formula was used to calculate the autocorrelation of
the selection gradient estimates themselves (β and γ) to assess whether selection of a
particular type, direction and strength tends to occur in “runs” (without regard for the
significance of the selection gradient estimates). The formula was also used to calculate
autocorrelation in the significance of the selection gradients (β* and γ*; significant = 1,
non-significant = 0), to assess whether the detection of selection tends to occur in runs
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(without regard for the direction or strength of that selection). This analysis was only
performed for the selection gradients estimated from phenotypic values.
Given autocorrelation functions as produced by Formula 2.6, several metrics were
calculated to assess the significance, strength, and duration of autocorrelation. First,
Ljung–Box Q tests were used to assess whether significant autocorrelation was present
for a given realization. Second, the strength of short-term autocorrelation was assessed as
the value of the autocorrelation function for a lag of one, R̂ (1) . Finally, the decay time
until autocorrelation was no longer significant was measured as the first lag for which the
autocorrelation function, averaged across a centered 25-lag-wide sliding window, was
outside the 95% confidence region for significant autocorrelation as calculated using the
standard formula

Bα =

z1−α 2

(Formula 2.7),

N

where z is the quantile function of the standard normal distribution, α is the significance
level, and N is the sample size upon which the autocorrelation function is based. In our
analysis, α = 0.05 and N = 50000, so Bα ≈ 0.0088; autocorrelation function values of
greater absolute magnitude than this threshold are thus significant at a 95% confidence
level.
Autocorrelation was never meaningful for the neutral trait. The percentage of
realizations in which the Ljung–Box Q test found that autocorrelation was significant was
almost exactly the significance threshold of the test (for β, 4.95% of realizations; for γ,
5.09%; for β*, 5.00%; for γ*, 5.14%); instances in which significant autocorrelation was
found for the neutral trait are therefore likely to be type I error. The strength of short-term
autocorrelation, R̂ (1) , was symmetrically distributed with a median < 0.0001, a median
absolute deviation (MAD) of ≈ 0.0045, and a maximum value of 0.043 or less for all four
metrics (β, γ, β*, γ*); in other words, autocorrelation from one generation to the next for
the neutral trait was equally likely to be positive or negative, and was very close to zero.
Finally, the decay time for autocorrelation of the neutral trait was the lowest measurable;
in all cases, the first sliding window sampled, across lags 1 to 25, had an average
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autocorrelation that was non-significant. All patterns discussed below for autocorrelation
of the selected trait may thus be inferred to be caused by the action of selection upon the
trait, directly or indirectly.
Meaningful autocorrelation was commonly observed for the selected trait. The
Ljung–Box Q test indicated significant autocorrelation at well above the type I error rate
for all metrics (for β, 33.1% of realizations; for γ, 24.2%; for β*, 8.3%; for γ*, 11.4%).
The strength of short-term autocorrelation, R̂ (1) , was strongly skewed toward positive
values; medians were still close to zero (< 0.003) due to the large number of realizations
for which significant autocorrelation did not exist, but MADs were somewhat larger than
for the neutral trait (for β, 0.0079; for γ, 0.0064; for β*, 0.0047; for γ*, 0.0048), and the
maximum R̂ (1) value observed was substantially larger (for β, 0.327; for γ, 0.249; for
β*, 0.058; for γ*, 0.069). Finally, the decay time for autocorrelation of the selected trait
was sometimes quite long (for β, a maximum decay time of 16257 generations; for γ,
17458 generations; for β*, 10310 generations; for γ*, 13724 generations), although the
median realization for all four metrics exhibited the shortest measurable decay time, as
with the neutral trait.
These results show that autocorrelation in selection gradient estimates was stronger,
lasted longer, and was more detectable than autocorrelation in the significance of
selection; this is to be expected, since even non-significant gradient estimates may still
exhibit autocorrelation. For this reason, we now focus on the autocorrelation of the
selection gradient estimates; patterns for the autocorrelation of the significance of the
selection gradient estimates were qualitatively the same, but were weaker.
Realizations with the largest short-term autocorrelation, R̂ (1) , for β generally had
lower random mortality m, larger sample size Ns, higher mutation rate µ, and were
without competition. Realizations with the largest R̂ (1) for γ showed the same trends,
except that competition was unimportant. Realizations with the longest decay time for β
generally had higher environmental variance VE, a smaller fitness function width ω, lower
random mortality m, larger sample size Ns, used the quantitative genetic architecture, and
were without competition. Realizations with the longest decay time for γ generally had a
larger fitness function width ω, a larger sample size Ns, a larger mutation rate µ, used the
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continuum genetics architecture, and were with competition. Even for realizations
combining all of these parameters, however, it should be noted that the “long tail” of
autocorrelation observed involved low autocorrelation values; in no instance was an
average autocorrelation (over the 25-lag-wide sliding window) of greater than 0.10
observed for a lag greater than 11,000. On the other hand, this is a remarkably long
duration of autocorrelation; it is quite surprising that any amount of autocorrelation in
selection could persist for so long, given the stochasticity inherent in the dynamics of a
small population.
Realizations exhibited a strong association between the autocorrelation in a selection
gradient estimate and autocorrelation in the significance of that selection gradient
estimate; for example, a strong association was observed between the autocorrelation of β
and the autocorrelation of the significance of β. This was true for both the magnitude of
short-term autocorrelation and the autocorrelation decay time (four Spearman rank
correlation tests, all ρ ≥ 0.21; four Kendall rank correlation tests, all τ ≥ 0.14; all
P < 0.001).
Realizations also exhibited associations between the magnitude of short-term
autocorrelation and the length of decay time for β and γ, and between metrics for β and
metrics for γ; positive associations existed between each pair of these four metrics (six
Spearman rank correlation tests, all ρ ≥ 0.24; six Kendall rank correlation tests, all
τ ≥ 0.16; all P < 0.001). Some reasons for this are clear; higher random mortality m
increased stochasticity and thus decreased autocorrelation for both β and γ, while smaller
sample size Ns made detection of selection more stochastic and thus obscured the
autocorrelation that did exist in both β and γ.
Given this observed temporal autocorrelation in both the significance of selection
and selection gradient estimates, the possibility existed that temporal autocorrelation
could affect other results; if many generations of a realization experienced the same
selective regime, due to such autocorrelation, the statistics gathered on that realization
might not be an unbiased sample. As explained in §2.3.2, our dataset contains two
replicates of each parameter value combination without competition, because realizations
were done for low and high σc even though that parameter was not used by the model
without competition. If autocorrelation caused any bias, these replicate runs would differ
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substantially, because their (random) initial state or early transient dynamics would
substantially condition the dynamics for the remainder of the realization.
Comparisons were thus conducted between all non-competition realizations with
σc = 0.5 and with σc = 2.0, on both the neutral and the selected trait. Welch’s unpaired t-

tests were used to compare these datasets, subdivided by neutral/selected trait, against
each other, testing for a difference between the means of four metrics: (1) median β, (2)
median γ, (3) rate of significance of β, P(β*), and (4) rate of significance of γ, P(γ*).
Each compared dataset contained 1080 observations of each metric. No test showed a
significant difference at a Bonferroni-corrected α of 0.00625 (given the total of eight ttests conducted), and the smallest P-value was > 0.04. For the metrics expected to
indicate a problem with bias due to autocorrelation (the median β value and the median
significant β value of the selected trait), the P-values were 0.168 and 0.978.
These results indicate that the results of our realizations were highly reproducible
and therefore free of autocorrelation-derived bias. Nevertheless, to the extent that
temporal autocorrelation might have distorted our results, it would have done so by
making individual realizations more idiosyncratic, because the outcome of each
realization would then be biased by its initial state and by stochastic events early in the
run that echoed across the remainder of the realization. This would make patterns across
multiple realizations less consistent, and thus less apparent; it would increase the variance
among realizations. To the extent that our conclusions are based upon patterns of
differences between means or medians measured across many realizations, then, they
should be robust to problems introduced by temporal autocorrelation, since removal of
any autocorrelation-caused bias would only strengthen the patterns observed, by
decreasing among-realization variance.
2.S2.10 Logistic vs. linear regression
In addition to linear regressions, logistic regressions were also performed on all
realizations. All results reported in other sections were based upon the linear regressions
(except where explicitly noted), for reasons explained below. In this section we compare
those results to results from the logistic regressions. In general, analyses performed using
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logistic regression produced qualitatively very similar results to the results based on the
linear regressions; we here focus on differences.
Following standard practice, absolute fitness, rather than relative fitness, was
analyzed as a function of the standardized trait values for the logistic regressions (Janzen
and Stern 1998). The same eight regressions were conducted as with linear regression
(linear/quadratic × genetic/phenotypic × selected/neutral) per generation per subsampled
history. Regression coefficients from the logistic regressions were used to calculate an
average linear selection gradient, βavggrad, according to the formula

⎡1 N
⎤
β avggrad = ⎢ ∑ W ( z ) (1− W ( z )) ⎥ α
⎣ N i=1
⎦

(Formula 2.8; Janzen and Stern 1998),

where W(z) is the absolute fitness of trait value z, N is the size of the population sample,
and α (here) is the logistic regression coefficient for the linear term. Quadratic regression
coefficients from the logistic regressions were used to calculate average quadratic
selection gradients, γavggrad, using the same formula (mutatis mutandis), since the formula
is equally applicable to this case (Janzen, F. J., and Stern, H. S., pers. comm.). Quadratic
selection gradients were doubled, as with linear regression (Stinchcombe et al. 2008).
Logistic regression was substantially less likely to detect selection than was linear
regression (Figs. 2.23a–b). For the neutral trait (an and zn, taken together) the means of
P(β*) and P(γ*) across all realizations were 0.0419 and 0.0400 for linear regression,
marginally under the significance threshold of 0.05; for logistic regression these values
were 0.0356 and 0.0285, substantially less. This trend also held for the selected trait (as
and zs, taken together), for which linear regression gave means of 0.0611 and 0.135,
while logistic regression yielded 0.0516 and 0.113. Interestingly, the extent of this
difference appeared to depend in some way upon the particular pattern of selective deaths
generated by particular sets of parameters; there were many realizations in which the two
methods found significance at almost identical rates, but many other realizations in which
logistic regression found significance less often – sometimes much less often. This
difference seemed to occur particularly when the statistical methods had few data points
with which to work: without competition, and without random mortality (Figs. 2.23a–b,
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blue points vs. other points). In such circumstances, logistic regression appeared to be
very strongly conservative compared to linear regression.
Average gradients from logistic regression (βavggrad and γavggrad) were markedly smaller
than gradients from linear regression (β and γ), and reached a plateau relative to the
linear regression gradients (Figs. 2.23c–d). The model realizations with the largest
median β values (~0.4) had median β avggrad values about four times smaller (Fig. 2.23c);
similarly, the realizations with the largest median γ values (~0.8) had median γ avggrad
values approximately four times smaller (Fig. 2.23d). It is also noteworthy that increasing
the sample size resulted in a decrease in the typical (median) selection gradient observed
using both regression methods (Figs. 2.23c–d, point colors); this fits well with the same
finding in Kingsolver et al. (2001) with respect to the empirical detection of selection,
suggesting that the true strength of selection in nature is probably typically toward the
weak end of the range observed in their meta-analysis (see also §2.S2.7).
For these reasons, patterns in the data were harder to see using the logistic
regressions – there were fewer generations in which selection is detected, and the
selection gradients found were smaller. More importantly, using linear regression for our
main analysis is conservative with respect to our hypothesis that selection should be
detected relatively rarely (see §2.2); using logistic regression would bias our findings in
the direction of our hypothesis. For these reasons, the linear regressions were used for
most results.
Substantial differences are apparent between these two methods. It is important to
stress, however, that we do not attempt here to pass judgment as to which method is
better. Regarding the difference in their rate of detection of selection, it may be that
logistic regression failed to find selection when it ought to have (type II error), or it may
be that linear regression incorrectly found selection when it did not truly have sufficient
basis (type I error) – or both methods may be correct, since they ask different statistical
questions, even though both are commonly used to estimate the strength of selection.
Similarly, although there was often a large difference in the magnitude of the selection
gradient estimates found by the two methods, we do not judge in this analysis which
method is superior. These differences should be of great concern to those who are
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measuring selection in the wild, since it means that results from the two methods are not
comparable. For the time being, we recommend that selection should be estimated and
reported using both methods. Further work on the statistical underpinnings of the
estimation of selection will be important to advancing our understanding of selection,
since we cannot understand what we cannot measure with both accuracy and precision.
2.S2.11 The intrinsic rate of evolution
Gingerich (1993) introduced a metric called the “intrinsic rate” of evolution,
symbolized h0, representing the average phenotypic difference between successive
generations (standardized by the phenotypic standard deviation). The “random walk”
model of Gingerich (1993) assumed an intrinsic rate of 0.1 (with justification from
various empirical sources); in our model, on the other hand, the intrinsic rate is an
emergent property of the model. We therefore calculated the intrinsic rate of each
realization, to assess its emergent value.
Following Gingerich (1993), the intrinsic rate from one generation (“generation 0”)
to the next (“generation 1”) is given by
h0 = ( t1 − t0 ) σ t0

(Formula 2.9),

where t0 and t1 are the mean trait values for generations 0 and 1, respectively, and σ t0 is
the standard deviation for the trait in generation 0. The trait here may be neutral or
selected, and may entail genetic or phenotypic values; we calculated the intrinsic rate for
all four possibilities (as, zs, an, zn). The means and the standard deviation were computed
at the beginning of each generation, prior to random mortality (see §2.S1.6).
For each realization of the model, with 50,000 intergenerational intrinsic rates, we
then calculated the overall intrinsic rate. According to Gingerich (1993), this should be
the average of the intergenerational intrinsic rates. However, the distribution of these
rates was highly skewed because a small minority of generations with phenotypic
variance close to (or even equal to) zero led to extremely large (or even infinite)
intergenerational intrinsic rates. We chose to discard infinite intrinsic rates for three
reasons: they couldn’t be handled by our analysis, they were rare (for most realizations),
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and they would not occur in nature (for quantitative traits). For essentially the same
reasons, we also chose to summarize the intrinsic rate across the generations of each
realization using the median, rather than the mean, so that occasional outliers would not
distort the analysis.
Given a (median) intrinsic rate for each realization, an ANOVA of the intrinsic rate
as a function of all of the independent variables (VE, ω, σc, m, T, Ns, G, α, µ, C) showed
that the sample size, Ns, explained the vast majority of the variance (η2 = 98.6,
P < 0.001); although some other terms were significant, none explained more than 0.4%
of the variance (not shown). An ANOVA containing all two-way interactions (45
additional terms) explained 99.7% of the variance; exactly the same variance was
explained by Ns, and no interaction explained more than about 0.1% of variance (not
shown).
The observed median intrinsic rate, in other words, was almost completely
determined by the size of the sample taken from the population (Fig. 2.24). Furthermore,
this relationship was closely fitted by the exponential function (linear regression of loglog transformed values, t1 = −124.99, P = 0.0051, adj. R2 = 0.9999; Fig. 2.24, black line)

h0 = 1.05 × Ns −0.517

(Formula 2.10).

Fitting an exponential function to three data points is, of course, not very impressive.
However, this exponential fit almost perfectly predicted the intrinsic rate for a sample
size Ns = 2500 from the realizations discussed in §2.S2.13; no realizations with Ns > 1000
were used to calculate the exponential fit, so this represents a strong independent
confirmation of the exponential relationship. Furthermore, the supplementary realizations
with Nj = 2500, which were not used to produce the exponential fit described above,
yielded a fit so close to the first that it could not be shown in Fig. 2.24 because it was
visually co-incident (linear regression of log-log transformed values, t2 = −99.729,
P < 0.001, adj. R2 = 0.9997).
Although surprising at one level, these findings accord with some theoretical
predictions. First, the exponential function approaches zero asymptotically for
sufficiently large Ns, expressing the common-sense idea that an infinitely large population
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under stabilizing selection, fully sampled, would have an intrinsic rate of zero. As the
sample size decreases, sampling error is introduced which leads to variance in the
estimated population means and standard deviations, and this variance leads to
progressively larger estimates for the intergenerational intrinsic rate (keeping in mind the
absolute value in Formula 2.10, which is the reason that this sampling error does not
average out to zero). For finite population sizes, the largest possible sample size equals
the population size, and so the expected true intrinsic rate is non-zero; for Nj = Ns = 1000,
this value is 0.029 ±0.005(SD), for example, while for Nj = Ns = 2500, it is
0.018 ±0.004(SD) (Fig. 2.24). The population size itself appears to be irrelevant, at least
for sizes ≥ 1000, as seen from the ability of the data points from Nj = 1000 realizations to
predict the intrinsic rate for Nj = 2500 realizations; the sample size Ns = 2500 appears to
be the relevant fact that allows prediction of that point, illustrating that sampling error is
the mechanism driving the estimated intrinsic rate even when the “sample” is a full
population census. The exponential relationship between h0 and Ns is presumably
derivable analytically from known sampling theory, although we will not delve into that
here.
The aspect that we find particularly surprising is that all of the other model
parameters have such a small effect upon the intrinsic rate; it is interesting that higher
mutation rate, for example, does not produce a larger intrinsic rate even though one
would expect that it would provide greater genetic variance and therefore greater
potential for drift from generation to generation. Perhaps the greater potential for drift is
cancelled by the greater genetic variance because the intrinsic rate is standardized by the
variance, and so parameters that increase the stochastic fluctuations in the mean also
increase the variance and thereby produce the same standardized intrinsic rate. Further
theoretical exploration of this observation would be worthwhile, as it may imply that
estimates of intrinsic rates should be quite predictable from sample size alone, and that
true intrinsic rates should be quite predictable from population size alone.
Because sample size is (according to our model) by far the most important predictor
of the estimated intrinsic rate of a population under stabilizing (and also squashed
stabilizing) selection, a comparison of empirical intrinsic rates to the predictions of
Formula 2.10 would be interesting. The intrinsic rate might, for example, provide a test
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for whether a population is under some form of stabilizing or squashed stabilizing
selection. Conversely, it might also turn out that the intrinsic rate is essentially the same
regardless of the selective regime, or regardless even of ecology; and that, too, would be
a very interesting result.
These findings provide a new perspective on the results of Gingerich (1993), while
underlining the importance of sampling error in the estimation of intrinsic rates. As noted
above, Gingerich (1993) estimated that a typical intrinsic rate is 0.1; according to our
analysis, this suggests that the typical sample size upon which this estimate was based
was roughly 100 individuals. However, even large samples taken over many generations
can produce a substantial overestimate of the true intrinsic rate. Indeed, Fig. 2.24 shows
results derived from 50,000 generations per population (and many populations per data
point); for samples taken on one or a few populations over only a few generations,
sampling error will lead to much larger variance. Separating the variance due to the finite
size of the population (which leads to a true non-zero intrinsic rate) from the variance due
to sampling (which leads to an overestimation of that true rate, as discussed above) to
produce good estimates of true empirical intrinsic rates will require further work on both
the empirical and theoretical side of this problem.
2.S2.12 Temporal variation in selection
Siepielski et al. (2009) analyzed a dataset of temporally replicated studies of
selection in nature, concluding that “selection varies considerably among years, including
differences in strength, direction and likely form”. Further analysis of a subset of this
dataset by Morrissey and Hadfield (2012) led them to conclude that selection is in fact
“remarkably consistent in time”, although it may still be important in many particular
systems and over longer timescales. Although this is ultimately an empirical question, we
analyzed the results of our model in a similar manner to these previous studies, to
compare temporal variation in selection in our model to that observed in nature, to
provide a theoretical perspective on the question.
In our analysis, we followed the general approach of Siepielski et al. (2009) and
Morrissey and Hadfield (2012), but we used different statistical methods to better handle
deviations from normality and the presence of outliers in the dataset. In particular, rather
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than using means, we used medians, and rather than standard deviations, we used the
median absolute deviation (MAD; see §2.3.3).
The typical strength of selection, without regard for its direction, can be assessed
using the median of the absolute values of the selection gradients, β and γ , for each
realization. The frequency distributions of these metrics across all realizations of our
model (Figs 2.25a–b) showed a roughly negative exponential distribution, in qualitative
agreement with the results of Siepielski et al. (their Fig. 2). In particular, relatively
weaker selection was more common than stronger selection, for both linear and quadratic
selection. However, the empirically observed pattern contains relatively few estimates
close to zero (perhaps due to publication bias), and indicates stronger selection overall
than was observed for the parameter space explored in our realizations.
Temporal variation in selection can be assessed using the MAD of a temporal series
of estimated selection gradients. The distributions of this metric across all realizations of
our model, for both linear and quadratic selection (Figs. 2.25c–d), agreed qualitatively
with the results of Siepielski et al. (their Fig. 4): relatively small magnitudes of temporal
variation in selection were more common than large magnitudes of temporal variation.
The distributions roughly followed a negative exponential shape, however, whereas
Siepielski et al. observed a somewhat different (more Poisson-like) shape.
Temporal variation specifically in the strength of selection, without regard for its
direction, can be measured as the MAD of the absolute values of the selection gradients of
a temporal series. The distributions of this metric across all realizations of our model, for
linear and quadratic selection (Figs. 2.25e–f), agreed qualitatively with the results of
Siepielski et al. (their Fig. 5), with small magnitudes of temporal variation in selection
strength being more common than large magnitudes, following a roughly negative
exponential distribution.
Siepielski et al. (2009) noted that the strength of selection ( β or γ ) tended to be
correlated with the magnitude of temporal variation in the strength of selection (the SD of
β or γ ), showing that stronger selection tends to also be more temporally variable

(their Fig. 6). Our data showed this general relationship also (Figs. 2.26a–b), and many
realizations showed a close fit to a linear relationship. For the strength of directional

116

selection, two linear relationships were observed (Fig. 2.26a); realizations on the upper
linear relationship used the quantitative genetic architecture, were analyzed on their
genetic (not phenotypic) trait values, and involved competition with a narrow fitness
function (ω = 1.0), a lower mutation rate (µ = 0.00001), and higher random mortality
(m = 0.5). The combination of all of these conditions invariably placed a realization on
the upper line, representing the highest level of temporal variation in selection, relative to
the strength of selection, observed for the parameter values used in our realizations.
Realizations satisfying some, but not all, of these conditions often fell on the “bridges”
between the two lines, while realizations satisfying fewer than a critical subset of these
conditions fell on the lower line, representing the lowest level of temporal variation in
selection relative to selection strength that we observed.
Two distinct linear relationships were also observed for quadratic selection, but in
this case many more realizations did not lie on either of the lines (Fig. 2.26b).
Realizations with the quantitative architecture, genetic trait values, a narrower fitness
function, lower mutation rate, and higher random mortality again fell exclusively along
the upper line; however, for quadratic selection many other realizations also fell on this
upper line, indicating that the conditions necessary for high temporal variability relative
to selection strength are relaxed compared to the directional selection case discussed
above. No single parameter predicted in which region in the plot (the upper line, the
lower line, or the lowermost clumps) a realization would lie. Conversely, the region in
which a point was located did not reliably predict any parameter’s value, with one
exception: all points on the upper line represented realizations with a narrow fitness
function.
Morrissey and Hadfield (2012) called many of the results of Siepielski et al. (2009)
into question with a re-analysis of their dataset. In particular, Morrissey and Hadfield
(2012) asserted that the standard deviation of the selection gradients in most studies is of
comparable magnitude to the mean of the standard errors of the selection gradient
estimates, and that much of the apparent temporal variation in selection could therefore
be accounted for by sampling error, rather than true temporal variation (their Fig. 1). The
same analysis performed for our model realizations may be seen in Figs. 2.26c–d. Many
realizations fell extremely close to the 1:1 line, and the observed temporal variation in
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such realizations is indeed likely due to sampling error, as asserted by Morrissey and
Hadfield (2012). The nearly exact fit of the points to the 1:1 line was a result of the
50,000 generations of data in each realization, which caused the MAD : median SE ratio
due to sampling error to converge toward one. However, even fairly small deviations
from the 1:1 line might represent temporal variation in selection greater than (or,
curiously, less than) can be accounted for by sampling error; again, the fact that 50,000
generations of estimates are available for each realization makes substantial departure
from the 1:1 line due to sampling error alone unlikely. Furthermore, some deviations
from the 1:1 were not small; in some cases the MAD is approximately double the median
SE.
Further analysis (not shown) supported the idea that even slight departures from the
1:1 line were meaningful here. Low outliers in Fig. 2.26c were generally high outliers in
Fig. 2.26a; the same combination of parameters that led to a high MAD absolute β
relative to median absolute β also led to a low MAD β relative to the median SE of β.
High outliers in Fig. 2.26c, on the other hand, were associated with the absence of
competition, with analysis of phenotypic (not genetic) values, and with higher mutation
rates, a narrower fitness function, and lower random mortality. These conditions are all
the opposite of the conditions that predicted low outliers in Fig. 2.26c, except for a
narrower fitness function (which is associated with being an outlier in both directions).
Similar patterns hold for Fig. 2.26d (not shown); high outliers are associated with the
absence of competition, with analysis of phenotypic values, with higher mutation rate,
and with lower random mortality, while lower outliers are associated with the opposite
(and again, a narrow fitness function is associated with being an outlier in both
directions). In summary, there seem to be specific, predictable conditions for which
temporal variation in selection is detected at substantially higher than the rate expected
from sampling error alone.
It could be argued that even this is not conclusive evidence for temporal variation in
selection in our model; if the phenotypic distribution of the population being sampled is
non-normal, for example, that departure from normality would violate the assumptions of
the regressions underlying all of this, and that violation could cause systematic biases in
the magnitude of the selection gradient estimates versus their associated standard errors.
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Those systematic biases might be predicted by various parameters, since the parameters
would affect the shape of the population’s trait distribution, and thus all of the patterns
discussed here could conceivably be artifacts. One argument that this is not the case
comes from our analysis of temporal autocorrelation (see §2.S2.9): if all of the variation
in selection observed between generations were driven by sampling error alone, rather
than true temporal variation in selection, it is difficult to see how significant positive
autocorrelation in selection could be observed to persist for many generations, as we
commonly observed. A second argument is logical: with competition, the population
often occupies a fitness minimum and experiences disruptive selection (see §2.5.3 and
§2.5.4). If this fitness landscape were invariant, the population would escape the fitness
minimum and evolve toward one of the local fitness peaks; the fact that it does not do so
demonstrates that the fitness landscape must be varying temporally, and that fitness
landscape variation must be expressed in the actual pattern of selective deaths (since if
temporal changes in the fitness landscape were not “enforced” via selective deaths, the
population could again escape the fitness minimum).
Nevertheless, the magnitude of the true temporal variation in selection, beyond
sampling error, that we observed was often small. Furthermore, its magnitude relative to
the median standard error was largest when its absolute magnitude was small; there were
realizations for which the MAD was more than double the mean standard error, for both β
and γ, but those realizations lie very close to the lower left corner of Figs. 2.26c–d, and
were associated with a large sample size (Ns = 1000). Detecting this sort of temporal
variation empirically would likely require both large sample sizes and extensive temporal
replication.
Most importantly, temporal variation in selection in our model occurred despite a
lack of temporal variation in the fitness landscape; in particular, high MAD values were
observed without competition, as discussed above, which supports our postulate that
populations wander on fixed fitness peaks and thereby experience temporally varying
selection (see §2.2). Temporal variation in the underlying fitness landscape must also
cause selection to vary temporally in nature, of course, which we do not here model
(apart from the frequency-dependent fluctuations of SSS); that variation might be of
larger magnitude and thus more readily detectable.
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2.S2.13 Effects of large population and sample size
An additional 216 realizations were conducted with a larger population size of
Nj = 2500: 3 genetic architectures × 2 values of C × 3 values of VE × 2 values of ω × 2
values of σc × 3 values of m (with redundancy involving σc without competition; see
§2.3.2). These realizations were not used in the analysis presented in the main chapter;
they are examined here. Only the highest mutational variance for each genetic
architecture (i.e., µ = 0.001 and, where applicable, α = 0.5) was used, principally because
the disk space (760 GB, compressed) and the computation and analysis time (nearly two
months) for these realizations prevented further exploration. For the analysis of these
supplemental realizations, a full population census (Ns = 2500) was used in addition to
the subsample sizes of 100, 500, and 1000 used for the main realizations.
Results obtained with a larger population size (Nj = 2500) were essentially
indistinguishable from the main analysis results (Nj = 1000). Comparisons were
conducted between all Nj = 2500 realizations with sample size Ns

2500 and the subset

of Nj = 1000 realizations with exactly the same parameter values. Each dataset contained
2592 observations, half of which were on the neutral trait, half on the selected trait.
Welch’s unpaired t-tests were used to compare these datasets, subdivided by
neutral/selected trait, against each other, testing for a difference between the means of
four metrics: (1) median β, (2) median γ, (3) rate of significance of β, P(β*), and (4) rate
of significance of γ, P(γ*). None of these eight tests were significant at a Bonferronicorrected α level of 0.00625 (not shown). For the selected trait, the difference between
median β values would have been significant at α = 0.05, but the actual difference was
vanishingly small (Nj = 1000: mean = −3.3×10−5, Nj = 2500: mean = 7.7×10−6,
t2566 = −2.68, P = 0.0073). Population size therefore made no appreciable difference to the
model dynamics observed, at least for the two population sizes studied.
The other question that might be asked with the larger population size realizations is:
did a sample size of Ns = 2500 make a difference to the results, as compared to the
sample sizes of 100, 500, and 1000 used in the main results? Results from analysis of the
Nj = 2500 realizations are shown in Figs. 2.27 and 2.28. Large sample size did increase
the rate of detection of both linear selection, P(β*) (Fig. 2.27a, Fig. 2.28) and quadratic
selection, P(γ*) (Fig. 2.27b, Fig. 2.28), although for P(β*) the median detection rate
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remained very low. Large sample size also decreased the magnitude of gradient estimates
(Fig. 2.28).
These results continue the trend observed for the effects of sample size in the main
realizations. As shown in §2.4, the sample size taken from the population was important
to the rate of detection of selection (Figs. 2.3f, 2.4f), as postulated, for both linear and
quadratic selection, and both without and with competition (Tables 2.3–2.10). From the
perspective of the signal-to-noise ratio (see §2.S2.6), subsampling results in a decrease in
signal, because it creates the possibility of missing one or more of the selective deaths
that would have been necessary to statistically establish the pattern of selection.
However, it is worth noting here that even the full 2500-individual censuses of the large
population size realizations presented here did not produce frequent detection of
stabilizing selection. The typical (median) realization with a sample size of 2500 still had
a rate of detection of quadratic selection of only ~30% without competition and only
~10% with competition (Fig. 2.27b). Directional selection was also found more
frequently in this case than with smaller sample sizes (Fig. 2.27a), although if found in
addition to quadratic selection, rather than instead of it, this is not necessarily a
misleading result. Finally, without competition stabilizing selection was not found
frequently in some realizations despite the large sample size, while with competition
disruptive selection was still found the majority of the time (Fig. 2.27c). This illustrates
that the problems with the empirical detection of stabilizing selection are not simply a
consequence of insufficient sample size. Rather, transient dynamics often produce
detection of directional or disruptive selection even for a population evolving on a
stabilizing fitness function – especially, but not exclusively, when negative frequencydependent selection is also present.
2.S2.14 Estimation of fitness landscape parameters
For each generation of each realization, estimates were calculated for the width of
the stabilizing fitness function, ω, and the optimum trait value, θ, from the linear and
quadratic selection gradients found by linear regression (β and γ), using the formulas
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− (ω 2 + σ 2 ) = γ − β 2
−1

(Formula 2.11; Estes and Arnold 2007) and

θ = −γ −1β

(Formula 2.12; Phillips and Arnold 1989),

where σ2 is the phenotypic variance of the population sample. These estimates were then
compared against the known values of ω (either 1 or 10) and θ (always 0) to assess the
accuracy and precision of these estimation methods.
Three caveats should be noted. First, the β values used in this analysis were from the
quadratic regressions (the same regressions from which γ values were obtained), since it
would have made little sense to use the linear gradient from one regression and the
quadratic gradient from the other; the meaning of β in this section therefore differs from
elsewhere in this manuscript. Second, all generations with at least one death (not
necessarily a selective death) were used in this analysis; requiring a larger number of
deaths, or requiring that β and γ be significant, would have singled out those generations
in which selection happened (stochastically) to act more strongly or detectably, and
would have thus biased the results. Requiring even one death caused bias, since a lack of
deaths is also data, but this was unavoidable since estimates of β and γ are needed for this
analysis method. Third, Formula 2.11 is only useful for estimating the strength of
stabilizing selection; if selection is instead disruptive, the equation produces an imaginary
value (which we did not attempt to interpret). With competition, the detected quadratic
selection was predominantly disruptive, making this method inapplicable; we thus
present results only from realizations without competition. Even in those realizations, the
detected quadratic selection was occasionally disruptive (Fig. 2.4); for want of a better
solution, those generations were discarded from the analysis. This also biased the results,
since only generations with a particularly stabilizing pattern of selective deaths were
included in the analysis. The consequences of these two biases are discussed below.
This process produced a set of up to 50,000 ω and θ estimates for each realization
(one estimate of each parameter for each generation with at least one death and a negative
– stabilizing – estimate of γ). Median values were then calculated from these sets,
producing per-realization estimates, ωe and θe, of the fitness function width ω and the
phenotypic optimum θ respectively. Finally, realizations were grouped by their true
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fitness function width ω, their sample size Ns, and their random mortality rate m. For each
group of realizations, the median and MAD of the per-realization estimates ωe and θe were
calculated and plotted (Fig. 2.29). The plotted values thus show the median (with MAD
error bars), across a group of realizations, of the per-realization medians, across
generations, of the per-generation estimates of ω and θ. Because this process assimilated
information from as many as six million generations into each data point, these estimates
might be expected to be highly accurate, even if the estimates in individual generations
varied widely.
Under the most favorable conditions, the estimates were in fact quite accurate. With
strong stabilizing selection, no random mortality, and a sample size of 500 or 1000
individuals, the estimates of both ω (Fig. 2.29a) and θ (Fig. 2.29c) were very close to the
true value, with little variation among realizations. In other cases, the estimates were
often surprisingly inaccurate, as discussed below.
Taking first the estimation of the fitness function width ω, Figs. 2.29a–b show that a
general pattern of underestimation of the width of the fitness function (i.e.,
overestimation of the strength of stabilizing selection) prevailed except, as mentioned
above, under the most favorable conditions. Smaller sample size, higher random
mortality, and a broader fitness function width (weaker selection) all led to
underestimation of the fitness function width. This underestimation might be the result of
the biases mentioned above: analyzing only generations in which at least one death
occurred, and only generations that produced an estimate that selection was stabilizing
rather than disruptive. By discarding information from generations that would suggest
that stabilizing selection was weak or even non-existent, these criteria doubtless produced
a bias toward overestimation of the selection strength. However, we note that empirical
studies would likely have to follow the same methodology, since the generations that we
excluded cannot be used within this analysis framework. The same biases might therefore
be expected in empirical studies that estimate the strength of stabilizing selection using
this method.
It is notable that the less information was actually available (smaller sample size,
higher random mortality), the stronger selection appeared to be. The same trend has been
observed in empirical studies of selection (Kingsolver et al. 2001; Hereford et al. 2004),
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and we observed the same trend in our β and γ estimates also (Figs. 2.14, 2.15; §2.S2.7).
The overestimation of the strength of stabilizing selection observed here may therefore
not be entirely due to the biases discussed above; they may also be the result of biases
introduced earlier in the analytical chain.
The across-realization-group median estimates of the position of the phenotypic
optimum θ were generally quite accurate (Figs. 2.29c–d). The variation among
realizations within each group, as shown by the MAD error bars, was fairly wide when
stabilizing selection was weak, however. Under weak stabilizing selection, few selective
deaths occurred in any one generation, and so there was very little information from
which to determine the position of the optimum. In many generations, the estimated
position of the optimum likely depended mostly or entirely on the pattern of random
mortality, not on selective deaths. Since random mortality is, by definition, uncorrelated
with phenotype, this would lead, on average, to an estimation that the phenotypic
optimum is equal to the mean phenotype of the population – even if the population has, in
fact, wandered far from the true optimum. For this reason, a larger sample size has
essentially no effect on the variation among realizations for this estimate when random
mortality is high (Fig. 2.29d). Low random mortality improves the signal-to-noise ratio
and generates estimates closer to the true optimum; on the other hand, most generations
are rejected because they contained no deaths at all, so there is little data to go on, and the
variation among realizations is still fairly large (but does decrease with larger sample
size).
It is worth emphasizing again that every per-realization estimate was generated from
50,000 generations of data. The poor performance of the estimates shown here is thus
sobering to contemplate; estimates based on one or a few generations will be less
accurate still.
Although the analysis above presents only results from realizations without
competition, a little can be said about the case in which negative frequency-dependent
selection has been added to produce squashed stabilizing selection. Because of its
flattened or dimpled peak, squashed stabilizing selection is often detected as disruptive
selection, and is therefore not tractable using Formula 2.11, as discussed above. When
stabilizing selection is detected, it is expected to appear weaker than the true strength of
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the underlying stabilizing fitness function, because the disruptive selection due to
negative frequency-dependence opposes stabilization. In such circumstances, the estimate
produced by Formula 2.11 will reveal the shape of the composite fitness function, not the
underlying stabilizing fitness function alone. Situations in which evolutionary stasis
appears to prevail over many generations, and yet the selection detected appears to be
either very weak or disruptive, thus fit the expected empirical signature of squashed
stabilizing selection. Better methods may be needed to determine the true shapes of
fitness functions in the wild (see §2.5.5).
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Table 2.3. Results from ANOVA (main effects only), testing for
effects of parameters1 on the rate of detection of linear selection,
P(β*), without competition. Terms in bold are of large effect
(η2 ≥ 0.03); all are also highly significant (P < 0.001).

