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Abstract
The form, function, and kinds of species that coexist together vary dramatically from place to
place. These spatial patterns of biodiversity are the focus of biogeographical and
macroecological research and offer us clues into the evolutionary processes shaping nature’s
variety. Finding general patterns and their underlying drivers, however, is not a straightforward
task because a suite of ecological and evolutionary processes interact to shape patterns of
biodiversity in the present-day. By integrating geographic, phylogenetic, phenotypic, and
ecological data, and methods from the tool kits of community ecologists, macroevolutionists,
and biogeographers, we can delve into the complexities shaping diversity patterns and get a
more holistic understanding of their origin and maintenance.

In my opening chapter I briefly summarise the state of the field and introduce the outline of my
thesis. The first two chapters forming the core of my thesis (Chapter Two and Chapter Three)
present new methods to study spatial patterns of biodiversity. Chapter Two presents a processbased model of geographic range evolution and the geography of speciation. I use this model
to make inferences about the history of speciation in thirty different plant and animal clades,
highlighting some general taxonomic trends in speciation which have shaped biogeographic
patterns in the present day. Then, in Chapter Three, I present a method to reconstruct temporal
patterns in the evolution of biodiversity based on ancestral range estimates from historical
biogeographic models.

The following three chapters present empirical studies which link community ecology,
macroecology, and macroevolution to better understand spatial diversity patterns in plants and
lizards. Chapter Four integrates phenotypic and spatial data to look at what drives global
vi

patterns of species richness in ten different lizard clades, comprising over 6000 species. Chapter
5 and Chapter 6 explicitly investigate links between community ecology and macroevolution
to look at the evolution of the Southwest Australian Biodiversity Hotspot flora, using a large
genus of Australian plants, Hakea (family Proteaceae), as a case study. Chapter Five focuses
on how macroevolutionary dynamics have led to a greater concentration of diversity of Hakea
in the Mediterranean-climate-ecosystem of Southwest Australia compared to other biomes.
Chapter Six narrows in on the Southwest biodiversity hotspot asking how pollination ecology
in Hakea has evolved in response to high diversity of closely related species.

Finally, I conclude by highlighting how the preceding chapters, which cover a broad range of
topics, are intertwined in the aim of linking ecological and evolutionary processes to better
understand spatial diversity patterns, all forming pieces of the same puzzle. I also briefly
highlight future directions. Together, my thesis investigates the evolution of diversity using
different approaches, united by the common goal of finding a better understanding of the
patterns of diversity we appreciate in the world today.
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Chapter 1: Introduction
The uneven distribution of biodiversity around the globe is of perennial fascination to ecologists
and evolutionary biologists alike. From spatial variation in the distribution of biodiversity, like
the almost-ubiquitous trend for more species to be found at lower rather than higher latitudes,
(the latitudinal diversity gradient, Fig. 1.1), to temporal variation in the origin of biodiversity,
such as accelerating, decelerating, or constant rates of diversification through time seen in
molecular phylogenies (Fig. 1.2), it has been a central aim in biology to identify general
patterns, or ‘rules’, that govern the distribution of biodiversity across space and through time.
Historically, however, different research programs have independently investigated the many
different facets of biodiversity, and there has been a notable distinction between traditional
ecological versus evolutionary approaches to understanding and explaining biodiversity.

Figure 1.1. Spatial patterns of species richness of anurans in 1-degree grid cells (A) and the distribution of richness
by latitude (B). Spatial data from the IUCN (iucn.org).

An ecological approach aims to understand the distribution of biodiversity by looking at how
interactions between species and their environments shape their present-day distributions
within ecological communities and across environmental gradients. One of the first naturalists

to not only document, but also try to explain large-scale patterns in biodiversity, was Alexander
von Humboldt, who today is recognised as one of the founders of modern macroecology. He
noted variation in species richness and composition along altitudinal gradients and tried to
explain this in terms of environmental variation related to the physical geography of mountains
(von Humboldt 1807). These observations laid the foundations for the most fundamental
concept in the ecological approach to biodiversity studies; the definition of species’ ecological
niches. Pioneered by Grinnell (Grinnell 2008), Elton (Elton 1946), and Hutchinson (Hutchinson
1959, 1978), the niche concept defines the subset of resources that each species utilises in an
environment. MacArthur (Macarthur and Levins 1967; MacArthur 1972), was one of the first
to formalise how niche differences or similarities between species can facilitate coexistence (or
lead to the exclusion) of species in ecological communities, which sets limits on the number
and kind of species that can share the same geographic space. It was this work that laid the
ground rules for community ecology, which seeks to explain community structure and richness
in terms of governing ecological interactions between species such as competition or
mutualisms.

Macroecology, in a sense, extended the aims of community ecology to explain broad scale
patterns of biodiversity with respect to environmental and ecological factors (as was previously
the focus) but differed in having a renewed focus of regional and historical processes, such as
the biogeographic histories of regions and the evolutionary dynamics of clades. The aims of
macroecology are to statistically describe broad scale patterns in the distributions of species
(Brown and Maurer 1989), including many recurring facets of diversity, for example speciesarea relationships (Simberloff 1976), species-abundance distributions (Preston 1948),
latitudinal diversity gradients (Blackburn and Gaston 1997), and broad scale patterns of
functional and phylogenetic diversity (Weiher et al. 1998; Purvis et al. 2005). The premise of
2

macroecology is that general patterns, repeated across taxa and regions, may have general
drivers and that statistically characterising these patterns may give additional insight into the
local and regional processes that generated them (McGill 2019).

Figure 1.2. Lineages through time plots (a) from phylogenetic trees (b) simulated under three models of
diversification with time-varying rates.

These ecological explanations for diversity generally differed from evolutionary ones, which
primarily focused on the historical factors that lead to the origin (or extinction) of species, rather
than patterns in the co-distribution of species in the present. Historical explanations place a
greater weight on contingency as a factor that shapes the distribution and evolution of diversity,
importantly recognising the roles of gradual and punctuated changes in earth’s history as
important drivers of diversity (e.g., plate tectonics and catastrophic mass extinction events).
Wallace was perhaps one of the first to give a nuanced historical explanation for biodiversity
patterns (Wallace 1876). He suggested that the stability of tropics allowed species to prosper

and become specialised through a variety of ecological interactions, whereas glaciation events
destroyed diversity of higher latitudes. Wallace’s hypotheses were extremely prescient, and this
theory remains one of the major explanations for the latitudinal diversity gradient today.

The modern analytical macroevolutionary approach, however, has its roots in palaeontology,
where the appearance and disappearance of different taxa from the fossil record presented
evidence for how biodiversity has changed dramatically over time, with clades waxing and
waning in diversity, punctuated by mass extinction events (Sepkoski 1978; Raup and Sepkoski
1982; Rohde and Muller 2005). The fossil record also presented evidence for evolutionary
mechanisms behind periods of rapid diversification, adaptive radiations, in which the origin of
key adaptation leads to the proliferation of species able to exploit a novel resource (Simpson
1953). The origin of molecular phylogenetics and divergence dating using molecular clocks
and fossil calibrations gave rise to a complementary source of information on diversification
dynamics and many predictions about the tempo and mode of evolution under different
evolutionary scenarios were reformulated to make use of this new technology (Raup et al. 1973;
Nee et al. 1992). For example, adaptive radiation was considered in terms of early-burst rates
of evolution followed by a slowdown (Fig. 1.2; Harmon et al. 2010; Morlon 2014). More
recently, we can fit complex models of lineage and trait diversification using molecular
phylogenies (Morlon 2014), to better understand underlying processes, such as whether there
are statistical associations between particular traits and rates of lineage diversification
(Maddison et al. 2007; Caetano et al. 2018).

While evolutionary and ecological perspectives have traditionally been separated, it’s hard to
imagine a complete understanding of biodiversity without considering them in unison. We can
think of species contemporary distributions as the result of two main processes, the geographic
4

context in which new species form and any subsequent range movement. Diversity itself, is
then the outcome of any extrinsic or intrinsic factors that shape the rate in which new lineages
form via speciation (and are lost to extinction) and the rate in which species co-occur (or no
longer co-occur) via dispersal after diverging (Wiens and Donoghue 2004; Roy and Goldberg
2007). These two main processes are often considered evolutionary and ecological drivers of
diversity respectively, however this is misleading because ecological and evolutionary factors
shape both rates.

To coexist in geographic space species must share at least part of their abiotic niche, however
species that share many aspects of their niche are likely to be in competition if resources are
limiting (Elton 1946; Hutchinson 1959, 1978; Macarthur and Levins 1967; MacArthur 1972).
Therefore, coexistence is thought to be driven by the interplay of convergent and divergent
traits (Chesson 2000), allowing species to be similarly adapted to a geographic place, but not
so similar to each other as to be in direct competition (Silvertown et al. 2006; Holt 2009). These
interspecific interactions are shaped by the evolutionary history of clades (e.g., which niche
differences already exist when two species come into contact; Webb et al. 2002b; Ackerly 2003;
Kraft et al. 2007), but they also shape the future evolutionary landscape by changing the
selective environment (Weber et al. 2017). This can drive the evolution of phenotypes
(character displacement; Brown and Wilson 1956), ecological opportunities for population
divergence and speciation (Schluter 2000), competitive exclusion and range contraction which
may drive extinction (Rabosky 2013a), and the carrying capacities of environments (Cornell
2013; Rabosky and Hurlbert 2015a), all of which shape regional diversity patterns (Fine
2015a). Therefore, to understand spatial diversity patterns we need to understand the ecological
context in which species are found today, the evolutionary context of lineage diversification
and phenotypic evolution that has shaped the number and kind of species that exist in the

regional biota, and the interaction between the two over deep time – an extremely complex
undertaking.

That ecological and evolutionary approaches to studying biodiversity are complementary, has
long been acknowledged, and while part of the reason they have remained incompletely
integrated is sociological (a trend of decreasing interdisciplinarity in academia), the other is
conceptual: it is non-trivial to make predictions for patterns of phylogeny and the distributions
of species and their traits, that link ecological and evolutionary processes. For example,
ecological processes are often considered ephemeral, taking place over short time scales, and
therefore unlikely to leave macroevolutionary signatures. However, more and more evidence
suggests this is not the case, with competition and other ecological interactions shaping the
evolutionary of phenotypes (e.g., Drury et al. 2018), the mode of speciation (e.g., Winkelmann
et al. 2014), and diversification dynamics (e.g., Phillimore and Price 2008). As such, recent
calls have been made to more holistically unify the study of biodiversity by bringing (back)
together evolutionary and ecological approaches (Ricklefs 2004; Warren et al. 2014; Mittelbach
and Schemske 2015; Pärtel et al. 2016; Weber and Strauss 2016; Weber et al. 2017; McGill et
al. 2019).

Here, I present five chapters which investigate biodiversity patterns across a diverse range of
taxa, using different approaches and combining methods from different biodiversity subdisciplines at the intersection of (macro)ecology and (macro)evolution (Box 1). In the first two
chapters I present novel methods to make evolutionary inferences from phylogenetic and
geographic range data. Firstly, I show how the geography of speciation leads to
macroecological patterns in the geographic distributions of clades which we can use to make
inferences about the prevailing mode of speciation. Then, I present a method to reconstruct
6

temporal patterns in the evolution of biodiversity based on ancestral range estimates from
different historical biogeographic models. The following three chapters present empirical
studies which link community ecology, macroecology, and macroevolution to better understand
spatial diversity patterns in plants and lizards. Together, the chapters of my thesis are united by
the common goal of finding a better understanding of the spatial patterns of diversity we
appreciate across the world today.
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Chapter 2: Reconstructing the geography of
speciation from contemporary biodiversity data

Skeels, A. & Cardillo, M. 2019. Reconstructing the Geography of Speciation from
Contemporary Biodiversity Data. American Naturalist. 193 (2), 240-255.

Abstract
Inferring the geographic mode of speciation could help reveal the evolutionary and ecological
mechanisms that underlie the generation of biodiversity. Comparative methods have sought to
reconstruct the geographic speciation history of clades using data on phylogeny and species
geographic ranges. However, inference from comparative methods has been limited by
uncertainty over whether contemporary biodiversity data retain the historic signal of speciation.
We constructed a process-based simulation model to determine the influence of speciation
mode and post-speciation range evolution on current biodiversity patterns. The simulations
suggest that the signal of speciation history remains detectable in species distributions and
phylogeny, even when species ranges have evolved substantially through time. We extracted
this signal using a combination of summary statistics that had good power to distinguish
speciation modes, then used these statistics to infer the speciation history of 30 plant and animal
clades. The results point to broad taxonomic patterns in the modes of speciation, with strongest
support for founder speciation in mammals and birds, and strongest support for sympatric
speciation in plants. Our model and analyses show that broad-scale comparative methods can
be a powerful complementary approach to more focused genomic analyses in the study of the
patterns and mechanisms of speciation.
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Introduction
Speciation has an explicitly geographic context, as the spatial proximity of diverging
populations will influence gene flow and the development of reproductive isolation (Mayr
1963; Coyne and Orr 2004; Wolf and Ellegren 2016). For example, populations bisected by
physical barriers (vicariant speciation), or established by long distance dispersal (founder
speciation) experience immediate reproductive isolation which may drive speciation (Mayr
1942, 1963; Coyne and Orr 2004). In diverging populations which are broadly overlapping
(sympatric speciation), partially overlapping or adjacent (parapatric speciation), it is expected
that ecological or phenotypic differentiation can drive divergence with gene flow by reducing
contact between co-occurring populations in time or space, or by the development of genetic
incompatibilities or decreased hybrid fitness (Turelli et al. 2001; Bolnick and Fitzpatrick 2007).
Hence, particular geographic modes of speciation are likely to be associated with particular
evolutionary processes, although the association may not always be clear-cut (Bolnick and
Fitzpatrick 2007; Fitzpatrick et al. 2009).

Increasingly, detailed molecular and ecological data are being used to reconstruct mechanisms
of population divergence within species or species-groups, with an emphasis on the genomic
architecture underlying the inhibition of gene flow (Savolainen et al. 2006; Seehausen et al.
2008; Luebert et al. 2013; Jónsson et al. 2014; Egan et al. 2015; Li et al. 2015). However, there
remains a great deal of interest in a more broad-scale, explicitly geographic approach that aims
to reconstruct geographic speciation modes within clades, using comparative methods and
readily-available, contemporary biodiversity data (Barraclough and Vogler 2000; Fitzpatrick
and Turelli 2006; Phillimore et al. 2008; Anacker and Strauss 2014; Cardillo and Warren 2016).
Comparative methods for reconstructing speciation modes are based on the expectation that

speciation history should leave a detectable signature in present-day patterns of phylogeny and
species geographic distributions (Lynch 1989; Chesser and Zink 1994; Barraclough et al. 1998;
Figure 2.1). For example, under both vicariant and founder speciation, recently-diverged sister
species ought to show little or no overlap in their geographic ranges, whereas sympatric
speciation is expected to produce sister species with complete or near-complete spatial overlap
(Chesser and Zink 1994; Figure 2.1). Founder speciation is expected to result in highly
asymmetric range sizes among sister species, because the process of speciation by long-distance
dispersal is typically thought of as a daughter species with a very small initial population being
seeded by a more widely distributed ancestral species (Gavrilets and Hastings 1996), and we
would expect this to also lead to a greater geographic distance between sister species ranges at
speciation (range isolation). Under vicariant and sympatric modes of speciation, on the other
hand, the relative sizes of sister species ranges could range from very similar to highly
asymmetric (Figure 2.1).