VE
ω
m
T
Ns
G
α
μ
Residuals

Df

SS

F-ratio

P-value

η2

2
1
2
1
2
2
1
1
2147

0.053
0.935
3.144
1.111
0.247
0.045
0.143
1.079
7.763

7.38
258.73
434.77
307.32
34.18
6.23
39.53
298.35

< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
0.002
< 0.001
< 0.001

0.004
0.064
0.217
0.077
0.017
0.003
0.010
0.074
0.535

σc was not included in this ANOVA, since it is not used in the
model without competition.
1
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Table 2.4. Results from ANOVA (including two-way
interactions), testing for effects of parameters1 on the rate of
detection of linear selection, P(β*), without competition. Terms in
bold are of large effect (η2 ≥ 0.03); all are also highly significant
(P < 0.001).

VE
ω
m
T
Ns
G
α
μ
VE∗ω
VE∗m
VE∗T
VE∗Ns
VE∗G
VE∗α
VE∗μ
ω∗m
ω∗T
ω∗Ns
ω∗G
ω∗α
ω∗μ
m∗T
m∗Ns
m∗G
m∗α
m∗μ
T∗Ns
T∗G
T∗α
T∗μ
Ns∗G
Ns∗α
Ns∗μ
G∗α
G∗μ
α∗μ
Residuals

Df

SS

F-ratio

P-value

η2

2
1
2
1
2
2
1
1
2
4
2
4
4
2
2
2
1
2
2
1
1
2
4
4
2
2
2
2
1
1
4
2
2
1
2
1
2086

0.053
0.935
3.144
1.111
0.247
0.045
0.143
1.079
0.015
0.045
0.225
0.004
0.020
0.015
0.084
0.915
0.309
0.024
0.001
0.013
0.055
0.568
0.351
0.147
0.190
0.620
0.041
0.094
0.007
0.285
0.003
0.019
0.047
0.002
0.345
0.116
3.204

17.38
609.08
1023.50
723.46
80.46
14.66
93.06
702.35
4.83
7.37
73.36
0.57
3.22
4.95
27.41
297.79
201.01
7.76
0.30
8.57
35.50
184.91
57.09
23.98
61.97
201.81
13.31
30.72
4.46
185.80
0.44
6.15
15.16
1.20
112.30
75.58

< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
0.008
< 0.001
< 0.001
0.682
0.012
0.007
< 0.001
< 0.001
< 0.001
< 0.001
0.739
0.003
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
0.035
< 0.001
0.777
0.002
< 0.001
0.273
< 0.001
< 0.001

0.004
0.064
0.217
0.077
0.017
0.003
0.010
0.074
0.001
0.003
0.016
0.000
0.001
0.001
0.006
0.063
0.021
0.002
0.000
0.001
0.004
0.039
0.024
0.010
0.013
0.043
0.003
0.006
0.000
0.020
0.000
0.001
0.003
0.000
0.024
0.008
0.221

σc was not included in this ANOVA, since it is not used in the
model without competition.
1
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Table 2.5. Results from ANOVA (main effects only), testing for
effects of parameters on the rate of detection of linear selection,
P(β*), with competition. Terms in bold are of large effect
(η2 ≥ 0.03); all are also highly significant (P < 0.001).

VE
ω
σc
m
T
Ns
G
α
μ
Residuals

Df

SS

F-ratio

P-value

η2

2
1
1
2
1
2
2
1
1
2146

0.000
0.000
0.005
0.006
0.053
0.006
0.025
0.001
0.054
0.386

0.45
1.33
27.04
17.11
292.09
17.63
68.84
3.02
302.58

0.641
0.249
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
0.082
< 0.001

0.000
0.000
0.009
0.011
0.098
0.012
0.046
0.001
0.102
0.720
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Table 2.6. Results from ANOVA (including two-way interactions), testing
for effects of parameters on the rate of detection of linear selection, P(β*),
with competition. Terms in bold are of large effect (η2 ≥ 0.03); all are also
highly significant (P < 0.001).

VE
ω
σc
m
T
Ns
G
α
μ
VE∗ω
VE∗σc
VE∗m
VE∗T
VE∗Ns
VE∗G
VE∗α
VE∗μ
ω∗σc
ω∗m
ω∗T
ω∗Ns
ω∗G
ω∗α
ω∗μ
σc∗m
σc∗T
σc∗Ns
σc∗G
σc∗α
σc∗μ
m∗T
m∗Ns
m∗G
m∗α
m∗μ
T∗Ns
T∗G
T∗α
T∗μ
Ns∗G
Ns∗α
Ns∗μ
G∗α
G∗μ
α∗μ
Residuals

Df

SS

F-ratio

P-value

η2

2
1
1
2
1
2
2
1
1
2
2
4
2
4
4
2
2
1
2
1
2
2
1
1
2
1
2
2
1
1
2
4
4
2
2
2
2
1
1
4
2
2
1
2
1
2073

0.000
0.000
0.005
0.006
0.053
0.006
0.025
0.001
0.054
0.000
0.000
0.000
0.003
0.000
0.001
0.000
0.000
0.014
0.002
0.013
0.000
0.011
0.001
0.003
0.002
0.012
0.000
0.007
0.000
0.011
0.001
0.008
0.001
0.001
0.000
0.000
0.015
0.000
0.044
0.001
0.000
0.000
0.000
0.018
0.001
0.213

0.78
2.33
47.28
29.92
510.75
30.83
120.37
5.28
529.09
0.33
1.60
0.19
14.77
0.65
1.96
0.47
1.06
132.81
9.70
121.69
0.35
52.18
11.53
33.46
8.21
115.34
0.31
36.11
4.01
107.84
4.32
20.09
2.79
4.16
0.81
0.83
71.68
0.97
428.57
2.46
0.45
1.41
3.16
88.10
13.84

0.459
0.127
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
0.022
< 0.001
0.722
0.201
0.945
< 0.001
0.628
0.099
0.623
0.346
< 0.001
< 0.001
< 0.001
0.703
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
0.736
< 0.001
0.045
< 0.001
0.013
< 0.001
0.025
0.016
0.444
0.435
< 0.001
0.324
< 0.001
0.043
0.639
0.244
0.076
< 0.001
< 0.001

0.000
0.000
0.009
0.011
0.098
0.012
0.046
0.001
0.102
0.000
0.001
0.000
0.006
0.000
0.002
0.000
0.000
0.025
0.004
0.023
0.000
0.020
0.002
0.006
0.003
0.022
0.000
0.014
0.001
0.021
0.002
0.015
0.002
0.002
0.000
0.000
0.028
0.000
0.082
0.002
0.000
0.001
0.001
0.034
0.003
0.398
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Table 2.7. Results from ANOVA (main effects only), testing for
effects of parameters1 on the rate of detection of quadratic
selection, P(γ*), without competition. Terms in bold are of large
effect (η2 ≥ 0.03); all are also highly significant (P < 0.001).

VE
ω
m
T
Ns
G
α
μ
Residuals

Df

SS

F-ratio

P-value

η2

2
1
2
1
2
2
1
1
2147

6.295
15.828
9.719
10.089
3.591
1.438
0.643
4.208
68.768

98.26
494.16
151.72
314.99
56.05
22.44
20.07
131.37

< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001

0.052
0.131
0.081
0.084
0.030
0.012
0.005
0.035
0.570

σc was not included in this ANOVA, since it is not used in the
model without competition.
1
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Table 2.8. Results from ANOVA (including two-way
interactions), testing for effects of parameters1 on the rate of
detection of quadratic selection, P(γ*), without competition.
Terms in bold are of large effect (η2 ≥ 0.03); all are also highly
significant (P < 0.001).

VE
ω
m
T
Ns
G
α
μ
VE∗ω
VE∗m
VE∗T
VE∗Ns
VE∗G
VE∗α
VE∗μ
ω∗m
ω∗T
ω∗Ns
ω∗G
ω∗α
ω∗μ
m∗T
m∗Ns
m∗G
m∗α
m∗μ
T∗Ns
T∗G
T∗α
T∗μ
Ns∗G
Ns∗α
Ns∗μ
G∗α
G∗μ
α∗μ
Residuals

Df

SS

F-ratio

P-value

η2

2
1
2
1
2
2
1
1
2
4
2
4
4
2
2
2
1
2
2
1
1
2
4
4
2
2
2
2
1
1
4
2
2
1
2
1
2086

6.295
15.828
9.719
10.089
3.591
1.438
0.643
4.208
5.382
0.889
7.915
0.497
0.100
0.042
0.213
4.993
6.723
2.220
0.673
0.254
1.281
2.075
0.797
0.957
0.396
1.749
0.945
0.032
0.020
0.365
0.342
0.144
0.602
0.197
2.446
0.620
25.899

253.50
1274.85
391.40
812.63
144.60
57.89
51.76
338.90
216.73
17.90
318.76
10.00
2.01
1.68
8.58
201.07
541.47
89.42
27.12
20.46
103.19
83.56
16.05
19.28
15.94
70.43
38.06
1.30
1.62
29.39
6.88
5.81
24.23
15.87
98.51
49.96

< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
0.091
0.186
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
0.272
0.203
< 0.001
< 0.001
0.003
< 0.001
< 0.001
< 0.001
< 0.001

0.052
0.131
0.081
0.084
0.030
0.012
0.005
0.035
0.045
0.007
0.066
0.004
0.001
0.000
0.002
0.041
0.056
0.018
0.006
0.002
0.011
0.017
0.007
0.008
0.003
0.015
0.008
0.000
0.000
0.003
0.003
0.001
0.005
0.002
0.020
0.005
0.215

σc was not included in this ANOVA, since it is not used in the
model without competition.
1
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Table 2.9. Results from ANOVA (main effects only), testing for
effects of parameters on the rate of detection of quadratic
selection, P(γ*), with competition. Terms in bold are of large
effect (η2 ≥ 0.03); all are also highly significant (P < 0.001).

VE
ω
σc
m
T
Ns
G
α
μ
Residuals

Df

SS

F-ratio

P-value

η2

2
1
1
2
1
2
2
1
1
2146

0.105
9.962
7.639
2.532
0.387
5.243
5.109
0.253
0.050
61.887

1.82
345.44
264.89
43.90
13.43
90.90
88.59
8.78
1.74

0.163
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
0.003
0.187

0.001
0.107
0.082
0.027
0.004
0.056
0.055
0.003
0.001
0.664
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Table 2.10. Results from ANOVA (including two-way interactions),
testing for effects of parameters on the rate of detection of quadratic
selection, P(γ*), with competition. Terms in bold are of large effect
(η2 ≥ 0.03); all are also highly significant (P < 0.001).

VE
ω
σc
m
T
Ns
G
α
μ
VE∗ω
VE∗σc
VE∗m
VE∗T
VE∗Ns
VE∗G
VE∗α
VE∗μ
ω∗σc
ω∗m
ω∗T
ω∗Ns
ω∗G
ω∗α
ω∗μ
σc∗m
σc∗T
σc∗Ns
σc∗G
σc∗α
σc∗μ
m∗T
m∗Ns
m∗G
m∗α
m∗μ
T∗Ns
T∗G
T∗α
T∗μ
Ns∗G
Ns∗α
Ns∗μ
G∗α
G∗μ
α∗μ
Residuals

Df

SS

F-ratio

P-value

η2

2
1
1
2
1
2
2
1
1
2
2
4
2
4
4
2
2
1
2
1
2
2
1
1
2
1
2
2
1
1
2
4
4
2
2
2
2
1
1
4
2
2
1
2
1
2073

0.105
9.962
7.639
2.532
0.387
5.243
5.109
0.253
0.050
0.219
0.227
0.035
0.315
0.095
0.006
0.001
0.017
9.820
1.270
0.120
2.666
3.902
0.353
0.597
0.790
0.108
2.085
4.954
0.374
0.785
0.011
0.671
0.591
0.025
0.015
0.067
0.036
0.000
0.027
1.813
0.084
0.035
0.263
0.721
0.264
28.522

3.81
724.03
555.20
92.02
28.15
190.53
185.68
18.40
3.65
7.96
8.26
0.63
11.46
1.72
0.11
0.05
0.61
713.68
46.16
8.71
96.89
141.81
25.67
43.35
28.69
7.86
75.79
180.03
27.20
57.05
0.41
12.19
10.75
0.92
0.53
2.43
1.32
0.00
1.93
32.95
3.06
1.27
19.14
26.21
19.21

0.022
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
0.056
< 0.001
< 0.001
0.638
< 0.001
0.143
0.979
0.953
0.546
< 0.001
< 0.001
0.003
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
0.005
< 0.001
< 0.001
< 0.001
< 0.001
0.663
< 0.001
< 0.001
0.399
0.589
0.088
0.267
0.945
0.164
< 0.001
0.047
0.280
< 0.001
< 0.001
< 0.001

0.001
0.107
0.082
0.027
0.004
0.056
0.055
0.003
0.001
0.002
0.002
0.000
0.003
0.001
0.000
0.000
0.000
0.105
0.014
0.001
0.029
0.042
0.004
0.006
0.008
0.001
0.022
0.053
0.004
0.008
0.000
0.007
0.006
0.000
0.000
0.001
0.000
0.000
0.000
0.019
0.001
0.000
0.003
0.008
0.003
0.306
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Table 2.11. Effects of the width of the fitness function,
ω, and the presence or absence of competition, C, on the
estimated standardized strength of stabilizing selection,
ωs2 (first quartile Q1, median, and third quartile Q3).
Smaller ωs2 values represent stronger selection in
standardized units.
ω

C

Q1 ω s2

median ω s2

Q3 ω s2

all

all

5.0

12.7

37.3

1.0
1.0
10.0
10.0

NO
YES
NO
YES

5.4
3.2
30.1
3.5

10.0
6.3
99.0
5.1

31.6
30.3
315.4
12.6
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1e-05

1e-03

1.0
0.0

0.0
1e-07

c

0.5

P(γ*) [competition]

1.0

b

0.5

P(γ*) [no competition]

0.50
0.25
0.00

P(β*) [no competition]

a

1e-07

1e-05

1e-03

1e-07

1e-05

1e-03

Mutational variance, V M

Figure 2.8. The effect of mutational variance, VM, on the rate of detection of: (a) linear
selection, P(β*), without competition (realizations with competition not shown; see text);
(b) quadratic selection, P(γ*), without competition; (c) quadratic selection, P(γ*), with
competition. Red curves show significant linear regression fits (curved due to the
logarithmic x-axis scale). Gray lines show the expected type I error rate of 0.05. Note
difference in vertical scales.
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0.6
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0.2

Heritability, h 2 [selected trait]

0.8

1.0

1.0
0.8
0.6
0.4
0.2

b

0.0
10−8

10−7

10−6

10−5

10−4

10−3

10−8

10−7

1.0

1.0

P(γ*) [competition]

d

0.5

1.0

10−4

10−3

e

0.0

0.0
0.0

10−5

Mutational variance, V M

0.5

P(γ*) [no competition]

0.25

0.50

c

0.00

P(β*) [no competition]

Mutational variance, V M

10−6

0.5

Heritability, h 2 [neutral trait]

0.0

a

0.0

0.5

1.0

0.0

0.5

1.0

Heritability, h 2

Figure 2.9. Origins and effects of heritability. Panels (a) and (b) show the effects of
mutational variance, VM, and environmental variance, VE, on heritability of: (a) the neutral
trait; and (b) the selected trait. Color indicates the value of VE (red: 0.001, blue: 0.01,
black: 0.1). Jitter was added on the x-axis to separate the points. Panels (c)–(e) show the
effect of heritability on the rate of detection of: (c) linear selection, P(β*), without
competition (realizations with competition not shown; see text); (d) quadratic selection,
P(γ*), without competition; and (e) quadratic selection, P(γ*), with competition. Red
lines show significant linear regression fits. Gray lines show the expected type I error rate
of 0.05. Transparency and a small amount of jitter were used to better show the density of
points. Note difference in vertical scales.
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a
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0.06

Selective mortality rate

1.0
0.0
0.00

b

0.5

P(γ*) [competition]

0.0

0.5

P(γ*) [no competition]
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0.50
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0.00
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0.0

c

0.2

0.4

0.6
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Figure 2.10. Effects of the selective death rate (rate of selective death per generation) on
the rate of detection of: (a) linear selection, P(β*), without competition (realizations with
competition not shown; see text); (b) quadratic selection, P(γ*), without competition; (c)
quadratic selection, P(γ*), with competition. Transparency and a small amount of jitter
were used to better show the density of points. The association in (a) and (b) is positive,
while that in (c) is negative (see text).
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Figure 2.11. Effects of environmental variance, VE, on the distribution of estimates of β and γ. In all panels, black shading indicates
those estimates that are significant (P < 0.05). Note x-axis scales are only guaranteed to match within columns.
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Figure 2.12. Effects of the fitness function width, ω, on the distribution of estimates of β and γ. In all panels, black shading indicates
those estimates that are significant (P < 0.05). Note x-axis scales are only guaranteed to match within columns. The heights of peaks
extending beyond the plot are labeled.
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Figure 2.13. Effects of competition width, σc, on the distribution of estimates of β and γ. In all panels, black shading indicates those
estimates that are significant (P < 0.05). Note x-axis scales are only guaranteed to match within columns. The heights of peaks
extending beyond the plot are labeled.
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Figure 2.14. Effects of mortality rate, m, on the distribution of estimates of β and γ. In all panels, black shading indicates those
estimates that are significant (P < 0.05). Note x-axis scales are only guaranteed to match within columns.
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Figure 2.15. Effects of sample size, Ns, on the distribution of estimates of β and γ. In all panels, black shading indicates those
estimates that are significant (P < 0.05). Note x-axis scales are only guaranteed to match within columns.
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Figure 2.16. Effects of genetic architecture, G, on the distribution of estimates of β and γ. The y-axis scale for the triallelic
architecture (middle row) is half that of the other architectures, to compensate for the fact that half as many realizations were
conducted for that architecture (because α is not used by that architecture). In all panels, black shading indicates those estimates that
are significant (P < 0.05). Note x-axis scales are only guaranteed to match within columns.
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Figure 2.17. Effects of mutational effect size, α, on the distribution of estimates of β and γ. Note that α = 1.0 only applies to the triallelic genetic
architecture, while α = 0.5 and α = 0.05 only apply to the quantitative and continuum architectures; see §2.S1.3. For this reason, there are half as
many realizations with α = 1.0; the y-axis of that row has been adjusted accordingly. In all panels, black shading indicates those estimates that are
significant (P < 0.05). Note x-axis scales are only guaranteed to match within columns.
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Figure 2.18. Effects of mutation rate, µ, on the distribution of estimates of β and γ. In all panels, black shading indicates those
estimates that are significant (P < 0.05). Note x-axis scales are only guaranteed to match within columns. The heights of peaks
extending beyond the plot are labeled.
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Figure 2.19. Selection over time, for a realization without competition: (a) linear
selection, (b) quadratic selection. Crosses show selective deaths, colored by the
significance and sign of the selection gradient, β or γ: black = not significant,
red = significant and positive, blue = significant and negative. For quadratic selection, a
positive gradient is consistent with disruptive selection, while a negative gradient is
consistent with stabilizing selection. The central red line shows the adaptive peak, θ = 0.
The green line shows the population mean phenotype. Parameter values used: m = 0,
ω = 10.0, µ = 0.001, α = 0.5, σc = 2.0, VE = 0.001, Nj = 1000, Ns = 1000, quantitative
genetic architecture.
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Figure 2.20. Selection over time, for a realization with competition: (a) linear selection,
(b) quadratic selection. Crosses show selective deaths, colored by the significance and
sign of the selection gradient, β or γ: black = not significant, red = significant and
positive, blue = significant and negative. For quadratic selection, a positive gradient is
consistent with disruptive selection, while a negative gradient is consistent with
stabilizing selection. The central red line shows the adaptive peak, θ = 0. The green line
shows the population mean phenotype. Parameter values are as in Fig. 2.19 (except that
competition is on); note, however, that axis scales are necessarily different than in Fig.
2.19.
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Figure 2.21. Autocorrelation of the significance of selection gradient estimates, β* and
γ*, for the pair of runs shown in Figs. 2.19 and 2.20: (a) no competition, autocorrelation
of β*; (b) no competition, autocorrelation of γ*; (c) competition, autocorrelation of β*;
(d) competition, autocorrelation of γ*. Blue splines are fitted to the data for visualization.
Red lines are at zero; above the red lines is the zone of positive temporal autocorrelation.
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Figure 2.22. Autocorrelation in the estimated values of β and γ, for the pair of runs
shown in Figs. 2.19 and 2.20: (a) no competition, autocorrelation of β; (b) no
competition, autocorrelation of γ; (c) competition, autocorrelation of β; (d) competition,
autocorrelation of γ. Blue splines are fitted to the data for visualization. Red lines are at
zero; above the red lines is the zone of positive temporal autocorrelation.
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Figure 2.23. A comparison of results from linear regression (x-axes) and logistic
regression (y-axes): (a) the rate of detection of linear selection, P(β*); (b) the rate of
detection of quadratic selection, P(γ*); (c) the median absolute β (βavggrad) across all
generations for which β (βavggrad) was significant; (d) the median absolute γ (γavggrad)
across all generations for which γ (γavggrad) was significant. In (a) and (b), points are red if
competition was on for that realization, otherwise they are blue for mortality m = 0.0,
otherwise black. In (c) and (d), colors indicate the sample size Ns: red = 1000,
black = 500, blue = 100. In all panels, the gray line is at x = y; note that in (c) and (d) the
x- and y-axes have different scales. Panel (d) omits 3.4% of points because they have
very large values (up to ~19500), to allow the bulk of the data to be seen.
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Figure 2.24. The intrinsic rate of evolution h0 (as a mean of the median intrinsic rates of
sets of realizations) as a function of sample size, Ns. Error bars show standard deviations.
Black points are based upon the main model realizations, with population size Nj = 1000.
The black curve shows the best exponential function fit to these three points (see text).
The red point is from the supplementary large-population realizations, with Nj = 2500
(see §2.S2.13); points for Nj = 2500 and Ns
{100, 500, 1000} are not shown because
they closely overlap the black points. Note that since the red point was not used in fitting
the exponential, it represents an independent confirmation of the quality of the fit.
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Figure 2.25. Strength and temporal variation of selection. Panels show the frequency
distribution of per-realization metrics: (a) median β , (b) median γ , (c) median
absolute deviation (MAD; see §2.3.3) of β, (d) MAD of γ, (e) MAD of β , (f) MAD of γ
. In all panels, values greater than the maximum visible bin have been counted in the last
visible bin.

153

0.24

b

0.00

0.12

MAD of |γ|

0.12
0.06
0.00

MAD of |β|

a

0.00

0.06

0.12

0.00

0.36
0.00

0.00

d

0.18

MAD of γ

c

0.09

0.18

0.24

Median |γ|

Median |β|

MAD of β

0.12

0.00

0.09

0.18

0.00

0.18

0.36

Median SE of γ

Median SE of β

Figure 2.26. Temporal variation in selection. Panels (a) and (b): each point shows, for one
realization, the median of the absolute values of the estimates of β (γ) against the median
absolute deviation (MAD; see §2.3.3) of the estimates of β (γ). Panels (c) and (d): each
point shows, for one realization, the median standard error of all estimates of β (γ)
against the MAD of the estimates of β (γ). Red lines indicate the 1:1 line in all panels.
Median standard errors for γ shown in (c) were obtained by doubling the median standard
errors from quadratic regression, following Stinchcombe et al. (2008) (see §2.3.3).
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Figure 2.27. Large sample size, Ns = 2500, compared to smaller sample sizes, showing
effects on: (a) the rate of detection of linear selection, P(β*); and (b) the rate of detection
of quadratic selection, P(γ*). These plots may be compared to Figs. 2.3f and 2.4f,
respectively. Note, however, that the dataset analyzed here is the Nj = 2500 supplemental
dataset, and thus involves only high mutational variances (see §2.S2.13); this is the
reason for the large differences between the plots here and the corresponding main
results. See the captions of Figs. 2.3 and 2.4 for presentation details.
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Figure 2.28. Effects of sample size, Ns, on the distributions of estimates of β and γ, for
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Figure 2.29. Estimates of the shape of the fitness function, derived from selection
gradient estimates from realizations without competition. Panels (a) and (b): estimates of
the width of the fitness function, ω. Panels (c) and (d): estimates of the position of the
phenotypic optimum, θ. Red lines indicate the true values of ω and θ in each panel. Each
point shows an estimate (y-axis) derived from a subset of realizations with a particular
stabilizing fitness function width ω (columns), a particular sample size Ns (x-axis), and a
particular random mortality rate m (colors). For each generation in each realization, an
estimate of ω and θ was calculated from that generation’s estimated selection gradients
(see §2.S2.14). Then for each realization, the median estimates of ω and θ across all
generations were calculated. Finally, across each set of realizations represented by one
point, the median of these per-realizations estimates was calculated. Error bars show
±MAD (see §2.3.3). Results shown are for realizations without competition (see text).
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CONNECTING STATEMENT
The previous chapter examined the effects of stabilizing selection and negative
frequency-dependent selection on a population occupying a non-spatial environment with
an invariant phenotypic optimum. In that investigation, I showed that genetic and
phenotypic heterogeneity can be generated by negative frequency-dependent selection
even in a very simple environment. Furthermore, I showed that the behavior of
populations in such simple environments can be quite dynamic and stochastic, exhibiting
patterns of selection similar to those observed in natural populations.
However, real populations and environments are generally more complex and
heterogeneous than the simple scenario modeled in that chapter. Real populations occupy
ranges that can be dynamic in their location and spatial extent, and the optimal phenotype
varies spatially across real environments. Modeling this complexity introduces dynamics
involving dispersal, adaptive divergence, and speciation. The next chapter looks at
evolutionary branching (the asexual analogue of speciation) in complex, spatially
heterogeneous landscapes, to examine how environmental heterogeneity affects the
development of genetic, phenotypic, and phylogenetic heterogeneity.
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CHAPTER 3
Evolutionary branching in complex landscapes
Haller, B. C., R. Mazzucco, U. Dieckmann. (in press). Evolutionary branching in
complex landscapes. Am. Nat.
3.1

Abstract
Divergent adaptation to different environments can promote speciation, and it is thus

important to consider spatial structure in models of speciation. Earlier theoretical work,
however, has been limited to particularly simple types of spatial structure – linear
environmental gradients and spatially discrete metapopulations – leaving unaddressed the
effects of more realistic patterns of landscape heterogeneity, such as nonlinear gradients
and spatially continuous patchiness. To elucidate the consequences of such complex
landscapes, we adapt an established spatially explicit individual-based model of
evolutionary branching. We show that branching is most probable at intermediate levels
of various types of heterogeneity, and that different types of heterogeneity have, to some
extent, additive effects in promoting branching. In contrast to such additivity, we find a
novel refugium effect in which refugia in hostile environments provide opportunities for
colonization, thus increasing the probability of branching in patchy landscapes. Effects of
patchiness depend on the scale of patches relative to dispersal. Providing a needed
connection to empirical research on biodiversity and conservation policy, we introduce
empirically accessible spatial environmental metrics that quantitatively predict a
landscape’s branching propensity.
3.2

Introduction
We have only partial answers to questions such as why there are so many species in

the world, and why some clades are so much more speciose than others (Hutchinson
1959; Schluter 2000; Coyne and Orr 2004; Butlin et al. 2012). A central question in
speciation theory concerns the cause of speciation: in particular, which factors
(environmental, ecological, phenotypic, genetic) promote speciation, and which factors
hinder it? According to the ecological speciation model (Schluter 2001), ecology drives
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speciation: the process of speciation begins with adaptation to different environments by
different populations or subpopulations. From this perspective, evolutionary branching in
an ecological trait is the first step toward speciation; reproductive isolation follows, either
as a byproduct of ecological divergence or as a result of reinforcement (Schluter 2001).
Empirical support for the ecological speciation model has come from studies in
which the adaptive traits that exhibit divergence between different populations also
contribute to reproductive barriers (Rundle and Nosil 2005; Hendry 2009; Schluter 2009).
Recent theoretical work has also demonstrated that local adaptation in a heterogeneous
environment, driven by local competition for resources, can lead to speciation in both
sexual and asexual populations (e.g., Doebeli and Dieckmann 2003; Gavrilets and Vose
2005; Birand et al. 2012).
3.2.1

Complex landscapes

Theoretical models of divergence as a result of local adaptation to different
environments necessarily consider some type of spatial heterogeneity. Two types of
spatial models have dominated: metapopulation models, in which populations inhabit two
or more discrete patches that differ in some way (e.g., Doebeli and Ruxton 1997;
Meszéna et al. 1997; Geritz et al. 1998; Kisdi and Geritz 1999; Day 2000; Gavrilets et al.
2000a; Geritz and Kisdi 2000; Parvinen and Egas 2004; Gavrilets and Vose 2005;
Thibert-Plante and Hendry 2009; Birand et al. 2012), and spatially continuous models of
linear environmental gradients (e.g., Kirkpatrick and Barton 1997; Doebeli and
Dieckmann 2003; Mizera and Meszéna 2003; Leimar et al. 2008; Heinz et al. 2009;
Ispolatov and Doebeli 2009; Payne et al. 2011; Irwin 2012), although a few models have
tried to bridge the gap between these approaches (e.g., Sutter and Kawecki 2009; Débarre
and Gandon 2010).
Real environments are more complex than these simple cases. Patchy environments
are not always discrete, as metapopulation models assume; rather, spatial environmental
heterogeneity is often continuous (Manning et al. 2004; Fischer and Lindenmayer 2006).
On the other hand, this continuous environmental heterogeneity is often not linear, as
linear gradient models assume; rather, spatial environmental heterogeneity may be
pronounced in some areas and minimal in others. The effects of more realistically
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complex spatial heterogeneity on adaptive divergence and speciation have not been
explored in theoretical models. However, given the intimate feedbacks between spatial
heterogeneity, dispersal, and local adaptation, we expect such heterogeneity to be
important.
Here we model the dynamics of evolutionary branching due to local competition and
dispersal in complex heterogeneous landscapes. These landscapes combine continuously
varying patchiness and a nonlinear ecological gradient, thus reconciling and extending
the “continuous linear gradient” and “discrete metapopulation” approaches of previous
models. Environmental heterogeneity in our model has two components (Fig. 3.1; see
§3.S2.9). The first component is an environmental gradient, described by both a linear
coefficient, here called the gradient slope, and a quadratic coefficient, here called the
gradient curvature. The second component is spatially continuous patchiness, described
by its amplitude and its spatial scale (autocorrelation length). Together, these components
produce a wide variety of landscapes with patterns of heterogeneity reminiscent of real
environments. In the following four sections (§3.2.2–3.2.5) we present four hypotheses
regarding the likelihood that evolutionary branching will occur in such complexly
heterogeneous landscapes.
3.2.2

Intermediate heterogeneity maximizes branching propensity

Although negative frequency-dependent selection due to competition can cause
divergence even in the absence of environmental heterogeneity (Dieckmann and Doebeli
1999; Doebeli and Dieckmann 2000), some degree of spatial environmental
heterogeneity must exist for local adaptation to produce divergence as a result of external
environmental effects (Doebeli and Dieckmann 2003). In this way, heterogeneity
promotes branching by providing divergent selection among environments. However, if
heterogeneity is too pronounced, maladapted colonizer populations will be unable to
persist long enough to adapt, and so organisms will be restricted to those areas to which
they are already well-adapted. An intermediate level of heterogeneity is therefore
expected to produce maximal divergence among locally adapted populations, and thus to
maximally promote evolutionary branching. Doebeli and Dieckmann (2003)
demonstrated this in a model involving spatial heterogeneity due to a linear
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environmental gradient; furthermore, their study suggested that the stringency of this
optimum depends on dispersal distance, with short-range dispersal allowing branching to
occur over a broader range of gradient slopes (their Fig. 3b). We hypothesize that this
finding will generalize to other types of heterogeneity; specifically, evolutionary
branching will be maximized also at an intermediate nonlinear gradient curvature, and at
an intermediate amplitude of spatially continuous patchiness, with the stringency of these
optima increasing with increasing dispersal distance.
3.2.3

Additivity of heterogeneity types

If different types of heterogeneity have similar effects on evolutionary branching,
each with its own intermediate optimum that maximizes branching, then such different
types might be expected to have additive effects. For example, if the optimal amount of
heterogeneity due to gradient slope already exists, such that adding more heterogeneity
by increasing the slope decreases the likelihood of branching, then it seems reasonable to
think that adding other types of heterogeneity, such as gradient curvature, would also
decrease branching. Furthermore, this decrease in branching might be compensated for
by reducing the gradient slope as curvature is increased. We thus hypothesize that the
maximal branching propensity should be achievable through an essentially additive
mixture of different types of heterogeneity (gradient slope, gradient curvature,
patchiness). An increase in one type would be compensated by a decrease in another type,
to the extent that such additivity applies.
3.2.4

Refugium effect

As explained above (§3.2.3), different types of heterogeneity may be additive in their
effects on branching; however, we expect one major exception to this general principle of
additivity. This exception arises because the lethality of a given high level of
environmental heterogeneity, and its concomitant negative effect on evolutionary
branching, might be lower if some of that heterogeneity is unevenly distributed in the
form of spatially continuous patchiness. In particular, such patchiness might provide
refugia in areas of an environmental gradient that would otherwise be too lethal to
colonize. These refugia might promote evolutionary branching through several
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complementary mechanisms. First, a refugium might provide an ecologically distinct
patch of sufficient size to allow diversification in situ, despite the harshness of the
underlying steep gradient. Second, a refugium might act as a spatial stepping stone,
providing a clement habitat patch that could act as a proximate source for repeated
colonization attempts into the surrounding inhospitable environment (Havel et al. 2005;
Thomas et al. 2012; Travis et al. 2012). Third, a refugium might act as an adaptive
stepping stone, providing an environment intermediate between the clement home range
and a destination too inhospitable to colonize directly; the refugium would thus allow
partial adaptation to occur prior to further range expansion (Havel et al. 2005; Lombaert
et al. 2010; Heinicke et al. 2011; Westley et al. 2013).
For all these reasons, we hypothesize that spatially continuous patchiness should
promote evolutionary branching particularly strongly when combined with an
environmental gradient so steep as to ordinarily hinder branching. In other words, a
positive interaction between patchy heterogeneity and steep gradients should exist,
mitigating or even opposing the additivity that would otherwise be expected to exist
between these different types of heterogeneity.
3.2.5

Autocorrelation length and dispersal

The effects of patchiness previously discussed – both the refugium effect and, more
generally, the promotion of branching due to patchiness – should depend on the size of
patches relative to the typical dispersal distance. In particular, a population that disperses
over a large area containing many patches would adapt to conditions over the whole area,
whereas populations with shorter dispersal distance might divergently adapt to local
conditions within particular patches (Hovestadt et al. 2001; Bolker 2003; Snyder and
Chesson 2003; Bolker 2010; Bonte et al. 2010; Hanski and Mononen 2011; Richardson
2012). If dispersal distance is so small relative to patch size that populations effectively
never disperse outside their local patch, however, then colonization of the larger
landscape would be prevented, and the heterogeneity of the landscape would no longer
promote divergence. We thus hypothesize that the ratio of the autocorrelation length
(ACL) of environmental heterogeneity to the typical dispersal distance should affect the
likelihood of evolutionary branching. As this ratio increases, the scale of patchiness
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relative to dispersal should increasingly promote evolutionary branching by allowing
local adaptation to individual patches, up to some optimum ratio at which branching is
maximized. Beyond that optimum, branching should be hindered due to a decrease in the
colonization of new patches.
3.2.6

Empirical landscapes and evolutionary branching

Together, these four hypotheses suggest that metrics of heterogeneity could be taken
from a real landscape and used to quantitatively predict its propensity for branching. To
test the feasibility of this idea, we define simple, empirically accessible metrics
(“realized-landscape metrics”) that describe the salient features of our modeled
landscapes. Focusing on ecological divergence – the first step of ecological speciation –
by considering evolutionary branching in asexual populations, we use these metrics to
quantitatively predict the branching propensity of our landscapes. This method, which
could be easily applied to real landscapes using, e.g., satellite data and known
biodiversity patterns, provides the beginnings of a bridge between theoretical and
empirical work on biodiversity and speciation. We end by discussing the implications of
these findings to conservation and management.
3.3

Methods

3.3.1

Model summary

To test our hypothesis, we constructed a spatially explicit, stochastic, continuoustime individual-based model, summarized here (for the full model description, see
§3.S1). All parameters of the model are given in Table 3.1.
Our model is derived from the asexual model of Doebeli and Dieckmann (2003),
who explored the propensity for evolutionary branching in two-dimensional landscapes in
which the optimum phenotype varied across space following a linear environmental
gradient. With the present model, we explore further types of spatial environmental
heterogeneity through the addition of a nonlinear environmental gradient and
continuously varying environmental patchiness (see §3.2.1). The heterogeneity of the
landscape is governed by four model parameters: s, the linear slope of the environmental
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gradient; c, the nonlinear “curvature” of the gradient; lg, the autocorrelation length of the
continuously varying patchiness; and a, the amplitude of that patchiness (Fig. 3.1; see
§3.S2.9). Generated landscapes are ultimately described through a tabulated function
u0(x, y) specifying the optimum phenotype at each location. Landscapes are always
periodic in the y-direction, while in the x-direction we model four possible boundary
conditions: stopping, reflecting, reprising, and absorbing. The topology of the landscapes
is thus cylindrical.
The environmental landscape is inhabited by a population of individuals, with their
abundance regulated by a maximum carrying capacity density K0. Individuals are each
characterized by a quantitative ecological trait u and a spatial location (x, y). Their fitness
depends on their degree of local adaptation as determined by the difference between u
and the locally optimum phenotype u0(x, y). Additionally, the fitness of each individual is
decreased through competition from the other individuals. The strength of competition
depends on both the spatial and the phenotypic distances between the focal individual and
its competitors. The death rate of each individual is governed by its fitness, while the
birth rate is constant for all individuals.
Individuals reproduce asexually, with each offspring inheriting its ecological trait
nearly faithfully from its parent. Dispersal in the model is natal; offspring are displaced
from their parents’ location by a random distance.
The full model description (see §3.S1) discusses these and other aspects of the model
in detail.
3.3.2

Model realizations

A total of 1,500,000 realizations of the model were generated. One set of 300,000
realizations was generated for each of the four boundary conditions, and an additional set
of 300,000 realizations was generated with reprising boundary conditions to serve as an
independent test dataset. Each realization was supplied with random values for the five
governing parameters s, c, lg, a, and v, with the value for each parameter drawn from a
uniform distribution spanning the range of values for that parameter (Table 3.1).
For each realization, a landscape was generated (see §3.S2.9) and analyzed to
determine its standard deviation σ, skewness γ1, kurtosis γ2, and autocorrelation length lr,
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together called the “realized-landscape metrics” (see §3.S2.10). The initial state was then
constructed and its evolution was traced for 5000 generations. A histogram of the
ecological trait values in the population was recorded every 10 generations (see
§3.S1.10). Branching of the population was identified from these histograms as a stable
divergence from the initially unimodal phenotypic distribution into a bi- or multi-modal
distribution. Finally, a full census of the population was recorded at the end of the
realization. A typical model realization is shown in Fig. 3.2.
3.3.3

Statistical analysis

For analysis of the results of these realizations, binomial (logistic) Generalized
Additive Models (GAMs; Wood 2006) were fitted. The independent variables in these
GAMs were the scaled parameters s, c, lg, a, and v. The dependent variable was taken to
be whether the realization branched, encoded as 0 (not branched) or 1 (branched). This
choice was motivated by the clear unimodality of branching times; realizations typically
either branched early or did not branch at all (see §3.S2.6). Nested models including
interactions of the independent variables were constructed (Table 3.2, Fig. 3.6). In the full
model, the hypothesis of an intermediate optimum for each type of heterogeneity, with an
interaction of that optimum with dispersal, was represented with s ∗ v , c ∗ v , and a ∗ v
terms. The hypotheses of additivity between heterogeneity types and of deviation from
additivity due to the refugium effect was represented with the three-way interaction
s ∗ c ∗ a and its component interactions s ∗ c , s ∗ a , and c ∗ a . Finally, the hypothesis

regarding the importance of the ratio of the dispersal distance to the autocorrelation
length (ACL) was represented with lg ∗ v .
Similarly, logistic GAMs were also fitted using the realized-landscape metrics σ, γ1,
γ2, lr, and v, with the same dependent variable (not branched vs. branched). Nested models

including interactions of the independent variables were constructed (Table 3.3, Fig. 3.7).
In the full model, the hypothesis that an intermediate optimum for the overall realizedlandscape heterogeneity would exist, and would be affected by dispersal distance, was
represented with σ ∗ v , and the hypothesis regarding the importance of the ratio of the
dispersal distance to the realized-landscape ACL was represented with lr ∗ v .
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The Bayesian Information Criterion (BIC; Schwarz 1978) was used to select the best
model from each of these two sets of nested models. Several other metrics were also
calculated for each model: the Nagelkerke R2, a standard substitute for R2 in the context
of logistic regression (Nagelkerke 1991); C, the area under the Receiver Operating
Characteristic curve (Metz 1978); D, the Discrimination coefficient (Tjur 2009); and the
proportion of realizations in which the outcome (branched or unbranched) was correctly
predicted by the model.
To fit the GAM models, we used the gam() function in the mgcv package of R
(version 1.7-20; Wood 2006). Tensor product smooths, te(), were used for both
variables and interactions to ensure proper nesting (S. Wood, pers. comm.). Restricted
maximum likelihood (REML) was used for fitting because it is the best method with a
binary dependent variable (S. Wood, pers. comm.). Apart from these choices, default
values were used for all fitting parameters.
Visualizations of two-dimensional slices through the five-dimensional GAM spaces
were generated using a modified version of the vis.gam() function of mgcv. These
slices show the predicted probability of branching for given combinations of all five
independent variables of the GAM (given that three variables are held constant across a
slice while varying the other two). Since only these slices are shown, caution must be
used in interpreting the patterns observed. However, results presented are qualitatively
robust to variation of the parameters fixed for each slice except where otherwise noted.
To confirm that our hypotheses encompassed all important interactions among the
parameters varied, we conducted ex post facto data exploration using logistic Generalized
Linear Models (GLMs). GLMs were used instead of GAMs for this purpose because
fitting GAMs that included every possible interaction, up to the full five-way interaction
of all parameters, was computationally infeasible. This exploration indicated that other
interactions were of very small effect size, and the prediction rate and Nagelkerke R2 for
these GLMs was never as high as for the best GAMs; results from these GLMs are thus
not presented here.
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3.4

Results
Reprising boundaries constitute a middle ground between the extremes of stopping

boundaries, which mostly promote branching by generating disruptive selection, and
absorbing boundaries, which generally inhibit branching by generating stabilizing
selection (Mazzucco et al. [unpublished manuscript]). For this reason, reprising
boundaries were used for all main results, to minimize the influence of the boundary
condition on the results. Results for the other boundary conditions are qualitatively
similar, and are presented in §3.S2.3 (Table 3.4 and Figs. 3.12–3.15).
3.4.1

Generalized additive models

Of the 300,000 main realizations using reprising boundary conditions, 64,858
(21.6%) exhibited evolutionary branching. We fit two nested sets of models to the results
of these realizations, using, in addition to the dispersal parameter v, either the landscapegenerating parameters (s, c, lg, a; Table 3.2, Fig. 3.6) or the realized-landscape metrics (σ,
γ1, γ2, lr; Table 3.3, Fig. 3.7), as described in §3.3.3.

The best GAM model using the landscape-generating parameters (henceforth
“GAMg”) was the full model including all interactions predicted by our hypotheses,

branched ~ s + c + lg + a + v + s ∗ v + c ∗ v + a ∗ v + lg ∗ v + s ∗ c + s ∗ a + c ∗ a + s ∗ c ∗ a .
GAMg, with 13 terms and 167.0 effective degrees of freedom, provided a fit with a
Nagelkerke R2 of 0.642, and correctly predicted the outcome of 89.5% of realizations, as
compared to the null model prediction rate of 78.4% (Table 3.2). GAMg also correctly
predicted 89.6% of the outcomes of the 300,000 realizations in the separate test dataset,
indicating that overfitting did not occur.
The best GAM using the realized-landscape metrics (henceforth “GAMr”) was also
the full model including all predicted interactions,

branched ~ σ + γ 1 + γ 2 + lr + v + σ ∗ v + lr ∗ v .
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GAMr, with only 7 terms and 49.3 effective degrees of freedom, provided a fit with a
Nagelkerke R2 of 0.681, and correctly predicted the outcome of 90.6% of realizations, as
compared to the null model prediction rate of 78.4% (Table 3.3). GAMr also correctly
predicted 90.7% of the test dataset outcomes, again indicating that overfitting did not
occur.
Although GAMg and GAMr were chosen on the basis of their BIC scores, the other
model metrics assessed (Nagelkerke R2, C, D, prediction accuracy; §3.3.3) were also
optimized by this choice (Tables 3.2 and 3.3, Figs. 3.6 and 3.7). For further discussion
see §3.S2.1.
3.4.2

Intermediate heterogeneity maximizes branching propensity

For all types of heterogeneity explored, branching propensity was maximized at
some particular level of heterogeneity, showing a “hump-shaped” relationship. In
particular, an intermediate slope was found to maximally promote branching (optimum
s ≈ 0.75 ; Fig. 3.3A), and likewise for an intermediate curvature (optimum c ≈ 0.25 ; Fig.

3.3B). An intermediate patchiness amplitude similarly appeared to maximally promote
branching (optimum a ≈ 2.75 ; Fig. 3.3C), but this effect depended on the boundary
conditions, being most apparent with absorbing boundaries (Fig. 3.12C) and least
apparent for stopping boundaries (Fig. 3.12O). For reflecting and reprising boundaries,
the optimum value appeared to be close to the edge of the parameter space explored (Fig.
3.12G and 3.12K). Branching was also maximally promoted at an intermediate level of
overall landscape heterogeneity, as measured by the standard deviation of the realized
landscape, σ (optimum σ ≈ 2.0 for v < 0.5 ; Fig. 3.3D). The probability of branching

always decreased with increasing dispersal distance, but dispersal distance had little
effect on the optimal values of s, c, and a (Figs. 3.3A–C). The optimum σ decreased with
increasing dispersal distance, reaching zero for v > 0.5 (Fig. 3.3D), although this effect

varied somewhat among boundary conditions (Fig. 3.12).
3.4.3

Additivity and the refugium effect

The different types of heterogeneity also interacted in their effects on branching,
making the complete picture somewhat more complex. Slope and curvature showed
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simple additivity (Fig. 3.4A). This was not the case, however, for the combination of
slope and patchiness amplitude (Fig. 3.4B); here, as amplitude increased, the sensitivity
to slope decreased, indicating less than full additivity between slope and amplitude. This
effect was even more pronounced for curvature and amplitude (Fig. 3.4C); here for
c > 0.4 the probability of branching actually increased with increasing amplitude, up to a

point, indicating a net positive interaction between large curvature and amplitude.

3.4.4

Autocorrelation length and dispersal

Landscapes with a larger realized autocorrelation length lr produced a higher
probability of branching (Fig. 3.5). An interaction between the effects of lr and dispersal
distance v was also observed: the branching probability decreased more strongly with
increasing v when lr was larger (Fig. 3.5). The generating autocorrelation length lg had
little effect (see §3.S2.2).
3.4.5

Other results

We had no specific hypotheses regarding the role that the realized-landscape
skewness, γ1, and kurtosis, γ2, would play. For this reason, although substantial and
significant effects were observed for both (Table 3.3 and Fig. 3.15), they are presented in
§3.S2.4.
Analysis using the alternative cluster-based assessment of branching (see §3.S1.10)
produced results very similar to those presented, which suggests that our findings are
robust to variations in the method used to assess branching (see §3.S2.5).
Branching times for realizations that branched were typically less than 1000
generations, following an approximately lognormal distribution, and showed little
correlation with the predicted probabilities of branching given by the GAM models (Fig.
3.16, §3.S2.6). Branching was thus generally binary: it happened early or not at all, for
most realizations. Nevertheless, some effects of parameters on branching time were
observed (Figs. 3.17 and 3.18, §3.S2.7).
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3.5

Discussion
Here we have shown that complex spatial heterogeneity affects evolutionary

branching in several ways previously unexplored by theoretical models. An intermediate
optimum level of environmental heterogeneity exists that maximally promotes branching,
and such an intermediate optimum also appears to exist for particular types of
heterogeneity – linear gradients, nonlinear gradients, and spatially continuous patchiness.
The effects of these different types of heterogeneity are additive to some extent, but
linear gradients of an optimal slope are more effective in promoting branching than are
the other types of heterogeneity investigated. A refugium effect also causes a departure
from additivity of different types of heterogeneity because patchiness can break up an
otherwise hostile environment, leading to a higher branching propensity for landscapes
than would otherwise be expected given the overall level of heterogeneity present. The
scale of patchiness relative to the dispersal distance of organisms is also important: large
patch size relative to dispersal distance isolates populations in distinct areas, promoting
local adaptation.
Furthermore, our results allow us to quantitatively and accurately predict the
branching propensity of heterogeneous landscapes through empirical metrics that might
often be easily obtained. This method could be used to predict the branching propensity
of real landscapes. The effects of complex spatial environmental heterogeneity might
help explain some contentious observations, such as the higher biodiversity of the tropics,
differences in the speciosity of parapatric sister clades, the causes of adaptive radiation
(or the lack thereof) in different environments, and the evolutionary effects of differences
in dispersal behavior among species. This connection between our model and real
landscapes also has potential implications for conservation.
3.5.1

Intermediate heterogeneity maximizes branching propensity

Previous research indicates that an intermediate environmental gradient slope
maximally promotes evolutionary branching (Doebeli and Dieckmann 2003; Heinz et al.
2009): very shallow slopes provide little opportunity for adaptive divergence, while very
steep slopes are likely to be lethal for dispersers and provide little habitable space in
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which a colony might settle. Our model confirmed this result (Fig. 3.3A), with good
agreement to previous findings (Doebeli and Dieckmann 2003, their Fig. 3b).
Going beyond previous results, we also observed an intermediate optimum for the
degree of curvature of an environmental gradient (Fig. 3.3B), and for the overall
measured heterogeneity of the landscape (Fig. 3.3D). These findings support our
hypothesis that an intermediate optimum level should exist for other types of
heterogeneity (see §3.2.2). In fact, the argument that steep slopes are lethal for colonizers
readily generalizes to other kinds of heterogeneity, since the area of suitable habitat for
each species shrinks as heterogeneity increases (Allouche et al. 2012). The existence of
an intermediate optimum for the amplitude of spatially continuous patchiness depended
on the boundary condition, however, and was not always apparent (Fig. 3.12). This may
be because a very high level of patchiness can have both negative effects on speciation,
by hindering colonization, and also positive effects on speciation, by providing obstacles
that increase the geographic isolation of populations and thus promote divergence
(Golestani et al. 2012). Separating these competing effects of heterogeneity would be an
interesting direction for future research.
3.5.2

Additivity and the refugium effect

If there is an optimum overall level of spatial environmental heterogeneity, as
discussed in the previous section (§3.5.1), then it might be natural to expect particular
types of heterogeneity – gradient slope, gradient curvature, and patchiness amplitude, in
this study – to be additive in their effects (see §3.2.3). This effect was observed for the
interaction of slope and curvature (Fig. 3.4A). If both are too low, then the optimum level
of heterogeneity is not attained, and branching is hindered. Increasing either one to its
optimal level maximizes branching due to that type (although curvature is less effective
than slope in promoting branching even at its optimum level, presumably because
curvature can only optimize a fraction of the whole landscape for branching). Finally,
mixtures of both slope and curvature exhibit nearly straight, diagonal isoclines indicating
a high degree of additivity. This supports our hypothesis that the overall magnitude of
heterogeneity determines the branching propensity of the landscape, to a first
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approximation. However, other heterogeneity types showed more complex interactions,
as we now discuss.
We also hypothesized that a refugium effect should cause a deviation from this
additivity, for the combination of patchiness with an extreme gradient due to either slope
or curvature. This effect is strongest for curvature, since increasing patchiness amplitude
actually increases the branching propensity for all magnitudes of curvature substantially
greater than the optimum curvature (Fig. 3.4C). The effect is less pronounced for slope;
here, increasing amplitude merely has less strong of an effect than would be expected
from pure additivity, and at very steep slopes increasing amplitude has almost no effect at
all (Fig. 3.4B). The refugium effect, then, causes a positive, synergistic interaction
between high curvature and patchiness, but merely acts to partially mitigate the expected
additivity between high slope and patchiness. This difference might be because, without
patchiness, only a small section of a curved gradient is likely to be hospitable; if
patchiness can open up the entire landscape to colonization, the refugium effect may thus
be quite large.
Because of the refugium effect, the probability of branching (let us here call this p)
increased substantially with an increase in patchy heterogeneity in some cases – from less
than 85% to more than 95% for the largest curvatures explored in our realizations with
reprising boundaries (Fig. 3.4C), and even more with absorbing and stopping boundaries
(Fig. 3.13). However, the probability that branching will not occur, 1− p , shows a
proportionately much larger effect, falling from more than 15% to less than 5%. The odds
ratio, p (1− p) , is a standard metric that unifies these two perspectives; using it, we can
see that in the best case the refugium effect more than tripled the odds in favor of
branching, from about 5.5:1 to 19:1. Such a large change in odds could produce very
large effects on the net biodiversification rate in empirical scenarios in which branching
is not otherwise very likely to occur.
3.5.3

Autocorrelation length and dispersal

We also hypothesized that the effects of patchiness – both the refugium effect and
the overall promotion of branching by patchy heterogeneity – should depend on the
relative scales of dispersal and patchiness (Hovestadt et al. 2001; Bolker 2003; Snyder
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and Chesson 2003; Bolker 2010; Bonte et al. 2010; Hanski and Mononen 2011).
Specifically, as the ratio of the autocorrelation length (ACL) of patchiness to the typical
dispersal distance increases, local adaptation to individual patches should be increasingly
favored (up to a point), promoting evolutionary branching (see §3.2.5). This hypothesized
interaction between ACL and dispersal was observed for the realized ACL, lr (Fig. 3.5).
For small values of lr, patches are too small for local adaptation to be possible, and so the
dispersal distance is relatively unimportant. For larger lr, however, local adaptation
becomes possible as long as dispersal distance is sufficiently short-range; the longer the
dispersal distance, the less likely branching is. For very large lr and short-range dispersal,
the isoclines flatten out, indicating an insensitivity to lr; patches in this case are large
enough relative to dispersal that making them even larger has little effect on branching,
because populations are already able to fully adapt to their local conditions. These
findings demonstrate that for a patch to provide a good site for local adaptation, it must
be much larger than the individual dispersal distance, both because many individuals in a
population will not be located at the center of the patch, and because the flat bottom of
the patch that provides a relatively constant environment is much smaller than the overall
patch size; for much of the radius of a patch, the environment is changing, with a gradient
from inside-patch to outside-patch conditions.
This interaction between dispersal distance and ACL was not observed for the
generating ACL, lg (Fig. 3.8B); indeed, lg had almost no effect. This was expected, as the
realized ACL is not highly correlated with the generating ACL due to stochasticity and
system size constraints (Fig. 3.8A), and because it also depends on the other landscapegenerating parameters. For these reasons, lg contains much less information than lr, and is
not a good predictor of evolutionary branching (see §3.S2.2).
3.5.4

Empirical implications

We have suggested that empirical studies might use our realized-landscape metrics to
measure the heterogeneity of real landscapes, and then test the predictions of our model
against the actual biodiversity of clades endemic to that landscape. This exciting
opportunity to confront theory with data is, however, not without challenges.
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Sampling a landscape at high resolution may be non-trivial for some environmental
metrics not provided by existing resources such as satellite images (e.g., soil mineral
concentrations; Yost et al. 2012). However, many environmental variables are typically
correlated (e.g., temperature, altitude, and rainfall), and in some cases sophisticated
methods exist for predicting unknown environmental variables across a landscape using
such correlated proxies (McKenzie and Ryan 1999). Studies might also compare the
predictive value of all available metrics, or might compress multiple metrics into a single
axis of environmental variation, using Principal Components Analysis (PCA). PCA might
be particularly appropriate when local adaptation to a suite of correlated environmental
variables is believed to have occurred; however, it should be used with caution, as the
axis of greatest environmental variation might not correspond to the axis of variation to
which a particular clade adapted.
Furthermore, clades should be chosen that match the biology modeled here (e.g.,
unbiased natal dispersal, asexual reproduction); further theoretical exploration will be
needed before other radiations can be studied within this framework (see §3.5.5). We
suggest that adaptation of asexual or clonal plants and fungi to serpentine soil outcrops
might present an attractive opportunity, due to the many independent instances of
speciation due to local adaptation to serpentine soils in heterogeneous landscapes (Brady
et al. 2005; Harrison and Rajakaruna 2011). There may also be cases in which historical
data, perhaps from paleoclimatological reconstructions and dated phylogenies, are
sufficiently complete to test our model’s predictions for cases such as post-glacial
radiations (Linder 2008) or adaptation to different islands (Givnish 2010). Finally, natural
heterogeneity also commonly varies over time; to test our model’s predictions, a
landscape would have to be chosen that has been relatively invariant over the time in
which speciation occurred.
Natural heterogeneity might exhibit patterns not modeled here. For example, sudden
transitions in habitat type may be superimposed on less extreme heterogeneity (e.g.,
ocean-to-land transitions); the autocorrelation length may vary depending upon the
spatial axis or the position in space (e.g., “basin-and-range” topography); or the
landscape structure may not be reducible to a single autocorrelation length due to
hierarchical structure (Kolasa et al. 2012). In such cases, model predictions could still be
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generated by replacing our generated landscapes by a representation of the actual
landscape.
If environmental conditions that promote biodiversification also promote the
maintenance of biodiversity (Rosenzweig 2001, 2003), then our results have implications
for conservation policy. Specifically, the loss of, or alteration of, patterns of
environmental heterogeneity may lead to “reverse speciation” or the loss of locally
adapted taxa (Seehausen et al. 1997; Templeton et al. 2001; Seehausen 2006; Seehausen
et al. 2008; Crispo et al. 2011; De León et al. 2011; Vonlanthen et al. 2012). One
implication is that even if a large reserve is ideal habitat for a given species, the variation
within that species may not be maintained unless environmental heterogeneity is
preserved to provide divergent selective pressures. A second implication is that refugia
may provide stepping-stones, both spatially and adaptively (see §3.2.4), allowing more
rapid and effective colonization and adaptation than would otherwise be possible in the
face of anthropogenic disturbances such as climate change (Havel et al. 2005; Thomas et
al. 2012). Indeed, assisted migration programs might do well to consider introducing
species into carefully chosen refugia within a larger hostile environment, rather than into
a larger area of compatible habitat, to maximally accelerate adaptation toward anticipated
future conditions. The plausibility of this approach is illustrated by the importance of
heterogeneity, refugia, and adaptation in the spread of invasive species (Havel et al. 2005;
Lombaert et al. 2010; Heinicke et al. 2011; Tingley et al. 2012; Westley et al. 2013).
Given this, our results might also help to predict biological invasions (Kolar and Lodge
2001), extending approaches such as environmental niche modeling (Herborg et al. 2007)
by adding consideration of dispersal and evolution.
3.5.5

Future directions

There are many future directions for this research that we expect to be fruitful.
Because the present model is asexual with natal dispersal, it applies most strongly to
selfing and asexual plants; extending the model to the sexual case would reveal the
importance of gene flow due to hybridization (Dieckmann and Doebeli 1999; Doebeli
and Dieckmann 2003). The need to establish assortative mating in the sexual case can
hinder speciation, particularly when mate choice is based upon an ecologically neutral
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marker trait (Felsenstein 1981; Dieckmann and Doebeli 1999; Servedio et al. 2011).
However, this negative effect of sexual reproduction on speciation has been shown to be
mitigated greatly by effects of spatial distance and environmental heterogeneity (Doebeli
and Dieckmann 2003). We expect this to apply also for complex spatial heterogeneity,
mediated by the interaction between the relative spatial scales of heterogeneity and
dispersal.
Similarly, the addition of different types of dispersal, such as non-natal dispersal,
conditional dispersal, and habitat preference, would allow an exploration of the effects of
complex spatial heterogeneity with dispersal behaviors more typical of animal species
(Ronce 2007; Edelaar et al. 2008; Clobert et al. 2009; Payne et al. 2011; Webster et al.
2012). Allowing the evolution of dispersal rate (Doebeli and Ruxton 1997; Mathias et al.
2001), distance (Heinz et al. 2009), and kernel shape (Hovestadt et al. 2001; Bolker 2010)
would also be worthwhile; these factors might interact with complex spatial
heterogeneity in interesting ways, perhaps modifying the dynamics of the refugium effect
with an effect of the dispersal kernel shape. Steep environmental gradients have
previously been shown to promote the evolution of short dispersal distance (Heinz et al.
2009), and we expect that the same would likely apply to other types of heterogeneity,
but this might inhibit branching on some landscapes, if it means that the refugium effect
is diminished by decreased dispersal into refugia.
Our results indicate that branching, when it occurs, typically occurs immediately;
however, some landscapes promote branching in a delayed fashion, perhaps because the
population first has to attain a favorable spatial configuration on the landscape before
branching can occur (see §3.S2.6 and §3.S2.7). This result underscores the need for a
theory linking spatial structure to the expected waiting time to branching, a question that
has barely begun to be explored (Orr and Orr 1996; Gavrilets et al. 2000b).
Allowing temporal environmental heterogeneity, in addition to spatial environmental
heterogeneity, would connect this work to previous studies related to environmental
change (e.g., Pease et al. 1989; Bürger and Lynch 1995; Kopp and Hermisson 2007;
North et al. 2011), with particular relevance for predicting the effects of climate change
for species occupying realistically heterogeneous landscapes. Finally, only one ecological
dimension has been examined in this work; an exploration of the consequences of
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complex spatial heterogeneity in multiple ecological dimensions is needed (Nosil and
Harmon 2009; Guillaume 2011; Birand et al. 2012). We hope to pursue these topics in
future research.
Spatial heterogeneity, by producing divergent selective regimes that promote
diversification, is an important driver of speciation. A complete understanding of the
effects of complex, realistic patterns of spatial heterogeneity is therefore fundamental to
an understanding of the origins of biodiversity. The model and results we have presented
here represent a step toward that goal.
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Table 3.1. Model parameters and landscape metrics with symbols, values, and units.
Symbol

Value

Units

Ninit
K0

100
500

–
1 L2

Standard deviation of carrying capacity density;
scales the reduction in carrying capacity
density due to the difference of an individual’s
ecological character from the locally optimal
ecological character u0 (x, y)

σK

0.3

E

Std. dev. of the spatial competition function; scales
the reduction in competition as the spatial
distance between individuals increases

σs

0.19

L

Scaled std. dev. of the phenotypic comp. function

cp

Std. dev. of the phenotypic comp. function; scales
the reduction in competition with increasing
phenotypic distance between individuals

σc

5
cp ⋅ σ K

–
E

Probability of a mutation occurring

µm

0.005

Standard deviation of the mutation effect size

σm

Per capita birth rate; scales time in the model

b

Scaled environmental gradient slope

s
c
lg
a
v
S
C
Lg
A
V

0.05
1
0.0 – 2.0
0.0 – 1.0

–
E

Initial number of individuals
Maximum carrying capacity density; scales the
number of individuals in the system

Scaled environmental gradient curvature
Scaled environmental patchiness autocorr. length
Scaled environmental patchiness amplitude
Scaled std. dev. of natal dispersal distance
Environmental gradient slope
Environmental gradient curvature
Environmental patchiness autocorrelation length
Environmental patchiness amplitude
Standard deviation of natal dispersal distance;
scales offspring distance from the parent

T −1

–
–

0.05 – 3.0
0.0 – 3.0
0.01 – 3.0

–
–
–

s ⋅σ K σs
c ⋅ σ K σ s2
lg ⋅ σ s

E L
E L2
L
E
L

a ⋅σ K
v ⋅σs
µ2 σ K

Realized-landscape heterogeneity scaled std. dev.