Figure 2.1. A graphical representation of four geographic speciation modes with a priori predictions of how these
might affect key features of sister-species range geometries (range overlap, range-asymmetry, and range isolation).
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Early comparative studies made use of these kinds of expectations to develop summary
measures that attempted to provide diagnostic indicators of the prevailing geographic mode of
speciation in a clade (Lynch 1989). For example, age-range correlations (ARC) fit a regression
of divergence time against degree of range overlap among all pairs of species in a clade, with
the expectation that both the intercept and the slope allow us to distinguish a primarily
sympatric from a primarily allopatric speciation mode across the clade (Lynch 1989; Chesser
and Zink 1994; Barraclough et al. 1998; Fitzpatrick and Turelli 2006). However, comparative
approaches to reconstructing speciation history have often returned results that are equivocal,
or do not strongly support any particular hypothesis (Fitzpatrick and Turelli 2006). The major
criticism levelled at comparative approaches based on contemporary data is that species
distributions are dynamic: the spatial configurations of geographic ranges soon after the time
of speciation might be erased subsequently by the movement of species range boundaries
(Losos and Glor 2003). This may (for example) lead to secondary transitions to sympatry from
originally allopatric distributions (Pigot and Tobias 2014), or lead to more symmetrical sisterspecies range sizes as the smaller-ranged daughter species expands geographically
(Barraclough and Vogler 2000). A critical question, which has remained largely unanswered
by previous comparative studies, is to what extent do present-day geographic ranges of species
retain the historic signal of speciation, and to what extent do they reflect post-speciation range
movement and evolutionary processes? The answer to this question determines our confidence
in the ability of comparative methods to reconstruct speciation history from contemporary
biodiversity data.

In a large part this will depend on the extent, speed, and predictability of post-speciation range
movement. The theoretical expectations are mixed. Closely-related species with conserved
environmental niches might track changing climates in a similar way, maintaining the spatial

relationships of their distributions even as the distributions themselves change. Alternatively,
niche evolution might lead species along divergent trajectories in response to climate changes
(Ackerly 2003). In most cases, empirical testing of these processes is limited to inferences from
indirect evidence, and the evidence to date is also mixed. On the one hand, geographic range
positions tend to show strong phylogenetic signal, suggesting that species current distributions
reflect distributions at the time of speciation, modified by gradual drift of range boundaries
(Cardillo 2015). On the other hand, it has been shown that range shifts in response to changing
climate, such as during Pleistocene glacial cycles, have sometimes been both rapid (Hewitt
2000), and idiosyncratic (Jackson and Overpeck 2010).

The aims of this study are twofold. The first aim is to investigate the degree to which the true
speciation history of clades is detectable, and different geographic speciation modes
distinguishable, from contemporary data on species distributions and phylogeny. To do this we
construct a process-based simulation model of dynamic range evolution and diversification (the
DREaD model), in a way that reflects our expectations of how species ranges evolve and shift
following speciation events. Our model incorporates some of the most likely determinants of
range movement into the simulation framework; dispersal, niche evolution, and environmental
change (Holt 2003; Sexton et al. 2009). By incorporating these processes and exploring the way
they interact to determine present-day species ranges, our simulation model extends previous
efforts to model the geography of speciation, which have focused primarily on random drift
(Phillimore et al. 2008; Cardillo 2015). The second aim of this study is to use simulation-based
inference methods to classify the geographic mode of speciation in 30 real clades of plants,
vertebrates and invertebrates, to survey patterns in speciation mode across a broad range of
taxonomic groups, biogeographic regions, and ecologies. We also ask whether clades show
evidence of a predominant geographic mode of speciation (when most divergences in the
14

clades’ history can be classified as a particular speciation mode), or if clades show evidence of
multiple modes in their divergence history. We use simulation-based inference methods that
allow us to perform model selection in a statistically rigorous framework (Csilléry et al. 2010)
to let the data tell us, in a way that incorporates the complexity and stochasticity of evolutionary
and biogeographic processes, whether we can reliably distinguish different geographic modes
of speciation in real clades.

Methods
Simulation model parameters
The DREaD model simulates the diversification of a clade and the evolution of geographic
ranges in between speciation events, against the background of a gridded, heterogeneous
landscape, in which each grid cell contains a value for a single, continuously-varying,
hypothetical environmental variable (for a detailed description of the simulation model see the
expanded methods in Appendix A). We modelled four distinct speciation modes; vicariant,
sympatric, parapatric, and founder speciation (Figure 2.1), and one mixed model of speciation
including all four modes. The simulation begins by randomly generating the grid values for the
environmental variable, with a specified degree of spatial autocorrelation across the whole
landscape using unconditional Gaussian simulation. We then seed the clade with an ancestral
species, drawing its attributes (geographic range boundaries, niche position, and niche breadth)
randomly from uniform distributions. At each time step the species is able to expand its range
via dispersal into new grid cells that lie within the range determined by the clade’s dispersal
capacity (D), and which have environmental values that fall within the bounds of the species
niche (niche position ± niche breadth). Dispersal occurs against a background of environmental

change through time, modelled in two ways: 1) cyclical, with environmental change modelled
as a sine wave with parameters for amplitude, ENVA and frequency ENVF; and 2) directional,
with environmental change modelled as a linear increase with a parameter for the slope, ENVS.
Each environmental change model was either spatially homogenous, where each grid cell
changes by the same amount at each time step, or spatially heterogeneous, where the degree of
change of each cell is a linear function of its latitude. Hence, we model four different
environmental change scenarios. Environmental change had the effect of reducing a species
geographic range if the environmental values of occupied cells changed so that they no longer
fall within the niche of the species.

Concurrently, at each time step, one of six different events is able to occur: vicariant, sympatric,
parapatric, or founder speciation, extinction, or no-event. Speciation probability is modelled as
a Gaussian function of range size, in which the per-lineage speciation rate is greatest at
intermediate range sizes (Rosenzweig 1978; Gaston 1998). The probability of stochastic
extinction decreases logarithmically with range size, so the per-lineage extinction rate is
greatest in narrowly distributed species and reaches zero in species with range sizes equal to or
larger than a minimum range size threshold m (Rangel et al. 2007; Appendix A). The
predominance of a particular speciation mode is enforced by setting the values of the speciation
rate constant (λ) separately for each speciation mode. A mixed model of speciation is
determined by setting equal λ values to all modes.

The basic geographic modes of speciation in the simulation model are sympatric, parapatric,
founder and vicariant. Each of these modes is modelled as follows:
Sympatric: Under the sympatric model, one daughter species maintains the range of the
parent and the other occupies a range that lies completely within the boundaries of the parent
16

species. This is chosen by randomly drawing four coordinates from within the parent species
range, which form the boundaries of the daughter species range.
Parapatric: Parapatric speciation occurs via budding at the range periphery. The new
species is formed by creating an abutting range that may partially overlap the parent range. This
is done by selecting a cell within dispersal distance, D, from the parent species range boundary
and drawing four distances from a uniform distribution (from 1 to D) from this point to be the
range boundaries of a new quadrant.
Founder: Founder speciation follows a founder-event model where dispersal events can
found a new species in non-contiguous geographic space. Founder speciation proceeds by
selecting a cell within the domain to be colonized with a probability inversely related to the
shortest distance from the parent species range. The range boundaries are drawn by selecting 4
distance values from a uniform distribution (from 1 to D) from the colonized cell.
Vicariant: Vicariant speciation is modelled in two different ways depending on the
geometry of the species range. Firstly, if the species range is a single contiguous area, vicariant
speciation will occur via bisection of this range, whereby a line is drawn randomly through the
species range dividing it into two. The bisection is ambiguous with respect to the range size
asymmetry of the daughter species ranges. The second method of vicariant division is used if a
species range is fragmented. In this case, the parent species range is split so that each daughter
species is composed of a cluster of range fragments that are in closer spatial proximity to each
other than to the sister species. Clustering is performed with a k-means method (Hartigan and
Wong 1979) on the x-y coordinates of the range fragments.

We model phylogenetic signal of the niche at speciation as follows. Under vicariant speciation,
immediately following speciation both daughter species niche positions are recentred towards
the mean environmental value of the species new range. Under founder, parapatric, or sympatric

speciation, the niche position of the budded daughter species (the smaller ranged daughter
species) is recentered. The degree to which the species shifts its inherited niche position value
towards this new value is modelled with the parameter PS, the proportion of the step between
the current niche position and the mean environmental value that the new species will take. A
PS value of 1 means the species will move completely towards the mean, while a value of 0
means the new species will inherit the same niche position as the parent . In this way, the PS
parameter controls the strength of “punctuational” evolution of the niche at speciation events.
We also model evolution of the niche along the branches of the phylogeny by allowing a species
niche position and niche breadth to drift independently under a modified random walk model
of trait evolution, controlled by the rate parameters NEP (for niche position) and NEB (for niche
breadth). Species niche positions and breadths drift randomly under the single condition that
the environmental value of at least one grid cell within the species range must remain within
the species niche (niche position ± niche breadth).

Running the simulation model
We simulated range evolution and speciation under different scenarios of environmental
change, niche evolution, dispersal rate, clade size, and geographic speciation modes.
Parameters were sampled from uniform prior distributions, using Sobol sequences to efficiently
explore parameter space (Burhenne et al. 2011; Appendix A), reducing the number of
simulation replicates required to effectively explore parameter space. We ran the simulation
36000 times until a clade of size n was generated (Table A2.1), discarding 269 simulations
which could not be completed because the parameter combination led to total clade extinction
more than five times successively. This lead to roughly 7200 replicates for each speciation
scenario, which is considered adequate for model selection in an ABC framework (Pudlo et al.
18

2016). At the completion of each simulation we retained the resulting phylogeny, each tip
species final geographic range, the environmental grid, and a data frame containing information
on the final niche position, niche breadth, range size, and mode of speciation at each node in
the phylogeny. From this output we generated 30 summary statistics that describe aspects of
species geographic range overlap, range size asymmetry, range isolation, range size, and
phylogenetic tree shape, within each clade. We reduced these 30 summary statistics to a set of
14 using a variable selection procedure (Appendix A; Table 1). Our simulations were written
and implemented in R version 3.4.2.

Table 2.1. List of summary metrics used for the study of the geographic mode of speciation with description and
supporting references.

Summary metric
Age-Range
Correlation

Sister species
overlap x
divergence times

Description
Slope and intercept of regression between
phylogenetic node age and geographic range overlap
among nodal descendants (Fitzpatrick and Turelli
2006).
Intercept of regression between sister species range
overlap and divergence times. Similar to ARC but
using only sister species.

Mean range overlap Range overlap = proportion of range of the smaller
of sister species
ranged sister species found within the larger ranged
sister species.
Sister species
Proportion of species which have values of range
sympatry
overlap ≥ 0.9, or 1.0
proportions
Difference between The mean of the difference in the overlap between
sister species
sister species and the overlap of each sister species
overlap and sister – with an outgroup species. Scaled between -1 where
outgroup overlap
species overlap completely with outgroups and not at
all with each other, and 1 where sisters completely
overlap with each other and not at all with outgroups
(Cardillo 2015).
Range asymmetry x Slope and intercept of regression between range
divergence times
asymmetry and divergence times.
Mean and standard Standardised range size for each species = range size
deviation of
/ largest range size in clade. Measured across all tip
standardised range species in the phylogeny.
size

Abbreviation
ARCslope,
ARCintercept

ROintercept

ROmean

RO90, RO100

TOmean

Asymslope,
Asymintercept
RSmean, RSSD

SD of standardised
distance between
sisters species
ranges
Range isolation x
divergence times
Sackin’s Index

Standardised range distance = minimum distance
between sister species ranges / maximum distance
between two species in the clade.

RDSD

Intercept of regression between standardised range
distance and divergence times.
Phylogenetic tree imbalance (Blum and Francois
2005).

RDintercept
SI

Analysis of simulation outputs
We compared the distributions of each summary statistic for simulated clades generated under
different geographic speciation modes, using pairwise Kolmogorov-Smirnov tests (KSt). Our
simulations generated large sample sizes (~7,200 replicates for each speciation scenario), which
may return significant p-values even when the effect sizes are small. To reduce the chance of
misinterpreting significant differences we ran the analysis across 500 randomly subsampled
simulation replicates 100 times, and took the mean values of the test statistic and p-value. Next,
we asked whether the signal of speciation is stronger than the signal of geographic range
evolution in present-day (simulated) data, by exploring which model parameters explained the
greatest amount of variation in the summary statistics independent of all other model
parameters. To do this we used a hierarchical partitioning protocol (Chevan and Sutherland
2017) which assesses all possible combinations of independent variables (model parameters)
on the response (summary statistics) in a generalized linear modelling framework and partitions
the variance according to a goodness of fit statistic (R2). This allows for the independent
assessment of each parameter’s contribution while removing the effects of multicollinearity.
Hierarchical partitioning was implemented in the R package hier.part (Walsh and MacNally
2013).
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Empirical data collection
We used the outcomes of the simulation model to infer speciation modes in a selection of
empirical datasets. We collected spatial and phylogenetic data for 30 clades (six plant, two fish,
one invertebrate, four amphibian, four reptile, five mammal, and eight bird clades), selected to
cover a range of taxonomic groups and levels, clade sizes, and geographic regions (Table A2.3).
All selected clades were monophyletic and densely sampled, with >80% of known species
included, and the majority with >90%. Spatial data for species distributions were obtained,
where possible, as spatial polygons from the IUCN (http://www.iucnredlist.org) or BirdLife
(BirdLife 2016), which depict species range extents based on both occurrence data and expert
assessment of species contemporary distributions. Where range polygons were not available we
used point occurrence records downloaded from GBIF (http://www.gbif.org) and cleaned of
obvious outliers, or supplied from the supplementary materials of an associated article relating
to the clade. Spatial polygons were estimated from occurrence points using a fixed-k convex
hull method (Getz and Wilmers 2004). From the spatial and phylogenetic data we obtained the
same summary statistics as for the simulated data.

Model Selection
To infer the predominant speciation mode in the empirical data sets we used three likelihoodfree model selection and model classification techniques: a machine-learning Linear
Discriminant Analysis (LDA), and two Approximate Bayesian Computation (ABC)
approaches. We tested the discriminatory ability of our candidate summary statistics to
distinguish speciation modes for each method using a leave-one-out cross validation procedure,
calculating the rate of model misspecification for each geographic speciation mode (the

reclassification accuracy). We then inferred the geographic mode of speciation in the 30
empirical datasets using LDA, implemented using the caret (Kuhn 2016) package in R, and two
ABC methods (multinomial logistic regression, and neural net), implemented with the abc
package (Csilléry et al. 2012). An illustrated example of the simulation and model selection
pipeline can be seen in Figure 2.2. Derived summary statistics for both empirical and simulated
data are deposited in the Dryad Digital Repository, DOI: doi:10.5061/dryad.d9j09bm (Data
Table A and Data Table B respectively).
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Figure 2.2. Schematic of the simulation procedure (A), simulation output (B), and model selection procedure (C).
(A) Simulation workflow: at each time step (i) each species geographic range can (ii) expand via dispersal, (iii)
change due to changes in the distribution of suitable habitat; (iv) probabilities of each event are assessed and one
event is selected from: (v) niche evolution; (vi) extinction; and (vii) speciation. This algorithm is repeated until a
clade of a given number of species is generated. (B) Simulation output: the simulation generates (i) a set of species
distributions and (ii) a phylogenetic tree. Summary metrics are then derived from the final output, including (iii)
range overlap x node age, (iv) temporal distribution of nodes (γ), and (v) distribution of sister species overlap and
range size. (C) Model selection procedure: (i) data processing and model validation, (ii) generating summary
statistics for clades of interest, (iii) implementing model selection procedures, and (iv) identifying support for
different geographic speciation modes based on posterior probabilities.