σ

Realized-landscape heterogeneity skewness

γ1

Realized-landscape heterogeneity excess kurtosis

γ2

µ4 σ 4 − 3

Realized-landscape het. scaled autocorr. length

lr

See §3.S2.10

µ3 σ

3

–
–
–
–

Note: Units are expressed with symbols L (length), E (ecological phenotype),
T (time), and – (dimensionless). Symbols µ 2 , µ3 , and µ 4 represent the second, third,
and fourth moments of the distribution of values in the realized landscape (see §3.S2.10).
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A

B

C

D

E

F

G

H

Figure 3.1. Examples of generated landscapes. We illustrate the effect of the four
landscape-generating parameters on the pattern of spatial heterogeneity. A–D: Small
values of parameters s, c, a, and lg (scaled slope, scaled curvature, scaled amplitude, and
scaled generating autocorrelation length), respectively. E–H: Larger values of the same
parameters, so that each column shows the effect of a low vs. high value of one
parameter. Colors indicate locally optimal ecological trait values, ranging from white
(low) to dark green (high). Black lines show locally optimal ecological trait values across
one horizontal transect of each landscape. For purposes of comparison, all panels are
generated with the same random number generator seed so that they are based on the
same stochastic spatial structure. For each column, the other landscape-generating
parameters are held to zero (except that to show the effect of the scaled amplitude, a
particular autocorrelation length must be specified).
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Spatial location, x
B

C

Spatial location, y

A

Ecological trait value, u

D

0

Time (generations)

5000

Figure 3.2. One realization of the model. A–C: A census of all individuals in the model
after 50 (A), 2000 (B), and 5000 (C) generations (circles), superimposed on the generated
landscape, which includes both a spatial gradient and spatially continuous patchiness.
Background colors indicate locally optimal ecological trait values, while circle colors
indicate the actual trait values of individuals, both ranging from white (low) to dark green
(high). D: A plot of ecological trait values (y-axis) through time. For each time, the plot
shows a histogram of the ecological trait values of the individuals extant at that time in
the model. Red lines indicate time points for panels A–C. Evolutionary branching can be
observed at several points, and three branches exist at the end of execution, two of which
are phenotypically similar; note also that one lineage went extinct after approximately
2600 generations.

188

A
99
%

1

90%
99%

10%

C

%

1

2

30%
50%

70%

90%

Scaled amplitude, a

10

1%
1 0

1%
90%

30%
70% 50%

0.5

Scaled curvature, c

B

%
2 0

30%

Scaled slope, s

10%

30%

50%

50%

0

0.5
1
1.5
1%
50% 10%
30%
0

D

100%

80%

40%

60%

1%

Branching
probability

0%

70
%

6

20%

4

10%
2

90%

50
%

30%

3 0

Scaled std. dev., σ

70

Figure 3.3. Predicted branching probabilities from GAMs, showing effects of dispersal distance and different heterogeneity types. We
show that an intermediate level of heterogeneity typically maximizes the branching probability. Panels show contour plots of the
branching probability as a function of the scaled dispersal distance v and A: scaled slope s; B: scaled curvature c; C: scaled amplitude
a; and D: scaled landscape standard deviation σ. Red (white) indicates predicted low (high) branching probability (see color scale at
right). The probability of branching is maximized at an intermediate value of s, c, and perhaps a (see text), regardless of the dispersal
distance; an intermediate value of σ also maximizes branching for v < 0.5 . Results shown are for reprising boundaries; results for

other boundary conditions are qualitatively similar (see §3.S2.3 and Fig. 3.12). Other parameters: A–C: s = 0 , c = 0 , a = 0 , and
lg = 0.15 , D: γ 1 = 0 , γ 2 = 0 , and lr = 0.15 . Contour lines below 10% and above 90% are placed to best show the contours of the data
in each panel.
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Figure 3.4. Predicted branching probabilities from GAMg, showing interactions between
heterogeneity types. We show additive effects, and deviations therefrom due to the
refugium effect, between scaled slope s, scaled curvature c, and scaled amplitude a.
Panels show the branching probability as a function of A: s and c, demonstrating
additivity between the two; B: s and a, demonstrating non-additive effects between the
two, and a weak mitigation of the negative effect of steep slope on branching when
combined with large amplitude; and C: c and a, demonstrating non-additive effects
between the two, and a strong mitigation of the negative effect of high curvature on
branching when combined with large amplitude. Red (white) indicates predicted low
(high) branching probability (see color scale at right). Results shown are for reprising
boundaries; results for other boundary conditions are qualitatively similar (see §3.S2.3
and Fig. 3.13). Other parameters: s = 0 , c = 0 , a = 0 , lg = 0.15 , and v = 0.075 . Contour
lines above 90% are placed to best show the contours of the data in each panel.
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Figure 3.5. Predicted branching probabilities from GAMr, showing an interaction
between dispersal distance and the realized-landscape autocorrelation length (ACL).
Contours show branching probability as a function of the scaled realized autocorrelation
length lr and the scaled dispersal distance v, demonstrating the importance of the relative
scale of the two. Red (white) indicates predicted low (high) branching probability (see
color scale at right). Branching probability decreases with increasing v, but increases with
increasing lr; v and lr also interact, with v having less effect when lr is small. Results
shown are for reprising boundaries; results for other boundary conditions are qualitatively
similar (see §3.S2.3 and Fig. 3.14). Other parameters: σ = 2.0 , γ 1 = 0 , and γ 2 = 0 .
Contour lines above 90% are placed to best show the contours of the data.
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3.S1 Chapter supplemental: Model description
To test our hypotheses, we constructed an individual-based model, described below
following guidelines suggested for the standardized description of such models (Grimm
et al. 2006). The model description is also intended to follow closely that of Heinz et al.
(2009), itself a descendant of Doebeli and Dieckmann (2003). A brief summary of the
model is provided in the main text (see §3.3.1).
3.S1.1

Model overview

The purpose of this model is to understand the effects of complex spatial
environmental heterogeneity on the process of speciation. The model is related to the
spatially explicit individual-based stochastic model of Doebeli and Dieckmann (2003),
restricted to the asexual case of that model. Our model replaces the linear spatial
environmental gradient of Doebeli and Dieckmann (2003) with a complex landscape
composed of a nonlinear environmental gradient and continuously varying environmental
patchiness. As a consequence of the individual-based approach, stochasticity manifests in
several aspects of our model, including variation in the landscape, variation in the initial
state, demographic stochasticity, random dispersal, and random mutations during
reproduction, as described in the following sections.
3.S1.2

Environmental landscape and state variables

Individuals inhabit a two-dimensional continuous landscape. The landscape is
constant in time; its spatial heterogeneity is composed of a gradient in the x-direction, and
of patchiness that continuously varies in both the x- and y-directions (see §3.S1.3).
Individuals in this landscape are characterized by their location (x, y), with 0 ≤ x, y ≤ 1,
and by their ecological character u, which affects their adaptation to the local
environment. The state of the model at any point in time is thus fully specified by triplets
(xi, yi, ui) for all individuals i in the population (i = 1, ..., N, where N is the current
population size). Individuals are affected both by the landscape and by the other
individuals in the model through their death rate (see §3.S1.7).
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3.S1.3

Landscape heterogeneity

The carrying capacity density K at a location (x, y) for ecological character u is
defined as K(u, x, y) = K 0 Nσ K (u − u0 (x, y)) , where K 0 is the maximum carrying capacity
density, Nσ (z) = exp(− 12 z 2 σ 2 ) denotes a Gaussian function of standard deviation σ, and
u0(x, y) denotes the optimal ecological character value (the value that produces the
greatest carrying capacity density) at the given location; u0(x, y) thus describes the
environmental landscape and is defined as
u0 (x, y) = α + Sx + 12 Cx 2 + Φ Lg , A (x, y)

(Formula 3.1).

In this expression, the centering constant α is always selected after landscape generation
so as to yield a mean value of 0.5 for u0(x, y) over the landscape as a whole, while S and
C are model parameters defining the slope and curvature, respectively, of the
environmental gradient in the x-direction. C represents the maximum environmental
gradient due to curvature (at x = 1); with a quadratic curvature term, the coefficient 12 C
thus represents the average environmental gradient due to curvature. The function
Φ Lg , A (x, y) specifies the autocorrelated noise that describes the environmental

patchiness, which is further characterized by the autocorrelation length Lg and the
patchiness amplitude A. The function Φ is constructed as the convolution of Gaussian
white noise and a two-dimensional filter function constructed to produce the desired
autocorrelation length Lg. The model parameters S, C, Lg, and A thus together govern the
generation of the landscape. For further details on the generation procedure, see §3.S2.9.
A survey of some landscapes generated by this model, and of the effects of
parameters on the generated landscape, is shown in Fig. 3.1.
3.S1.4

Boundary conditions

In the x-direction (the direction of the environmental gradient), we tested four
boundary conditions: stopping, reflecting, reprising, and absorbing. These boundary
conditions differ in the action taken when a natal dispersal location (see §3.S1.8) is drawn
outside of the valid range 0 ≤ x ≤ 1. Stopping boundaries replace values x < 0 or x > 1 by
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values 0 or 1, respectively, causing dispersers to stop at the edge of the landscape.
Reflecting boundaries replace values x < 0 or x > 1 by values −x or 2 − x, respectively, as
if dispersers bounced off of the edge of the landscape (repeatedly, if necessary, until the
location is valid). Reprising boundaries redraw invalid locations until a valid location is
obtained, as if dispersers avoid areas beyond the landscape’s edge. Absorbing boundaries,
finally, remove the individual from the population if an invalid location is drawn;
dispersal beyond the edge of the landscape is in this case lethal.
In the y-direction, for which only stochastic environmental heterogeneity exists,
periodic boundary conditions were utilized. Periodic boundaries replace values y < 0 or
y > 1 by values y + 1 or y − 1, respectively (repeatedly, if necessary, until the location is
valid). The landscape was generated in such a manner as to guarantee that it meshed
seamlessly across the periodic y boundaries (see §3.S2.9). The landscape thus described
is cylindrical in topology for all four boundary conditions used. Periodic boundaries (or
cline-periodic boundaries; Heinz et al. 2009) could not be used in the x-direction because
the nonlinear environmental gradient (see §3.S1.3) would cause discontinuity in the
landscape.
3.S1.5

Phenotype ranges and initialization

Initially, the model contains Ninit individuals with state (xi, yi, ui) for each individual i,
where xi and yi are drawn from a uniform distribution between 0 and 1, and ui = 0.5
(matching the mean value of u0(x, y) over the landscape). No bounds are enforced by the
model on values of the ecological character u thereafter.
This initial state distributes individuals across the entire landscape, although the
poorly adapted individuals typically die almost immediately. Biologically, this
distribution might represent an unusual event such as a storm that introduces individuals,
propagules, or seeds across a landscape, or might represent a previously homogeneous
landscape suddenly transformed into heterogeneity by a catastrophic event such as fire,
flooding, or volcanism. However, additional test realizations (not shown) suggest that the
final outcome of realizations does not depend strongly upon this initial distribution. With
all but the shortest dispersal distances, the landscape is quickly colonized and the initial
distribution has little effect. With very short-range dispersal, movement across the
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landscape is very slow and the waiting time to branching can thus be much longer, but
the final outcome is similar. Given sufficiently long runtimes, then, we expect that
different initial conditions would not substantially affect our results, other than by
broadening the branching time distribution.
3.S1.6

Interactions

Individuals interact only through local competition for resources. The strength of
competition felt by focal individual i is the sum of the competitive impacts of all other
individuals in the system, and is expressed as the effective number of individuals
competing with the focal individual,
neff (ui , xi , yi ) = ( 2π σ s 2)

−1

N

∑

Nσ c (uj − ui ) Nσ s (xj − xi ) Nσ s (yj − yi )

(Formula 3.2).

j=1, j≠i

The strength of competition decreases with increasing spatial distance, as described by a
Gaussian function with standard deviation σs, the spatial competition radius. The strength
of competition also decreases with increasing ecological character difference between the
individuals, as described by a Gaussian function with standard deviation σc, the
phenotypic competition width. The parameters σs and σc can therefore be thought of as
scaling factors for the impact of spatial differences and phenotypic differences,
respectively, on the strength of competition (Doebeli and Dieckmann 2003). The
normalization factor (2πσs2)−1 ensures that a spatially uniform population is regulated to a
given overall environmental carrying capacity regardless of the value of σs. Interactions
span the periodic y-boundary; the shortest distance between individuals in the cylindrical
landscape is used. As the competition felt by an individual increases, that individual’s
death rate increases, as described below (see §3.S1.7).
3.S1.7

Death events

The death rate di of each individual i is computed as n eff (ui , x i , y i ) K(ui , x i , y i ) ,
where n eff (ui , x i , y i ) denotes the strength of competition felt by individual i (see §3.S1.6),
and K(ui , x i , y i ) the carrying capacity density experienced by individual i (see §3.S1.3).
€
€

€
€
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Competition in this model therefore produces soft selection (Wallace 1975), and cannot
lead to extinction. When an individual dies, it is removed from the population.
3.S1.8

Birth events and dispersal

The birth rate of every individual i is equal and constant: bi = b. When an individual
gives birth, an offspring individual is generated asexually and added to the population.
We model natal dispersal as the only form of movement; the spatial coordinates x and y
of the offspring are thus drawn from normal distributions with standard deviation V and
means equal to the parental values xi and yi, and then the boundary conditions are applied
as described in §3.S1.4. The ecological character u of the offspring is nearly faithfully
inherited from the parent, except that with probability µm a mutational offset, drawn from
a normal distribution with mean 0 and standard deviation σm, is added to the parental
value ui to represent a mutation event during reproduction.
Since the birth rate b is constant, we scale time by 1 b . In 1 b units of time every
individual is expected to produce one offspring, and if the population size is at
equilibrium, the same number of individuals is expected to die in that period of time. For
€
€
this reason, we refer to 1 b units of time as a “generation”.
3.S1.9

Process overview and scheduling
€
Overlapping generations of individuals are implemented in the model using a

continuous-time birth–death process implemented following the so-called Direct Method
of Gillespie (1976). First, the current birth rate bi and current death rate di of each
individual i are determined by the state of the model, as described above (§3.S1.7 and
§3.S1.8). From these, the population-level birth and death rates are calculated as sums
€
€
N
N
over the individual rates, B = ∑i=1 bi and D = ∑i=1 di respectively. The overall event rate
is then calculated as E = B + D, and the waiting time to the next event is drawn from an
exponential distribution with mean 1 E . With probability B E this is a birth event, and
€
€
an individual i is chosen for reproduction with probability bi B . Otherwise, with
€
probability D E , it is a death event, and an individual i is chosen for removal with
€
€

€
€
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probability di D . At the end of the event, the model state is updated, and the birth and
death rates of all individuals are recalculated.

€
3.S1.10 Observables
The u0(x, y) values that define the landscape were recorded on generation of the
landscape, at the start of each realization of the model. Each generated landscape was
analyzed to extract metrics describing its salient features: the landscape’s scaled standard
deviation σ, skewness γ1, excess kurtosis γ2, and autocorrelation length lr (see §3.S2.10).
Every 10 generations during each realization a histogram of the ecological character
values of the population was recorded. At the end of each realization, the final state
(xi, yi, ui) of all individuals was recorded. Following the recommendations of Grimm
(2002) regarding the importance of visual debugging, the landscape and the state of all
individuals were also observable graphically during model runs. An example of the
information available for each realization is presented in Fig. 3.2, and a movie showing
an example realization is provided as Movie 3.1.
Branching was identified by a heuristic analysis of the histograms of ecological
character values recorded during the realization (for example, Fig. 3.2D). The initial
distribution of ecological character values was unimodal, since we set ui = 0.5 for all
individuals. Branching was defined as divergence into a visibly bi- or multi-modal
distribution, established not only at the end of the realization, but for a substantial period
of time (3000 generations) prior to the end of the realization, to demonstrate the stability
of the outcome. An alternative assessment of branching based on cluster analysis was
also conducted (see §3.S2.5). Finally, for realizations considered to have branched, the
branching time was determined (see §3.S2.6).
3.S1.11 Parameters
Parameters of the model, including the metrics taken from the realized model
landscapes, are shown in Table 3.1. The parameter σs defines a fundamental length scale
of the model, because distance in space affects model dynamics through the strength of
competition scaled by σs. Similarly, the parameter σK defines a fundamental ecological
phenotype scale of the model, because distance in phenotype affects model dynamics
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through the carrying capacity density, scaled by σK. For this reason, following Doebeli
and Dieckmann (2003), we rescaled all other parameters with units involving length or
ecological phenotype, using σs and σK, to derive dimensionless scaled parameters. The
unscaled parameters V, S, C, Lg, and A were transformed according to the formulas shown
(Table 3.1) to produce the scaled parameters v, s, c, lg, and a. These scaled parameters
were varied among realizations of the model.
Values for the parameters that were not varied (Ninit, K0, σK, σs, µm, σm, b) were taken
from the equivalent parameters of Doebeli and Dieckmann (2003) so as to allow easy
comparison of results between these models. The exception is cp, chosen here to explore
dynamics in the limit of phenotypically indiscriminate competition (large cp). In this
limit, negative frequency-dependent selection would not cause branching in the absence
of spatial heterogeneity; this choice thus guarantees that all observed branching is due to
the effects of spatial heterogeneity (Doebeli and Dieckmann 2003).
3.S1.12 Model implementation
The model was implemented in Objective-C using the Cocoa object-oriented toolkit
(Mac OS X 10.6.4; Apple Inc., http://www.apple.com), except for the scheduling module,
landscape construction module, and branching analysis module, all of which were written
in the R programming language (version 2.11.1–2.15.1; R Development Core Team,
http://www.r-project.org).
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3.S2 Chapter supplemental: Additional results
This supplemental section presents results that are ancillary or orthogonal to the
focus of the main chapter.
3.S2.1

Comparison of nested GAM models

The nested models based on the landscape-generating parameters s, c, a, and lg, in
addition to the dispersal distance v, are compared in Table 3.2 and Fig. 3.6. Similarly, the
nested models based on the realized-landscape metrics σ, γ1, γ2, and lr, in addition to v, are
compared in Table 3.3 and Fig. 3.7.
Intercept-only models correctly predicted the outcome of 78.4% of realizations, since
that percentage of realizations did not branch (Table 3.4); these models simply predict
that branching will never occur. The prediction rate observed in other models should thus
be evaluated relative to this baseline.
A model including only the generating ACL, lg, only marginally improved on the
intercept-only null model (Table 3.2, model #1 vs. #0); similarly, a model with the
interaction lg ∗ v only marginally improved on a model without that interaction (Table
3.2, model #8 vs. #6). However, both terms did improve the BIC score, and were
therefore retained. Other terms were more clearly of non-negligible effect size, according
to both BIC and Nagelkerke R2 (change in prediction rate is not a good indicator of effect
size with a binary outcome, because a term can improve the certainty of predictions
without changing their direction).
Binary predictions (not branched vs. branched) from the best GAM from each set of
nested models (GAMg and GAMr) agreed in 94.8% of realizations (Fig. 3.10).
The results presented in this section are for reprising boundary conditions; qualitative
results were the same for other boundary conditions.
3.S2.2

Landscape-generating parameters vs. realized-landscape metrics

Although the generating ACL lg and its interaction lg ∗ v had very little effect (Table
3.2 and Fig. 3.8B, and §3.S2.1), the realized ACL lr and its interaction lr ∗ v had a
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substantial effect (Table 3.3 and Fig. 3.5). The generating and realized ACLs are
correlated when lg is very small, because very small-scale patchiness can be accurately
reproduced with little distortion due to stochasticity, but when lg is larger the correlation
breaks down, because large-scale patchiness is stochastic at a scale commensurate with
the scale of the landscape itself; the realized ACL of the landscape may therefore be quite
different from the generating ACL (Fig. 3.8A). Since the environmental gradient slope
and curvature also affect the realized ACL, that is another reason why lg and lr are
generally poorly correlated; for clarity, however, Fig. 3.8A shows only values for
landscapes with no slope or curvature, so that it depicts solely the loss of correlation for
large values of lg due to stochasticity in the landscape generation and system size effects.
The superiority of lr to lg in predicting branching is one aspect of the larger
phenomenon that GAMr, the best GAM based on the realized-landscape metrics,
substantially outperformed GAMg, the best model based on the landscape-generating
parameters (Table 3.2 model #15 vs. Table 3.3 model #9). This was the case even though
GAMg contained 13 terms and used 167.0 effective degrees of freedom, compared to 7
terms and 49.3 effective degrees of freedom for GAMr. For large lg, stochasticity caused
considerable variation not only in lr, but also in the realized-landscape metrics σ, γ1, and
γ2, for given values of the landscape-generating parameters s, c, a, and lg (Fig. 3.9).

Unsurprisingly, given this, the realized-landscape metrics are a better predictor of the
effect of the landscape than are the landscape-generating parameters; the realized
landscape is what the individuals in the model actually occupy, and so its properties are
what matters. However, it is perhaps surprising that the simple metrics we used proved so
effective; one might ponder whether different metrics could be even better. In any case,
this result suggests that caution must be used whenever modeling heterogeneous
landscapes, to be sure that the effect of the realized pattern of heterogeneity, and not
solely the effect of the landscape-generating parameters, is analyzed, since the two may
be quite different – an issue that has not, to our knowledge, been raised previously.
The realized-landscape metrics spanned a wide range of types of heterogeneity,
although negative skewness, positive kurtosis, and short ACLs were relatively infrequent
(Fig. 3.11). Although this means that there is less data in some regions of the parameter

201

space, the very large number of realizations analyzed mitigates this problem, except
where specifically noted.
3.S2.3

Effects of boundary conditions

Some basic metrics comparing the four tested boundary conditions are shown in
Table 3.4. Boundary condition effects generally followed the findings of previous
research (Mazzucco et al. [unpublished manuscript]). In particular, the stopping boundary
condition produced the highest branching propensity due to its effect of generating
disruptive selection, while the absorbing boundary condition produced the lowest
branching propensity due to its generation of stabilizing selection. Similarly, absorbing
boundaries produced branching only for relatively short dispersal distances, because
long-range dispersal was more likely to be lethal, while stopping boundaries produced
branching even for large dispersal distances, because long-range dispersal predictably
stopped individuals at the edge of the landscape. Effects of the boundary condition on the
distribution of branching times followed the same pattern, with the modal time to
branching being longest with absorbing boundaries and shortest with stopping
boundaries, although the differences were slight (see §3.S2.6 and §3.S2.7).
Reprising boundaries were chosen for our main results as a middle ground,
minimizing the influence of the landscape boundary and thus best approximating the
effect expected on a landscape of infinite extent. Stopping boundaries cause an
accumulation of individuals near the boundary, whereas absorbing boundaries cause a
deficit of individuals near the boundary, and these density effects influence the branching
propensity. Reprising boundaries do not bias the branching propensity through such
density effects, and thus insights from this case are likely to apply generally – even when
the density effects of other boundary conditions are added in. Reflecting boundaries
would have been a similarly reasonable choice, and showed very similar effects in our
analysis. Minimization of boundary effects is preferable for theoretical purposes, to
maximally reveal the effects of model parameters without any obscuring influence from
the model’s assumptions; however, when comparing our model results to a particular
biological system, the boundary condition should be chosen that best matches the
empirical dispersal characteristics of the system.
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The effects of different types of heterogeneity on branching are qualitatively similar
under different boundary conditions (Fig. 3.12). Interestingly, the intermediate optimum
patchiness amplitude is most apparent for absorbing boundaries and least apparent for
stopping boundaries. A secondary, weaker optimal magnitude of curvature is also
observed for all boundary conditions except absorbing; this may reflect the degree of
curvature that produces an optimal difference between the environments at the extreme
left and right edges of the landscape, since the landscape edges can be exploited as niches
with non-absorbing boundary conditions (particularly stopping boundaries, for which this
secondary optimum is strongest).
The interactions between different types of heterogeneity are also qualitatively
similar under different boundary conditions (Fig. 3.13). The particular contour line shape
that indicates the refugium effect (see §3.4.3) appears strongest with reflecting
boundaries for the interaction of slope and amplitude, and strongest with reprising
boundaries for the interaction of curvature and amplitude, but it is visible for all boundary
conditions; this suggests that the refugium effect is general.
The interaction between realized ACL and dispersal distance is shown for different
boundary conditions in Fig. 3.14. The insensitivity of branching to the dispersal distance
for short realized ACL is most apparent for stopping boundaries, and least apparent for
absorbing boundaries; this may be a simple result of dispersal distance being least
important for stopping boundaries (since dispersal often stops at the edge regardless of
the “intended” dispersal distance), and most important for absorbing boundaries (since
dispersing too far is lethal). In any case, the qualitative pattern of interaction between the
realized ACL and the dispersal distance is similar for all boundary conditions.
3.S2.4

Effects of skewness and kurtosis

The bias toward positive skewness values among our generated landscapes (Fig.
3.11B) is due to the fact that curvature, as implemented in our model as increasing
gradient slope from left to right, leads to positive skewness. For this reason, the causes of
positive skewness and negative skewness in our model are not symmetric; positive
skewness is caused by both patchiness and curvature, while negative skewness is caused
by patchiness alone. These causes would not segregate in this manner for real
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environments; empirically, the meaning of the sign of the skewness depends simply on
the ordination of environmental values (whether a cold environment is given a value less
than, or greater than, a hot environment, for example). Since the effect of skewness was
found to be reasonably symmetric around zero (Fig. 3.15), however, this concern can
likely be ignored. In general, then, our results indicate that large skewness, whether
caused by gradient nonlinearity or by an uneven pattern of patchiness, hinders branching;
the optimal level of skewness appears to be close to zero (Fig. 3.15).
Most kurtosis values were negative, with a peak near −1 (Fig. 3.11C), indicating that
platykurtic distributions of environmental conditions were much more common than
leptokurtic distributions. This is unsurprising, since an environmental gradient is
inherently platykurtic, resembling a uniform distribution (kurtosis −1.2) much more than
a normal distribution (kurtosis 0), not to mention a more leptokurtic distribution such as a
Laplace distribution (kurtosis 3). To a first approximation, then, the landscape kurtosis
may be thought of as representing the degree to which the pattern of heterogeneity of the
landscape is dominated by a linear gradient that produces a uniform distribution of
environmental values. It is interesting, therefore, that more negative values of kurtosis
hindered branching (Fig. 3.15). We tentatively interpret this as a different angle on the
same refugium effect discussed previously (see §3.5.2), since it shows that a linear
gradient with no other heterogeneity (more negative kurtosis values) is less effective in
promoting branching than more complexly heterogeneous landscapes.
Interestingly, then, our results suggest that a normal distribution of environmental
values (with both skewness and kurtosis close to zero) may be close to optimal for
evolutionary branching. The spatial distribution of those values is, of course, also
important, however, and so broad conclusions regarding the optimal pattern of
environmental heterogeneity for the promotion of evolutionary branching will require
further investigation.
3.S2.5

Alternative assessment of branching

As described previously (see §3.S1.10), a heuristic analysis of the distribution of
ecological trait values over the final 3000 generations was used to determine whether
evolutionary branching had occurred. An alternative assessment of branching was also
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conducted using a Gaussian mixture model cluster analysis performed on the ecological
character values from the end-of-realization census data, with the Mclust() function of
the R package mclust (Fraley and Raftery 2003). A Bayesian prior was used on the
variance of the cluster analysis, with a scale parameter value of 0.5 for the
priorControl(), determined by trial and error to provide a good detection of
clustering as compared to a visual determination.
For the detection of branching, the heuristic method and the cluster analysis method
produced similar results, except that cluster analysis, since it considered only the pattern
of phenotypes in the final generation of a realization, overestimated the branching rate
slightly (Table 3.4). Despite their very different mathematical bases, the level of
agreement between the two methods was quite high, giving some assurance that our
results were not a consequence, in some way, of our method of assessing branching.
Furthermore, GAM models fit using the cluster analysis branching assessment provided a
close match to the GAM models presented.
One advantage of the cluster analysis method is that it produces not just a binary
assessment of whether branching did or did not occur, but a count of the number of
clusters. This ranged from 1 to 9, for the realizations conducted; typically, however, even
those realizations that did branch produced only 2 or 3 clusters (Table 3.4), with the
number of clusters produced following roughly a negative exponential distribution across
all realizations (not shown). Interestingly, the number of clusters observed was negatively
correlated with branching times, suggesting that landscapes that can support a larger
number of species also produce more rapid evolutionary branching (see §3.S2.7). Ordinal
multinomial GLM fits (not shown) indicated that the factors causing a high branching
propensity are the same as the factors causing a large number of clusters, suggesting that
adaptive radiation in our model is simply adaptive branching “writ large”; the two
metrics are simply different views on the propensity for adaptive diversification.
3.S2.6

Distribution of branching times

For each realization that was classified as branched, we also determined the
branching time using a heuristic algorithm that looked backward from the end of the
realization until finding a generation without a bimodal (or multimodal) phenotypic
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distribution. Since the phenotypic distribution was saved every ten generations (see
§3.S1.10), the branching time was then estimated as the generation found, plus five
(intermediate between the last unbranched and the first branched generations). This
determination was generally robust for a wide variety of phenotypic histories, although a
small number (~2%) could not be assigned a well-defined branching time.
The distribution of branching times for branched realizations using reprising
boundary conditions is shown in Fig. 3.16A. Most realizations that branched did so quite
early – within the first ~1000 generations – as indicated by the strong modal peak of the
distribution. The distribution also has a long tail that asymptotically approaches a nonzero constant value. This non-zero offset probably represents realizations that branched
only after establishing a favorable spatial configuration; however, there is currently no
good theory for spatial branching processes that would allow us to quantify this
contribution (see §3.5.5). Finally, the bump at the end of the distribution, which
comprises realizations evaluated to have branched at close to 5000 generations,
represents noise in the detection of branching times caused by stochastic demographic
effects. We fitted lognormal and exponential curves with a vertical offset added, using
branching times less than 4500 generations to exclude the final bump (Fig. 3.16B). The
exponential fit is poor, suggesting that branching is not a Poisson process; the lognormal
fit is clearly better, and indeed, fits the distribution quite closely. In fact this result is
expected, since branching is the result of many independent random events that combine
multiplicatively (mutation, dispersal, survival). Wakano and Iwasa (2013) showed similar
results with a substantially different model (their Fig. 9).
The predicted probability of branching had no effect on the modal branching time
(Figs. 3.16C and 3.16D). This indicates that branching is essentially a binary process
once a favorable spatial configuration is reached: it happens early or does not happen at
all. However, the mean and median branching times were negatively correlated with the
predicted probability of branching (Figs. 3.16C and 3.16D). This was due to a decreased
frequency of early branching for realizations with low predicted branching probabilities,
and thus an increased influence of the late-branching realizations over the mean and
median branching time (see the next section, §3.S2.7).
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Fig. 3.16 shows results only for reprising boundary conditions; results varied slightly
for other boundary conditions, but showed qualitatively identical patterns. In particular,
the modal time to branching estimated by the lognormal fits was slightly longer for
absorbing boundaries (153 generations), slightly shorter for stopping boundaries (126
generations), and intermediate for reprising and reflecting boundaries (136 and 134
generations, respectively). These results are in accord with the other effects of the
boundary conditions (see §3.S2.3). However, the general pattern that most realizations
branched early or did not branch at all, discussed above, held across boundary conditions;
the difference among boundary conditions in branching propensity is thus not an effect of
these differences in the modal waiting time.
3.S2.7

Correlations with branching times

Mean and median branching times correlated with some parameters and metrics; the
modal branching time, however, was nearly invariant (Fig. 3.17). These qualitative
differences between the mean and median compared to the mode are due to changes in
the proportion of realizations that branched early (the modal peak of the branching time
distribution) versus realizations that branched later (the long tail of the distribution; see
§3.S2.6). Large mean/median branching times may thus perhaps be understood as
indicating that a high proportion of realizations had to establish a favorable spatial
configuration prior to branching (see §3.S2.6). The effects presented are for reprising
boundaries; results were qualitatively identical for other boundary conditions with the
exception of an interaction between the boundary condition and the effect of dispersal
distance, discussed below.
Increasing slope increased the mean/median branching time (Fig. 3.17A), as did
increasing curvature (Fig. 3.17B) and increasing realized-landscape heterogeneity (Fig.
3.17E). It is worth noting that the mean/median branching time was not minimized at an
intermediate value of these parameters (in contrast to §3.4.2); this is another view on the
result that branching time and branching probability are not closely related phenomena in
our model. Interestingly, increasing patchiness amplitude had no effect on mean/median
branching time, unlike the other types of heterogeneity (Fig. 3.17C).
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Large realized ACL increased the mean/median branching time (Fig. 3.17H),
presumably because the scale of heterogeneity was then so large that it often took
populations a long time simply to reach a part of the environment that was ecologically
different enough to produce branching. The generating ACL had no effect (Fig. 3.17D),
as might be expected (see §3.S2.2).
The mean/median branching time increased with increasing dispersal (Fig. 3.17I).
This effect was weak with reprising boundaries (Fig. 3.17I) and reflecting boundaries,
stronger with absorbing boundaries, and entirely absent with stopping boundaries (not
shown). This variation appears to be driven by the interaction between dispersal and the
boundary condition (see §3.S2.3). In particular, long-distance dispersal with stopping
boundaries does not hinder branching; whether dispersal is short or long, realizations that
are going to branch typically do so early (see §3.S2.6), and so the relationship between
dispersal distance and mean/median branching time is flat. With absorbing boundaries,
long-distance dispersal is lethal and thus early branching is hindered; late branching,
however, can still (very rarely) occur.
Finally, short mean/median branching times were associated with large population
size (Fig. 3.17J), a large number of phenotypic clusters (Fig. 3.17K), and a large
ecological trait variance (Fig. 3.17L). These associations might appear to be almost
tautological: the faster branching is, the more clusters are produced at equilibrium, the
more variance there is in the ecological trait, and the larger population size can be (due to
relaxed competition resulting from greater phenotypic variance). However, it could have
been otherwise; if it were true here that “slow and steady wins the race”, then realizations
with long branching times might have ultimately produced the most variation. Our result
suggests instead that radiations producing a large final clade size should be expected to
proceed more rapidly than smaller radiations. This may fit with empirical results, since
some of the largest adaptive radiations known are believed to have occurred in a short
time, such as the radiations of cichlids in African lakes (Seehausen 2002), of plants in the
Andes (Hughes and Eastwood 2006) and in the Cape flora of South Africa (Richardson et
al. 2001), and other cases (Schluter 2000); however, the generality of this pattern is not
clear.
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Fig. 3.18 shows these results regarding branching times in the light of three
particular cases, following three figures in the main text (Figs. 3.3A, 3.3B, and 3.4C).
Comparison of Fig. 3.18 to those figures shows again that branching time and branching
probability were unrelated in our model, but that branching time increased with
increasing environmental gradient slope and curvature.
3.S2.8

Complex landscapes

Some previous work has been done regarding the generation of complexly
heterogeneous landscapes. A method similar to ours was briefly outlined by Cliff and Ord
(1973, their Appendix 1) but was not fully specified. Keitt (2000) describes a variety of
methods for landscape generation; our method is essentially a special case of one of
these. Similar ideas have also been developed in other fields, such as materials science
(Hu and Tonder 1992; Wu 2000; Uchidate et al. 2010). However, these papers are not
generally accessible to non-mathematicians; we thus felt there would be value in
presenting our landscape generation algorithm more explicitly than has previously been
done.
A few previous models have looked at ecological and/or evolutionary dynamics on
complex two-dimensional landscapes. However, the landscapes of these studies differ
from ours in several important ways. In some models, the landscape consists of only two
types of terrain, habitable and uninhabitable (e.g., Hiebeler 2000; Bonte et al. 2010), or
two discrete resource types distributed heterogeneously (e.g., North et al. 2011b; Karonen
2012). In others, the environment does not change smoothly from one type to another, but
instead exhibits abrupt transitions between types (e.g., Birand et al. 2012). Commonly,
the landscapes modeled are considered to vary in suitability in some absolute sense,
producing areas that are more habitable and areas that are less habitable, rather than
allowing local adaptation to the different environment types to occur (e.g., North and
Ovaskainen 2007; Stoddard 2010; North et al. 2011a). As far as we are aware, our model
is unique in its incorporation of both spatially and ecologically continuous complex
spatial heterogeneity that determines the locally optimal phenotype rather than the
habitability per se.
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3.S2.9

Landscape generation

Given parameters S, C, Lg, and A, the landscapes used in our model are constructed
in a six-step process. These steps are explained here.
First, a patchiness matrix with resolution sufficient to represent patchiness with
autocorrelation length Lg (confirmed by post-analysis of the generated landscape) is filled
with random values drawn from a Gaussian distribution with mean 0 and standard
deviation A.
Second, this patchiness matrix is convoluted with a filter function (a modified Bessel
function of the second kind, order 0) using Fourier transforms. This yields the desired
periodic properties for the y-direction; in the x-direction the patchiness matrix is padded
prior to convolution to remove the correlation that would otherwise result between the
left and right edges.
Third, an environmental gradient matrix is constructed, of the same resolution as the
patchiness matrix, expressing the linear and quadratic environmental gradients as a
function e(x) = Sx + 12 Cx 2 .
Fourth, the final patchiness matrix and the environmental gradient matrix are added
together to produce the preliminary landscape matrix.
Fifth, the preliminary landscape matrix is adjusted by adding a constant
α = 0.5 − µenv, where µenv is the mean of the preliminary landscape matrix; this re-centers

the matrix to have a mean value of 0.5, so that the initial population is adapted to the
mean environmental value (see §3.S1.5).
Sixth and last, bilinear interpolation is used to construct the canonical landscape
matrix. The size of this matrix is constant, 512 by 512, for ease of implementation. This
is a sufficiently high resolution to represent with high fidelity all landscapes generated by
the values of S, C, Lg, and A used in this study. Values of u0(x, y) were obtained from the
canonical landscape matrix, scaled to exactly span the dimensions 0 ≤ x, y ≤ 1 of the
landscape.
3.S2.10 Landscape analysis
The canonical landscape matrix (see previous section, §3.S2.9) was analyzed to
derive metrics regarding the heterogeneity of the landscape. The scaled standard
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deviation σ, skewness γ1, and excess kurtosis γ2 were computed across all the values in
the canonical landscape matrix, thus characterizing the distribution of environmental
values represented in the landscape without regard to their spatial distribution. The
standard deviation was scaled by σK (Table 3.1) in order to yield a dimensionless metric
of the environmental heterogeneity, σ.
Additionally, a metric of the characteristic spatial scale of heterogeneity in the
landscape was computed. First, the autocorrelation function (ACF) for the canonical
landscape matrix was computed via the Wiener-Khinchin Theorem, using Fast Fourier
Transforms (FFTs); specifically, the autocorrelation function is F −1 ( F ( E ) F ( E )) , where
F denotes the Fourier transform, F-1 the inverse transform, F the complex conjugate, and
E the canonical landscape matrix. To eliminate the periodicity in the x-direction
implicitly imposed by the Fourier transform, flipped copies of the landscape were pasted
to its left and right edge. Given the ACF (normalized to a maximum value of 1), the
autocorrelation length (ACL) was estimated as the lag at which the ACF first crossed
below the threshold value 1 e (using linear interpolation to estimate the exact position of
crossing, between the last lag above the threshold and the first lag below it). The lag was
converted to the model coordinate system by dividing by 512, and was then divided by σs
to yield the scaled realized ACL, lr, of the landscape. This scaled realized ACL is a
dimensionless metric comparable to the scaled generating ACL, lg.
Several other ACL estimation methods were tried, including fitting an exponential
curve to the ACF, and using estimates of Moran’s I and Geary’s c. Although these
metrics were all strongly correlated with lr, they produced less accurate predictions of the
branching propensity of the landscape, indicating that they did not capture as much useful
information as the 1 e crossing point. The 1 e crossing point was therefore used to
estimate the realized ACL, lr, in all subsequent analyses.
3.S2.11 Patterns of evolutionary branching
In the analysis presented, we have focused on the effects of model parameters on the
probability of branching during a realization. We have also presented data regarding the
timing of branching (see §3.S2.6 and §3.S2.7), and have briefly considered the number of
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branches generated (see §3.S2.5 and §3.S2.7). Except for the example realization shown
in Fig. 3.2, however, we have thus far left unaddressed more qualitative questions: What
does the typical pattern of branching in a realization look like? What do landscapes that
cause branching, or do not cause branching, look like? How stable is the branching in a
typical realization? What does the spatial distribution of branched and unbranched
populations look like? What, if anything, differentiates landscapes that allow a single
branching event from landscapes that allow larger adaptive radiations? To answer these
questions, we have chosen a small selection of unbranched (Fig. 3.19) and branched (Fig.
3.20) realizations that illustrate different types of observed model dynamics.
Beyond remarks on individual realizations (see captions, Figs. 3.19 and 3.20), some
general observations can be made. Perhaps the broadest observation is that branching is a
one-way process in this model; “reverse speciation” (Seehausen 2006) does not occur,
although branches occasionally go extinct. This is likely for two reasons. First, the
collapse of incipient branching due to non-assortative mating does not occur since this
model is asexual; this might be expected to occur in a sexual version of the model, until
the strength of assortative mating grew sufficiently strong to prevent hybridization
(Felsenstein 1981; Dieckmann and Doebeli 1999; Doebeli and Dieckmann 2003).
Second, the heterogeneity in this model is temporally invariant, and thus causes a
constant selective pressure toward diversification; temporal variation in environmental
heterogeneity, on the other hand, might be expected to lead to more ephemeral
divergence (Seehausen 2006).
Another common pattern is that of evolutionary stasis (Estes and Arnold 2007) apart
from branching and extinction (“punctuated equilibrium”, Eldredge and Gould 1972;
Gould and Eldredge 1977; Gould and Eldredge 1993). The phenotype of unbranched
lineages often wanders over time due to drift (e.g., Figs. 3.19B, 3.19D, 3.19I),
particularly on landscapes with weak heterogeneity that provide some variety in local
conditions, but not so much variation (e.g., Figs. 3.19A, 3.19H) as to constrain evolution
through strong selection. Branched lineages, on the other hand, more typically reach an
equilibrium and exhibit stasis thenceforth (Fig. 3.20) – although reaching equilibrium
may take a long time, as populations jockey for position on both the physical landscape
and on an adaptive landscape with peaks that shift due to frequency-dependent selection.
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Once equilibrium is reached, each branch exerts selection on every other branch, due to
competition, and this stabilizes the system. Destabilization occurs, however, when a new
branch arises, causing other branches to evolve away to avoid competitive pressure (e.g.,
Figs. 3.20C, 3.20D). Similarly, when a branch goes extinct this may remove previously
existing competitive pressures, allowing other branches to stop diverging (e.g., Fig.
3.19F) or even evolve toward the now-unoccupied niche (e.g., Fig. 3.20B). Nevertheless,
after character displacement has equilibrated, stasis is generally again observed.
These qualitative patterns are not here developed to the point of rigorously shown
results; rather we offer them as interesting observations, in the spirit of “natural
philosophy”, to spur further inquiry into less-studied aspects of the process of
diversification in biological systems.
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Table 3.2. Comparison of nested GAM models predicting the outcome of a realization
(not branched vs. branched) from the scaled landscape-generating parameters s, c, a, and
lg, and the scaled dispersal distance v, for reprising boundary conditions.
Model
0.
1.
2.
3.

(Intercept)
lg

4.
5.
6.
7.
8.

c
v
s + c + a + lg + v

9.
10.
11.
12.
13.
14.
15.

a
s

[6]+ c ∗ v
[6]+ lg ∗ v
[6]+ s ∗ a
[6]+ s ∗ v
[6]+ a ∗ v
[6]+ s ∗ c
[6]+ c ∗ a
[7 – 13]
[14] + s ∗ c ∗ a

Terms

EDF

C

R2

D

Match

ΔBIC

0
1
1
1

1.0
3.2
4.2
4.9

.500
.507
.522
.625

.000
.000
.002
.052

.000
.000
.001
.034

.784
.784
.784
.784

159104
159098
158821
148851

1
1
5
6
6

4.9
5.0
20.0
33.0
33.6

.703
.829
.922
.923
.923

.130
.386
.600
.601
.601

.088
.288
.493
.493
.494

.784
.845
.882
.882
.883

132781
72896
11585
11473
11350

6
6

33.9
34.8

.923
.924

.604
.604

.496
.496

.884
.884

10641
10629

6
6
6

36.2
36.0
36.4

.925
.926
.928

.609
.613
.617

.502
.506
.511

.885
.886
.887

8910
7792
6368

12
13

112.7
167.0

.933
.935

.637
.642

.533
.537

.894
.895

753
0

Note: The Terms column shows the number of terms in the model, while the EDF
column gives the estimated degrees of freedom used. C is the area under the Receiver
Operating Characteristic curve (Metz, 1978), R2 is the Nagelkerke generalized R2
(Nagelkerke, 1991), D is the Discrimination coefficient (Tjur, 2009), Match is the
fraction of cases in which the model prediction matched the observed binary outcome,
and ΔBIC is the Bayesian Information Criterion relative to the best model (Schwarz,
1978). Better models are indicated by high values, except for ΔBIC, for which a low
score is better. Models are sorted by descending ΔBIC; the best model according to BIC
(the “GAMg” model) is shown in bold. All terms in all models are significant with
P < 0.001. See Fig. 3.6 for a graphical depiction of the best 10 models.
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Table 3.3. Comparison of nested GAM models predicting the outcome of a realization
(not branched vs. branched) from the scaled realized-landscape metrics σ, γ1, γ2, and lr,
and the scaled dispersal distance v, for reprising boundary conditions.
Model
0.
1.
2.
3.

(Intercept)

4.
5.
6.
7.
8.

σ

9.

γ2
γ1

lr
v
σ + γ 1 + γ 2 + lr + v

[6] + σ ∗ v
[6]+ lr ∗ v
[7 – 8]

Terms

EDF

C

R2

D

Match

ΔBIC

0
1
1
1

1.0
5.0
5.0
5.0

.500
.579
.600
.611

.000
.022
.032
.040

.000
.014
.021
.026

.784
.784
.784
.784

173875
169695
167732
165999

1
1
5
6
6

5.0
5.0
20.8
35.5
33.4

.760
.829
.943
.943
.946

.213
.386
.666
.668
.677

.149
.288
.564
.568
.577

.794
.845
.899
.900
.904

129258
87667
4795
4055
1087

7

49.3

.947

.681

.582

.906

0

Note: The Terms column shows the number of terms in the model, while the EDF
column gives the estimated degrees of freedom used. C is the area under the Receiver
Operating Characteristic curve (Metz, 1978), R2 is the Nagelkerke generalized R2
(Nagelkerke, 1991), D is the Discrimination coefficient (Tjur, 2009), Match is the
fraction of cases in which the model prediction matched the observed binary outcome,
and ΔBIC is the Bayesian Information Criterion relative to the best model (Schwarz,
1978). Better models are indicated by high values, except for ΔBIC, for which a low
score is better. Models are sorted by descending ΔBIC; the best model according to BIC
(the “GAMr” model) is shown in bold. All terms in all models are significant with
P < 0.001. See Fig. 3.7 for a graphical depiction of the best 4 models.
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Table 3.4. Comparison of results for the four boundary conditions.
Absorbing

Reprising

Reflecting

Stopping

Branched (%)
Branched s
Branched c

18.5
0.814
0.358

21.6
0.804
0.341

21.9
0.795
0.340

24.0
0.769
0.336

Branched
Branched
Branched
Branched
Branched

γ1

1.416
1.555
0.552
2.856
0.268

1.449
1.542
0.732
2.770
0.248

1.473
1.525
0.728
2.763
0.248

1.497
1.524
0.787
2.714
0.246

Branched γ 2
Branched lr

−0.784
1.131

−0.759
1.115

−0.744
1.104

−0.717
1.083

Clustered (%)
Avg. clusters
GAMg R2

19.6
2.64
0.700

23.0
2.63
0.642

23.2
2.65
0.651

25.4
2.66
0.658

GAMg pred.
GAMr R2
GAMr pred.

0.918
0.728
0.926

0.895
0.681
0.906

0.895
0.689
0.906

0.887
0.689
0.897

a

lg
v
σ

Note: Branched (%) is the percentage of realizations of the 300,000 realizations
conducted for the given boundary condition that resulted in evolutionary branching
according to our phenotypic history analysis. The Branched s , c , a , lg , v , σ , γ 1 , γ 2 ,
and lr are the mean value of that parameter or metric, among only those realizations that
branched. Clustered (%) is the percentage of realizations that resulted in evolutionary
branching according to alternative cluster analysis method of detecting branching; “Avg.
clusters” is the average number of clusters produced, among only those realizations that
produced two or more clusters. GAMg results are for the full GAM model fitted using the
model parameters, as in Table 3.2 model #15; the Nagelkerke R2 and the proportion of
realization outcomes correctly predicted are given. Similarly, GAMr results are for the
full GAM fitted using the landscape metrics, as in Table 3.3 model #9.
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[6]: s + c + a + l g + v
[7]:
[6] + c*v
[6] + l g*v
[8]:
[9]:
[6] + s*a
[10]:
[6] + s*v
[11]:
[6] + a*v
[12]:
[6] + s*c
[13]:
[6] + c*a
[14]:
[7–13]
[14] + s*c*a
[15]:
50

EDF

150

0.925

C

0.935

0.61

0.50

0.52

D

0.885

Match

0.895

0

10000

ΔBIC

219

0.63

R2

Figure 3.6. Comparison of the best (ΔBIC < 15000) nested GAMs predicting the outcome of a realization (not branched vs. branched)
from the scaled landscape-generating parameters s, c, a, and lg, and the scaled dispersal distance v, for reprising boundary conditions.
This figure is a graphical depiction of models 6–15 in Table 3.2. EDF: the estimated degrees of freedom used. C: the area under the
Receiver Operating Characteristic curve (Metz, 1978). R2: the Nagelkerke generalized R2 (Nagelkerke, 1991). D: the Discrimination
coefficient (Tjur, 2009). Match: the fraction of cases in which the model prediction matched the observed binary outcome. ΔBIC: the
Bayesian Information Criterion, relative to that of the best model (Schwarz, 1978). Better models are indicated by high values, except
for ΔBIC, for which a low value is better. All terms in all models are significant with P < 0.001. Note that all goodness-of-fit statistics
are strongly correlated, and have perfect rank correlation.

Model

[6]: σ + γ1 + γ2 + l r + v
[7]:
6 + σ*v
[8]:
6 + l r*v
[7–8]
[9]:
20

30

40

EDF

50

0.944 0.946

C

0.67

R2

0.68

0.57

D

0.58

0.900

0.904

Match

0

2500

ΔBIC

5000

Figure 3.7. Comparison of the best (ΔBIC < 15000) nested GAMs predicting the outcome of a realization (not branched vs. branched)
from the scaled realized-landscape metrics σ, γ1, γ2, and lr, and the scaled dispersal distance v, for reprising boundary conditions. This
figure is a graphical depiction of models 6–9 in Table 3.3. EDF: the estimated degrees of freedom used. C: the area under the Receiver
Operating Characteristic curve (Metz, 1978). R2: the Nagelkerke generalized R2 (Nagelkerke, 1991). D: the Discrimination coefficient
(Tjur, 2009). Match: the fraction of cases in which the model prediction matched the observed binary outcome. ΔBIC: the Bayesian
Information Criterion, relative to that of the best model (Schwarz, 1978). Better models are indicated by high values, except for ΔBIC,
for which a low value is better. All terms in all models are significant with P < 0.001. Note that all goodness-of-fit statistics are
strongly correlated, and have perfect rank correlation.
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Model

1

Scaled dispersal, v

B

30%
50%
70%

0.5

2

90%

0

1
0

Scaled realized ACL, l r

A

0

1

2

Scaled generating ACL, l g

0

0.5

1

Scaled generating ACL, l g

Figure 3.8. Comparison of the scaled generating autocorrelation length (ACL) lg to the
scaled realized ACL lr. A: Scatter plot of lg vs. lr for 500 randomly chosen landscapes; the
gray line shows the 1:1 line at which lg = lr. The deviation of lg from lr illustrates that
autocorrelation lengths that are large relative to the spatial scale of the landscape can be
unrepresentable because they correspond to spatial features approaching or exceeding the
scale of the landscape itself. B: Predicted branching probabilities from GAMg, showing
the effects of lg and the scaled dispersal distance v; compare the weak relationships
shown here (little effect of lg and little interaction between lg and v) to the stronger effects
from GAMr shown in Fig. 3.5. The color scale is as shown in Fig. 3.5. Results shown are
for reprising boundaries; results for other boundary conditions are qualitatively similar
(not shown). Other parameters: s = 0 , c = 0 , and a = 1.5 . Contour lines above 90% are
placed to best show the contours of the data.
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Figure 3.9. Examples of generated landscapes. These examples provide an illustration of
the variability in realized-landscape metrics resulting from different types of spatially
continuous patchiness. Vertical pairs of panels used the same landscape-generating
parameters (scaled amplitude a and scaled generating ACL lg; s = 0 and c = 0 for all
panels), but used different random number generator seeds and thus differ. Sliders in each
panel show landscape-generating parameters (a, lg) and realized-landscape metrics (σ, γ1,
γ2, lr) on an arbitrary scale. Colors indicate locally optimal ecological trait values, ranging
from white (low) to dark green (high). Black lines show locally optimal ecological trait
values across one horizontal transect of each landscape. Panels A, B, E, F used short lg
while panels C, D, G, H used long lg. Panels A, C, E, G used intermediate a while panels
B, D, F, H used large a. These results illustrate that landscapes that share generating
parameters will also share similar realized metrics if lg is small, but when lg is large the
realized metrics can be quite divergent because of the stochastic patterns at large spatial
scales in the landscapes generated.
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Figure 3.10. Correlation between the predictions of the two GAM models, GAMg and
GAMr. A total of 300,000 points are plotted; each point represents one realization,
showing the predicted probability of branching from the GAMg model (x-axis) and the
GAMr model (y-axis). The lower left quadrant, in which both models predict no
branching, contains 78.9% of realizations, and the upper right quadrant, in which both
models predict branching, contains 15.9% of realizations; the two models thus made the
same prediction in 94.8% of realizations. The upper left quadrant, in which GAMr
predicts branching but GAMg does not, contains 2.8% of realizations, while the lower
right quadrant, in which GAMr does not predict branching but GAMg does, contains 2.4%
of realizations. Note also that for the quadrants in which the models agree, both models
tend to be relatively certain about their predictions (predicted probabilities near 0.0 or
1.0), while predictions are generally much less certain for the quadrants in which the
models disagree (predicted probabilities near 0.5). Results shown are for reprising
boundaries; results are very similar for other boundary conditions, with small differences
in the proportion of realizations predicted to branch (see Table 3.4).

223

50000

B

0

Absolute frequency

30000
0

Absolute frequency

A

0

2

4

6

8

-1

100000

D

0

Absolute frequency

C

0

50000

1

Skewness, γ1

Scaled std. dev., σ
Absolute frequency

0

-1

0

1

Kurtosis, γ2

0.0

0.4

0.8

1.2

Scaled realized ACL, l r

Figure 3.11. Distributions of the realized-landscape metrics. A: Scaled standard
deviation, σ. B: Skewness, γ1. C: Excess kurtosis, γ2. D: Scaled realized ACL, lr. A small
number of outliers are omitted in panels A–C to allow the remaining data to be better
displayed. Distributions shown encompass all landscapes generated in realizations
utilizing reprising boundary conditions; since landscape generation is independent of the
boundary conditions chosen, this is a representative sample. Note that although the
landscape-generating parameters were drawn from uniform distributions (see §3.3.2), the
realized-landscape metrics were not uniformly distributed, and so the realized metric
parameter space was not uniformly sampled. Nevertheless coverage was extensive due to
the large number of realizations conducted; more than 1000 realizations had lr < 0.2, for
example.
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Figure 3.12. Predicted branching probabilities from fitted GAMs, showing a comparison
among boundary conditions in the effects of scaled dispersal distance and different
heterogeneity types. Each row of this figure follows Fig. 3.3, but is plotted for a
particular boundary condition; the second row, for reprising boundaries, thus matches
Fig. 3.3 exactly. Contour lines show the predicted branching probability; the color scale
is as shown in Fig. 3.3. The probability of branching is maximized at an intermediate
value of s and c for all boundary conditions, although this optimum value varies among
boundary conditions. Similarly, an intermediate optimum for σ exists for all boundary
conditions, but typically only for smaller values of v. For a, an intermediate optimum that
maximizes branching clearly exists for absorbing boundaries, and may also exist for
reflecting and reprising boundary conditions (but since the optimum in these cases is
close to the edge of the parameter space explored, this is uncertain); no well-defined
intermediate optimum for a appears to exist for stopping boundaries.
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Figure 3.13. Predicted branching probabilities from fitted GAMs, showing a comparison
among boundary conditions in their interactions between different heterogeneity types.
Each row of this figure follows Fig. 3.4, but is plotted for a particular boundary
condition; the second row, for reprising boundaries, thus matches Fig. 3.4 exactly.
Contour lines show the predicted branching probability; the color scale is as shown in
Fig. 3.4. Additivity of the effects of s and c is apparent for all boundary conditions, as is
the lack of additivity of s and a, and of c and a, due to the refugium effect. The refugium
effect, which causes mitigation of the negative effect on branching of large s and large c
due to increasing amplitude a, is generally visible; however, the effect varies in strength,
and is always stronger with c than with s.
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Figure 3.14. Predicted branching probabilities from fitted GAMs, showing a comparison
among boundary conditions in their interaction between the realized autocorrelation
length (ACL) and dispersal distance. Each row of this figure follows Fig. 3.5, but is
plotted for a particular boundary condition; the second row, for reprising boundaries, thus
matches Fig. 3.5 exactly. Contour lines show the predicted branching probability; the
color scale is as shown in Fig. 3.5. Branching is always promoted by large realized ACL
and by short dispersal distance. An interaction between v and lr exists for all boundary
conditions, causing a decrease in the effect of v for small lr, but this interaction varies in
strength among boundary conditions.
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Figure 3.15. Predicted branching propensities from fitted GAMs, showing a comparison
among boundary conditions in the effects of skewness and excess kurtosis. Branching
propensity is shown as the branching log-odds (the logit of the branching probability);
positive log-odds indicate relative promotion of branching, while negative log-odds
indicate relative hindrance of branching. The curve in each panel is re-centered on a
mean y value of zero, removing the absolute differences in branching propensity among
boundary conditions, for ease of interpretation. Gray shaded bands indicate standard error
confidence intervals. An intermediate skewness maximally promotes branching for all
boundary conditions. The branching propensity generally increases with increasing
kurtosis, although this effect saturates and even, for absorbing boundary conditions,
declines at high kurtosis values. Other parameter values are unspecified, since no
interaction terms involving skewness and kurtosis are included in the GAM models.
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Figure 3.16. Distribution of branching times for branched realizations, and its relationship to the predicted probability of branching. A:
The distribution of branching times for branched realizations, showing a strong peak indicating that branching typically occurs in the
first ~1000 generations, with a long tail asymptotically approaching a non-zero limit, and a final bump (see text). B: The same
distribution, overlaid with best fit lognormal (red) and exponential (blue) curves that include a height offset parameter. Curves were
fitted to the branching times < 4500, to exclude the final bump (since it is an analysis artifact; see text). C–D: Scatter plots showing
the prediction of GAMg (C) and GAMr (D) versus the branching time for branched realizations. Red solid, blue dashed, and green
dotted curves respectively show the mean, median, and mode of 25 bins of equal x span; the mode is shown only when the earlybranching peak is well-defined. The negative relationship between predicted branching probability and branching time shown by the
mean and median curves is due to a progressive shift from early branching with a consistent modal branching time unrelated to the
predicted probability (predicted branching probabilities > ~0.4) to less frequent early branching and thus a higher proportion of
realizations with longer branching times (the long tail; predicted branching probabilities < ~0.4), and then into a regime in which the
rare detection of branching is usually an analysis artifact (the final bump; predicted branching probabilities < ~0.1). Results shown are
for reprising boundaries; qualitative results were the same for other boundary conditions (see text).
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Figure 3.17. Correlations between branching times for branched realizations and
landscape-generating parameters (top row), realized-landscape metrics (middle row), and
other parameters and metrics (bottom row). Red solid, blue dashed, and green dotted
curves respectively show the mean, median, and mode of 25 bins of equal x span (8 bins,
for panel K); the mode is shown only when the early-branching peak is well-defined. The
position of the early-branching peak was nearly constant in all panels, but positive
relationships were observed between the mean/median branching time and several
parameters and metrics: slope (A), curvature (B), realized-landscape standard deviation
(E) and autocorrelation length (H), and dispersal distance (I). Horizontal jitter was added
to panel K to separate points. Results shown are for reprising boundaries; qualitative
results were the same for other boundary conditions, except that the strength of the effect
of dispersal (panel I) varied (see text).
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Figure 3.18. Alternate view of the parameter-region slices shown in Figs. 3.3A (left
column), 3.3B (middle column), and 3.4C (right column), showing branching times for
branched realizations near those slices. A–C: distributions of branching times for each set
of realizations, showing similarity to the overall distribution shown in Fig. 3.16A. D–F:
each set of realizations plotted following the axes of Figs. 3.3A, 3.3B, and 3.4C; colors
indicate branching time, from white (0 generations) to red (5000 generations).
Comparison to Figs. 3.3A, 3.3B, and 3.4C shows that intermediate probabilities of
branching do not generally correspond to long branching times, although a weak
association may exist in panel F. Instead, large slope and/or large curvature appear to
cause long branching times (see also Fig. 3.17). Parameter ranges for these plots: A/D:
a < 0.1, c < 0.1, 631 realizations; B/E: a < 0.1, s < 0.1, 166 realizations; C/F: s < 0.2,
lg < 0.3, v < 0.225, 166 realizations (parameters not listed were unconstrained to
maximize the number of realizations plotted). Results shown are for reprising boundaries;
qualitative results are the same for other boundary conditions.
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Figure 3.19: A selection of realizations that did not branch. Each panel is composed of three
subpanels: the landscape (upper left), the end-of-realization population census (upper right), and
the evolutionary history (bottom). Landscape colors indicate locally optimal ecological trait
values, while circle colors indicate the trait values of individuals, both ranging from white (low)
to dark green (high). The evolutionary history shows ecological trait values (y-axis) through time
(from the beginning of the realization, on the left, to the end at 5000 generations, on the right). A:
a steep gradient can inhibit branching; note the small population size due to low mean fitness. B:
a shallower gradient allows a larger population size and higher genetic variability. C: a relatively
flat landscape with mild patchiness allows even larger population size and genetic variability. D:
curvature pushes the population to the left, toward the shallower end of the gradient. E: finegrained heterogeneity promotes branching, but branches may be ephemeral. F: strong patchiness
promotes branching, but it can be difficult to persist; note how the population’s distribution fits to
the shape of the landscape. G: very short-range dispersal creates highly localized clusters, but
with extreme heterogeneity even this may be insufficient to allow branching. H: A steep gradient
hinders branching; note the lone colonist on the right, which will surely die. I: Strong patchiness
also hinders branching, but refugia may mitigate this; note the lone colonist on the right, which
might establish a foothold and found a new branch.
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Figure 3.20: A selection of realizations that branched. Each panel is composed of three subpanels:
the landscape (upper left), the end-of-realization population census (upper right), and the
evolutionary history (bottom). Landscape colors indicate locally optimal ecological trait values,
while circle colors indicate the trait values of individuals, both ranging from white (low) to dark
green (high). The evolutionary history shows ecological trait values (y-axis) through time (from
the beginning of the realization, on the left, to the end at 5000 generations, on the right). A:
simple branching on a gradient; note that branching was somewhat delayed. B: sometimes several
branches can become established; however, note the transient branch that went extinct. C: largescale patchiness creates local gradients that can promote branching. D: medium-scale patchiness
can support several locally adapted groups. E: close to pure competitive branching (subdivision of
a homogeneous resource maintained by character displacement due to competition); a very slight
gradient is present, however. F: strong patchiness can subdivide the landscape into interleaved,
fragmented habitat types. G: branching with long-range dispersal on a curved gradient; note that
the flatter part of the gradient supports a larger population, allowing further branching to occur.
H: very strong patchiness can restrict the population to a single zone, just as with a very steep
gradient. I: A rare example of extreme adaptive radiation, the product of an optimally
intermediate degree of heterogeneity, a short dispersal distance, and luck.
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http://www.cloudphotographic.com/HallerThesis_Movie_3.1.avi (34.9 MB)
Movie 3.1. The movie at the URL given above depicts the evolution over time of the
model realization shown in Fig. 3.2. Frames show the population census at every tenth
generation, superimposed on the generated landscape, which includes both a spatial
gradient and spatially continuous patchiness. Background colors indicate locally optimal
ecological trait values, while circle colors indicate the trait values of individuals, both
ranging from white (low) to dark green (high).
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CONNECTING STATEMENT
The previous chapter examined the effects of spatial heterogeneity on evolutionary
branching. Because that chapter’s model was asexual, it was not a model of speciation in
the usual sense, and some issues important to speciation, such as the effects of gene flow
and the development of reproductive isolation, were not considered. As discussed in
Chapter 1, gene flow generally hinders adaptive divergence and speciation, and so
reproductive isolation must be developed to restrict gene flow before speciation can be
completed.
The next chapter adds in these elements of gene flow and reproductive isolation,
while taking a somewhat different, more empirically motivated approach. In it, I examine
how adaptation in a floral trait called heterostyly is affected by differences in the local
pollination regime, and how that adaptation can promote reproductive isolation through a
“magic trait” mechanism – or not.
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CHAPTER 4
A tale of two morphs: Modeling plant–pollinator interactions,
reproductive isolation, and local adaptation in parapatry
Haller, B. C., J. M. de Vos, B. Keller, A. P. Hendry, E. Conti. (in review). A tale of two
morphs: Modeling plant–pollinator interactions, reproductive isolation, and local
adaptation in parapatry. Evolution.
4.1