Results
Simulation results: speciation mode, range evolution and biodiversity summary
statistics
Across our simulated dataset, many of the summary statistics exhibited enough variation
between speciation modes to provide discriminating power. Variance partitioning showed that,
of the parameters included in the simulations, the geographic mode of speciation had the largest
independent effect on 12 of the 14 summary statistics (Figure 2.3A), while the rate of niche
position evolution explained more of the variation in two summary statistics, RDintercept and
TOmean. Pairwise KSt confirmed that distributions of the 14 retained summary statistics were
significantly different between speciation modes (Figure 2.4). The KSt identified two summary
statistics (ROintercept, Asymintercept) that were able to distinguish between nine of the ten pairwise
comparisons among the five speciation models, and a further two (ARCslope, TOmean) that were
able to distinguish between at least eight comparisons.

Figure 2.3. (A) Independent effect (% of variance explained) of each simulation model parameter on 14 summary
statistics describing spatial and phylogenetic biodiversity patterns; and (B) relationship between five summary
statistics and two key model parameters, niche position evolution (NE P) and dispersal rate (D), for each of the five
speciation modes. Summary statistics can be classified as describing either measures of range overlap (horizontal
green line in 3A), range isolation (blue line), range size (yellow line), range asymmetry (purple line), or
phylogenetic tree shape (orange line). 3B depicts the loess curves for one summary statistic from each of these
categories to give a graphical impression of the general trends. i) RO intercept, a measure of range overlap, ii) Asymintercept,

a measure of range size asymmetry, iii) RDintercept, a measure of the distance between sister species ranges,

iv) RSmean, a measure of the average range size, and v) Sackin’s index (SI), a measure of phylogenetic tree
imbalance.
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Figure 2.4. The number of significantly different comparisons of the distribution of 14 summary statistics between
each pair of speciation modes in the simulated dataset. 10 pairs in total. Significance was tested using KolmogorovSmirnov tests

There were a number of broad patterns evident in the summary statistics generated from our
simulated dataset: (1) Founder speciation led to the highest degree of range isolation and lowest
range overlap; (2) Vicariant speciation resulted in larger absolute range sizes, low rates of range
asymmetry, and more balanced phylogenetic branching; (3) Sympatric speciation resulted in
the highest degree of range overlap and lowest range isolation; (4) Parapatric speciation resulted
in highly imbalanced phylogenetic trees and asymmetrical range sizes (Figure 2.3B).

The relative difference between summary statistics for different speciation modes was generally
consistent for different values of key model parameters (e.g., the degree of range overlap was
higher in sympatric than vicariant speciation modes at different rates of niche position
evolution; Figure 2.3B). However, variance partitioning showed that both the rate of niche
position evolution (NEP) and rate of dispersal (D) both explained a considerable amount of
variance in a number of summary statistics (Figure 2.3A). Other parameters, including the rate
of niche breadth evolution and the environmental change model, also explained a considerable

amount of variance in some parameters though this was less consistent across summary
statistics (Figure 2.3A). Investigating relationships between estimated summary statistics and
parameter values for key range evolution parameters, for each speciation mode separately, we
found that the same values for several summary statistics could be produced by different
speciation modes at different values of niche position evolution (NEP) and dispersal (D). This
shows the interactive effect of speciation mode and range/niche evolution (e.g., range size
asymmetry is similar when speciation is sympatric and dispersal rates are low, compared to
when speciation is parapatric and dispersal rates are high; Figure 2.3B). Higher rates of niche
evolution led to increased range isolation, decreased range size and range overlap, and greater
asymmetry of range sizes. Dispersal rate, on the other hand, had an opposing effect, increasing
range overlap and range size, while decreasing range isolation and range asymmetry.
Furthermore, some summary statistics did not show clear directional trends with model
parameters or shift in parallel across speciation modes. For example, phylogenetic tree shape
(SI) showed an increasing trend with dispersal rate for the vicariant speciation model but no
trend for other speciation models (Figure 2.3B).

Empirical results: The geography of speciation across plants and animals
We asked if biodiversity summary statistics for 30 different clades, spanning a broad range of
plant and animal taxa, are consistent with a single predominant mode of speciation within
clades. We used three alternative model selection methods to infer the support for different
speciation modes. We found that mammal clades tended to show strongest support for a founder
mode of speciation, with two clades, the Madagascan lemurs (Lemuridae) and Australian
Diprotodont marsupials (Diprotodontia), also showing strong support for vicariant speciation,
especially under the two ABC methods, mnL and NN (Figure 2.5). Similarly, bird clades
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showed strongest support for founder speciation, except for the Australian robins (Petroicidae),
which showed equivalent levels of support for vicariant, mixed, and founder speciation, and the
indigobirds/whydahs (Vidua) which showed strongest support for vicariant using mnL, and
both mixed and vicariant speciation modes with LDA and NN. Founder speciation was also
strongly supported in three of the four reptile clades, while support for different speciation
modes was more variable among the amphibian, fish, and insect clades. Among plant genera,
three (Protea, Hakea, Bursera) showed support for sympatric speciation under all three
methods, one (Sidalcea) for parapatric speciation, and two (Banksia, Mimulus) for a mixed
model of speciation, although LDA strongly supported sympatric speciation in these two
genera. In only one of the 30 clades we tested (Myobatrachidae) was there strong support for
an vicariant speciation mode across all three methods. Relative levels of support for different
speciation modes tended to be consistent among the three methods (LDA, mnL and NN),
although in general, the LDA method more frequently attributed strong support to a single
speciation mode, while NN was more likely to apportion support more evenly among several
modes.

Figure 2.5. Posterior probabilities for inferred geographic speciation mode for 30 plant and animal clades. The
height of the coloured bars indicates the relative support for each speciation mode under each of three modelselection methods: LDA = linear discriminant analysis, mnL = multinomial logistic regression, NN = neural net.
Clades are grouped by higher taxa: mammals, birds, reptiles, amphibians, plants, fish, and invertebrates. Founder
speciation shows the strongest support in birds, mammals, and reptiles, whereas sympatric, parapatric and mixed
speciation modes tend to prevail in amphibians and plants.

Model classification accuracy was assessed using a cross-validation procedure for each method
(LDA, mnL, NN). We found that reclassification accuracy was significantly better than random
(Kappa>0.6, p<0.001 across three methods), and we were able to predict the correct model of
speciation geography in 69%-71% of simulations.

Vicariant speciation had the highest

reclassification accuracy of all speciation models (>84%), followed by sympatric (>78%),
founder (>73%), parapatric (>61%), and finally the mixed model (<46%). Model adequacy was
assessed graphically by plotting the predicted values for the first two axes of a linear
discriminant analysis for the empirical datasets onto the simulated datasets (Figure 2.6). The
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empirical datasets fall within the range of our simulated data in all cases, so we can conclude
that our simulations generated realistic biogeographic patterns (Pudlo et al. 2016).

Figure 2.6. Projection of the first two axes of a Linear Discriminant Analysis (LDA) performed on simulated and
empirical datasets. Coloured points show bivariate distributions of the first two axes of a LDA constructed from
14 biodiversity summary statistics. The summary statistics are derived from clades simulated under 5 geographic
modes of speciation. Coloured ellipses contain 90% of all simulated datasets for a given speciation mode. Black
points represent predicted values of 30 empirical plant and animal clades.

Discussion
Detecting the geographic mode of speciation
Comparative analyses to recover the prevailing geographic mode of speciation in clades have
been limited by uncertainty over how much of the historic signal of speciation is retained in
contemporary biodiversity data, and how much is eroded by post-speciation geographic range
movement (Losos and Glor 2003). Previous attempts to model these processes have gone some

way to reducing the uncertainty, but their interpretation has remained rather ambiguous because
models have been based on a limited set of processes, have typically applied only one or two
summary statistics to recover signal from contemporary data, and have focused on hypothesis
testing rather than model comparison and selection (Barraclough and Vogler 2000; Fitzpatrick
and Turelli 2006; Phillimore et al. 2008; Cardillo and Warren 2016). Figure 2.3B illustrates
why previous studies, based on one or two biodiversity summary statistics, have often lacked
power to discriminate geographic speciation modes. Interactive effects between speciation
mode and range evolution mean that models with different speciation modes can return similar
values for summary statistics, depending on the range of dispersal and niche evolution
parameters.

Our simulation model (DREaD), together with model selection methods based on 14 summary
statistics that capture aspects of species range sizes, proximity, overlap, and phylogeny, show
that the signal of speciation mode can indeed be detected in contemporary biodiversity data.
Several of our analysis results point to this conclusion. First, the geographic mode of speciation
had the strongest independent effect on the majority of summary statistics, compared to other
simulation model parameters (Figure 2.3A). Second, simulations under different speciation
modes produced summary statistics with consistently different distributions (e.g., Figure 2.3B,
Figure 2.4). Third, the cross-validation procedures under both LDA and ABC methods had a
considerably higher than random reclassification accuracy. This allowed us to infer the
geographic modes of speciation in 30 empirical clades across a broad range of plant and animal
taxa. The results point to a predominance of founder speciation in animals and of sympatric
speciation in plants.
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Broad-scale patterns in speciation mode
Our reconstructions of geographic speciation modes for plant and animal clades reveal broadscale taxonomic patterns in speciation mode across a wide range of organisms. For much of the
20th century allopatric speciation was widely considered the most likely mode of speciation, at
least in animals, because of the theoretical requirement for disruption to gene flow in order to
generate reproductive isolation (Mayr 1963). This idea has been supported by several
comparative studies of speciation mode in mammals and birds (Fitzpatrick and Turelli 2006;
Phillimore et al. 2008) and is supported for many vertebrate clades in our study. Despite the
importance of allopatry in the formation of incipient species, debate over the relative
importance of vicariance versus dispersal has been of interest in biogeography as these different
mechanisms relate to fundamentally different processes - geographic isolation is environmental
in the case of vicariant speciation (e.g. mountains, rivers, coastlines), and essentially biological
in the case of founder speciation, since dispersal is associated with the mobility of individual
organisms. Our result is consistent with recent evidence for the frequency of founder-event
speciation in model-based biogeographic analyses (Cowie and Holland 2006; Matzke 2014),
suggesting that the preponderance of allopatric speciation might be explained by the continual
dispersal “attempts” being made by individual organisms being driven beyond their range limits
(propagule pressure; Levin 2006), compared to the relative infrequency of the geological events
that cause a population to be subdivided (Gaston 1998).

More recent theoretical developments have shown that speciation can occur with geographic
range overlap and the opportunity for gene flow (Gavrilets et al. 2000; Baack et al. 2015a). A
number of studies have demonstrated this empirically (e.g. Barluenga et al. 2006; Savolainen
et al. 2006; Seehausen et al. 2008; Peakall et al. 2010) and suggest it may be common, especially

in higher taxa such as plants (Anacker and Strauss 2014; Grossenbacher et al. 2014), and under
certain conditions, in animals (Bush 1994; Via 2001; Nosil 2008; Rosser et al. 2015). Our
results support this suggestion by inferring a prevailing sympatric mode of speciation for many
of the plant clades we examined, as well as in several herptile clades (Anolis, Litoria, and
Plethodon), and the rockfish genus Sebastes. Many of these groups are hypothesised to have
diversified by mechanisms of ecological divergence, a key step in establishing a unique species
identity in the face of gene flow. The Caribbean lizard genus Anolis is, in fact, a textbook case
study for repeated speciation by the divergence of co-occurring island populations into habitatspecific ecomorphs (Mahler et al. 2010). In plants, sympatric speciation has always been
considered to be more prevalent than in animals, because of strong divergent or disruptive
selection that can be exerted by ecological mechanisms such as differences in flowering times
or soil-type specialization (Savolainen et al. 2006), and because plants are considered prone to
speciation by genome duplication leading to polyploidy (Rieseberg and Willis 2007).

Geographic range evolution
Although the mode of speciation was the major driver of spatial and phylogenetic patterns in
our simulated data, there were strong interactive effects of niche evolution and dispersal with
the mode of speciation. Niche position evolution was negatively correlated, and dispersal
positively correlated, with range overlap, such that low rates of niche evolution (i.e. niche
conservatism: Wiens 2004) and a high rate of dispersal were both associated with a higher
degree of range overlap between closely related species. The explanation of this effect in our
simulation model also suggests a plausible biological scenario in the real world, as follows: if
allopatric sister species inherit a similar environmental niche from their common ancestor, then
in a spatially autocorrelated landscape the most suitable habitat for a species is likely to be
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found within the range of its sister species. A high dispersal capacity will offer many
opportunities for sister species ranges to move back into sympatry (Pigot and Tobias 2014).
This suggests that the degree of spatial autocorrelation in key environmental niche variables for
a given clade may be important: if niches are conserved, stronger spatial autocorrelation should
exert a pressure for distributions of sister species to overlap. A further process that could
counteract this pressure for sister species to overlap is biotic interaction. We did not incorporate
biotic interactions (such as interspecific competition) into our model because it adds a
substantial layer of complexity and is probably best tackled as a separate question, but it is
conceivable that in some cases, competition serves to minimize range overlap and maintain
allopatric distributions (Pigot and Tobias 2013; Wisz et al. 2013; Pigot et al. 2018). We suggest
this should be an important avenue for further development of our model.

Environmental change parameters did not exert a strong influence on the distribution of the
summary statistics, possibly because of a filtering effect. If a species cannot disperse rapidly
enough to track environmental change, there will be a high probability of it going extinct,
leaving no record in contemporary phylogenetic and geographic data. Furthermore, species that
are severely affected by climatic change may be a phylogenetically biased sample, if closelyrelated species inherit from their common ancestors a similar capacity to disperse, similar
ecological traits that put them at risk of extinction, or occupy habitats that are differentially
threatened (Parmesan 2006).

Depending on the phylogenetic conservatism of key

environmental niche traits, we might therefore expect closely related species to show similar
responses to environmental fluctuations. In some cases, this could elevate the probability of
extinction of the entire clade, while in others it may serve to maintain the relative spatial
relationships of species ranges.