Abstract
The evolution of the flower, with its consequent potential for plant–pollinator

interactions, is commonly thought to have spurred the diversification of the angiosperms.
Similarly, particular floral traits have been proposed to have promoted diversification
within particular angiosperm clades. We hypothesize that traits promoting the precise
positional transfer of pollen from flower to flower via specific regions of a pollinator’s
body may also promote diversification, by producing partial reproductive isolation that
facilitates adaptive divergence between parapatric populations differing in their
reproductive-organ positions. We investigate this hypothesis with an individual-based
model of pollen transfer dynamics associated with a floral polymorphism called
heterostyly that depends upon the precise transfer of pollen between flowers. Our model
shows that precise pollen transfer can cause sexual selection that leads to divergence in
reproductive-organ positions between populations served by different pollinators, which
pleiotropically causes an increase in reproductive isolation by a “magic trait” mechanism.
Furthermore, this increased reproductive isolation facilitates adaptive divergence between
the populations in an unlinked naturally selected trait. In a different pollination scenario,
however, precise pollen transfer causes a decrease in adaptive divergence, by promoting
high, asymmetric gene flow between populations. Overall, we show that the evolutionary
consequences of pollen transfer dynamics can be complex and depend upon the pollinator
fauna present, an aspect of plant reproductive biology deserving greater study.
Furthermore, our results illustrate the potential importance of even weak reproductive
isolating barriers in facilitating adaptive divergence, particularly when selection and gene
flow are also weak.
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4.2

Introduction
Adaptive radiations are often attributed to particular traits that promote divergence

into under-utilized ecological niches (Simpson 1953; Hunter 1998; Schluter 2000). For
example, the high diversity of the angiosperms has often been ascribed to the
development of the flower, which may have spurred diversification through plant–
pollinator interactions that afforded new possibilities for reproductive isolation and thus
adaptive differentiation (Grant 1949; Sanderson and Donoghue 1994; Crane et al. 1995;
Dilcher 2000; Schluter 2000; Crepet and Niklas 2009; Van der Niet and Johnson 2012).
The high diversity of particular angiosperm clades is also often explained with reference
to particular floral traits, such as nectar spurs, zygomorphy, and scent, that are argued to
foster divergence due to their effects on reproductive isolation (Hodges 1997; Kay et al.
2006; Vamosi and Vamosi 2011; Xu et al. 2012). These traits may be divided into those
that produce behavioral isolation by influencing pollinator choice among flowers, such as
scent, and those that produce mechanical isolation due to the morphology of the flower
and its interaction with the pollinator’s body, such as zygomorphy (Grant 1994b;
Campbell and Aldridge 2006).
One type of mechanical isolation, termed the “Pedicularis type” by Grant (1994b),
involves the transfer of pollen between flowers via different, specific positions on the
bodies of pollinators (e.g., Eaton et al. 2012). Such mechanical isolation can cause partial
or complete reproductive isolation among closely related species (Stiles 1975; Macior
1982; Steiner 1989; Grant 1994a, b; Kay 2006). We will hereafter refer to this type of
mechanical isolation as “precise pollen transfer” (Cresswell 2000; Barrett 2002b, a;
Sargent 2004), to emphasize that its efficacy in producing reproductive isolation depends
upon the precision with which pollen is transferred positionally. Floral traits that promote
such precise pollen transfer may promote diversification within particular clades by
contributing to reproductive isolation (Sargent 2004; Johnson 2006; Kay et al. 2006). The
effect of precise pollen transfer on reproductive isolation has been explored mainly in the
context of zygomorphy (Neal et al. 1998; Sargent 2004; Kay et al. 2006; Vamosi and
Vamosi 2011), with Brantjes (1982), for example, finding that precise placement of
pollen at sites only 2 mm apart on the pollinator’s body was sufficient to produce
complete reproductive isolation between sympatric Polygala species.
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Precise pollen transfer could also play a role in mechanical isolation for a very
different floral syndrome, heterostyly. Heterostyly is a floral polymorphism (reviewed by
Ganders 1979; Barrett 1992; Barrett and Shore 2008; Weller 2009) that typically involves
a morphological component (reciprocal herkogamy) and a physiological component (selfand intra-morph incompatibility under sporophytic control). It has evolved independently
at least 20 times in the angiosperms. Reciprocal herkogamy is the reciprocal positioning
of anthers and stigmas in two (distyly) or three (tristyly) floral morphs – although
considerable quantitative variation in sexual organ position can occur within populations
(e.g., Faivre and McDade 2001). We will here focus on distyly, in which the “pin” morph
has a high stigma and low anthers, whereas the “thrum” morph has a low stigma and high
anthers. Reciprocal herkogamy promotes inter-morph pollen transfer and reduces intramorph and intra-flower transfer, thus increasing outcrossing. This effect depends upon
the (somewhat) precise transfer of pollen on particular parts of the pollinator’s body:
pollen picked up from a given height in the corolla tube of one flower is preferentially
deposited at the same height in the next flower visited (Barrett and Shore 2008). More
specifically, pollen picked up from a pin (thus at the low position) will tend to be
delivered to a low-positioned stigma (that of a thrum), where it is compatible, rather than
to another pin’s stigma, where it would be incompatible (and with the additional
advantage that less pollen will be lost during transport). The same is true, mutatis
mutandis, for transfer from thrum to pin at the high position (Figs. 4.1A–B).
Dimorphic self-incompatibility alone would suffice to enforce outcrossing, but
reciprocal herkogamy has an additional function in heterostyly: the reduction of possible
conflict between the male and female functions of the flower (i.e., sexual interference;
reviewed in Barrett 2002b). Without herkogamy, flowers with a dimorphic selfincompatibility system would receive a great deal of incompatible pollen that would
cause “clogging” of the stigma and style. This clogging would hinder fertilization by
compatible pollen and thus cause a reduction in female function. At the same time, much
of the pollen produced by such flowers would be wasted, either on incompatible stigmas
or on compatible but clogged stigmas, strongly reducing male function. The combination
of reciprocal herkogamy and precise pollen transfer resolves this conflict by avoiding
both stigma clogging and pollen wastage within flowers. Empirical evidence for
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heterostyly’s role in reducing sexual interference exists (e.g., Ornduff 1975; Stone 1995;
Lau and Bosque 2003; Cesaro et al. 2004; Massinga et al. 2005; Sánchez et al. 2010;
Baena-Díaz et al. 2012), although few studies have been conducted (reviewed in Barrett
2002b).
Keller et al. (2012) proposed that the combination of reciprocal herkogamy and
precise pollen transfer could contribute to reproductive isolation between populations or
species with different sexual organ positions (or different corolla lengths; Faivre and
McDade 2001). In particular, the degree of spatial matching between the positions of
reciprocal reproductive organs might affect the likelihood of pollen transfer between
flowers; two well-matched flowers might exchange pollen more effectively than two
poorly matched flowers (Fig. 4.1). Keller et al. (2012) provide evidence of a “marked”
difference in reproductive-organ heights between two closely related inter-fertile
distylous species, Primula elatior and P. vulgaris, suggesting that this difference might
play a role in reproductive isolation. Heterostyly might thus contribute to reproductive
isolation, particularly when, for whatever reasons, the precision of pollen transfer is
relatively high. It has been suggested that the level of precision of pollen transfer might
often be insufficient to provide complete reproductive isolation in this manner
(Armbruster and Muchhala 2009), but even relatively imprecise transfer might often
suffice to produce partial reproductive isolation (Faivre and McDade 2001). The degree
of precision in pollen transfer necessary to produce substantial reproductive isolation thus
remains unknown.
Reproductive isolating barriers reduce the gene flow between populations, which
might allow for greater adaptive divergence – that is to say, greater phenotypic
divergence between populations as a result of adaptation to their local environments
(Coyne and Orr 2004; Butlin et al. 2012). This increased adaptive divergence might then
lead to further reproductive isolation, due to a strengthening of effects such as selection
against migrants and selection against hybrids (Hendry 2004; Nosil et al. 2005), and
ultimately this positive feedback between reproductive isolation and adaptive divergence
might lead to ecological speciation (Schluter 2001). As a result of possible positive
effects of precise pollen transfer on reproductive isolation, clades with mechanisms that
entail precise pollen transfer, such as heterostyly (Baker 1964; Ganders 1979; Dulberger
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1992; Barrett and Shore 2008), might therefore be expected to experience elevated
speciation rates and accumulate species at a higher rate than clades with less precise
pollen transfer. Although reproductive isolation is often considered from an all-ornothing perspective, even a relatively minor reproductive isolating barrier might be
important in promoting adaptive divergence and speciation – particularly when combined
with other weak isolating barriers, when acting early in the process of reproduction as
mechanical isolating barriers do, and when arising early in the process of divergence
(Ramsey et al. 2003; Coyne and Orr 2004; Martin and Willis 2007; Lowry et al. 2008).
Indeed, macro-evolutionary studies indicate that clades with bilateral floral symmetry,
which is associated with increased precision of pollen transfer, contain more species than
their sister clades with radially symmetrical flowers (Sargent 2004), although these
results are confounded with effects of floral symmetry on pollinator specialization, which
might also affect reproductive isolation and the dynamics of species diversification.
Similarly, in a study on Primulaceae, an ancestrally heterostylous clade containing 20
times more species than its sister clade, the demonstrated positive effects of heterostyly
on diversification rates might be at least partially accounted for by the genetic advantages
of the obligate outcrossing enforced by heterostyly, rather than by the effects of precise
pollen transfer on reproductive isolation (De Vos et al., submitted). Directly testing the
macro-evolutionary consequences of precise pollen transfer in a phylogenetic framework
is thus problematic, because of the confounding effects of other factors affecting gene
flow and diversification rates. Nevertheless, reproductive barriers that might arise as a
consequence of the high evolutionary plasticity of floral traits might help explain the
extraordinary diversity of the flowering plants (Crepet and Niklas 2009), and are thus
important to study.
In this study, then, we hypothesize that precise pollen transfer can produce (at least)
partial mechanical reproductive isolation between populations of the same species that
differ in their reproductive-organ positions, and that this reproductive isolation can in
turn allow greater adaptive divergence in other naturally selected traits (potentially
producing further reproductive isolation, as described above). We tested this hypothesis
with an individual-based model of the evolution of heterostylous plants occupying two
parapatric patches that differ ecologically, to observe whether more precise pollen
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transfer in the context of differential reproductive-organ positioning leads, as predicted,
to greater adaptive divergence. Our model incorporates a mechanistically detailed
simulation of the dynamics of pollen flow in pollination, accounting for the effects of
sexual interference, reproductive-organ positioning, precision of pollen transfer, and
differences in pollinator morphology. We emphasize that this model is not intended to
capture the emergence of heterostyly from an ancestral non-heterostylous state (e.g.,
Charlesworth and Charlesworth 1979; Lloyd and Webb 1992a, b), but rather the
evolutionary effects of heterostyly once it is established.
Our hypothesis is not limited to the case of heterostyly; precise pollen transfer and
differential reproductive-organ positioning could promote reproductive isolation in other
systems also. We chose to model heterostyly in particular for several reasons. One reason
is that this choice allows us to separate the effects of sexual interference, which are
minimized by heterostyly as discussed above, from the effects of the precision of pollen
transfer, our independent variable of interest; without such separation, more precise
pollen transfer would cause heightened sexual interference by more reliably delivering
pollen to incompatible stigmas. Other mechanisms, such as monoecy, dioecy,
enantiostyly, and dichogamy, can also reduce sexual interference (Lloyd and Webb 1986;
Barrett 2002a, b; Jesson et al. 2003; Cesaro et al. 2004). Among these, a model of
heterostyly seemed to us to offer a particularly rich potential for exploring the
consequences of pollen transfer precision and plant-pollinator interactions, including the
possibility that the effects of heterostyly might depend upon the particular pollinators
present in the environment. Also, there is some empirical evidence for the presence of the
necessary building blocks for our hypothesis, precise pollen transfer and differential
reproductive-organ positioning, in heterostylous species (Barrett 2002b; Baena-Díaz et al.
2012; Keller et al. 2012).
With our results, then, we hope to shed some light on the ways in which the
precision of pollen transfer affect reproductive isolation and adaptive divergence, and to
provide some indication of the level of precision necessary to cause substantial
evolutionary consequences.
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4.3

Methods

4.3.1

Model summary

A full description of the model is given in §4.S1; we here present a brief overview of
the design. All model parameters are given in Table 4.1, while individual traits are shown
in Table 4.2.
The model is an individual-based simulation of the evolution of distylous perennial
plants in two parapatric patches. Each year in the model comprises germination,
mortality, and pollination phases, described below. Patches differ ecologically in some
unspecified way, producing stabilizing natural selection toward a different optimum
value in each patch (θ1 vs. θ2) for a quantitative genetic “ecological trait” of the plants, z;
adaptive divergence is thus selected for between the patches. This adaptive divergence is
opposed by gene flow due to the “crossover” of pollinators carrying pollen between
patches. The extent of gene flow depends upon the pollinator crossover rate, c, which
ranges from 0.0 (allopatry) to 0.5 (equal probability of pollen delivery to either patch;
effectively, sympatry). Gene flow also depends upon the mechanistic details of pollen
transfer, which is modeled at the level of the movement of individual pollen grains.
The dynamics of pollen transfer affect reproductive success; plants which either
deliver or receive fewer compatible pollen grains than other plants will produce fewer
offspring. The pollen transfer dynamics in this model depend upon the floral morphology
of the plants, and this means that the modeled floral morphological traits described below
are subject to sexual selection mediated by the pollinators (Willson 1979); this is in
contrast to the “ecological trait” described above, which is subject to natural selection
unrelated to pollination. The model thus incorporates both natural and sexual selection,
albeit on separate traits, and investigates how they jointly influence gene flow to
determine the degree of adaptive divergence in the naturally selected “ecological trait”.
Plants are modeled as having a single flower, for simplicity (see §4.5.3 for
discussion of model assumptions). The plants have quantitative genetic traits, x and y,
that govern the particular heights at which the anthers and stigma are located within the
corolla tube (see §4.S1.2 for discussion of the genetic architecture). They also possess a
diallelic trait S, similar to the S-locus of heterostylous plants such as Primula spp.
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(Barrett and Shore 2008), that governs both complete heteromorphic incompatibility and
the “polarity” of the traits controlling reproductive-organ heights (whether x determines
anther height and y determines stigma height, or vice versa). One S allele thus represents
“pins”, with a high stigma and low anthers, and the other represents “thrums”, with a low
stigma and high anthers (Fig. 4.1), although the sense of this polarity – which S allele
represents which morph – is emergent, not built into the design of the model.
The pollen transfer dynamics also depend upon pollinator morphology. Each patch
has a native pollinator, which could represent either a whole pollinator fauna of similar
type, or the “most effective pollinator” for the patch (Stebbins 1970). Each pollinator is
represented by a “pollinator function” denoted π1(h) and π2(h) for patches 1 and 2
respectively. The pollinator function determines the probability that pollen will stick to
the pollinator’s body at a given height h (or to its proboscis, or its tongue, depending
upon how it interacts with the flower); stickiness might vary due to variation in bristle
density, for example. Pollinators in the model are otherwise unspecified and are
unaffected by model dynamics; in particular, the pollinators do not evolve, since no
selective pressures involving attraction or reward exist in the model. The pollinators used
in the results presented are shown in Fig. 4.2, and include a “uniform” pollinator that is
sticky everywhere, a “high-biased” pollinator that is sticky only at positions near the top
of the corolla tube, and two different “bimodal” pollinators, each sticky at two particular
positions.
Pollination is the last phase in each year, but will here be described first. Each year,
every plant has a limited number of ovules, o, that can be fertilized (initially no, at the
beginning of the year), and a limited number of pollen grains, p, that it can donate
(initially np). The pollination phase is broken into v separate pollination events, each of
which consists of several steps. In the first step, the pollinator visits a donor flower and
removes pollen grains, each with a probability up. During removal, the height of each
pollen grain is perturbed stochastically, with a standard deviation of perturbation σj. Each
pollen grain then sticks to the pollinator’s body with a probability given by the pollinator
function evaluated at the pollen grain’s height. Pollen that sticks is transported to the
recipient flower (which may be in the other patch, if pollinator “crossover” between
patches occurs), is perturbed again in height as before, and is delivered to the recipient’s
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corolla tube. Whether it is received by the recipient’s stigma depends upon the height
differential between the pollen grain and the stigma; pollen delivered close to the stigma
is more likely to be received. This was modeled in two ways, using either a normal
(Gaussian) or a lognormal function, to represent two possibilities for the physical
dynamics of pollen delivery. Finally, pollen received by the stigma may cause
fertilization, with a probability inversely proportional to the extent of “style clogging”, s,
in the recipient flower; when ns pollen grains have been received by a flower, its style is
fully clogged and fertilization is completely blocked.
As described above, the parameter σj represents the precision of pollen transfer. It is
used to perturb the height of the pollen grain twice during the pollination process, once at
transfer from anther to pollinator, and once at transfer from pollinator to stigma. The net
effects of different levels of pollen transfer precision are shown in Fig. 4.7.
Pollination events also “jostle” the plants involved, resulting in the transfer of self
pollen from anthers to stigma; this self-transfer cannot result in fertilization (due to pollen
incompatibility), but does cause wastage of pollen and style clogging. The probability
that jostling will transfer a pollen grain depends upon the height differential between
anthers and stigma, and upon a scaling factor us. The probability of self-transfer is
calculated using the same function (normal or lognormal) as used for cross-pollination.
Fertilized ovules develop into seedlings during the germination phase of the
following year, with trait values based upon sexual reproduction of the parent plants but
with a mutational effect added (with rate µ and effect size standard deviation α).
Although many seedlings may be produced, the adult population of each patch is limited
to a carrying capacity K, and so typically most seedlings do not survive the germination
phase to become adults. The probability of maturation to adulthood depends upon the
ecological fitness of each seedling, as determined by the difference between the
seedling’s z and the patch optimum θ, and by the strength of natural selection as modeled
by the standard deviation ω of a Gaussian fitness function.
During the mortality phase, after germination, the population experiences random
mortality of plants with a probability m, representing deaths due to old age, herbivory,
and simple bad luck. This mortality generates space that will be filled, after the
pollination phase, by the seedlings that germinate the following year.
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The model begins with each population having a unimodal distribution of x and y
values centered at the middle of the corolla tube, and with an equal probability for the
two S alleles. This represents a state in which the genetic framework for heterostyly
exists, but differentiation into a well-defined dimorphism of pins and thrums as
determined by S has not yet occurred. This is not intended to be a biologically meaningful
state; it is merely an unbiased initial state from which dimorphic heterostyly can emerge.
Each plant begins with a value for the ecological trait z that is midway between the two
patch optima; in other words, every individual is equally maladapted ecologically to both
patches.
Finally, reference will be made to “control” realizations of the model. In these
realizations, the pollinator functions, pollen height stochastic deviations, and use of the
difference between pollen delivery height and stigma height are all disabled. The net
effect is that the probability of delivery of pollen from donor anthers to recipient stigma
does not depend on their respective heights; in other words, the height of the donor
anthers does not affect the probability of delivery of a pollen grain at a particular height
in the recipient flower. Self-transfer of pollen due to jostling still occurs, as does style
clogging, and pollen compatibility is still required for fertilization to occur. The purpose
of the control realizations is to determine the expected outcome without precise pollen
transfer, as a baseline against which the effect of precise pollen transfer in the
“treatment” realizations can be assessed.
4.3.2

Model implementation and execution

The model was implemented in the Objective-C language using Cocoa, an objectoriented framework (Apple Inc., http://www.apple.com, Mac OS X 10.7.4). Five
parameters were varied in model realizations: the precision of pollen transfer, the
probability of pollinator crossover, the strength of natural selection, and the pollinators
native to each of the two patches (Table 4.1). For each combination of parameters, 150
realizations were executed, for a total of 72000 realizations. For each realization, the
model was executed for 5000 generations, sufficient for the model to equilibrate within
the range of stochastic transient dynamics.
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4.3.3

Data analysis

Because the “polarity” of the S trait (whether S = 0 represents pin or thrum) was
emergent, it was possible for the two populations to arrive at different polarities (almost
always when the pollinator crossover rate was very low, since gene flow pushes both
patches toward a shared polarity). This resulted in almost complete reproductive isolation
between patches, because morphs anatomically well-suited to exchange pollen (a pin in
one patch and a thrum in the other) were blocked from cross-fertilizing by pollen
incompatibility due to their possession of the same S trait value. This phenomenon of
polarity differences among closely related heterostylous populations has not been
observed in nature, likely due to shared ancestry (Mast and Conti 2006). For this reason,
only realizations in which the two patches arrived at the same polarity were used; this
constituted the large majority of realizations, since gene flow tended to cause the
polarities in the two patches to synchronize.
At the end of execution, realizations were principally evaluated with three metrics.
The “ecological divergence”, z1 − z2 , is a measure of the degree of divergent local
adaptation in the naturally selected “ecological trait” z to the patch optima θ1 and θ2. The
“isolation at fertilization” is a measure of the aggregate reproductive isolation due to both
geographic separation and sexual selection against non-resident pollen, calculated as the
number of ovules fertilized by resident pollen divided by the total number of ovules
fertilized. Finally, the “organ mismatch”, x1 − x2 + y1 − y2 , represents the magnitude of
divergence between patches in the mean heights of corresponding reproductive organs,
based upon the formula given in Richards and Koptur (1993).
Analysis based upon these metrics (and a few others described where presented) was
conducted using the R programming language (version 2.15.1; R Development Core
Team, http://www.r-project.org).
4.4

Results
Dimorphism in reproductive-organ heights quickly emerged from the unimodal

initial state of the model (Fig. 4.3). This occurred in roughly 125 generations for the
“control” realizations without precise pollen transfer (see §4.3.1), for which herkogamy
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was favored only because it decreased self-pollination due to jostling. For the “treatment”
realizations, in which herkogamy was also favored because it decreased intra-morph
pollination, it occurred slightly more quickly (roughly 100 generations).
The “treatment” realizations were compared to the “control” realizations to assess
the extent to which precise pollen transfer promoted or hindered the development of
divergent reproductive-organ positions, increased reproductive isolation, and increased
adaptive divergence between patches. Two particularly interesting scenarios were
observed, depending upon the pollinator functions used for the two patches; results from
these two scenarios are presented below. Other combinations of pollinators were also
tested in supplemental realizations, including pollinator types not here presented; these
either qualitatively followed one of the two scenarios here presented, or showed no
interesting difference between the control and treatment realizations. In particular, we
tested for the possibility of a “reinforcement-like” effect (Maan and Seehausen 2011) of
reproductive character displacement in response to strong divergent natural selection
between patches, using the “uniform” pollinator in both patches to remove any effect of
divergent sexual selection due to the pollinators, and found no evidence of such an effect
(not shown).
4.4.1

Scenario 1: Divergent bimodal pollinators

In the set of realizations in which one patch used the “bimodal-low” pollinator (Fig.
4.2C) and the other used the “bimodal-high” pollinator (Fig. 4.2D), this difference in
pollinators produced divergence in reproductive-organ positions between the patches
when gene flow due to pollinator crossover was not too high (Figs. 4.4A–C). This
mismatch in reproductive-organ positioning contributed to mechanical reproductive
isolation when pollen transfer was sufficiently precise (Figs. 4.4D–F), and this
reproductive isolation allowed divergence to occur in the ecological trait z, producing
greater adaptive divergence in treatment realizations compared to controls (Figs. 4.4G–I).
This increase in adaptive divergence was greatest for intermediate pollinator
crossover probabilities (0.001 < c < 0.2), because very high crossover precluded
divergence in reproductive-organ positions (Figs. 4.4A–C), while very low crossover
allowed adaptive divergence even in the control realizations due to the effect of
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geographic isolation alone (Fig. 4.4D–F). The increase in divergence was greatest for
weaker natural selection (particularly for ω ≥ 1), because very strong natural selection
produced high divergence regardless of gene flow (Figs. 4.4G–I). Finally, the increase in
divergence was greatest when pollen transfer was more precise (σj ≤ 0.1), because this
maximized the effect of differences in reproductive-organ positions on reproductive
isolation (Figs. 4.4D–F). When all three factors aligned, the extent of adaptive divergence
in the treatment realization was sometimes several times larger than in the corresponding
control realization; in absolute terms, the treatment realizations sometimes increased
divergence over their corresponding controls by more than half of the total difference
between the optima of the two patches (Fig. 4.4G) – a difference between almost no local
adaptation and almost complete local adaptation.
4.4.2

Scenario 2: The uniform and high-biased pollinators

In the set of realizations in which one patch used the “uniform” pollinator (Fig.
4.2A) and the other used the “high-biased” pollinator (Fig. 4.2B), divergence in
reproductive-organ positions was again produced for low pollinator crossover rates (Figs.
4.5A–C). Unlike in scenario 1, however, mechanical reproductive isolation differed
between patches: compared to controls, it was higher in the patch with a “uniform”
pollinator, but lower in the patch with a “high-biased” pollinator, for all levels of pollen
transfer precision tested (Figs. 4.5D–F). Overall, ecological divergence in this scenario
was lower for treatment realizations than for controls (Figs. 4.5G–I). This relative
maladaptation was greatest at intermediate pollinator crossover rates (0.001 < c < 0.2),
because very high crossover meant that the two populations essentially shared a single
pollinator milieu, avoiding pollinator-specific effects (see §4.5.2), while very low
crossover allowed adaptive divergence even in the control realizations due to the effect of
geographic isolation alone (Fig. 4.5D–F). Relative maladaptation was greatest with
weaker natural selection (ω ≥ 1), because very strong natural selection produced high
divergence regardless of gene flow (Figs. 4.5G–I). Finally, and most notably, relative
maladaptation was strongest with very imprecise pollen transfer (σj = 0.5), because
imprecise pollen transfer magnified pollinator-specific effects (see §4.5.2). When all
three factors aligned, adaptive divergence in treatment realizations was sometimes
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decreased by more than half relative to the corresponding controls. In absolute terms, a
decrease in adaptive divergence of up to roughly a quarter of the total difference between
the optima of the two patches was observed (Fig. 4.5I).
To illuminate the dynamics behind these results, we present some additional results
from this scenario in Fig. 4.6. The mean ecological trait value in patch 1, z1 , was lower
for treatment realizations than for controls in almost all cases, representing an increase in
adaptation to the patch optimum θ1 (Figs. 4.6A–C). However, the mean ecological trait
value in patch 2, z2 , was much lower for treatment realizations than for controls in
almost all cases, representing a decrease in adaptation to the patch optimum θ2 (Figs.
4.6D–F). The degree of maladaptation in patch 2 is generally greater than the degree of
increased adaptation in patch 1, leading to the net maladaptation shown in Figs. 4.5G–I.
Finally, mean female fitness (fraction of ovules fertilized) was divergent between
patches, with the “uniform”-pollinator patch generally experiencing a higher rate of
fertilization than the “high-biased”–pollinator patch (Figs. 4.6G–I). The extent of
divergence in fertility depended mainly upon the pollinator crossover rate, with greater
divergence toward allopatry. A marked decrease in female function was observed for all
treatment realizations for very imprecise pollen transfer, σj = 0.5 (Fig. 4.6I), a
consequence of pollen limitation due to loss of pollen grains caused by the highly
stochastic pollen transfer dynamics; this pollen limitation did not substantially influence
results, however, since fertilization was generally sufficient to maintain population size
and genetic variation (not shown).
4.4.3

Other sources of reproductive isolation

Figs. 4.4D–F and 4.5D–F, presented above, showed mechanical reproductive
isolation due to sexual selection resulting from the combination of mismatched
reproductive-organ positions and precise pollen transfer. This metric also includes the
effects of geographic isolation between patches, which by itself produces complete
isolation in allopatry and decreases in strength to 0.5 in sympatry (since half of all crosses
are then inter-population).
Other factors will also contribute to (or possibly diminish) reproductive isolation
after fertilization has occurred. Natural selection against hybrids will likely occur, since
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hybrids will typically be less well-adapted to both environments, compared to offspring
of within-population crosses. Similarly, sexual selection against hybrids is also likely,
since hybrids will typically have reproductive-organ positions that match poorly with the
reproductive-organ positions of both populations. Both of these types of selection against
hybrids will further decrease gene flow, allowing further adaptive divergence that will
further increase the maladaptation of hybrids, in a positive feedback loop (Schluter 2001).
These effects are difficult to quantify and are not shown, but their net effect is revealed in
the total adaptive divergence between the two populations at equilibrium.
4.5

Discussion
Particular floral traits are often thought to spur diversification of clades that possess

them (Kay et al. 2006). We explored the hypothesis that floral traits that promote precise
pollen transfer could produce this effect by allowing mechanical reproductive isolation,
and consequently adaptive divergence, to emerge between populations differing in their
reproductive-organ positions (Grant 1994b; Kay 2006; Keller et al. 2012). To investigate
this hypothesis, we developed an individual-based model of distylous plants occupying
two spatial patches connected by gene flow due to pollinator crossover.
As hypothesized, in some cases precise pollen transfer led to partial reproductive
isolation between populations with different reproductive-organ positions, and this
reproductive isolation increased the extent of adaptive divergence between populations
relative to control realizations without precise pollen transfer. This outcome depended
upon the pollinator fauna present, however, with the opposite effect (a decrease in mean
adaptive divergence) being observed with a different pair of pollinators. We will discuss
these two scenarios, which together illustrate the complexity of the evolutionary
dynamics caused by flower-pollinator interactions in our model. We conclude with some
thoughts about the potential role of precise pollen transfer in angiosperm diversification,
and about the importance of phenotypic precision in reproductive isolation and
adaptation.
The biological relevance of the two scenarios depends upon the realism of the
pollinator functions themselves: how likely is it that two different pollinators would be
sticky only at particular, and different, spots? Very few studies have examined how
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pollen sticks differentially to different pollinator body parts. The best evidence for finescale differential stickiness is provided by Washitani et al. (1995), in a very detailed
study of queen bumblebees pollinating Primula sieboldii. They document more than a
50-fold difference in the number of pollen grains stuck to different proboscis regions, and
show strong spatial segregation of pin and thrum pollen on different proboscis regions.
Other studies have generally focused on overall pollinator effectiveness, and so are less
informative regarding fine-scale differential stickiness; nevertheless, these studies do
indicate substantial differences in stickiness among different body parts (Olesen 1979;
Lewis 1982; Lau and Bosque 2003; Massinga et al. 2005; Pérez-Barrales et al. 2006;
Brys et al. 2008). In short, although there is evidence for differential stickiness on
pollinators, very little is known about the details in different systems, or about how this
translates into a quantitative precision of pollen transfer. We hope that our results will
serve to underline the importance of further research on these questions.
4.5.1

Scenario 1: Divergent bimodal pollinators

The first scenario was observed using realizations with the “bimodal 1” pollinator in
one patch and the “bimodal 2” pollinator in the other. In this scenario, many of the
treatment realizations showed an increase in the mismatch of reproductive-organ
positions, an increase in reproductive isolation, and an increase in adaptive divergence
relative to control realizations (Fig. 4.4). The conditions in which this effect was
strongest were biologically relevant: weak stabilizing natural selection (as often observed
empirically; Kingsolver et al. 2001; Kingsolver et al. 2012), all but the most imprecise
pollen transfer dynamics, and levels of geographic separation ranging from near-allopatry
to near-sympatry as modeled by the pollinator crossover rate. The effect size increased
with the level of pollen transfer precision, suggesting that our hypothesis might also be
relevant to flowers that utilize pollinia, which are known to have high pollen transfer
specificity (e.g., Armbruster and Muchhala 2009; Xu et al. 2011).
In this scenario, the traits that control reproductive-organ heights in the treatment
realizations are both so-called “magic” traits, traits subject to divergent selection that also
pleiotropically contribute to non-random mating (Gavrilets 2004; Servedio et al. 2011).
Magic traits are theoretically important because they facilitate divergence among
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populations that are experiencing gene flow; a buildup of linkage disequilibrium
involving multiple traits is not necessary due to the inherently pleiotropic effect of magic
traits on both fitness and reproductive isolation (Felsenstein 1981; Gavrilets 2004;
Servedio et al. 2011). However, the fact that a trait is magic does not mean that it will
actually drive substantial divergence; this depends upon the effect size of the magic trait,
and that, in turn, may be expected to depend upon both the strength of the divergent
selection upon it, and the strength of its effect upon non-random mating (Servedio et al.
2011; Haller et al. 2012).
Divergent selection in this scenario is the result of sexual selection (Willson 1979),
generated in our model by the pollinators: flowers with reproductive-organ positions that
match the regions of greatest stickiness on the pollinators experience elevated male
function (due to high pollen uptake) and/or elevated female function (due to high pollen
receipt), and since the pollinators differ between populations, this generates divergent
sexual selection on both reproductive-organ positions. Divergent selection due to
divergent pollinator visitation preferences has been previously documented in putative
magic traits (Servedio et al. 2011); however, in our model divergent selection is due to
mechanical differences among pollinators, without differences in pollinator behavior. The
contribution of the reproductive-organ–position traits to non-random mating, on the other
hand, is the result of precise pollen transfer: the greater the degree of precision in pollen
transfer, the greater will be the tendency of flowers with reproductive-organ heights that
(reciprocally) match to mate preferentially, and thus the precision of pollen transfer in our
model governs the “magicness”, or the effect size, of the magic traits (Servedio et al.
2011; Haller et al. 2012). Our model is also unusual in that both the cue and the
preference traits are magic; the high and low positions are both under divergent selection,
and each acts as the preference when the other acts as the cue, since distylous morphs
cross reciprocally.
However, the promotion of adaptive divergence in the ecological trait z is not a direct
result of the “magic” nature of the reproductive-organ–position traits in the treatment
realizations, since trait z is neither pleiotropically influenced by, nor genetically linked to,
the reproductive-organ–position traits. Rather, the increased adaptive divergence in z that
accompanies the divergence in the reproductive-organ–position traits in the treatment
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realizations constitutes an accumulation of linkage disequilibrium between unlinked
traits, often considered to represent an important step toward speciation (Felsenstein
1981).
The degree of mismatch in reproductive-organ positions between patches depends in
part upon the pollinator crossover rate, c (Figs. 4.4A–C). Pollinator crossover produces
gene flow that opposes divergence, which explains some of this effect (and incidentally,
this is the reason that mismatch in reproductive-organ positions in the control runs, which
results solely from drift, is higher at low crossover rates). Additionally, however, sexual
selection in this model includes an element of positive frequency-dependence (Pennings
et al. 2008; Servedio and Kopp 2012), because common phenotypes are more likely to
participate in pollen exchange. This opposes the divergent sexual selection pressure
produced by divergent local pollinator fauna, to the extent that in full sympatry (c = 0.5)
divergent reproductive-organ positions cannot be maintained even if each population
perfectly fits its pollinator and pollen transfer is extremely precise; demographic
stochasticity will give one type a slight edge in fertility in one generation, the consequent
slight numerical superiority in the next generation will (deterministically) produce higher
reproductive success for that type, and fixation of that type will rapidly follow (not
shown). Parapatry shelters populations from this effect, because positive frequencydependence then depends to some extent upon the frequency of reproductive-organ
positions within each patch, rather than their overall frequency.
Adaptive divergence in this scenario is promoted by the reproductive isolation that
results from divergence in the “magic” reproductive-organ–height traits due to the sexual
selection exerted by the pollinators, as described above. However, divergence in the
magic traits is limited here, because the positions of the reproductive organs are
constrained by the stickiness functions of the local pollinators; mismatch beyond a certain
level would result in a decrease in fitness despite the benefits of decreased production of
hybrid offspring. The reproductive isolation afforded by the magic trait is thus limited,
illustrating that full speciation can be prevented by the very same factors that drive initial
adaptive divergence. This effect may represent a particular vulnerability of magic traits in
driving speciation, since they pleiotropically connect both local adaptation and
reproductive isolation; if local adaptation demands a certain extent of divergence in the
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magic trait (but no more), then reproductive isolation may reach the corresponding level
of non-random mating (but no more). In other words, the effect size of a magic trait on
speciation might be governed not only by the strength of divergent selection, but by the
degree of divergence between the environmental optima. This is reminiscent of other
situations in which conserved sexual selection might constrain speciation (Pfennig 1998;
Ellers and Boggs 2003; Schwartz and Hendry 2006; Labonne and Hendry 2010),
although in this case sexual selection is conserved due to the external influence of
pollinator morphology.
4.5.2

Scenario 2: The uniform and high-biased pollinators

The second scenario was observed using realizations with a “uniform” pollinator in
one patch and a “high-biased” pollinator in the other. This produced very different results
from the first scenario: in particular, adaptive divergence was less in the treatment
realizations than in the control realizations (Figs. 4.5G–I). This scenario may be quite
biologically relevant, since the effect was strong even with imprecise pollen transfer, was
observed across all strengths of natural selection tested, and was observed for pollinator
crossover rates ranging from near-allopatry to near-sympatry. The pollinators used here
are also quite biologically plausible (Beach and Bawa 1980).
The mechanism by which adaptive divergence is decreased in the treatment
realizations depends upon the way that asymmetries in pollen transport drive the pattern
of mating among flowers (Fig. 4.6). Flowers in the first patch were served by the
“uniform” pollinator, which transfers pollen equally well at both high and low positions.
Flowers in the second patch, however, were served by the “high-biased” pollinator,
which picks up pollen at the high position (from thrums) much more effectively than at
the low position (from pins), although some transfer does occur at the low position if the
pollen transfer precision is low. In the second patch, therefore, thrum ovules remain
mostly unfertilized due to the paucity of transported pin pollen. When the pollinator
crossover rate is low (near allopatry), this is where the story ends; male and female
function in patch 2 is markedly lower than in patch 1 (Figs. 4.6G–I; male function not
shown). As the crossover rate rises, however, thrums in patch 2 increasingly become
fertilized by pollen carried from pins in patch 1. Female function in patch 2 rises as a
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result (Figs. 4.6G–I); but the ensuing gene flow toward patch 2 pulls that population
strongly off of its ecological optimum (Figs. 4.6D–F). At the same time, female function
in patch 1 declines somewhat (because the thrums of patch 1 are losing some pollen to
the thrums of patch 2, and are not receiving much pollen from the pins of patch 2 to
compensate for the loss) (Figs. 4.6G–I); nevertheless, since patch 1 is receiving little
maladaptive gene flow from patch 2, it is able to adapt very well to its optimum (Figs.
4.6A–C).
Interestingly, this suggests that the population in patch 2 might experience an
increase in fitness by eliminating the reproductive organs at the low height, since they
serve chiefly as a source of maladaptive gene flow. This scenario, then, suggests a novel
mechanism for the evolution of dioecy from distyly by gender specialization (Casper
1992; García-Robledo 2008), related to the mechanism proposed by Beach and Bawa
(1980) but with additional selective pressure toward dioecy due to the genetic load
imposed by the maladaptive gene flow between populations. This additional selective
pressure toward dioecy seems likely to mitigate the objections of Muenchow and Grebus
(1989) that the mechanism of Beach and Bawa (1980) works only under unrealistically
stringent assumptions of a complete shift to a high-biased pollinator and a perfectly
functioning genetic mechanism for loss of the reproductive organs at the low position.
4.5.3

Conclusions

The first scenario discussed above involved different “bimodal” pollinators in the
two patches. Results here indicate that precise pollen transfer can cause partial
reproductive isolation between populations that differ in their reciprocal reproductiveorgan heights (Fig. 4.4). This increased reproductive isolation could increase the net
diversification rate by promoting speciation, either directly by reducing gene flow
sufficiently to itself constitute speciation (Coyne and Orr 2004; Rieseberg and Blackman
2010), or indirectly by promoting adaptive divergence that might lead to ecological
speciation by generating further reproductive isolation (Schluter 2001; Hendry 2004;
Nosil et al. 2005). Additionally, the net diversification rate could increase due to a
reduction in the risk of extinction, either directly by promoting local adaptation that
renders populations less vulnerable to extirpation (Boulding and Hay 2001; Stockwell et
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al. 2003), or indirectly via a “portfolio effect” resulting from a diversity of differently
adapted populations (Schindler et al. 2010; Bolnick et al. 2011). Precise pollen transfer
could promote diversification through any or all of these mechanisms.
Although we modeled heterostylous plants, this first scenario may have broader
implications for the question of how precise pollen transfer produces reproductive
isolation and adaptive divergence in plants (Armbruster et al. 2009), such as those with
zygomorphic flowers (Neal et al. 1998; Sargent 2004; Kay et al. 2006) or with flowers
utilizing pollinia (Xu et al. 2011). Indeed, it speaks to the concepts of adaptive precision
and accuracy (Armbruster et al. 2009; Pélabon et al. 2012) as they apply to traits related
to mate choice in general. Adaptive precision has been shown to produce reproductive
isolation in other systems, from the precision of matching of genital morphology in
beetles (Shapiro and Porter 1989; Sota and Kubota 1998), to the precision of color pattern
preference in African cichlids (Seehausen et al. 1997), to the precision of matching of
song to imprinted preferences in birds (Podos 2001; Sorenson et al. 2003), to the
precision of matching between wing coloration and mate preference in butterflies (Jiggins
et al. 2001; Fordyce et al. 2002). Although it requires a broadening of the usual
(behavioral) sense of the terms, it is logical to think of anther position as a male “cue”
trait and stigma position as a female “preference” trait; according to this perspective,
flowers exhibit “mate choice” for other flowers, with a strength of preference that
depends upon the precision of pollen transfer and the morphology and behavior of the
pollinators by which they are visited. We have shown, then, that a cue-preference system
of mate choice can involve a large amount of intraspecific variation in both cue and
preference traits (the variation in Fig. 4.3F is typical), and a relatively weak strength of
choosiness, and yet the partial reproductive isolation that results can still promote
substantial adaptive divergence and have other important evolutionary effects.
Traits used as cues in mate choice can diversify rapidly due to the interplay of
assortative mating and ecological diversification, as observed in several of the systems
mentioned above. If our first scenario is biologically relevant, this suggests a key
prediction based upon our results: clades for which precise pollen transfer promotes
diversification should exhibit an accelerated rate of evolution of floral morphological
traits affecting anther and stigma position, due both to sexual selection exerted by
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different pollinators, and possibly also to reinforcement upon secondary contact between
diverging populations. Conversely, if pollen transfer is too imprecise for anther and
stigma position to matter, then they should evolve due only to drift; and if pollen transfer
is precise but does not promote diversification, then they should evolve at a rate slower
than that predicted from drift, as a result of the stabilizing selection that each exerts upon
the other. In Bignonieae, Alcantara and Lohmann (2011) estimated whether patterns of
interspecific variation among sixteen floral traits were congruent with evolutionary rates
slower than, equivalent to, or faster than drift-like Brownian motion. Bignonieae is a
highly diverse tropical clade with flowers that, like those of Primula, have a relatively
narrow corolla tube with the sexual organs concealed within, an architecture likely
exerting control over the pollinator’s positioning in order to promote precise pollen
transfer (Baker 1964; Ganders 1979; Dulberger 1992; Barrett and Shore 2008).
Remarkably, while many traits showed a pattern indicative of slow, conservative
evolution, the pattern of variation among five traits that together govern the positions of
the anthers and stigma (LISS, LILS, LSS, LLS, StyL; see their Fig. 1) were better
explained by rates of evolution much faster than drift, in contrast to all other traits studied
(their Table 1). This suggests that anther and stigma position were commonly under
strong directional selection over the history of diversification of the clade, as predicted if
precise pollen transfer were acting to promote diversification; however, more study is
needed to further test this idea.
In our second scenario, we showed that a pollinator that serves primarily high
positions in the corolla tube can lead to strongly asymmetric gene flow between
populations. Notably, this asymmetric gene flow is driven entirely by pollen transfer
dynamics, not by asymmetric pollinator host specificity (e.g., Starr et al. 2013). This
asymmetric gene flow leads to substantial maladaptation; although this maladaptation
decreases adaptive divergence, and might even result in the extirpation of the affected
population, it might nevertheless lead to interesting evolutionary outcomes by generating
strong selective pressures for innovations such as dioecy or a pollinator shift that would
allow an escape from the pressure of the maladaptive gene flow. This scenario applies
most obviously to heterostylous plants; from the cue-preference perspective explained
above, however, it can also apply to other taxa in which female choice results in
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preferential mating with non-local males, producing maladaptive gene flow (Pfennig
1998; Ellers and Boggs 2003; Schwartz and Hendry 2006; Labonne and Hendry 2010).
Notably, this might be likely in systems recently disturbed by humans (Crispo et al.
2011).
Since our model is the first (to our knowledge) to simulate the movement of
individual pollen grains between flowers, and only the second individual-based model of
heterostyly (Sakai and Toquenaga 2004), there are many promising directions for future
work investigating the evolutionary ecology of pollen flow dynamics. Relaxing the
assumption of one flower per plant would allow us to address questions involving
geitonogamy, pollen discounting, and the evolutionary effects of inflorescences of
different types (Harder and Barrett 1995; Eckert 2000; Harder et al. 2004; Harder and
Prusinkiewicz 2013). Modeling longer visitation sequences to allow pollen carryover
(Feinsinger and Busby 1987) could also be worthwhile. We could extend our model to
allow evolution in further floral traits, to explore phenomena such as the transition from
distyly to dioecy (see §4.5.2, above), the evolution of precise pollen transfer due to floral
morphological traits such as corolla shape (Dulberger 1992), and the quantitative
evolution of reproductive strategies in response to pollination dynamics (Ferrero et al.
2011; De Vos et al. 2012). Finally, modeling more complex mixed pollinator
communities (Geber and Moeller 2006) and temporal variation in pollinators (Alarcón et
al. 2008) would be a promising future direction, to investigate ideas such as the “most
effective pollinator principle” (Stebbins 1970; Adler and Irwin 2006), the outcome of
“diffuse” and “conflicting” selection due to mixed pollination (Strauss et al. 2005; Sahli
and Conner 2011), the evolutionary effects of disruption of the pollinator community by
climate change (Memmott et al. 2007), and the effects of pollinator shifts on floral
morphology and diversification (e.g., Pérez-Barrales et al. 2006; Johnson 2010; PérezBarrales and Arroyo 2010; Valente et al. 2012).
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Table 4.1. Model parameters with their symbols and values.

Population carrying capacity
Initial value for the three genetic traits
Initial genetic variance for the
reproductive-organ–height traits
Probability of a mutation occurring
Standard deviation of the mutation effect size
Number of ovules per flower

Symbol

Value

K
xi, yi, zi
σxi2, σyi2

1000
0.5
0.006

µ

no

0.1
0.1
50

Number of pollen grains per flower
Number of received pollen grains that results
in complete style clogging

np
ns

1000
250

Uptake probability for each pollen grain in
pollination (transfer between flowers)
Uptake probability for each pollen grain in
self-transfer

up

0.1

us

0.1

Mortality probability per year
Ecological trait optimum for environment 1
Ecological trait optimum for environment 2
Season length (pollination events per year)
Standard deviation of pollen height stochasticity
during pollen transfer between flowers

m

0.25
0.0
1.0
10000
0.01, 0.1, 0.5

α

θ1
θ2

v
σj

Pollinator crossover probability

c

Strength of natural selection (standard deviation
of the fitness function)
Pollinator functions for patch 1 and 2, giving
the probability that pollen will stick to a
pollinator at height h

ω
π1(h), π2(h)

Gaussian pollen transfer gap

σp

Gaussian pollen self-transfer gap
Lognormal pollen transfer gap
Lognormal pollen transfer shape parameter

σs

0.0, 0.001, 0.01, 0.05,
0.1, 0.2, 0.35, 0.5
0.25, 0.5, 1, 5, 25
(control a),
(uniform, high-biased),
(bimodal 1, bimodal 2),
(uniform, uniform)
0.1 b

lg
lσ

a

Control realizations did not use the pollinator functions, and involved completely
imprecise pollen transfer; see §4.3.1 and §4.S1.11 for details.
b

Used only for the Gaussian pollen transfer version of the model.

c

Used only for the lognormal pollen transfer version of the model.
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0.1 b
0.2 c
1.0 c

Table 4.2. Individual traits with their symbols and permissible values. Values are listed
as an interval [a, b], a set of discrete values (a, b), a range of integer values a – b, or
“any” to indicate that all real values are allowed. Traits above the separating line (x, y,
z, S) are genetic (heritable, and immutable for any given individual); traits below the
line (o, p, s) are non-genetic (not heritable, and subject to change for each individual
over time).
Symbol

Values

Reproductive-organ position 1; a stigma exists at this
height if S = 0, or anthers if S = 1

x

[0.0, 1.0]

Reproductive-organ position 2; a stigma exists at this
height if S = 1, or anthers if S = 0

y

[0.0, 1.0]

Ecological trait, influencing adaptation to the local
patch’s ecological optimum (θ1 or θ2)

z

any

Morph-determining trait, governing reproductive-organ
development and also the legitimacy of crosses

S

(0, 1)

Number of remaining unfertilized ovules

o

0 – no

Number of remaining pollen grains

p

0 – np

Style clogging index, indicating the degree to which the
style has become clogged by pollen tubes

s

0 – ns
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A

pin

B

thrum

pin

C

pin

pin

thrum

Figure 4.1. Conceptual “cartoons” of the effects of reproductive-organ height on the
transfer of pollen between distylous flowers. Arrows show directions of pollen flow,
arrow widths show magnitude of expected fertilization, and dashed red circles indicate
the region with the highest probability of pollen deposition. A: Pollen transfer between
well-matched reciprocal morphs. Pollen donated at the low position by a pin is
transferred at a low position on the pollinator’s body and arrives at a low position in the
recipient thrum; similarly, pollen donated at a high position by a thrum arrives at a high
position in the recipient pin. Because pollen arrives at the height of the recipient stigma
and is compatible with it, fertilization is likely to occur. B: Hindrance of pollen transfer
between identical morphs (here, two pins). Pollen donated at the low position by a pin
arrives at a low position in another pin, and is therefore unlikely to be delivered to the
stigma (where it would be incompatible and would result in style clogging). C: Hindrance
of pollen transfer between reciprocal morphs poorly matched in their reproductive-organ
heights. Due to this mismatch, pollen arrives at the wrong height and is thus less likely to
be received by the stigma and result in fertilization. The height mismatch thus causes
some degree of reproductive isolation.
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1

B

D

1

0

C

0

pollinator stickiness

A

0

1

0

1

corolla tube height
Figure 4.2. Pollinator stickiness functions used in the presented results. The x-axis
represents the corolla tube height (0 = bottom, 1 = top) at which the pollen grain
encounters the pollinator’s body. The y-axis represents the probability that the pollen
grain will stick to the pollinator at that height. A: The “uniform” pollinator, with equal,
maximal stickiness at all heights. B: The “high-biased” pollinator, which is not sticky at
all below a threshold height, and then is increasingly sticky with increasing height. C:
The “bimodal-low” pollinator, which is sticky principally at two distinct positions on its
body. D: The “bimodal-high” pollinator, which is sticky principally at two distinct
positions different from those of the “bimodal-low” pollinator.
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Stigma height

A

B

C

D

E

F
Anther height

Figure 4.3. The evolution of dimorphism in one patch, from the monomorphic initial
state. Colors indicate the value of the S trait; in this realization, red (S = 0) becomes
thrum and blue (S = 1) becomes pin, but this polarity is emergent and random. Panels
show a time series of model snapshots: 0 generations (A), 25 (B), 50 (C), 75 (D), 100 (E),
125 (F). Parameter values: σj = 0.1, c = 0.0, ω = 0.3, no pollinators (“control” run).
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σj = 0.01

σj = 0.1

σj = 0.5

Organ mismatch

0.5

π1

A

B

π2

C

1.0

E

F

G

H

I

patch
1
2

1

0.5

D

0

Ecological divergence

Isolation at fertilization

0.0

ω
.25
.5
1
5

0.0

0.5

0.0

0.5

0.0

0.5

Pollinator crossover, c
Figure 4.4. Reproductive-organ–height mismatch, reproductive isolation at fertilization, and
ecological divergence as a function of the pollinator crossover rate, strength of selection, and
precision of pollen transfer for scenario 1, involving the pollinator pair “bimodal-low” +
“bimodal-high”. For all panels, colors and plot symbols represent the strength of selection. For
panels D–F, line dashing indicates the patch depicted. Columns correspond to levels of pollen
transfer precision: left is precise, σj = 0.01; center is intermediate, σj = 0.1; right is imprecise,
σj = 0.5. The x-axis in all panels represents the pollinator crossover rate, c, from allopatry
(c = 0.0) to sympatry (c = 0.5). Gray lines and symbols in all panels show the control runs
corresponding to the (colored) treatment runs. Error bars show ±SE, which is often too small to be
visible. Top row (A–C): The y-axis shows the magnitude of spatial mismatch between
reciprocally placed sexual organs of the two floral morphs. Center row (D–F): The y-axis shows
the degree of reproductive isolation present at fertilization, an indication of the strength of sexual
selection against non-local pollen (i.e., mechanical isolation); note this metric also includes the
temporally prior effect of geographic isolation. Bottom row (G–I): The y-axis shows the extent of
ecological divergence between populations.
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σj = 0.01

σj = 0.1

σj = 0.5

Organ mismatch

0.5

π1
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B

π2

C
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Ecological divergence

Isolation at fertilization

0.0

ω
.25
.5
1
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0.0

0.5

0.0
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0.0
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Pollinator crossover, c

Figure 4.5. Reproductive-organ–height mismatch, reproductive isolation at fertilization,
and ecological divergence as a function of the pollinator crossover rate, strength of
selection, and precision of pollen transfer for scenario 2, involving the pollinator pair
“uniform” + “high-biased”. Colors, symbols, dashing, columns, rows, and axes are as in
Fig. 4.4.
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σj = 0.01

σj = 0.1

σj = 0.5

Patch 1 ecol. trait, z 1

1

π1

A

B

C
π2

D

E

F

G

H

I

patch
1
2

1
0

Mean female function

0

Patch 2 ecol. trait, z 2

1

0

ω
.25
.5
1
5

0.0

0.5

0.0

0.5

0.0

0.5

Pollinator crossover, c

Figure 4.6. Asymmetrical dynamics of adaptation and reproductive function for scenario
2, involving the pollinator pair “uniform” + “high-biased”. Colors, symbols, dashing, and
columns are as in Fig. 4.4. The x-axis in all panels represents the pollinator crossover
rate, c, from allopatry (c = 0.0) to sympatry (c = 0.5). Top row (A–C): The y-axis shows
the mean ecological trait value for patch 1, z1 , showing the degree of adaptation to the
local optimum of that patch, θ1 = 0 (thick purple line). Middle row (D–F): The y-axis
shows the mean ecological trait value for patch 2, z2 , showing the degree of adaptation to
the local optimum of that patch, θ2 = 1 (thick purple line). Bottom row (G–I): The y-axis
shows the mean female function, calculated as the percentage of available ovules filled at
the end of the pollination phase.
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4.S1 Chapter supplemental: Model description
This model description follows conventions proposed by Grimm et al. (2006) for the
standardized presentation of individual-based models. All model parameters are listed in
Table 4.1, while individual traits are given in Table 4.2.
4.S1.1

Purpose

The purpose of this model is to examine the evolutionary consequences of precise
pollen transfer, using heterostylous flowers as its basis because this allows the effects of
sexual interference to be separated from other phenomena. The model simulates the
details of pollen transfer in sufficient detail to capture phenomena essential to heterostyly
such as pollen wastage and style clogging, and it allows differences among pollinator
species. Reproductive isolation due to spatial mismatch of reproductive organs between
parapatric populations of heterostylous flowers can be an emergent consequence of the
evolution of floral morphology in our model, and such reproductive isolation can, in turn,
affect the extent of adaptation to the local environment of each population (Fig. 4.1).
4.S1.2

Environment and state variables

Space in the model consists of two discrete patches of equal carrying capacity K. The
patches differ along some unspecified ecological axis (e.g., wet/dry, warm/cold, etc.), as
represented by a difference in the optimum ecological phenotype, θ1 and θ2, for
individuals in the two environments. Each patch is inhabited by a single pollinator
species, defined by a “pollinator function” that governs the probability that pollen will
stick to the pollinator at a given height on its body. These functions are designated π1 and
π2 for the two patches respectively; the pollinator may thus differ between the patches.

The pollinators are stateless, do not evolve, choose randomly among flowers to visit, and
are unaffected by events in the model.
Each patch is occupied by a population of individual heterostylous flowers (one
flower per plant is assumed for simplicity). The heights of the anthers and stigma within
the corolla tube are determined by two quantitative traits, x and y, constrained to lie
within the boundaries of the corolla tube (0 ≤ x, y ≤ 1). The specific phenotypic effect of
these traits depends upon a binary trait S that determines, as in real heterostylous flowers,
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whether a given flower is a “pin”, with a high stigma and low anthers, or a “thrum”, with
a low stigma and high anthers (Fig. 4.1), and that produces the intra-morph selfincompatibility characteristic of heterostyly (see §4.S1.11). In our model, the meaning of
the S trait is not predetermined; whether values 0/1 represent pin/thrum or thrum/pin is
emergent. The position of the stigma is represented by x if S = 0, or by y if S = 1; mutatis
mutandis, the position of the anthers is represented by x if S = 1, or by y if S = 0. This
design produces morphologically reciprocal flowers with a change only in S; it also
allows x and y to vary freely, rather than one having to be constrained to be greater than
the other. Individuals also possess a quantitative “ecological trait”, denoted z, that affects
their local adaptation to their patch.
This genetic design is a reasonable approximation of what is known about the
empirical genetics of heterostyly (Barrett and Shore 2008; Labonne et al. 2008; Gilmartin
and Li 2010; Labonne et al. 2010). Heterostyly is governed by a locus (actually a
supergene) called the S-locus that has, in effect, two alleles, s and S (actually two
haplotypes, comprising several alleles at tightly linked loci); plants that are ss are pins,
while plants that are Ss are thrums. Because only “legitimate” crosses – ss × Ss crosses –
are typically allowed by the self-incompatibility system of heterostyly, empirical crosses
typically produce equal proportions of ss and Ss offspring, and SS individuals do not
normally exist in any substantial number; our representation of the S-locus with the twovalued trait S is thus reasonable (although extension of the model to allow illegitimate
crosses, which do often occur in some heterostylous species, might provide further
insights into the effects of unequal morph ratios on gene flow and divergence). While the
S-locus governs which reproductive organ appears at the high position and which appears
at the low position in a given flower, the actual heights of the high and low positions
seem likely to be governed by many loci of small effect size unlinked with the S-locus.
Although the details of this are not known for any heterostylous species, Bissell and
Diggle (2010) did find that anther position and stigma position are genetically
independent in heterostylous species in Nicotiana; they argue that this independence
provides useful evolvability to heterostylous species in adapting to different pollinators.
Other closely related heterostylous species are also known to exhibit differences in anther
position, stigma position, and anther-stigma separation (e.g., Keller et al. 2012),
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suggesting that the genetic independence found by Bissell and Diggle (2010) may be
general. We thus represent the heights of the reproductive organ positions as quantitative
traits, x and y, with continuous values representing the additive effect of many alleles in
an infinitesimal model (Fisher 1918; Falconer 1989); while this architecture is not known
to correspond to any particular heterostylous species, neither is it contradicted by any
empirical findings of which we are aware, and it seems a simple and reasonable choice
unlikely to bias our results in any important way. Environmental variance is not included
in our model; in other words, the heritability of the traits is 1. Empirical evidence
suggests that genetic variation and heritability for reproductive-organ positions is often
quite high (Shore and Barrett 1990; Carr and Fenster 1994; Ashman and Majetic 2006;
Herlihy and Eckert 2007; Kulbaba and Worley 2008; Bartkowska and Johnston 2009), so
this seemed a reasonable choice for simplicity; evolution is likely more rapid in our
model than it would be in real heterostylous systems as a result, but this does not affect
our conclusions since we do not attempt to draw inferences regarding the absolute time
required for adaptation.
The reproductive state of individuals is tracked with several non-genetic (i.e., nonheritable) state variables. Each individual has a number of pollen grains, p, which can be
taken up and transported by pollinators, a number of ovules, o, that can be fertilized in
each year, and a style clogging index, s, representing the empirical fact that the style of a
flower becomes progressively clogged by pollen tubes that decrease the probability of
fertilization. The details of these mechanics will be discussed below.
4.S1.3

Processes and scheduling

Overlapping yearly generations of individuals are modeled as consisting of three
phases executed consecutively in each year: germination, mortality, and pollination. In
the germination phase, seedling individuals are generated from all fertilized ovules, and
then seedlings die with a probability proportional to their fitness in their local patch until
the population size of each patch is less than or equal to the carrying capacity of the
patch; conceptually, this represents the germination of seeds and the subsequent traitdependent natural selection of seedlings during maturation. In the mortality phase,
individuals die randomly with a fixed probability; this may be taken to represent either
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truly random mortality or natural selection on traits not modeled. In the pollination phase,
the surviving individuals are visited by pollinators that transport pollen between them,
resulting in the fertilization of ovules that will germinate at the beginning of the
following year.
4.S1.4

Interactions

In the germination phase, seedlings interact through competition in the sense that the
probability of mortality for each seedling depends upon the number of other seedlings
alive; in other words, natural selection during this phase is “soft selection” (Wallace
1975). No interaction occurs during the mortality phase. In the pollination phase, each
pollinator visit constitutes an interaction between two flowers, mediated by a pollinator,
which can result in the depletion of the pollen reserve p of the donor flower, the increase
of the style clogging index s of the recipient flower, and the fertilization of ovules o in the
recipient flower. A pollinator visit can also result in the interaction of a flower with itself,
because each flower visited by a pollinator can experience the transfer of self pollen from
its anthers to its stigma as a result of the jostling of the flower by the pollinator. Details of
these interactions will be provided in the description of each phase.
In this model, parapatric populations are connected due to “crossover” of pollinators
between populations (see §4.S1.11); this is the only way in which the two modeled
populations interact. These crossover events carry pollen between the populations,
resulting in gene flow to the extent that that pollen successfully fertilizes flowers in the
destination population. The crossover rate ranges from complete allopatry (a rate of 0.0)
to full sympatry (a rate of 0.5), although even in full sympatry the model separates the
flowers into two discrete “patches” with distinct carrying capacity; this case corresponds
to a heterogeneous local environment providing two ecologically distinct niches that are
sufficiently spatially proximate as to produce no visitation bias in the pollinators. The
crossover rate thus produces geographic isolation between populations in a similar
manner to the behavioral isolation that would be produced by a pollinator preference for
visitation of one type of plant over the other. Indeed, this model is nearly analogous to a
fully sympatric model with two types of flowers differentiated by floral traits such as
petal color that cause pollinators to exhibit visitation preferences (e.g., Campbell et al.
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2002; Gegear and Burns 2007). However, the distinct carrying capacity of the patches
makes sense from a spatial perspective, but would be difficult to justify in a sympatric
model of ethological isolation. For this reason, the crossover rate in this model controls
geographic isolation, not ethological isolation, and the two framings are not equivalent.
4.S1.5

Stochasticity

Stochasticity is present in many aspects of this model. The initial state of individuals
is stochastic, such that the particular distribution of trait values slightly affects the speed
with which dimorphism develops from the initial unimodal distribution, as well as the
“polarity” of the S trait (whether S = 0 represents a pin or a thrum) once stable
dimorphism is established. Demographic stochasticity is present due to finite population
size, occasionally resulting in the extinction of one or both populations, and more
generally affecting the evolutionary outcome of the model through drift. Stochasticity
manifests in many aspects of pollination events (see §4.S1.11): the particular flowers
visited, the number of pollen grains transported, whether each pollen grain sticks to the
pollinator, the precision (or lack thereof) with which pollen grains are delivered at the
same height at which they were picked up, whether each pollen grain is delivered to the
destination flower’s stigma, and whether each delivered pollen grain results in the
fertilization of an ovule. Finally, stochasticity in the generation of offspring (due to
mutation and to sexual reproduction) affects the phenotypes of offspring relative to their
parents.
4.S1.6

Observables

Several metrics were observed for each population in each generation of the
realizations, including (1) the mean ecological trait value, (2) mean values of the
reproductive-organ–position traits, (3) the mean magnitude of herkogamy (mean absolute
difference in height between anther and stigma), (4) the mean female reproductive fitness
(proportion of ovules fertilized), (5) the mean male reproductive fitness (number of
pollen grains that fertilized an ovule, normalized by dividing by the number of ovules per
plant), (6) the proportion of pollen taken from anthers, (7) the extent of style clogging
due to self pollen, illegitimate pollen (from the same morph, and thus blocked by the
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dimorphic incompatibility mechanism), and legitimate pollen (from the opposite,
compatible morph), and (8) the magnitude of reproductive isolation at fertilization, which
combines the effects of geographic isolation with the effects of mechanical isolation due
to sexual selection against non-local pollen. The mean value of the ecological trait in
each patch, z1 and z2 , at the end of each realization is particularly important because it
allows us to evaluate the extent of local adaptation (or the lack thereof) exhibited by the
plants in each patch as a consequence of the evolutionary dynamics experienced in each
realization. All individuals were also observable graphically during model runs, including
depictions of which flowers they were fertilized by and which flowers they fertilized, in
order to allow both testing and exploration of the model (Grimm 2002).
4.S1.7

Parameters

Parameter values governing the initial morphological distribution of the population
(xi, yi, σxi2, σyi2) were chosen to generate a unimodal distribution of reproductive-organ
positions normally distributed around the center of the corolla tube, with a variance
similar to that observed for natural populations (Keller et al. 2012). (Initializing the
model with no initial variance, σxi2 = σyi2 = 0, appears to make no difference, however, as
the same equilibrium variance is rapidly attained in any case.) Parameter zi was chosen
such that the initial population was equally maladapted ecologically (that is, with respect
to the optimum) to both patches.
Parameter values governing the mutational variance (µ, α) were chosen to reproduce
the same empirically observed variance in reproductive-organ position in subsequent
generations. As is typical of individual-based models, a realistically low mutation rate
would have resulted in the total loss of genetic variation at all loci, suggesting that
processes other than mutation also act to maintain genetic variation in natural
populations, but those processes are not well understood (Barton and Keightley 2002)
and modeling them is in any case beyond the scope of the present research. The high
mutation rate here, then, is equivalent to the fixed genetic variance assumed in many
analytical models, and was not intended to be a realistic estimate of the mutation rate per
se.
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Parameter values governing the characteristics of the plants and patches (K, no, nc, np,
up, us, m, v, σp, σs, lg, lσ) were chosen with reference to personal observation of the
“typical” values for heterostylous species in the genus Primula, but no attempt was made
to precisely measure their values, or to make the model refer to any particular species.
The model is not particularly sensitive to their values, although large changes to them can
result in dynamics such as extreme pollen limitation that can have large effects.
The parameter values determining the difference in ecology between patches (θ1, θ2)
were fixed, representing a standardized ecological difference of 1.0 between patches. The
difference between θ1 and θ2 may be regarded as a scaling factor defining the meaning of
both the ecological trait values, z, and the strength of natural selection, ω. Variation of ω
thus explores the full dimensionality of the parameter space here (given the initial
condition of equal mean maladaptation to both patches).
Five parameters affecting the dynamics of natural selection due to ecology (ω) and
sexual selection due to pollination (σj, c, π1, π2) were varied. The values used for these
parameters are given in Table 4.1. Besides the values of σj listed, “control” realizations of
the model were conducted that simulated pollen transfer with no precision in height
whatsoever (in a sense, σj = ∞); see §4.S1.11 for more details.
The parameters π1 and π2 represent “pollinator functions” that give the probability
that a pollen grain will stick to the pollinator at a given height h in the interval [0,1]. Four
pollinator functions were used in the realizations presented here, defined as

π uniform ( h ) = 1

(Formula 4.1),

⎧⎪
0
π high-biased ( h ) = ⎨
4 ( h − 0.75 )
⎩⎪

for h < 0.75 ⎫⎪
⎬
for h ≥ 0.75 ⎪
⎭

(Formula 4.2),

π bimodal-low ( h ) = N 0.03 ( h − 0.15 ) + N 0.03 ( h − 0.65 )

(Formula 4.3), and

π bimodal-high ( h ) = N 0.03 ( h − 0.35 ) + N 0.03 ( h − 0.85 )

(Formula 4.4),

where Nσ ( x ) = e− x

2

2σ 2

denotes a normal, or Gaussian, function of standard deviation σ.