Model assumptions and caveats
Like any model of complex systems, the DREaD model necessarily makes a number of
simplifying assumptions. As already mentioned, we omit the possible role of biotic interactions
in limiting species range boundaries. Additionally, our modelling approach follows, a priori,
the simplifying assumption that speciation can be categorized into a set of discrete geographic
modes. The geography of speciation, however, could instead be described by a continuum from
complete spatial separation to complete overlap (Fitzpatrick et al. 2009). There is empirical
evidence to suggest that many speciation events may be best explained with varying degrees of
range overlap along this continuum (Pinho and Hey 2010). Furthermore, each individual
speciation event may involve a protracted process in which populations pass through various
stages of allopatry and sympatry. For example, gene flow between populations may recur at
different stages of the speciation process (Rundle and Nosil 2005; Nosil 2008) with genetic
variation accumulating in allopatry, then becoming sorted into sympatric populations through
introgression (Feder et al. 2005; Poelstra et al. 2018). In such cases, whether we can identify
the one predominant geographic mode of speciation is unclear. Our model is phenomenological
and simulates divergence at the lineage level rather than the population level, so we cannot rule
out more complex speciation histories of the clades we have investigated. We believe there is
some value in classifying speciation modes into discrete categories at this level of investigation.
For example, if speciation is completed in sympatry, then a spatial model of sympatric
speciation may adequately capture the spatial patterns of divergence even if the processes by
which those patterns emerge are not explicitly considered. Nevertheless, we acknowledge that
definitions of allopatry and sympatry often fall in a grey area that defies simple categorisation.
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We treat speciation mode as a categorical parameter in our model to compare whether one
particular speciation mode predominates in the evolutionary history of each clade, or a mixed
model of speciation better explains the data in a model selection framework. However, as the
mixed model had poor reclassification accuracy in the simulation analysis there may be a bias
towards under-representation in the posterior probabilities of our model selection procedure.
This may partially explain the tendency for greater support for single speciation modes in the
clades we investigated. We suggest that a future avenue of research should be to allow the
frequencies of different speciation modes (λ parameter) within a clade to be estimated from the
data. In fact, several model-based methods for reconstructing ancestral ranges already do this
(e.g., DIVA: Ronquist 1997; DEC: Ree and Smith 2008). However, these methods differ from
DREaD in that they treat geographic ranges as the occupancy of discrete biogeographical
regions, they do not explicitly model speciation as a function of the configuration of species
ranges in continuous space and are aimed at reconstructing large-scale biogeographic shifts
rather than the geographic mode of speciation.

As well as the relative values of λ between modes, the absolute rate of speciation and the
function linking range size to the probability of speciation require further exploration. The
justification of a peaked relationship between range size and speciation is largely based on
theory regarding the placement of barriers and likelihood of vicariant speciation (Rosenzweig
1978; Gaston 2003), however, whether we expect the same relationship to hold with other
speciation modes is unclear as there is little empirical evidence on which to base the
parameterisation of this model component. It is possible that different relationships between
speciation mode, range size (and other features of species biogeography), and speciation rate
may lead to patterns in summary statistics different from those we observed. The rate of
speciation relative to other rates in DREaD (e.g., niche evolution, dispersal, or environmental

change) may also affect the relative impact of these parameters on biogeographic patterns,
although we did not explore this in depth. There are still relatively few spatially explicit studies
which have integrated multiple macroevolutionary and biogeographic processes (but see, for
example, Qiao et al. 2016; Rangel et al. 2018), so there is much work to be done to understand
how these dynamics interact to influence present day patterns in species distributions (Weber
et al. 2017).

Another area of uncertainty is the sensitivity of our results to the way species geographic ranges
are defined. In particular, the use of polygons that define a species extent of occurrence may
overestimate the degree of range overlap between two species, and hide the micro-allopatry that
may occur at much finer spatial scales (Cardillo and Warren 2016). For example, although we
found strong support for a sympatric model of speciation in Sebastes rockfish, previous studies
have suggested that species in this group have partitioned geographic space in three-dimensions
along a depth gradient and their distributions may be better explained by a parapatric model of
speciation (Ingram 2011). Furthermore, there may be a difference between using polygons that
have been determined by expert assessment (e.g., IUCN) versus those that are modelled from
species occurrence records (e.g., convex hulls), as these may infer range boundaries at different
resolutions potentially biasing hull methods towards non-allopatric speciation modes.
However, it is far from clear what the appropriate spatial resolution is for the measurement of
geographic range overlap to infer speciation mode, and we suspect the answer is contextdependent, depending on the patterns of habitat use and dispersal capabilities of the species
involved. The application of simulation models such as DREaD, may allow this to be tested in
silico to inform future studies.
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Conclusions
Losos and Glor (2003) asked the question: “Can a null hypothesis that speciation was not
sympatric be rejected if sympatric species are found to be sister taxa?” As allopatric speciation
is typically considered the “null model” of speciation (Coyne and Orr 2004), the burden of
evidence has been on finding strong support for non-allopatric speciation (Bolnick and
Fitzpatrick 2007). Comparative approaches to understanding speciation geography have stalled
in the past decade, partly because existing methods have had relatively little discriminatory
power. We have shown that by adopting an approach based on simulation and model selection,
increasingly advocated in biogeography (Goldberg et al. 2011; Matzke 2014; Qiao et al. 2016;
Sukumaran et al. 2016; Cabral et al. 2017), Losos and Glor’s question can be rephrased as
“given the observed data and a model of geographic range evolution, what is the support for
allopatric speciation relative to other models?” Our results suggest that a broad-scale
comparative approach to understanding speciation processes can indeed be powerful and
informative.

In recent years, much of the research on speciation has shifted away from tests with an explicitly
geographic focus, towards questions about regions of the genome that show evidence of
divergence among populations in the context of gene flow and selection (Feder et al. 2012,
2013; Seehausen et al. 2014; Wolf and Ellegren 2016; Foote 2018). We see broad-scale
comparative methods, and taxonomically-focused genomic and population genetic studies, as
complementary. At present, a broad taxonomic overview of inferred speciation modes can only
be achieved using geographic and phylogenetic data, and the outcomes of such analyses can
serve to generate hypotheses about speciation mechanisms that might then be testable in
particular species groups using genomic data.

Appendix
Expanded methods
We develop a model of dynamic range evolution and diversification (DREaD), which
simulates the diversification of a clade and the evolution of geographic ranges in between
speciation events. The model is spatially-explicit and takes place against a background of a
gridded, heterogeneous landscape, in which each grid cell contains a value for a single,
continuously-varying, hypothetical environmental variable. Each species in the model is
defined by three key attributes: their geographic range, niche position, and niche breadth. The
geographic range is defined by the species occupancy of grid cells, and species are able to
occupy space and disperse through the landscape as they track cells that fit their niche (niche
position ± niche breadth) through space and time. Our model builds on previous simulation
studies of the evolution of geographic ranges (e.g., Rangel et al. 2007; Colwell and Rangel
2010; Qiao et al. 2016), but differs in that it explicitly models range movement in dynamic
environmental space under different initial range overlap conditions at the point of speciation
(geographic speciation modes). R Code to perform the simulation and an accompanying
vignette can be found in the supplemental file, deposited in the Dryad Digital Repository, DOI:
doi:10.5061/dryad.d9j09bm, and the functions used to perform different parts of the simulation
model are referenced throughout this expanded methods.

Simulating landscape and seed species
Our simulation (DREaD function) begins by generating a background environment.
Each simulation generates a new landscape with a single hypothetical environmental layer on
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a grid of 100 x 100 cells (n = 10,000) using unconditional Gaussian simulation, in the gstat
package in R (Pebesma 2004). The layer is spatially autocorrelated using kriging to represent a
heterogeneous environmental layer with no defined direction in the spatial gradient and values
of the cells are scaled between a range of 0 and 20 for consistency (generateEnv function). The
degree of spatial autocorrelation is held constant between simulations, but the environmental
values of each grid cell differs for each simulation replicate.

The simulation proceeds by seeding an initial species (the ancestor to all species for that
simulation replicate), which has an initial niche position, niche breadth, and occupied range
(seedSpecies function). The initial species is seeded by randomly selecting a grid cell in the
domain. A boundary is drawn around this cell by sampling the distance from the selected cell
to each range boundary (north, south, east, and west) from a uniform distribution between 1
and 10 cells. The species niche position is given as the environmental value of the selected cell
and the species niche breadth is drawn from a uniform distribution between 1 and 10. All cells
within the range boundaries that fall within this breadth define the initial species range. The
simulation then progresses in discrete time steps.

Dispersal and Environmental change
At each time step each species is able to expand its range via dispersal into new grid
cells that lie within its inherent dispersal capacity (D, a clade-wide value which is shared by all
species within each simulation replicate, and drawn from a uniform distribution, Table A2.1),
and which have environmental values that fall within the species niche (niche position ± niche
breadth). If no cells within the dispersal distance contain suitable habitat, the species will not
expand its range (rangeDispersal function).

Concurrently, the environment changes at each time step by changing the value of the
environmental variable in each grid cell according one of two models of environmental change.
1) Cyclical model where environmental change modelled as a sine wave with parameters for
amplitude, ENVA and frequency ENVF (Rangel et al. 2007); and 2) directional model, with
environmental change modelled as a linear increase with a parameter for the slope, ENVS).
Each environmental change model was either spatially homogenous, where each grid cell
changes the same amount at each time step, or heterogeneous, where the degree of change of
each cell is a linear function of its latitude, so that the magnitude of environmental change
follows a latitudinal gradient. Whether, a simulation uses a directional or cyclical model of
environmental change, as well as whether or not environmental change varies spatially are
defined by two binary parameters (ENVmode, ENVhetero respectively). In total, we model four
different environmental change scenarios: 1) cyclical homogenous, 2) cyclical heterogeneous,
3) directional homogenous, and 4) directional heterogeneous (environmentalChange function).
In response to environmental change, at each time-step a species will reposition its geographic
range. If environmental change causes some occupied cells to contain values that are no longer
within the species niche breadth, these cells are no longer part of the species range. This may
lead to range contraction or range fragmentation, and at its extreme, if environmental change
removes all cells with suitable habitat from the species range, then the species is considered
extinct.

Event selection
After dispersal and environmental change occur, for each species at each time step, one of six
events can occur: vicariant, sympatric, parapatric or dispersal speciation, extinction, or noevent. Each speciation and extinction event are assigned a probability (described below), and
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the probability of no-event is 1- the sum of these probabilities. At each time step one event is
sampled in proportion to these probabilities. In the case of no-event, niche evolution proceeds.
Probabilities for each event are defined as follows:

Speciation
We explicitly model four different geographic modes of speciation (vicariant,
sympatric, parapatric, and founder). Although the geographic mode of speciation is now
considered to be a continuum from complete vicariant isolation to complete sympatric overlap
(Fitzpatrick et al. 2009), here we treat the geography of speciation as taking place within
discrete modes in order to simplify the process of speciation and more easily pull apart complex
interactions. We believe these speciation modes, though not exhaustive, cover a majority of the
overlap conditions likely at the point of speciation. In DREaD, speciation is a stochastic process
that is a peaked function of range size. The probability of speciation for each species at each
time step is modelled by the function:
λ∗e

−

(𝑟−𝐵)2
2𝐶 2

where r is the range size of the species, λ is the probability of speciation when r = B, and C
defines the peak of the curve. B was set to 5000 which is the range size of a species that occupies
half of the total domain, and λ was set so that the sum of speciation probabilities is equal to
0.0415 when a species range size is equal to B.

We simulated five different models changing the predominant mode of speciation: one each
where a given speciation mode is predominant (vicariant, founder, sympatric, and parapatric)
and a mixed model where each of these four modes had equal probability of occurring. For a

mixed model of speciation λ was fixed at 0.010375 equally for each speciation mode. When
enforcing a predominant mode, λ was set to 0.04 for the predominate mode, and for all other
speciation modes λ was set to 0.0005. The per-lineage speciation rate, therefore, is dynamic
and greater in intermediate ranged species (Figure A2.1).

Figure A2.1. Relationship between speciation rate and range size. Speciation rate is a peaked function of range
size. For a predominant speciation mode (red), the speciation rate is greatest when range size = 5000, and the
probability of speciation with a non-predominant speciation mode is low (yellow). When the speciation mode
model is mixed, all speciation modes have equal probability (blue) which sum to 0.0415 when range size = 5000.

Each of the four modes is modelled as follows:
Sympatric: Under the sympatric model, one daughter species maintains the range of the parent
and the other occupies a range that lies completely within the boundaries of the parent species.
This is chosen by randomly drawing four coordinates from within the parent species range,
which form the boundaries of the daughter species range (speciateSympatric function).
Parapatric: Parapatric speciation occurs via budding at the range periphery. The new species
is formed by creating an abutting range that may partially overlap the parent range. This is done
by selecting a cell within dispersal distance from the parent species range boundary and drawing
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four distances from a uniform distribution from this point to be the range boundaries of a new
quadrant (speciateParapatric function).
Founder: Founder speciation follows a founder-event model where founder events can found a
new species in non-contiguous geographic space. Founder speciation proceeds by selecting a
cell within the domain to be colonized with a probability inversely related to the shortest
distance from the parent species range. The range boundaries are drawn by selecting 4 distance
values from a uniform distribution (from 1 to D) from the colonized cell (speciateFounder
function).
Vicariant: Vicariant speciation is modelled in two different ways depending on the
geometry of the species range. Firstly, if the species range is a single contiguous area, vicariant
speciation will occur via bisection of this range, whereby a line is drawn randomly through the
species range dividing it into two. The bisection is ambiguous with respect to the range size
asymmetry of the daughter species ranges. The second method of vicariant division is used if a
species range is fragmented. In this case, the parent species range is split so that each daughter
species is composed of a cluster of range fragments that are in closer spatial proximity to each
other than to the sister species. Clustering is performed with a k-means method on the x-y
coordinates of the range fragments (speciateVicariant function).

Extinction
Extinction is modelled in two ways in our simulation. Firstly, there is deterministic extinction
which occurs if a species range collapses entirely. Secondly, there is a probabilistic rate of
extinction that is a function of range size. Extinction probability is modelled by the function
(following Rangel et al. 2007):

− log

(𝑟⁄𝑚)
(1⁄μ)2

Where r is the species range size, m is the extinction range size threshold, and μ adjusts the
magnitude of the function, which was fixed at 0.2. Here, extinction from stochastic processes
is possible only in species with r < m, such that there is a point at which a species range is
large enough that it can no longer go extinct from stochastic processes and is able to speciate
(Figure A2.2).

Figure A2.2. Relationship between range size and extinction rate. Extinction probability is highest in small range
species, and becomes 0 when a species range size = m. m was drawn from a uniform distribution between 50 and
250 in our simulation study. Here shows the relationship when m=50 (orange), m=100 (red), m=250 (black).

Niche evolution and phylogenetic signal in the niche
Niche evolution is modelled by allowing a species niche position and niche breadth to drift
independently under a modified random walk model of trait evolution, controlled by the rate
parameters NEP (for niche position) and NEB (for niche breadth). Species niche positions and
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breadths drift randomly under the single condition that the environmental value of at least one
grid cell must remain within the species niche (niche position ± niche breadth), which ensures
species do not evolve an environmental niche that causes their immediate extinction
(nicheEvolution).