These functions are shown in Fig. 4.2. Since the “control” realizations of the model
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considered the height of transfer to be completely imprecise, no pollinator function was
used in these runs; see §4.S1.11 for more details.
4.S1.8

Initialization

Each patch was initially seeded with K adult individuals. Each individual’s x value
was drawn from a normal distribution with mean xi and variance σxi2; mutatis mutandis,
the same was done for y values using yi and σyi2. The z values of all individuals were set
to zi with no variance; all variance in this trait stems from mutational variance introduced
in later generations. The S value of each individual was chosen randomly with equal
probabilities.
Initially, and at the beginning of the pollination phase of every subsequent year in the
model, all individuals i were given np pollen grains (pi
(oi

no), and an unclogged style (si

4.S1.9

np), no unfertilized ovules

0).

Germination phase

At the beginning of the germination phase, some of the ovules of the flowers in each
patch have been fertilized by pollen in the pollination phase of the preceding year (see
§4.S1.11). In the germination phase, those fertilized ovules become seedlings, and those
seedlings compete for the opportunity to survive to adulthood.
As implemented, a fertilized ovule is essentially a contract between two parent plants
to produce a seedling. The ovule knows the identity of the pollen donor plant i, as well as
the identity of the pollen recipient j to which the ovule belongs. The seedling is generated
directly given the genotypes of the parentals, avoiding the need to explicitly represent
gamete genotypes in the model. Following the method of Heinz et al. (2009), the
offspring’s trait values x, y, and z are drawn from normal distributions with means equal
to the means of the parental trait values, (xi + x j ) 2 , (yi + y j ) 2 , and (zi + z j ) 2 , and
standard deviations of half of the absolute difference in parental trait values, xi + x j 2 ,

yi + y j 2 , and zi + z j 2 . Because x and y are constrained to fall within the height range
of the corolla tube, values outside of the interval [0,1] are redrawn until a permitted value
is drawn; the value of z is unconstrained.
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Each of the traits x, y, and z may then undergo mutation, each with a probability
equal to the mutation rate µ. If a trait mutates, the value of the trait is offset by a draw
from a normal distribution with mean 0 and standard deviation equal to the mutational
effect size α. Again, since traits x and y are constrained, their mutational deviates are
redrawn until the new value of the trait would lie within the interval [0,1].
Since one parent has S = 0 and one has S = 1, as enforced by the self-incompatibility
mechanism of heterostyly mentioned previously, the value of the S locus of the offspring
is randomly chosen as 0 or 1 with equal probabilities (modeling the empirical fact that a
cross of Ss × ss produces, on average, 50% Ss and 50% ss).
All of the seedlings generated are added to the patch of their maternal parents.
Competition then occurs, through soft selection based upon fitness derived from the
ecological trait z, for the opportunity to mature to adulthood. If the total number of adult
plants plus seedlings in a patch is less than or equal to the carrying capacity K, all
seedlings survive to adulthood; otherwise, exactly enough seedlings will mature to fill the
patch to carrying capacity. The probability of survival of each seedling i in patch j is
proportional to its fitness Wi, as defined by a normal function

(

− zi − θ j

Wi = e

2ω

)

2

2

(Formula 4.5),

where zi is the ecological trait value of seedling i, θj is the optimum for patch j, and ω is
the strength of natural selection. Seedlings that do not survive to adulthood die, and are
removed from the patch.
4.S1.10 Mortality phase
At the beginning of the mortality phase, each patch contains only adult plants.
During this phase, each plant dies with probability equal to the mortality rate m. Plants
that die are removed from their patch.
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4.S1.11 Pollination phase
At the beginning of the pollination phase, the reproductive state of the survivors of
the mortality phase is reset (see §4.S1.8). Pollination events are then conducted
consecutively until the end of the pollination phase; the pollination season length v
dictates the total number of pollination events conducted. Each pollination event consists
of a set of steps executed sequentially:
(1) The patch of the donor flower, 0 or 1, is chosen with equal probabilities.
(2) A determination is made as to whether this pollination event is a “crossover”,
in which a pollinator visits one patch and then the other, using the crossover
probability c. If it is not a crossover, the patch of the recipient flower is the
same as the patch of the donor flower; if it is a crossover, the patch of the
recipient flower is the other patch.
(3) The donor flower i and the recipient flower j are chosen from their respective
patches randomly, with equal probability given to every flower within a
patch. If either patch is empty (due to the extinction of a population), or if the
same flower was drawn as both donor and recipient, the pollination event
terminates.
(4) Both flowers now undergo some degree of self pollination due to the jostling
of the pollinator visit. This self pollination will not result in fertilization
(since the self-incompatibility mechanism of heterostyly prevents that), but
will result in pollen wastage and style clogging. The probability of a given
pollen grain being jostled from anther to stigma of individual i (and, mutatis
mutandis, individual j) is determined by a scaled normal function

(

− hpollen −hstigma

Pjostle = us e

2σ s

)

2

2

(Formula 4.6),

where hpollen is the height of the pollen grains (equal to the height of the
anthers), hstigma is the height of the stigma, σs is a scaling parameter
determining how rapidly the probability of jostle transfer falls off with
increasing difference between anther and stigma heights, and us is the
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probability of jostle transfer for a flower with anther and stigma at the same
height. Each available pollen grain in the anthers of flower i (of which there
are pi) is jostled to the stigma of the flower with probability Pjostle; the total
number of pollen grains transferred is thus determined by a draw from a
binomial distribution. Each pollen grain transferred is removed from the
anthers (pi

pi − 1), and results in the increment of the style clogging

counter of the flower by 1 (si

si + 1), representing one more pollen tube

clogging the style.
(5) The pollinator π conducting the visit is chosen. With probability 1−c the
pollinator is πi, the pollinator of the donor flower’s patch, while with
probability c it is πj, the pollinator of the recipient flower’s patch.
(6) The probability that a pollen grain will be removed from an anther by the
pollinator is equal to the pollination uptake probability up. The number of
pollen grains removed is thus determined by a draw from a binomial
distribution with a number of trials equal to pi, the number of pollen grains
remaining in the anthers of individual i, and a per-trial probability of up. Each
pollen grain taken up is removed from the anthers of the donor (pi

pi − 1).

(7) For each pollen grain, it must now be determined whether it reaches the
stigma of flower j. If this realization of the model is a “control” realization,
delivery is guaranteed; skip to step 12. The essence of the control
realizations, then, is that the height of the donor anthers and the recipient
stigma are irrelevant; pollen transfer is completely imprecise. For the
“treatment” realizations, delivery depends upon the height at which the pollen
grain is received by the pollinator, the stickiness of the pollinator at that
height, the height at which the pollen grain is delivered to the recipient, and
the height of the recipient’s stigma, as detailed in steps 8–11.
(8) Each pollen grain removed from the donor is received by the pollinator at the
same height on the pollinator’s body, deviated by a draw from a normal
distribution with mean 0 and standard deviation σj representing stochasticity
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in the transfer. If the resulting height is outside of the interval [0,1], the
pollen grain is presumed to have been lost, and its transfer is terminated.
(9) Each pollen grain received by the pollinator at height h has a probability of
sticking to the pollinator, defined by the pollinator stickiness function π(h). If
the pollen does not stick, it is presumed lost.
(10) Each pollen grain stuck to the pollinator is delivered to the recipient flower at
a height equal to the height at which it stuck to the pollinator, deviated by a
draw from a normal distribution with mean 0 and standard deviation σj
representing stochasticity in the transfer. The delivery height is allowed to be
outside the [0,1] interval.
(11) For each pollen grain delivered, the probability that it is received by the
recipient flower’s stigma is determined by a normal function

(

− hpollen −hstigma

Preceipt = e

2σ p

)

2

2

(Formula 4.7),

where hpollen is the height at which the pollen grain is delivered, hstigma is the
height of the stigma of the recipient flower, and σp is a scaling parameter
determining how rapidly the probability of receipt of a pollen grain falls off
with increasing difference between delivery height and stigma height.
(12) Each delivered pollen grain causes the increment of the recipient flower’s
style clogging counter by one (sj

sj + 1), regardless of the compatibility of

the pollen grain; it is assumed that all pollen tubes, whether compatible or
not, produce the same degree of clogging of the style.
(13) If the delivered pollen grain is incompatible (conceptually, thrum pollen
landing on a thrum flower or pin pollen landing on a pin flower; more
precisely, if Si = Sj, but see §4.3.3 regarding the polarity of the S trait), the
pollen grain is now discarded. The only side effects of incompatible
pollination events are thus the removal of pollen from the donor and style
clogging in the recipient.
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(14) Each compatible pollen grain delivered to the recipient stigma now has a
probability of fertilizing an ovule (assuming one is available, oj > 0), equal to
the proportion of style clogging experienced by the recipient flower:

Pfertilization = 1− s j ns , where sj is the stigma clogging counter of the recipient
flower and ns is the style clogging limit at which fertilization is completely
blocked. (If sj > ns, Pfertilization is taken to be zero.)
(15) Each ovule fertilized is removed from the pool of unfertilized ovules in the
recipient (oj

oj − 1). Each fertilized ovule remembers the donor flower that

fertilized it, and will generate a seedling in the germination phase of the
following year.
The preceding description of a pollination event uses normal functions for the
probability that a pollen grain at height hpollen will be received by a stigma at hstigma, during
both self-pollination (step 4) and pollen delivery (step 11). However, empirical data
suggest that the probability of pollen receipt might more closely resemble a lognormal
function with its maximum where hpollen = hstigma. A pollen grain that arrives at or below a
threshold lg below the stigma has a probability of zero of being received because pollen
doesn’t fall upward (the lognormal function is undefined here, but is taken to be zero).
Above the maximum value of the function at hpollen = hstigma, the probability of receipt falls
off asymptotically toward zero at a rate defined by the scale parameter of the lognormal,
lo, reflecting the possibility that pollen can fall downward from any height above the
stigma and have some nonzero probability of being received by it.
A version of the model incorporating this lognormal-based pollen delivery was
constructed. Specifically, in this version of the model Formula 4.6 is replaced by

Pjostle

( )

⎧
L(lg + hpollen − hstigma , lσ 2 + ln lg , lσ )
⎪⎪ u
for hpollen − hstigma > −lg
=⎨ s
L lg , lσ 2 + ln lg , lσ
⎪
0
otherwise
⎪⎩

(

( ) )

and Formula 4.7 is replaced by:
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⎫
⎪⎪
⎬ (Formula 4.8)
⎪
⎪⎭

Preceipt

( )

⎧ L(l + h
2
g
pollen − hstigma , lσ + ln lg , lσ )
⎪⎪
for hpollen − hstigma > −lg
=⎨
L lg , lσ 2 + ln lg , lσ
⎪
0
otherwise
⎪⎩

(

( ) )

⎫
⎪⎪
⎬
⎪
⎪⎭

(Formula 4.9),

where L(x, µ, σ) is the standard lognormal function

L(x, µ, σ ) =

1
xσ 2π

−( ln( x )− µ )

e

2σ

2

2

(Formula 4.10).

The quotient form of the formulas for Pjostle and Preceipt serves to normalize the height of

( )

the functions to 1 when hpollen = hstigma. The value lσ 2 + ln lg for the µ parameter of the
lognormals serves to locate the peak of the functions at x = lg.
Results from the lognormal version of the model were generally qualitatively similar
to results from the normal version of the model. In some ways the lognormal model did
appear to better match empirical data; in particular, thrums received more self pollen than
pins in this version of the model, increasing their male function and decreasing their
female function relative to pins, a phenomenon which has often been observed in nature
(Lloyd 1979; Casper and Charnov 1982; Nicholls 1986). These dynamics did not
substantially affect the results of the model presented here, however, and so all results
presented are taken from the normal version of the model, since it is conceptually
simpler. In general, the dynamics of pollination are remarkably complex (e.g., Kudo
2003; Armbruster et al. 2006), and attempting to introduce all of this complexity into a
model would be fruitless; we have strived for a balance that includes only that complexity
necessary to pursue the questions at hand.
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Figure 4.7. Effect of the precision of pollen transfer, σj, on the final delivery height of
pollen. Panels show the three levels of pollen transfer precision used in model
realizations (A: σj = 0.01, B: σj = 0.1, C: σj = 0.5). Dashed lines show three possible
anther heights at which pollen is received by the pollinator. Solid curves show the
relative frequency of pollen delivery at heights both within the corolla tube (yellow
shading) and outside it. These results use the “uniform” pollinator; other pollinator
functions will further affect the delivery height distribution. Very imprecise pollen
transfer (panel C) shows that the center of the corolla tube is favored; this is due to the
discarding of pollen grains that jitter beyond the corolla tube limits during pickup (see
§4.S1.11, step 8).
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CHAPTER 5
Conclusion
5.1

An ecological speciation framework
The models of the preceding chapters have provided three different perspectives on

the process of ecological speciation. Each chapter examined a different aspect of the
chain of causation that proceeds from the initial drivers of ecological speciation –
squashed stabilizing selection and environmental heterogeneity – to heterogeneity among
individuals, among populations, and finally among species. This chain of causation, and
the position of the preceding chapters along it, can be visualized with a flowchart (Fig.
5.1).

Chapter 2

Squashed
stabilizing
selection
Chapter 3

Chapters 2 – 4

Chapter 4

Chapter 4

Adaptive
divergence

Reproductive
isolation

Ecological
speciation

Environmental
heterogeneity

Figure 5.1. The chain of causation of ecological speciation (after Räsänen and Hendry
2008, their Fig. 2a). Adaptive divergence can be generated in response to either squashed
stabilizing selection (Chapter 2) or environmental heterogeneity (Chapter 3). Adaptive
divergence can then cause reproductive isolation, either as a byproduct or through
reinforcement and related mechanisms. This reproductive isolation reduces gene flow,
allowing further adaptive divergence and driving a positive feedback that can ultimately
lead to ecological speciation (Chapter 4) and to further cascading biodiversification.
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Chapter 2 focused on the detection of selection and the resolution of the paradox of
stasis. While investigating these topics, it also illustrated the importance of the concept of
“squashed stabilizing selection”, a combination of stabilizing selection and negative
frequency-dependent selection (see also §1.6). It presented evidence that squashed
stabilizing selection is probably common in nature, which helps to explain why disruptive
selection is detected about as frequently as is stabilizing selection in natural populations.
The model developed in Chapter 2 does not lead to speciation, however, because no
mechanism exists whereby assortative mating could develop to reduce gene flow. With
the addition of such a mechanism, speciation would often readily follow (Dieckmann and
Doebeli 1999). Squashed stabilizing selection might equally readily lead to speciation in
natural populations when a mechanism for assortative mating can develop (Dieckmann
and Doebeli 1999; Via 2001; Doebeli et al. 2005), although this idea remains
controversial (Gavrilets 2005; Polechová and Barton 2005).
If squashed stabilizing selection is common in nature, natural populations might
often be in a state of tension, whereby they are under constant selection to diverge and
are thus poised to speciate whenever an assortative mating mechanism develops. This
raises an interesting question: where do magic traits come from? If magic traits, which
are under divergent selection and also influence non-random mating (see §1.10), are
common in nature, as might be the case (Servedio et al. 2011), is this due merely to
random chance? Or is there a mechanism that explicitly selects for traits that are under
divergent selection to become magic, by becoming the targets of mating preferences?
This is a promising area for future theoretical research.
Chapter 3 explored a different mechanism that can drive adaptive divergence:
divergent selection among environments due to spatial environmental heterogeneity (see
also §1.7). This chapter showed that several types of environmental heterogeneity,
including linear and nonlinear environmental gradients and spatially continuous
patchiness, could all promote adaptive divergence. It also investigated interactions among
these various types of heterogeneity, demonstrating a novel “refugium effect” whereby
the combination of continuous patchiness and environmental gradients (particularly
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nonlinear gradients) substantially promotes divergence. In this chapter’s model, the
endpoint of adaptive divergence is evolutionary branching, since the model is asexual,
and so the later stages of the ecological speciation process do not apply.
As discussed in Chapter 3, there are many promising directions for future research
here. A sexual version of the same model is clearly needed to generalize the findings of
this chapter beyond asexual organisms. It would also be worthwhile to explore the effects
of interactions between complex environmental heterogeneity, dispersal, temporal
environmental variation, and the processes of adaptive divergence and ecological
speciation.
In Chapter 4, a sexual model was used to explore the later stages of ecological
speciation not considered in Chapter 3: the limitation of gene flow through the
development of reproductive isolation, and the resulting progress toward speciation (see
also §1.8–1.9). The focus in this chapter was on heterostyly, a floral syndrome that
incorporates two traits, anther height and stigma height, that can each act as a magic trait
(see §1.10). However, the results from this model demonstrate that this “magicness”
depends upon the pollinator milieu present in the two environments; although these traits
are magic in one scenario, in another scenario they promote asymmetric gene flow that
leads to maladaptation. This illustrates that progress toward ecological speciation is not
guaranteed, and indeed can be quite sensitive to the details of the ecological interactions
present (Hendry 2009; Bolnick 2011). In this model, biologically plausible parameter
values lead to only partial reproductive isolation. However, such partial reproductive
isolation might suffice to promote speciation and lead to higher net diversification rates
in clades that possess heterostyly.
Several avenues for future research are thus suggested by Chapter 4. In general, gene
flow is thought to hinder adaptive divergence, but it can also promote divergence in some
circumstances (Garant et al. 2007). However, the details of this ambiguous role of gene
flow have not yet been fully explicated. Similarly, if reproductive isolation driven by
magic traits is sometimes only partial, one might then ask what factors govern the effect
size of magic traits and thus influence progress toward speciation (Haller et al. 2012;
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Appendix A). Finally, Chapter 4 hints at further eco-evolutionary consequences of
adaptive divergence, particularly with respect to the hypothesized pressure to evolve
dioecy from heterostyly under some pollination regimes. A model testing this hypothesis
would be worthwhile, and might provide broader insights into the eco-evolutionary
consequences of gene flow and adaptive divergence.
Although the ecological speciation framework shown in Fig. 5.1 has been influenced
by ideas from Räsänen and Hendry (2008) and Schluter (2001), several additional
conceptual elements suggest new and promising directions for future research, as
discussed in the following sections (§5.2–5.3).

5.2

Ecological speciation and adaptive speciation
One novel aspect of the conceptual framework shown in Fig. 5.1 is the prominence

given to both squashed stabilizing selection and environmental heterogeneity as potential
drivers of adaptive divergence. Both processes can plausibly lead to ecological
speciation, and despite claims to the contrary (Coyne and Orr 2004), empirical evidence
does not yet conclusively indicate that one process is more important than the other (Via
2001; Bolnick and Fitzpatrick 2007; Bird et al. 2012; Butlin et al. 2012). Nevertheless,
there has been a tendency toward polarization in the evolutionary biology community
with respect to the relative importance of these processes. Some have argued that
negative frequency-dependent selection might play an important role in speciation
(Dieckmann and Doebeli 1999; Doebeli and Dieckmann 2003; Dieckmann et al. 2004;
Doebeli et al. 2005), while others have argued that environmentally defined divergent
adaptive peaks are at the root of most speciation in nature, and that negative frequencydependent selection is unimportant (Gavrilets 2003; Coyne and Orr 2004; Gavrilets 2004,
2005).
This polarization has caused a split in the very concept of speciation due to
adaptation. Remarkably, the canonical modern paper on ecological speciation (Schluter
2001) makes no mention whatsoever of negative frequency-dependent selection, despite
the extensive literature showing that ecological interactions can generate negative

298

frequency-dependent selection with the potential to drive divergence and speciation (see
§1.6). Even Schluter (2000), a book-length treatment of the role of ecology in adaptive
radiations, makes no mention of these ideas. The concept of ecological speciation has
thus historically excluded the idea of speciation due to ecological causes that drive
negative frequency-dependent selection, although it is unclear whether this represents a
deliberate choice or an error of omission. Perhaps in reaction to this exclusion, a separate
term, “adaptive speciation”, has been proposed to refer to speciation driven by negative
frequency-dependent selection (Doebeli and Dieckmann 2000; Dieckmann et al. 2004).
However, this term has not been widely used, perhaps because it fosters confusion –
“adaptive speciation” is also based on ecological processes, while “ecological speciation”
is also driven by adaptation, rendering the two terms identical, prima facie.
These conceptual and terminological issues are, I think, unnecessary. Speciation
driven by negative frequency-dependence is already implicitly included in the definition
of ecological speciation, even if this is not generally acknowledged. Negative frequencydependence causes divergence as a result of natural (or sexual) selection; that divergence
is thus “adaptive divergence”, by definition. Similarly, speciation resulting from negative
frequency-dependent selection is caused by ecological interactions, and is thus
“ecological speciation”, by definition. To make this more concrete: two different fitness
peaks might exist in the adaptive landscape of a diverging population of Darwin’s finches
because there are two different sizes of seeds in the environment, or because intraspecific
competition leads to negative frequency-dependent selection that results in a pair of peaks
separated by a competition-generated fitness valley. Progress toward speciation in both
scenarios would be both “adaptive” and “ecological”, although this does not mean that
the difference between the two scenarios is not interesting and important.
Therefore, one very promising direction for future research rests in the idea that
these two mechanisms promoting adaptive divergence – squashed stabilizing selection
and environmental heterogeneity – might work together to produce speciation in nature.
Squashed stabilizing selection can transform a single fitness peak into multiple peaks,
allowing coexistence of multiple species on a single environmentally defined peak.
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However, such species might be transient and vulnerable to “reverse speciation” in
response to increased gene flow due to a change in the factors promoting negative
frequency-dependence or assortative mating (Seehausen et al. 1997; Seehausen 2006;
Crispo et al. 2011; De León et al. 2011). Environmental heterogeneity, on the other hand,
provides multiple fitness peaks to begin with, and species distributed across such
environmentally defined peaks would be more robust to the homogenizing effects of gene
flow. However, the adaptive movement of populations from one peak to another can be
very difficult, making adaptive radiation across a set of discrete niches difficult to explain
through the effects of environmental heterogeneity alone. In combination, however, these
two mechanisms might lead to rapid diversification, since negative frequency-dependent
selection might depress the fitness of populations on occupied peaks, thus promoting the
crossing of adaptive valleys and the colonization of unoccupied fitness peaks. This
compelling idea has never been tested by any theoretical model of which I am aware,
perhaps because of the polarized intellectual atmosphere surrounding these concepts.

5.3

Biodiversity begets biodiversity
The arrows of causation leading from ecological speciation back to squashed

stabilizing selection and environmental heterogeneity (Fig. 5.1) are also promising targets
for future work. These arrows encapsulate the idea that “biodiversity begets
biodiversity”: speciation in one part of an ecological network can promote speciation in
other parts. This can happen in two ways, following the two arrows in the figure. First
(bottom arrow), if two environments end up with different predator species due to
speciation of the predator, that outcome constitutes new environmental heterogeneity: the
prey of these predators will now be subject to divergent selective pressures in the two
environments. Second (top arrow), speciation might lead to negative frequencydependent selection on other species if, for example, a predator that was once a generalist
now targets the most common type of prey. Through both of these mechanisms,
diversification may tend to cascade through food webs and other types of ecological
networks, promoting a process of ongoing diversification.
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This idea has been previously discussed as “sequential speciation” or the idea that
“biodiversity begets biodiversity” (Emerson and Kolm 2005; Forbes et al. 2009). It is a
special case of the broader idea of coevolutionary dynamics: that ecological relationships
among species, whether antagonistic or mutualistic, might affect the evolutionary
trajectories of the species. Coevolutionary dynamics can lead to an “arms race” that
causes temporal variation in the adaptive landscape (Dawkins and Krebs 1979; Gavrilets
1997), which can result in “evolutionary cycling” due to so-called “Red Queen”
dynamics (Dieckmann et al. 1995), or can lead to speciation (Doebeli and Dieckmann
2000; Gavrilets 2000, 2003). However, the idea that coevolutionary dynamics might lead
to sequential speciation, with a positive feedback through which biodiversity begets
biodiversity, has received little theoretical attention. Previous models of this idea have
focused only on trophic interactions in asexual species (e.g., Brännström et al. 2011;
Takahashi et al. 2011), leaving many questions unanswered. If biotic differences among
environments are indeed an important part of the environmental differences that drive
ecological speciation in nature, then this is a very important area for research if we are
ever to understand the origin of species.

5.4

Summary
In this thesis, I have argued that heterogeneity plays an essential role in evolution as

both the cause and the consequence of adaptive divergence and ecological speciation
(Fig. 5.1). I have shown the importance of both squashed stabilizing selection and
complex spatial environmental heterogeneity in driving divergence and speciation, and
have demonstrated that the effects of heterogeneity on reproductive isolation and
progress toward speciation can be complex and unexpected – even magic. In the
preceding sections I have also suggested several promising directions for future research
on the role of heterogeneity, uniting the divergent perspectives of negative frequencydependent selection and environmental heterogeneity as drivers of speciation, and
examining the further eco-evolutionary consequences of speciation in driving further
cascades of increasing heterogeneity and diversification. I hope that I have illuminated
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some of the wonder and beauty of Darwin’s vision that great complexity can come from
the simplest of rules, applied over countless millennia (Darwin 1859, first edition):

T IS interesting to contemplate an entangled bank, clothed with many
plants of many kinds, with birds singing on the bushes, with various
insects flitting about, and with worms crawling through the damp
earth, and to reflect that these elaborately constructed forms, so
different from each other, and dependent on each other in so complex a
manner, have all been produced by laws acting around us. These laws,
taken in the largest sense, being Growth with Reproduction;
Inheritance which is almost implied by reproduction; Variability from
the indirect and direct action of the external conditions of life, and
from use and disuse; a Ratio of Increase so high as to lead to a
Struggle for Life, and as a consequence to Natural Selection, entailing
Divergence of Character and the Extinction of less-improved forms.
Thus, from the war of nature, from famine and death, the most exalted
object which we are capable of conceiving, namely, the production of
the higher animals, directly follows. There is grandeur in this view of
life, with its several powers, having been originally breathed into a few
forms or into one; and that, whilst this planet has gone cycling on
according to the fixed law of gravity, from so simple a beginning
endless forms most beautiful and most wonderful have been, and are
being, evolved.
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APPENDIX A
Magic traits: Distinguishing the important from the trivial
Haller, B.C., L.F. De Léon, G. Rolshausen, K.M. Gotanda, A.P. Hendry. (2012). Magic
traits: Distinguishing the important from the trivial [letter]. Trends Ecol. Evol.
27:4–5. DOI: http://dx.doi.org/10.1016/j.tree.2011.09.005
A.1

Letter
Servedio et al. (2011), following Gavrilets (2004), define a magic trait as “a trait

subject to divergent selection and a trait contributing to non-random mating that are
pleiotropic expressions of the same gene(s)”. This clarified definition is certainly helpful,
but we outline here several pivotal questions for empirical research, particularly
surrounding the crucial concept of effect size.
The effect size of a magic trait, defined by Servedio et al. (2011) as “how much the
trait contributed to the evolution of increased reproductive isolation”, determines whether
a magic trait is actually important for speciation (an “important magic trait”) or is a
“trivial magic trait” (a magic trait of very small or zero effect size). Effect size is
therefore what matters empirically, and yet it is absent from the definition of a magic
trait, which instead embodies theoretical preoccupations with the genetics underlying
traits. We do not propose to redefine “magic trait”, but instead hope to illustrate how
empirical advances will require an explicit focus on effect size. Problematically,
however, the definition of effect size is retrospective and not generally measurable;
empirical proxies for effect size that can be used predictively are therefore needed. We
here treat the strengths of divergent selection, assortative mating and pleiotropy (the three
components of the magic trait definition) as the a priori expected contributors to effect
size during speciation.
Divergent (including disruptive) selection, the first pillar of the magic trait definition,
is certainly important for speciation; however, its magnitude is more important than its
mere presence (Bolnick and Fitzpatrick 2007). Moreover, distinguishing weakly
divergent selection from the absence of selection is empirically difficult (Kingsolver et al.
2001), making it hard to determine whether a trait is magic or non-magic. Fortunately,
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this distinction is probably not of key importance to the process of speciation, because
magic traits under such weak selection are probably trivial. The empirical focus should be
on magic traits expected to be of large effect size.
In addition, spatial and temporal variation in selection (Siepielski et al. 2009) makes
it difficult to determine whether a trait is generally under divergent selection. For
example, beak size in the Medium Ground Finch (Geospiza fortis) has been proposed to
be magic (Huber et al. 2007; Servedio et al. 2011), but selection on beak size is, at
various times and places, directional, stabilizing, or divergent (Grant and Grant 2002;
Hendry et al. 2009). Consequently, it is hard to say whether beak size would satisfy the
definition; as the selective regime changes, beak size switches from magic to non-magic
and back again. This implies that such a trait is, in a sense, an ordinary trait that
contributes to non-random mating, but that is, at times, in a “magic environment” that
subjects it to divergent selection; the magic comes from the trait–environment interaction.
Thus, a crucial question emerges: how consistently divergent, through time and across
space, must selection be for a trait to be magic and also important for speciation? Again,
we argue that expected effect size is the key: divergent selection must be sufficiently
strong and consistent to actually drive divergence.
The second pillar of the definition is non-random mating. However, it is also difficult
to distinguish weakly non-random mating from random mating (e.g., Arnqvist 2011), as
well as to determine the specific trait underlying non-random mating (Servedio et al.
2011). Moreover, just as with divergent selection, non-random mating can vary in space
and time (Gosden and Svensson 2008). Thus, all of the difficulties raised above
concerning divergent selection apply with equal strength to non-random mating.
The arch connecting these two definitional pillars is pleiotropy; if, instead, the two
pillars are influenced by a tightly linked pair of genes, that locus is considered only a
magic trait “mimic” (Servedio et al. 2011). Again, empirically differentiating between
these two cases is quite difficult (Conner 2002). Furthermore, the distinction might be of
little consequence to the dynamics of speciation; a mimic might have an effect size just as
large as, or larger than, that of a magic trait (Bolnick and Fitzpatrick 2007). Instead, what
probably matters is the strength of pleiotropy or linkage.
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In summary, empirically distinguishing trivial magic traits from non-magic traits,
and magic traits from mimic traits, will prove very difficult. Fortunately, these
distinctions are largely irrelevant to many questions surrounding speciation in nature.
Instead, the important (although less precise) distinction is between traits expected to be
of large effect size (whether magic or mimic) versus those expected to be of small effect
size (whether trivial or non-magic). To bridge the gap between theoretical and empirical
perspectives on magic traits, we suggest an increased focus on probable proxies for
ultimate effect size, on the environmental and ecological factors that are likely to be
contributing to effect size, and on the evolutionary forces expected to alter effect size
through time. With these priorities, a better understanding of the magic of speciation can
be expected.
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