We model phylogenetic signal of the niche at speciation as follows. Under vicariant speciation,
immediately following speciation both daughter species niche positions are recentered towards
the mean environmental value of the species new range. Under founder, parapatric, or sympatric
speciation, the niche position of the budded daughter species (the smaller ranged daughter
species) is recentered. The degree to which the species shifts its inherited niche position value
towards this new value is modelled with the parameter PS, the proportion of the step between
the current niche position and the mean environmental value that the new species will take. A
PS value of 1 means the species will move completely towards the mean, while a value of 0
means the new species will inherit the same niche position as the parent. In this way, the PS
parameter controls the strength of “punctuational” evolution of the niche at speciation events
(nicheRecenter function). We also model evolution of the niche along the branches of the
phylogeny by allowing a species niche position and niche breadth to drift independently under
a modified random walk model of trait evolution (nicheEvolution function), controlled by the
rate parameters NEP (for niche position) and NEB (for niche breadth). Species niche positions
and breadths drift randomly under the single condition that the environmental value of at least
one grid cell within the species range must remain within the species niche (niche position ±
niche breadth).

Model parameters
We simulated range evolution and speciation under different scenarios of environmental
change, niche evolution, dispersal rate, clade size, and geographic speciation modes, by
sampling parameters from prior distributions. Priors were informed with preliminary
simulations to qualitatively determine a match to broadly plausible evolutionary scenarios. For
example, the rate of niche evolution was drawn from a uniform distribution between 0.005 - 2,
these extreme values represent cases of strong environmental niche conservatism and of strong
environmental niche lability that would be rare in many real clades (for example, if the
environmental variable is considered to represent temperature, then values of niche evolution
≈ 2 could lead to shifts between tropical and temperate niche positions in relatively few time
steps). Environmental change parameters on the other hand, were constrained by the mechanics
of the simulation model, as high values of the slope of the directional model and amplitude of
the cyclical model led to repeated mass extinction as species could not keep pace with the
changing climate. This set an upper limit on the bounds of environmental change parameters.
Due to the computational cost of running the simulation model and the potentially inefficient
method of sampling parameter space in a Monte Carlo simulation framework, we sampled
parameter space using Sobol-sequences (Burhenne et al. 2011), a type of quasi-random lowdiscrepancy sequence which aims to prevent any one region of parameter space from being
disproportionately over- or under-sampled (Table A2.1).
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Table A2.1. Sampling range of each parameter in the simulation model. A range of parameter values were
sampled to explore parameter space and observe the effect on the patterns displayed by each clade. Dispersal
capacity is modelled as a dispersal distance (D). Environmental change is modelled as both a frequency (ENV F)
and amplitude (ENVA) of a sine wave under the cyclical model of environmental change, and as a slope (ENV S)
in the directional model of environmental change. The model of environmental change is set by a binary parameter
(ENVmode), and whether the model of environmental change is spatially homogenous, or varies across a spatial
gradient, is defined by another binary parameter (ENV hetero). Niche evolution is modelled as both a niche position
(NEP) and niche breadth (NEB) evolution rate, and phylogenetic signal in the niche is controlled by a single
parameter (PS). The simulation proceeds until the phylogeny of the clade reaches a specified number of tips, with
clade size (Tips). We modelled five different geographic speciation scenarios (Speciation mode): one each where
a particular mode was predominant (vicariant, sympatric, parapatric, founder) and one mixed speciation scenario.

Parameter
D

NEB
NEP
PS
ENVA
ENVF
ENVS
n
m
ENVhetero

ENVmode
Speciation mode

Description
Distance of cells from occupied
cells available during dispersal.
Dispersal kernel.
Niche breadth evolution rate
Niche position evolution rate
Phylogenetic Signal
Amplitude of the environmental
change sine wave
Frequency of the environmental
change sine wave
Slope of linear environmental
change
Simulated clade size
Range size at which the risk of
stochastic extinction = 0
Binary parameter controlling
whether environmental change is
spatially heterogeneous.
Binary parameter controlling the
model of environmental change
Discrete parameter controlling
whether speciation model is
vicariant, founder, sympatric,
parapatric, or mixed.

Sampling range
1, 10

0.0025, 1
0.005, 2
0.25, 1
0.25, 2
0.25, 2
0.001, 0.5
10, 150
50, 250
0,1

0,1
1,2,3,4,5

We ran the simulation 36000 times until a clade of size n was generated (Table A2.1),
discarding 269 simulations which could not be completed because the parameter combination
led to total clade extinction more than five times successively. This lead to roughly 7200

replicates for each speciation scenario, which is considered adequate for model selection in an
ABC framework (Pudlo et al. 2016). For each simulation we recorded the phylogenetic
relationships of taxa, the polygons of each tip species range, the environmental grid, and a data
frame containing information on the niche position, niche breadth, range size, and mode of
speciation for all tip species and internal nodes. Our simulations were written and performed in
R version 3.4.2 using the packages: ape (Paradis et al. 2004), raster (Hijmans 2016), sp (Bivand
et al. 2013), rgeos (Bivand and Rundel 2016), and fpc (Hennig 2015).

Data analysis
At the completion of each simulation, we calculated a 30 summary metrics that have been used,
or might be used to help reconstruct the predominant mode of speciation. These fall into four
main categories, 1) range overlap metrics, 2) range asymmetry metrics, 3) range size and
position metrics, 4) range isolation metrics, and 5) phylogenetic tree shape metrics. More details
on each metric are provided within Table A2.2. All summary statistics were generated in R
version 3.4.2. (generateSummaryStatistics function).

Table A2.2. List of summary metrics used for the study of the geographic mode of speciation with description and
supporting references.

Summary metric
Age-Range
Correlation

Sister species
overlap x
divergence times

Description
Slope and intercept of regression between
phylogenetic node age and geographic
range overlap among nodal descendants
(Fitzpatrick and Turelli 2006)
Slope and intercept of regression between
sister species range overlap and
divergence times. Similar to ARC but
using only sister species.

Mean range overlap Range overlap = proportion of range of the
of sister species
smaller ranged sister species found within
the larger ranged sister species
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Abbreviation
ARCslope, ARCintercept

ROslope, ROintercept

ROmean

Sister species
sympatry
proportions
Sister species range
overlap skew

Proportion of species which have values of
range overlap ≥ 0, 0.5, 0.75, 0.9, or 1.0
(Cardillo and Warren 2016)
Degree of bias in the distribution of sister
species range overlap towards higher or
lower values
Sister species range Degree of clustering or dispersion of sister
overlap kurtosis
species range overlap values
Difference between
The mean and standard deviation of the
sister species
difference in the overlap between sister
overlap and sister –
species and the overlap of each sister
outgroup overlap
species with an outgroup species. Scaled
between -1 where species overlap
completely with outgroups and not at all
with each other, and 1 where sisters
completely overlap with each other and
not at all with outgroups (Cardillo 2015)
Bimodality of sister
Degree to which sister species overlap
species overlap
distributions are either unimodally
sympatric or vicariant, or evenly
distributed between vicariant and
sympatric (Phillimore et al. 2008).
Sympatry ≥ 0.5, 0.75, 0.9, or 1.0.
Mean sister species
Mean ratio of range sizes between sister
range size
species.
asymmetry
Range asymmetry x Slope and intercept of regression between
divergence times
range asymmetry and divergence times
(Grossenbacher et al. 2014).
Mean and standard Standardised range size for each species =
deviation of
range size / largest range size in clade.
standardised range
Measured across all tip species in the
size
phylogeny.
Skew of range size
Degree to which clades show bias in the
distribution across
distribution of range sizes towards higher
all tips
or lower values (Pigot et al. 2010).
Mean standardised
Standardised range distance = minimum
distance between
distance between sister species ranges /
sisters species
maximum distance between two species in
ranges
the clade
Range isolation x
Slope and intercept of regression between
divergence times
standardised range distance and
divergence times.
β tree-splitting
Phylogenetic tree imbalance = measure of
parameter
the uneven distribution of species between
clades descended from nodes across a
phylogeny (Aldous 1996; Blum and
François 2006; Pigot et al. 2010)

RO50, RO75, RO90, RO100

ROskew

ROkurt
TOmean, TOSD

Bimod50, Bimod75,
Bimod90, Bimod100

Asymmean

Asymslope, Asymintercept

RSmean, RSSD

RSskew

RDmean

RDslope, RDintercept
β

Colless’s Index
Sackin’s Index
γ

Phylogenetic tree imbalance (Blum and
Francois 2005)
Phylogenetic tree imbalance (Blum and
Francois 2005)
Distribution of node heights through time,
indicating degree to which phylogeny
conforms to temporally constant
diversification rates (Pybus and Harvey
2000)

CI
SI
γ

We compared the distributions of each summary statistic for simulated clades generated
under different geographic speciation modes, using pairwise Kolmogorov-Smirnov tests. Our
simulations generated large sample sizes (~7,200 replicates for each speciation scenario), which
may return significant p-values even when the effect sizes are small. To reduce the chance of
misinterpreting significant differences we randomly subsampled 500 simulation replicates 100
times, and took the mean values of the test statistic and p-value.

Next we asked whether the signal of speciation is stronger than the signal of geographic
range evolution in present-day (simulated) data, by exploring which model parameters
explained the greatest amount of variation in the summary statistics, independent of all other
model parameters. To do this we used a hierarchical partitioning protocol (Chevan and
Sutherland 2017) which assesses all possible combinations of independent variables (model
parameters) on the response (summary statistics) in a Generalized Linear Modelling framework
and partitions the variance according to a goodness of fit statistic (R2), allowing for the
independent assessment of each parameter’s contribution while removing the effects of
multicollinearity (MacNally 2000). Hierarchical partitioning was implemented in the R
package hier.part (Walsh and MacNally 2013).
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Empirical Data Collection
We collected spatial and phylogenetic data for 30 empirical case studies (six plant, two
fish, one invertebrate, four amphibian, four reptile, five mammal, and eight bird clades),
selected to cover a range of taxonomic groups and levels, clade sizes, and geographic regions
(Table A2.3). We selected monophyletic clades based on the availability of well-sampled
phylogenetic data, with all clades having >80% of known species included, and most with
>90%. Phylogenies were obtained where possible from the public databases TreeBase
(treebase.org) and Data Dryad (datadryad.org), while one trees was obtained from unpublished
sources – the South American Liolaemus (Esquerre et al. unpublished work). For bird and
mammal clades, we used subsets of large composite supertrees constructed from multiple
smaller phylogenies (Fritz et al. 2009; Jetz et al. 2012).

Phylogenies for two clades

(Amphiprion fish and Stenodactylus lizards) were not time-calibrated and were made
ultrametric (with node heights scaled to a relative timescale) using the chronos function in the
ape package in R. When phylogenies contained more than one representative from each species,
these were pruned to species level by randomly selecting one sub-specific lineage to represent
the species.

Spatial data for some clades were obtained as spatial polygons from the IUCN
(http://www.iucnredlist.org) or BirdLife (BirdLife 2016), which depict species range extents
based on both occurrence data and expert assessment of species contemporary distributions.
For other clades we used point occurrence records from GBIF (http://www.gbif.org) and
cleaned of obvious outliers, and in five cases we obtained spatial data supplied from the
supplementary materials of the associated article presenting the phylogeny (Pyrgus butterflies,
Pitteloud et al. 2017; Mimulus plants, Grossenbacher et al. 2014) or relating to the clade

(Banksia, Hakea, and Protea plants, Skeels and Cardillo 2017). Spatial polygons were
estimated from occurrence points using a fixed-k convex hull method (following Getz and

Table A2.3. Details of clades used in empirical analysis. Columns indicate the major taxonomic group each clade
belongs to; the total number of described species; the number of species included in the phylogeny; number of
species with spatial occurrence record data from GBIF; number of species with spatial polygon data from IUCN
or Birdlife; and the source of each phylogeny.
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Clade

Higher taxon

Total
species

Species in
phylogeny

Species
with
occurrence
records

Species
with
polygons

Reference

Banksia

plant

170

157

157

0

(Cardillo and Pratt 2013)

Hakea

plant

149

136

136

0

(Cardillo et al. 2017)

Protea

plant

110

90

85

0

(Valente et al. 2009)

Mimulus

plant

120

114

90

0

(Grossenbacher et al. 2014)

Sidalcea

plant

25

24

24

0

(Sabath et al. 2016)

Bursera

plant

100

85

83

0

(Sabath et al. 2016)

Sebastes

fish

110

95

92

0

(Ingram and Kai 2014)

Amphiprion
Pyrgus

fish
invertebrate

30
37

27
36

17
35

10
0

(Litsios et al. 2012)
(Pitteloud et al. 2017)

Myobatrachidae

amphibian

129

117

39

76

(Vidal-García et al. 2014)

Pseudacris

amphibian

18

17

1

15

(Pyron and Wiens 2013)

Litoria

amphibian

65

64

0

63

(Rosauer et al. 2009)

Plethodon

amphibian

55

45

6

36

(Wiens et al. 2006)

Anolis

reptile

119

100

81

17

(Mahler et al. 2010)

Pygopodidae

reptile

172

155

125

18

(Brennan and Oliver 2017)

Liolaemus

reptile

225

189

16

125

(D. Esquerre unpublished data)

Stenodactylus

reptile

12

12

9

3

(Metallinou et al. 2012)

Lemuridae

mammal

21

17

0

17

(Fritz et al. 2009)

Bovidae

mammal

143

143

0

137

(Fritz et al. 2009)

Diprotodontia

mammal

146

146

0

136

(Fritz et al. 2009)

Geomyidae

mammal

39

39

0

39

(Fritz et al. 2009)

Viveridae

mammal

33

33

0

33

(Fritz et al. 2009)

Vidua

bird

19

19

0

19

(Jetz et al. 2012)

Cucilidae

bird

126

126

0

126

(Jetz et al. 2012)

Petroicidae

bird

45

45

0

45

(Jetz et al. 2012)

Paradisaeidae

bird

42

42

0

42

(Jetz et al. 2012)

Bucerotiformes

bird

64

64

0

64

(Jetz et al. 2012)

Rhinocryptidae

bird

54

52

0

52

(Jetz et al. 2012)

Paridae

bird

53

53

0

53

(Jetz et al. 2012)

Cacatuidae

bird

21

21

0

21

(Jetz et al. 2012)

Wilmers 2004; Cardillo and Warren 2016). Finally, for consistency with our simulated data, all
spatial polygons were transformed into gridded raster format with a grid resolution of 10 arc
seconds to perform data analysis. From the spatial raster and phylogenetic data we obtained the
same summary statistics as for the simulated data.

Inferring the mode of speciation in empirical datasets using model selection
For many complex biogeographic models, determining a likelihood function for the
purpose of model selection becomes intractable. However, there are multiple likelihood-free
model selection and model classification techniques available. Here we use both a machinelearning Linear Discriminant Analysis (LDA) and two Approximate Bayesian Computation
(ABC) approaches; multinomial logistic regression (mnL), and neural net (NN). Unlike
traditional Bayesian or maximum likelihood inference, ABC avoids the calculation of a
likelihood function by simulating data from prior distributions of the simulation parameters and
summarizing this data using well-informed summary metrics (Csilléry et al. 2010; Blum et al.
2013). A simple ABC algorithm rejects or accepts sampled parameters based upon the distance
between the simulated and observed summary statistics (Csilléry et al. 2010). However, to
account for the discrepancy between accepted and observed summary metrics, local linear
regression techniques or non-linear neural network machine learning methods can be used to

better approximate the true posterior (Blum and François 2010; Csilléry et al. 2010). Model
selection can then be performed by estimating the proportion of each model in the posterior.

To perform model selection, first we removed highly correlated variables (Pearson
correlation coefficient, r > 0.9) and applied a variable selection procedure to reduce the number
of summary statistics used in model selection, using the ‘stepclass’ function in R package klaR
(Weihs et al. 2005). We then tested the discriminatory ability of our candidate summary
statistics to distinguish between speciation modes for each method using a leave-one-out cross
validation procedure, calculating the rate of model misspecification for each geographic
speciation mode (the reclassification accuracy). After cross-validating each methods ability to
reclassify the simulated data given the summary statistics, we then inferred the geographic
mode of speciation in the 30 empirical datasets using LDA, implemented using the caret (Kuhn
2016) package in R, and two ABC methods (mnL, NN), implemented with the abc package
(Csilléry et al. 2012). To examine model adequacy we plotted each empirical dataset in two
dimensions along the first two axes of a LDA on the simulated dataset (Figure 2.6 in the main
text). A schematic of the workflow for simulation-based model selection can be found in Figure
2.2 in the main text.
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Chapter 3: Lineages through space and time plots:
visualising spatial and temporal changes in
diversity

Skeels, A. 2019. Lineages through space and time plots: visualising spatial and temporal
changes in diversity. Frontiers of Biogeography. 11 (2), e42954.

Chapter 3

Abstract
During the radiation of a clade, diversification rates can show temporal patterns such as a
speedup or slowdown which might relate to different ecological and evolutionary mechanisms.
The temporal dynamics of diversification of whole clades are often visualised as a lineagethrough-time (LTT) plot, which traces the number of reconstructed lineages at different time
points. However, clades do not radiate evenly across space and may show different temporal
dynamics in different regions. As such, a biogeographic approach is required to more
completely understand temporal diversification dynamics. Here, I present a tool to extract
temporal diversity information across different biogeographic regions from the output of
commonly used ancestral range estimation models implemented in the R package
BioGeoBEARS. The lineages through space and time (LTST) plot allows for visualisation of
diversification dynamics in different regions, formatted in an accessible way which can be used
for further quantitative analysis.
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Introduction
The temporal dynamics of the build-up of diversity in different regions is key to understanding
the emergence of biogeographic patterns in diversity. A common method to explore temporal
patterns of diversification within whole clades is to plot the logarithm of the reconstructed
number of lineages in different time-slices drawn through a time-calibrated molecular
phylogeny; a lineages-through-time plot (LTT; Figure 3.1A; Nee et al. 1992; Harvey et al.
1994). LTTs can be used to visually explore when diversification is deviating from a straight
line as expected under a constant rates model, for example as the net diversification rate of a
clade slows down during the late stages of an adaptive radiation (Nee et al. 1992; Phillimore
and Price 2008). Temporal diversification information can be analysed quantitatively to see
when diversification deviates from the expectation of constant rates (e.g., Pybus and Harvey
2000) and the shape of LTT curves have recently been shown to be a useful summary metric
for diversification diagnostics (Janzen et al. 2015). LTTs have been used extensively in
evolutionary biology, forming a standard visualisation procedure in the toolbox of evolutionary
biologists. However diversification dynamics are not spatially homogenous, and within a single
clade diversity may accumulate more or less rapidly in different regions. To visualise the spatial
context of diversification through time first requires an estimate of the geographic distribution
occupied by each reconstructed lineage in the phylogeny.
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Figure 3.1. Lineages-through-time plot (A), time-calibrated phylogeny (Tonini et al. 2016) (B), and distribution
(Roll et al. 2017) (C) of agamid dragons (family Agamidae).

A suite of ancestral range estimation (ARE) methods are available to infer when in history
lineages have occupied different regions based on models of geographic range evolution
(Ronquist 1997; Ree and Smith 2008; Landis et al. 2013; Matzke 2013a). These methods model
range dynamics by taking geographic range information, as measured by the present-day
occupancy of species in discrete regions (often coded broadly at the scale of ecoregions,
biomes, or biogeographic realms), as well as a time-calibrated phylogeny, and fitting models
of geographic range evolution to these data. Different implementations of AREs model range
shifts via dispersal between regions, speciation amongst or between regions, or extirpation from
a region. ARE models can be constrained to account for the effect of geographic or
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environmental distance on dispersal (Van Dam and Matzke 2016), trait-based dispersal capacity
of species (Klaus and Matzke 2020), historical information on geographic ranges from the fossil
record (Matzke 2013a), or can be time-stratified to account for the ontogeny of different
regions, such as the formation of islands or rise of mountains (Matzke 2014).

Given this flexibility and suitability of ARE models to a range of diverse systems, the
application of ARE methods is prolific in the field of biogeography and many different models,
including variants of the dispersal-extinction-cladogenesis model (DEC; Ree and Smith 2008),
dispersal-vicariance-analysis (DIVA; Ronquist 1997), and BayArea model (Landis et al. 2013),
are commonly implemented in the R package BioGeoBEARS (Matzke 2013b, 2014). However,
despite the advancement of these analytical methods for ARE, methods to visualise the
temporal dynamics of range evolution and diversification tends to be limited to painting the
branches of a phylogeny based on the inferred ancestral condition according to a model of range
evolution (e.g., Figure 2 in Matzke 2014). This limitation generally makes it difficult to extract
the temporal information contained in the output of these models. In this paper, I present a
method for post-hoc data extraction and visualisation of temporal species diversity information
contained in the output of a BioGeoBEARS analysis. These lineage-through-space-and-time
(LTST) plots form a bridge between clade-level LTTs and infra-clade regional diversity
dynamics.
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Methods
Data collection and ancestral range estimation background
The

method

for

generating

a

LTST

is

presented

in

the

R

package

ltstR

(github.com/alexskeels/ltstR) and described below using a global radiation of agamid dragons
(family Agamidae) as an example. The agamid dragons are a large clade of over 400 species
which are broadly distributed through much of the Australasian, Indomalayan, Afrotropical,
and Palearctic biogeographical realms (Figure 3.1C). This radiation is over 90 million years
old, and appears to be showing a slowdown in diversification towards the present (Figure 3.1A),
which is confirmed by estimating the γ statistic on this group (γ = -2.624; Pybus and Harvey
2000). The following analysis was performed on a randomly selected phylogeny from the postburn-in posterior distribution of phylogenies from Tonini et al. (2016; Figure 3.1B), and spatial
information obtained from Roll et al. (2017; Figure 3.1C).
The first step towards generating a LTST is to perform an ARE analysis using BioGeoBEARS.
BioGeoBEARS implements user-specified ARE models from which the probability that each
node and internal branch in a phylogeny occupies a given state (geographic range) can be
estimated. Biogeographic stochastic mapping (Dupin et al. 2016) uses stochastic simulations
based on the phylogeny and the specified ARE model and parameters to assign a state to internal
branches and nodes. Because they are probabilistic, stochastic maps will tend to differ from one
another and account for alternative biogeographic histories based on the ARE model and
parameters. As such LTSTs require at least a single stochastic map and, to account for
biogeographic uncertainty LTSTs, can be produced using a distribution of stochastic maps.
Phylogenetic uncertainty is another source of variation for LTSTs, as ARE is typically
performed on a representative phylogeny such as a maximum clade credibility phylogeny from
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a Bayesian posterior. Phylogenetic uncertainty can be accounted for by replicating ARE
estimation across, for example, alternative phylogenetic trees from a Bayesian posterior.
However, replicating AREs is likely to be computationally prohibitive for many large data sets.
Therefore, it is advised that users acknowledge this source of uncertainty when interpreting
LTSTs.

For the agamid dragons, I scored the biogeography of species by categorising them as present
or absent from the major biogeographical realms of the world. The agamids were present in
four of these, the Afrotropical, Indomalayan, Australasian, and Palearctic realms, which we
used to fit a DEC model to illustrate the application of LTST. From the maximum likelihood
estimates of the DEC model parameters, we obtained 50 biogeographic stochastic maps from
which we generated LTST plots (Figure 3.2).

LTSTs are generated with the R package ltstR (github.com/alexskeels/ltstR) or with R scripts
found in the appendix and requires four objects: 1) a time-calibrated phylogeny, 2) a
BioGeoBEARS geography file, and two objects from the output of biogeographic stochastic
mapping under an ARE model with BioGeoBEARS; the 3) anagenetic events data table, and 4)
cladogenetic events data table. The first two objects are required input for a BioGeoBEARS
analysis, and the last two are the standard output from biogeographic stochastic mapping with
BioGeoBEARS.

Users

having

performed

biogeographic

BioGeoBEARS will have all the necessary components.

stochastic

mapping

with
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Figure 3.2. Lineages through space and time plots (LTSTs) for agamid dragons. This figure shows a LTST from
a single stochastic map (A), a LTST displaying the distribution of diversity through time from 50 stochastic maps
by showing the 95% quantile diversity recorded at each time step (B), and a colour-matched map of the
biogeographical realms used in the biogeographical analysis (C).

Step-by-step guide to producing LTSTs
The following outlines a step-by-step guide to producing LTST plots. A vignette and associated
data to replicate this analysis for the agamid as well as further details on the R code can be
found within the appendix or on GitHub (github.com/alexskeels/ltstR).
1) The method works by first going through the cladogenetic and anagenetic event tables and
extracting all the times in which a state change occurs on the phylogeny for a given stochastic
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map (getEventTiming function). The output from this function is the events timing table, a data
frame which gives the time of each event, the node at which the event is located on the
phylogeny, whether the event was cladogenetic (occurring at a speciation event, at a node) or
anagenetic (occurring in between speciation events, along a branch), the number of species
extant at that time, and a running total of the number of species present in each unique state
combination. From the events timing table we can infer whether the diversity of a region
increases through immigration or speciation, or decreases through emigration or extirpation, to
keep a record of diversity changes through time.

2) Lineages can occupy multiple states (be present in multiple regions simultaneously) and
BioGeoBEARS gives each state combination a unique identifier. For example, in the agamid
lizards, a lineage that occupies Australasia is given state 2, while a lineage that occupies
Australasia and Indomalaya simultaneously is given state 8. An intermediate step is required
which matches the state combination identifier to the actual geographic ranges. The function
getRangeStates generates a lookup table (Table 3.1) to perform this matching.

Table 3.1. Lookup table for geographic ranges from state combination identifiers for agamid dragons. Agamid
species are found in ten different combinations of the four geographic regions; W = Australasia, I = Indomalaya,
P =Palearctic, and A = Afrotropics.

Geographic Ranges
W
I
WI
PI
P
AP
A
AI
WPI
API

State Combination Identifier
2
5
8
11
4
9
3
10
14
15
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3) Next, to obtain the LTST data for each geographic region separately we employ the functions
getLTSTDataTable, for a single stochastic map, or getLTSTFromStochasticMaps, for multiple
stochastic maps. These functions take the events timing table from getEventTiming and the
lookup table from getRangeStates to produce the LTST data table, a data frame (or list of data
frames for multiple stochastic maps) which contain the number of species present in each
geographic range at each event time (Table 3.2). At this stage the LTST data table for a single
stochastic map can be plotted (see vignette in the appendix or on GitHub; Figure 3.2A).
However, comparing LTSTs across multiple stochastic maps requires further processing
because the timing and number of events will be different between iterations of the stochastic
mapping and therefore not align perfectly.

Table 3.2. First four rows of the LTST data table for agamid dragons showing the number of species present in
the four geographic regions at each time point. W = Australasia, I = Indomalaya, P =Palearctic, and A =
Afrotropics.

Time
113.3
110.1
105.3
101.0

W
0
0
0
0

I
1
2
3
4

P
0
0
0
0

A
1
1
1
1

4) To account for the discrepancy in event timing between stochastic maps, the function
slidingWindowForStochasticMaps performs a sliding window analysis to get the number of
species present in each region within regular time intervals based on the window size. The
default is 0.1 time units, but users should select values that make sense for their particular
datasets. For example, if the phylogeny is measured in units of million years, then 0.1 represents
100,000 years. If the depth of the phylogeny is, for example, 30 million years then this may be
a fine enough resolution to assess meaningful patterns, but if the depth of the phylogeny is only
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1 million years then it may make sense to narrow the window size (e.g., 0.01). The output is a
time-standardised LTST data table.

5) To visualise the LTSTs from multiple stochastic maps we then summarise the variability of
species diversity values for each region at each time point in the list of time-standardised LTST
data tables. The function timeRangeAcrossStochasticMaps finds the upper (97.5%) and lower
(2.5%) quantiles for each region at each time step and returns this in the LTST quantile data
table which can be used to plot the distribution of diversity values for a given LTST (see
vignette in the appendix or on GitHub; Figure 3.2B).

Importantly, not only does this method provide a tool for plotting this biogeographic, temporaldiversification information, but it also returns it in a format that is user friendly, making
quantitative analysis of these data more accessible to many users. For example, logistic growth
models can be fit to the temporal diversity data contained within the LTST data tables to
estimate the diversity asymptote, which might be interpreted as the regional diversity carrying
capacities (Skeels and Cardillo 2019a).

Benefits of a biogeographical approach to temporal lineage diversification
dynamics
LTSTs and a biogeographical approach to investigating the temporal dynamics of
diversification are important to understand the evolution of biodiversity. Diversity is not evenly
distributed, with some regions being more diverse than others, for example the Indomalayan
realm contains a greater amount of agamid diversity (Figure 3.2). This uneven distribution of
diversity may be because clades have been, 1) diversifying more rapidly, 2) diversifying for
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longer, or 3) a have greater carrying capacity, in particular regions. LTSTs allow us to more
easily visualise these kinds of spatiotemporal dynamics of diversification within clades. In the
agamids we can see that diversification appears to have been occurring much earlier in the
Indomalayan region, followed by the Australasian, Afrotropical, and Palearctic regions. We can
also see that diversity began to build in the Palearctic, Afrotropics and Australasian regions at
a fairly similar time but different temporal dynamics have led to stark differences in diversity
between these regions. Notably, we can see that the accumulation of diversity was more rapid
in Australasia during the period of between roughly 60-15myr, before slowing towards the
present. Palearctic diversity, on the other hand has been increasing more steadily in the past
20myr and at some point around 10myr overtook Australasia in species diversity.
Comparatively, the Afrotropics have had a lower rate of species accumulation.

Investigating regional patterns in diversification may also help clarify processes that are lost
when looking at clade-level temporal diversification dynamics. For example, in the Agamidae
as a whole we see a diversification slowdown towards the present (Figure 3.1A). This pattern
appears to be repeated in differing degrees within the different biogeographic realms. In the
Palearctic, however, we can see that diversification appears to be still increasing steadily, or
only showing the earliest beginnings of a slowdown (Figure 3.2B), suggesting ongoing steady
diversification from a relatively late-start in this region. This interesting aspect of agamid
diversification is overlooked without an explicitly biogeographical approach.

Conclusion
Lineage-through-space-and-time plots contain information that is useful for interpreting how
diversity has arisen in different biogeographic regions. Clade-level temporal diversification
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dynamics such as understood using the classic lineages through time plot may miss key
dynamics that occur within and between different regions. Differences in the tempo of lineage
accumulation in different regions is particularly obvious in the case of agamid lizards but is
likely to be true in many systems across different spatial and phylogenetic scales. LTSTs offer
a visualisation tool for post-hoc exploration of these dynamics, and the method presented here
also allows users to extract this temporal diversity data which can be used for novel applications
(e.g., Skeels and Cardillo 2019).

Chapter 4: Alternative pathways to diversity across
ecologically distinct lizard radiations

Photo © Damien Esquerré

Skeels, A., Esquerré, D. & Cardillo, M. Alternative pathways to diversity across ecologically
distinct lizard radiations. Global Ecology and Biogeography. 29 (3), 454:469.

Abstract
Lizard assemblages vary greatly in taxonomic, ecological and phenotypic diversity, yet the
mechanisms that generate and maintain these patterns at a macroecological scale are not well
understood. We aimed to characterize the ecological and environmental drivers of species richness
patterns in the context of macroecological theory for ten independent lizard radiations. We analyzed
patterns of species and ecological trait diversity in ten ecologically distinct and widely distributed
clades encompassing nearly all known lizard species. Using recently published spatial,
phylogenetic, and ecological trait datasets, we built spatially explicit structural equation models to
ask whether species diversity was directly or indirectly related to functional divergence or
convergence within communities, and with features of the environment, including measures of
productivity, complexity, and harshness. Our results show that high species diversity is achieved
via different pathways in different lizard clades, with both functionally divergent and convergent
assemblages harboring high diversity in different clades. More generally, we also find common,
positive effects of temperature, productivity, and topography on species richness within lizard
clades. Thermal constraints, topographic complexity, and spatial structuring of functional diversity
help explain the presence of highly diverse lizard assemblages, suggesting the importance of
environmental filters in shaping present-day diversity and assemblage structure. Our results show
how different pathways to high richness in different clades have contributed to the overall global
pattern of species richness in reptiles.

Introduction
Species richness in lizards is unequally distributed around the world, and in many cases, lizards
show discordant diversity patterns compared to other major clades of terrestrial vertebrates.
Some of the greatest diversity in lizards is present in the hot and dry deserts of Southern Africa,
the Arabian Peninsula, and Western Australia (Pianka 1973; Roll et al. 2017), biomes relatively
low in diversity of other vertebrates. On the other hand, other lizard diversity hotspots,
including tropical America and Southeast Asia, are also hotspots for many other groups of
vertebrates (Jetz et al. 2012; Oliveira et al. 2016; Roll et al. 2017). This variation in species
richness patterns has made diagnosing the drivers of lizard diversity difficult, and suggests that
a range of potential drivers of diversity in lizards exists, some of which may be unique among
terrestrial vertebrates (Powney et al. 2010; Tallowin et al. 2017). Investigating the structure and
correlates of diversity of global lizard assemblages across major taxonomic divisions may help
to infer the processes that have shaped the range of patterns within lizards, one of the most
conspicuous, abundant, and ecologically important groups of terrestrial vertebrates (Pianka and
Vitt 2003).

Species pools from which communities are assembled tend to be comprised of closely related
species (Jordan 1905; Warren et al. 2014). Given that allopatric subdivision is the most likely
mode of speciation in many vertebrate clades (Mayr 1963; Skeels and Cardillo 2019b),
sympatry between species is often the result of secondary dispersal after speciation. Therefore,
to understand how diversity has arisen, we require an understanding of how closely related
species can coexist in the same geographic space. If close relatives are the strongest potential
competitors for resources (Darwin 1859; Elton 1946), then secondary sympatry must be driven
by differences in the ecological niche that limit competition (Macarthur and Levins 1967).
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Alternatively, some regions may support ecologically similar species because a shared resource
is abundant enough for multiple species to maintain a minimum viable population size (the
more individuals hypothesis; Srivastava & Lawton, 1998; Storch et al., 2018). In such cases,
sympatry might be unrelated to niche divergence.

These alternative scenarios relate to expectations about the strength of competitive interactions
as filters in the formation of assemblages, and we might expect the strength of different
assembly mechanisms to vary across environments. For example, the more-individuals
hypothesis argues that greater similarity of species’ ecological niches in high diversity
assemblages is possible in ecosystems (such as tropical rainforests) with high environmental
productivity and resource availability (Srivastava and Lawton 1998; Storch et al. 2018). Other
hypotheses, however, may make different predictions based on the same variables. For
example, biotic interactions, including mutualisms, competition, parasitism, and predation, are
often considered to be more important in high-productivity ecosystems such as tropical
rainforests (Dobzhansky 1950; Schemske et al. 2009), which might lead to species-rich
assemblages consisting of ecologically divergent species due to ecological specialization and
coevolution.

It is unlikely that a single theoretical model that describes the relationships between species
richness, ecological divergence, and environmental features can account for the variety of
species richness patterns seen in diverse vertebrate radiations such as lizards. This is because
different mechanisms may be responsible for generating high diversity in different regions,
different clades, or both. One way to approach testing this idea is by categorizing environmental
predictors into broad classes that relate to the key aspects of each hypothesis. For example,
several core macroecological hypotheses make predictions related to some measure of either

environmental productivity, complexity, or harshness (e.g., Laliberte et al., 2014; Fine, 2015)
and these three axes of environmental variation can form the basis of a pluralistic explanatory
framework for lizard diversity.

Productivity is associated with environmental energy and resource quantities and at large spatial
scales is expected to be positively correlated with species richness (Waide et al. 1999).
Productivity may promote ecological similarity by increasing the number of individuals that
can use similar resources (Srivastava & Lawton, 1998; Hypothesis 1, Table 4.1), or drive
ecological divergence by promoting biotic interactions (Brown, 2014; H2). Harshness is a
measure of environmental extremes such as freezing temperatures or aridity. Harshness may
act as an environmental filter, placing constraints on functional or species diversity by
restricting the number and kind of species that can tolerate extreme conditions (Webb et al.,
2002; Kraft et al., 2015; H3), or may promote ecological divergence due to increased
competition for scarce resources, or selection for novel ecological strategies (Botero et al.,
2014; H4). Complexity is a measure of environmental heterogeneity or structure such as
topographic ruggedness, which is expected to be positively correlated with species richness.
Complexity may promote ecological divergence by increasing the number of environmental
niches available in a given area (Badgley et al., 2017; H5), or may increase the opportunity for
allopatric speciation without necessarily increasing ecological or phenotypic diversity (Badgley
et al., 2017; H6). These six hypotheses are not mutually exclusive and different environmental
variables may span different categories (for example temperature might be a measure of both
productivity and harshness). However, this simplified scheme allows us to present a hypothesis
testing framework to investigate alternative possible drivers of species richness simultaneously
(Table 4.1).
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Table 4.1. Six hypotheses that link ecological divergence, species richness, and three major environmental factors,
harshness, productivity, and complexity, and their predictions for the relationships between variables. Env =
environment; SR = species richness; ED = ecological divergence. – negative correlation; + positive correlation; ~
no correlation.
Predictions
Hypothesis

SR ~ Env

H1

Productivity: more individuals

+

H2

Productivity: biotic interactions

H3

Harshness: environmental filtering

H4

Harshness: competition

H5
H6

ED ~ Env
/ ~

-

+

+

+

-

+

+

/ ~

+

-

Complexity: niche diversity

+

+

+

Complexity: allopatric speciation

+

/ ~

-

-

-

SR ~ ED

-

Recent publication of several large databases (Tonini et al. 2016; Roll et al. 2017; Meiri 2018)
has now made it possible to begin to explore how the environment and ecological and
phenotypic trait diversity interact to shape spatial diversity patterns in lizards on a global scale
(e.g., Vidan et al., 2019). Different lizard taxa also show varied spatial diversity patterns (e.g.,
Powney et al., 2010), and this makes them excellent independent case studies to further explore
the mechanisms that drive diversity. We therefore predict that different mechanisms may be
responsible for the origin of different regional diversity patterns in different taxa. For example,
patterns of species and functional diversity in teiid and gymnophthalmid lizards, which reach
their highest levels in high-productivity tropical regions may be best explained by the moreindividuals hypothesis (H1) or the productivity / biotic interactions hypothesis (Schemske et
al., 2009; H2). Harshness mechanisms (H4) may best explain arid-zone hotspots for groups
such as agamid dragons and scincoids, which reach maximum diversity in the western
Australian deserts, due to competition-driven niche divergence (Pianka, 1973). Diversity in
groups such as liolaemids, with maximum diversity in the Andes, might be best explained by
environmental heterogeneity associated with topographic complexity (H5), or allopatric species
pumps (Esquerré et al., 2019; H6). This study aims to estimate patterns of ecological and

phenotypic divergence (hereafter functional divergence) within different taxonomically and
ecologically defined lizard taxa, and then to compare the support for six models described above
by testing the relationships between species richness, ecological divergence, and major
environment features, within each taxon.

Methods
Clade Selection
Estimating patterns of ecological divergence to understand the drivers of species richness
requires comparisons between ecologically similar units that share an evolutionary history. We
selected lizards to include all squamate reptiles excluding snakes, amphisbaenians, and
dibamids, which are vastly different in their ecomorphology. In addition, we divided lizards
into ecologically cohesive sub-clades to investigate diversity patterns, as the hypotheses we
were testing assume that interactions such as competition for shared resources are most likely
to take place between closely related species with similar ecologies. While there is value in
looking at patterns of diversity at a very broad taxonomic scale (e.g., all lizards), interpretation
of ecological divergence becomes more difficult. For example, the addition of any very
distantly related species to an assemblage might disproportionately and misleadingly influence
the measure of ecological divergence, such as the presence of one apex-predator monitor lizard
(Varanidae) in an assemblage largely consisting of small leaf-litter scincoids (Scincidae). We
selected 10 clades: anguids (Anguidae, Anniellidae, and Diploglossidae), varanids (Varanidae),
agamids (Agamidae), scincoids and allies (Scincoidea), pleurodonts and allies (Pleurodonta),
teiids (Teiidae), gymnophthalmids (Gymnophthalmidae), chameleons (Chamaleonidae),
lacertids (Lacertidae), and geckoes (Gekkota). These groups not only represent independent
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monophyletic clades, but vary substantially in their ecology, diversity and geographic
distributions (Figure 4.1), making them suitable independent case studies to test our hypotheses.

Figure 4.1. Geographic patterns of species richness in ten lizard clades. Species richness was estimated within
50x50km equal-area grid cells using species range maps from Roll et al. (2018).

Spatial, phylogenetic, and trait data
We used the most recent estimates of lizard species geographic distributions and phylogenetic
relationships. The phylogeny we used was the consensus super-tree of squamate reptiles from
Tonini et al. (2016), a revision of a phylogeny first presented by Pyron et al. (2013). This
phylogeny is based on molecular data for roughly 55% of taxa, with the remaining taxa placed
using taxonomic inferences (PASTIS; Thomas et al., 2013). Spatial data are from Roll et al.
(2018) and contains polygonal maps for almost all squamate reptiles based on expert assessment
and occurrence records. Trait data are from Meiri (2018). This comprehensive database
contains ecological and phenotypic data for nearly all species of lizards, compiled from the
lizard biology literature.

Many of the traits in the database are incompletely sampled across lizard species. To account
for this we imputed missing data using random forest machine learning in R (‘missForest’ v1.4;
Stekhoven & Bühlmann, 2012). We used random forest data imputation because there is a
tendency for missing data to be biased with respect to species ecology (particularly species
rarity and geographic range location) and multiple imputation has been shown to reduce bias
by maintaining the relationships between traits (Penone et al. 2014). Random forest machine
learning has been shown to outperform several other imputation methods (e.g., KNN;
Troyanskaya et al., 2001) by allowing for complex non-linear relationships between mixed
variable types. Phylogenetic imputation (e.g., PhyloPars; Bruggeman et al., 2009), on the other
hand, requires transforming categorical variables into sets of binary variables and as such was
not used in this analysis. We used all traits in the Meiri et al. (2018) dataset for data imputation,
including taxonomic family included as an additional variable to account for phylogenetic
component of variation in trait values. However, we selected only a subset of traits to use in
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downstream analysis. Firstly, we selected traits that had > 50% representation across all lizard
species. We found nine traits that had > 50% coverage (3000+ species) and most of these had
> 80% coverage (4800+ species). These traits were maximum snout-vent-length (SVL), female
SVL, activity time, diet, reproductive mode, smallest and largest clutch size, leg development,
and microhabitat. We also obtained body mass data based on a conversion of maximum SVL
using family specific equations (Meiri 2010, 2018; Feldman et al. 2016).

We used body mass in place of both maximum and female SVL as it is regarded as one of the
most important ecological traits in reptiles (Hedges 1985; Meiri 2010) and is also highly
correlated with maximum and female SVL. We discarded clutch size (largest and smallest) and
reproductive mode as these traits were unlikely to be involved in niche partitioning between
species. Microhabitat data were originally grouped into seven categories (fossorial, cryptic,
saxicolous, arboreal, terrestrial, marine, semi-aquatic); we extended this to eight categories by
including a generalist category for species belonging to more than one habitat class. Diet was
classified as whether a species consumes mostly plants (herbivorous), mostly animal matter
(carnivorous) or mostly animal matter with significant proportion of plant matter (omnivorous).
Leg development was classified as whether species had four limbs, only forelimbs, only hind
limbs or was limbless. Activity time was classified as whether species were nocturnal, diurnal,
or cathemeral (Meiri 2018). Body mass data were log transformed to normalize the distribution
and make differences between species proportional.

We therefore used five traits for our analyses, body mass (which required imputation in <1%
of species), and four categorical variables; activity time, diet, microhabitat (which required
imputation in <50% of species), and leg development (no missing data). To ascertain an
estimate of imputation error, we subsampled the trait data for all species which had complete

observations for the five traits (3066 species). We then simulated missing data by removing
10% of observations randomly. We imputed these missing data then estimated the imputation
error rate as the proportion of falsely classified entries.

Each database had some entries that were not found in the other databases due to taxonomic
difference (e.g., synonyms or species descriptions post-dating the publication of the data), or
spelling incongruencies. We found 198 species mismatched between the spatial and trait data,
all of which were synonyms, so we relabelled databases based on the most up-to-date taxonomy
in The Reptile Database (Uetz and Hošek 2019). There were a further 309 species with trait and
spatial data that were not present in the phylogeny. Of these, 201 of those were synonyms and
five were misspellings. The remaining 103 species were described after the time of publication
of the phylogeny and were excluded from analyses. This resulted in a dataset containing traits,
ranges, and phylogenetic relationships for 6129 species of lizards, or 5959 after excluding the
amphisbaenians, dibamids, and species from the ecologically and phenotypically distinct but
low diversity Helodermatidae, Lanthanotidae, Shinisauridae and Xenosauridae. The ten clades
we selected included 1581 geckoes, 1704 scincoids, 246 teiids, 144 gymnophthalmids, 318
lacertids, 126 anguids, 78 varanids, 453 agamids, 201 chameleons, 1108 pleurodonts.

Geographic sampling
Ecological processes can lead to patterns that emerge at different spatial scales and extents.
Macroecological studies typically study ecological processes at broad spatial extents
(continental or global) and coarse spatial resolutions (e.g., 100x100km quadrats; McGill, 2019).
However, it is broadly recognised that ecological interactions between species typically occur
at finer resolutions (Rahbek 2005). We sampled 50x50km equal area grid cells based on a
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Mollweide projection of the spatial data across the distribution of each clade to provide a
reasonable balance of the trade-offs between the extent of our study (global), the resolution of
our species-level spatial data (broad spatial polygons), the resolution in which the ecological
processes we were interested in may manifest as discernible patterns (local-scale species
interactions), and the computational constraints of large spatial data sets.
At broad spatial resolutions (e.g., 50x50km) a signature of ecological interactions may be
difficult to detect because species may occur in allopatry across topographic and environmental
gradients within assemblages of this size. We make a distinction here between assemblages (in
which species may interact) from communities (in which species do interact), and we attempt
to address this in our approach to selecting appropriate predictor variables for modelling species
richness and ecological divergence (see below). By including a variable to represent
topographic complexity, we aimed to distinguish between scenarios where species richness is
driven by habitat diversity or allopatry (H5 and H6, Table 4.1) within assemblages. We also reanalysed the data at a finer spatial scale (25x25km grid cells), in which ecological interactions
may be more likely to structure assemblages (though the same issue is present at this spatial
resolution). However, it is noted that at this finer spatial scale we can be less certain of the
accuracy of species compositions, because 25x25km is a finer scale than that at which the
spatial data were collected. Results at both spatial scales are qualitatively similar and discussed
in the Supplementary Information (Appendix S1). For the remainder of the main text we discuss
analyses done at the 50x50km scale.

We stratified the sampling of sites across ecoregions to make sure we sampled a representative
amount of the total ecological and species diversity for each clade. Ecoregions represent
ecologically and geographically distinct units that typically share a common fauna (Smith et al.
2018). We converted spatial polygons for each species into a site x species presence absence

matrix using the lets.presab function in ‘letsR’ package in R (Vilela and Villalobos 2015). We
then sampled sites in each ecoregion in proportion to the area occupied by the clade within
them, sampling a minimum of one grid cell from each occupied ecoregion. We sampled the
number of sites (n) for each clade (i) according to the function n = S*(Ai/Amax); that is, the
proportion of the area occupied by each clade (Ai) compared to the maximum area occupied by
any clade (Amax) for a maximum of roughly 2,500 sites (S). This ensured each clade was
sampled at an equal density across their distribution.

Functional divergence
Different metrics exist to capture ecological diversity (hereafter functional diversity as we use
functional traits as proxies for species ecological niches) within assemblages. Different
measures of functional diversity capture different aspects of the distribution of traits within an
assemblage (Mason et al. 2005). To determine if lizard species were divergent or convergent
within functional trait space across assemblages, we estimated functional divergence (FD)
using Rao’s quadratic entropy (Rao’s Q). Rao’s Q is the sum of pairwise distances between
species as measured by Gower distances (Podani 1999) between trait values, scaled between 0
(species are functionally equivalent) and 1 (species are maximally functionally divergent;
Botta-Dukát, 2005). We estimated FD based on Gower distance of all five traits together
(FDmulti), as well as for body mass alone (FDmass), at each site for each clade, using the
rao.diversity function in the R package ‘SYNCSA’ (v1.3.3; Debastiani & Pillar, 2012). We
selected body mass for separate analysis because it is the single trait most likely to reflect broad
differences in ecology and life history between species (Hedges 1985), and we used both FDmulti
and FDmass to see if the multivariate and univariate measures of divergence give similar results.
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Rao’s Q is not completely independent of species richness. This makes the raw values
unsuitable independent predictors of diversity. To understand how the behavior of FD changes
across assemblages and relates to species richness we compared their values to null expectations
given a biogeographically constrained null model of community assembly; the dispersal null
model (DNM; Miller et al., 2017). The DNM simulates assemblages by sampling species from
nearby sites with a probability inversely proportional to their distance to the focal site, while
approximately maintaining species frequency and site diversity. We calculated site by site
distances using great-circle distances with the function rdist.earth from the ‘fields’ package in
R (v9.6; Nychka et al., 2017). Under the DNM, species from local species pools, which are less
likely to be biogeographically constrained from dispersing into a site, will be preferentially
sampled. For each clade separately, we estimated FD across each site in each simulated
assemblage, for 1000 simulations of the DNM.

From the distribution of values of FD from each site in the simulated datasets we calculated the
standardized effect size (SES) of FD:
𝐹𝐷𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 − 𝑚𝑒𝑎𝑛(𝐹𝐷𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑 )
𝑆𝐷(𝐹𝐷𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑 )

Positive SES values represent assemblages that contain species with more divergent traits than
expected under the null model and negative values indicate species are more convergent that
expected. Values greater than 1.96 or less than -1.96 are considered significantly more or less
divergent (respectively) than null expectations, given an alpha of 0.05.

Modeling species richness
To test our hypotheses about the influence of abiotic factors on species richness directly, or
indirectly through their influence on FD, we extracted values for four environmental predictors
across sites for each clade. We selected mean temperature of coldest quarter (°C) from the
CliMond database (temperature; Kriticos et al., 2014) and Thornwaite’s aridity index from the
ENVIREM database (aridity; Title & Bemmels, 2018) to represent measures of environmental
harshness. “Harsh” values of these variables are at different ends of their scales, for example
harsh conditions of aridity are measured at high values of the aridity index, but harsh values of
the temperature variable (for lizards) are expected at low values of temperatures (cold winter
temperatures). This means that a positive effect of harshness may be measured as a positive
correlation with aridity but a negative correlation with temperature. We selected topographic
ruggedness index from the ENVIREM database (topography; Title & Bemmels, 2018) as a
measure of environmental complexity, and net primary productivity as a measure of
environmental productivity (productivity; Imhoff et al., 2004b,a). All variables were resampled
at the same resolution as our sampled sites (50x50km grid cells) using the raster package in R
(Hijmans 2016) and a single value was extracted for each site.

We were interested in the direct effects of different environmental factors and FD on species
richness (species richness ~ FD + environment), as well as the indirect effects of the
environment on species richness via direct effects on FD (FD ~ environment). To account for
this hierarchy of direct and indirect effects we used piecewise structural equation models
(pSEM) to investigate the relationships between multiple response and predictor variables.
pSEM is a type of pathway analysis that allows users to specify hypothesised causal
relationships between multiple response and predictor variables in the same causal network
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(Lefcheck 2016). pSEM differs from traditional SEM in that pathways in the model are solved
independently, rather than simultaneously finding a global solution (Lefcheck 2016). This
allows for a greater flexibility in the kinds of models can be fit in causal network. This is
important because spatial data, such as assemblage level estimates of species richness and
environmental predictors, can be highly spatially autocorrelated which will violate the
assumptions of standard linear regression (Legendre 1993). To account for this, we fit spatial
autoregressive error models (SAR) along the pathways of our pSEM.

SARs are a modification of standard linear regression with an added error term which accounts
for spatial autocorrelation by weighting the influence of neighbouring sites on the contribution
of each site, based on a spatial weights matrix. To determine the appropriate spatial weights
matrix, we identified neighbours within seven different distances from each focal site (50km,
100km, 150km, 200km, 250km, 300km, 350km, and the maximum distance in which all sites
have at least one neighbour, which varied between groups), and weighted these neighbours
using three different schemes; a row standardised, globally standardised, and variance
stabilising (Tiefelsdorf et al. 1999). These three coding schemes reflect differences in balancing
well connected sites (globally standardised), weakly connected sites (row standardised), or both
(variance stabilising). We used model selection based on Akaike information criterion and
Nagelkerke pseudo-R2 values to determine which spatial weights matrix were used to generate
the best fitting models separately for each SAR (e.g., species richness ~ FD + environment; FD
~ environment) and for each clade. We then used these weights matrices for SAR models in the
pSEM framework. Creating spatial weights matrices was done using the dnearneigh and
nb2listw functions in the package ‘spdep’ (v1.1.2; Bivand et al., 2013; Bivand & Wong, 2018).

We fit a pSEM specifying both species richness and FD as a response and FD and environment
as predictor variables. We first fit fully specified models where each pathway was specified in
the pSEM. We then removed pathways which did not explain a significant amount of variation
in the response and heuristically repeated the analysis using tests of d-separation to include or
exclude pathways. Tests of d-separation are used to assess the goodness of fit of a pSEM by
asking if relationships between pathways that are not specified in the model are independent
after considering the pathways that are specified in the model (Shipley 2000). For each clade
we determined the minimum model in which all pathways significantly explained species
richness and FDSES. SARS were fit using the ‘spdep’ and ‘spatialreg’ packages in R (v1.1.3;
Bivand et al., 2013), while pSEM was fit with ‘piecewiseSEM’ package in R (v2.0.2; Lefcheck,
2016). We repeated analyses using the SES of FDmulti and FDmass.

Functional trait diversity
To assess how the ten different clades varied in trait diversity, we estimated the amount of
functional trait space that each clade occupies by estimating the functional richness of each
clade, standardised by the total functional trait space occupied by all ten clades, using the R
package ‘FD’ (v1.0.12; Laliberte & Legendre, 2010; Laliberte et al., 2014b). The functional
richness metric is measured as a proportion of the total convex hull of multi-dimensional
functional trait space of all lizards occupied by the convex hull of each separate clade, and is
scaled between 0 and 1. We asked whether functional richness was a linear function of species
diversity in each clade using a phylogenetic generalised least squares (Freckleton et al. 2002)
test on a phylogeny reduced to a single tip for each clade, using the pgls function in the “caper”
package (Orme et al. 2018).

84

Phylogenetic signal of traits
To understand the distribution of functional diversity across assemblages considering the
evolutionary history of each trait, we estimated phylogenetic signal of each of the five traits
separately using Pagel’s λ. For quantitative traits we estimated λ using phylosig function in
‘phytools’ (v0.6.60; Revell, 2012) and for categorical traits we estimated λ using continuoustime markov models of character evolution, independently estimating the transition rate
between character states (all-rates-different model), with the fitDiscrete function in ‘geiger’
(v2.0.6.1; Harmon et al., 2008). λ is a branch-length transformation parameter, and its
maximum likelihood estimate is widely used as a measure of phylogenetic signal (where a value
of zero indicates no phylogenetic signal and a value of one indicates evolution under a
Brownian motion model). To assess whether traits showed significant phylogenetic signal we
used likelihood ratio tests to compare estimates of λ for each trait along the phylogeny to those
estimated when the phylogeny was transformed with λ = 0.

Results
Data imputation
The data imputation error rate, as measured by the proportion of falsely classified traits in the
subset data used for cross validation, for the three categorical variables was low (7.6%). Missing
data were unevenly distributed across the clades used in this study. Varanids had the highest
proportion of complete observations for the three categorical traits with missing data (5% for
diet, 3% for microhabitat and 6% for activity), while teiids had the highest proportion of missing
data (67% missing for diet, 26% for microhabitat, and 43% for activity time). Results from

piecewise structural equation models (see below) were very similar when using a single trait,
body mass (a trait which required imputation for only 23 species, or less than 1% of species)
and multiple traits (with imputed data).

Geographic patterns of functional divergence
Measuring functional divergence (FD) in communities using a multi-trait (FDmulti) approach as
well as for a single trait (body mass; FDmass), we found that FD within assemblages was spatially
structured and different between lizard taxa (Figure 4.2). In all clades, for both FDmass and
FDmulti, very few assemblages were significantly divergent, showing values greater than
expected based on the dispersal null model (FDSES > 1.96), with significantly divergent
assemblages accounting for less than 1% of assemblages. On the other hand, for FDmulti, several
clades (geckoes, scincoids, anguids, agamids, and pleurodonts) showed regions in which
assemblages were significantly convergent, with greater than expected functional similarity
(FDSES < -1.96) compared to the dispersal null model. In these clades, convergent assemblages
accounted for between one and five percent of all assemblages. These were typically
concentrated in small areas such as Borneo in agamids or Patagonia in pleurodonts (Figure 4.2).
For FDmass, convergent assemblages accounted for less than two percent in pleurodonts and
scincoids, and less than one percent in all other clades.
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Figure 4.2. Geographic patterns of functional divergence (FDmulti) of five different phenotypic and ecological
traits. Values are the standardized effect size (SES) of Rao’s Q measured using Gower distances of traits compared
to values simulated under a dispersal null model measured in 50x50km grid cells. Positive values (blue) indicate

functional divergence and negative values (red) indicate functional convergence compared to the null model.
Significant SES values are greater or less than 1.96 and -1.96 respectively.

Drivers of species richness and functional divergence
Using spatial autoregressive models (SAR) in a piecewise structural equation model
framework, we found that spatial autocorrelation present in the residuals of ordinary least
squares models was well accounted for. We also found that using a measure of FDSES based on
multiple traits (FDmulti) or a single trait (FDmass) give largely similar results and we found a
positive correlation between standardized coefficients for significant pathways shared between
models (Pearson’s r = 0.6). Here we will present the results based on FDmulti and describe where
FDmass differs in the appendix (Figure A4.1, A4.2).

Species richness was significantly related to several different environmental features in each
clade, and while no relationships were shared amongst every clade, there were several common
relationships, repeatedly appearing in more than five different clades. We found that minimum
temperature of the coldest quarter, a measure of environmental harshness, was significantly,
positively related to species richness in six different clades (geckoes, scincoids, teiids, varanids,
anguids, and agamids) meaning richness is lower in cold-climate assemblages (Figure 4.3). In
most cases, temperature was the strongest predictor of richness (Figure 4.3). Chameleons were
the only group to show an opposite pattern where richness was strongly negatively related to
temperature.
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Figure 4.3. Pathways in piecewise structural equations models of species richness and ecological divergence (the
standardized effect size of Rao’s Q for five different ecological traits). Arrows show all pathways in the full model.
Coloured paths indicate significant pathways in the final model which were chosen using tests of d-separation and
comparing goodness of model fit, while grey pathways indicate excluded pathways from the final model. Red
pathways indicate positive standardized coefficient estimates for the pathway and blue pathways are negative
coefficients. Line width reflects the size of the standardized coefficient, indicated next to each significant path,
with strong effect sizes in bolder lines. Illustrations are by Damien Esquerré and show a representative species
from each clade: Gekko gekko (geckoes), Ameiva ameiva (teiids), Lacerta schreiberi (lacertids), Varanus gouldii
(varanids), Trioceros jacksonii (chameleons), Tiliqua scincoids (scincoids), Vanzosaura rubricauda
(gymnophthalmids), Diploglossus monotropis (anguids), Lyriocephalus scutatus (agamids), Phymaturus maulense
(iguanids).

Topographic ruggedness, a measure of environmental complexity, was positively related to
species richness in eight clades (geckoes, teiids, anguids, chameleons, agamids, varanids,
pleurodonts, and scincoids). Aridity, a measure of environmental harshness, was positively
related to richness in four clades (agamids, varanids, pleurodonts, and lacertids) and negatively
in two clades (scincoids and teiids). Net primary productivity, a measure of environmental

energy and resource quantity, was correlated with richness in five clades (teiids, scincoids,
agamids, pleurodonts, and chameleons).

Species richness was also correlated with functional divergence within assemblages, with
FDSES significantly related to species richness in five of ten lizard clades (Figure 4.3). In two
clades the relationship was positive (varanids and scincoids), while it was negative in three
clades (geckoes, pleurodonts and agamids). FDSES itself was explained by different
environmental predictors, suggesting environmental drivers of ecological assemblage structure,
and in some cases together with a significant relationship between species richness and FDSES,
suggests a further, indirect, effect of the environment on species richness. Temperature was
positively related to FD in four clades (teiids, lacertids, pleurodonts, and chameleons), and in
each case was the strongest relationship in the pathway analysis. Aridity showed a positive
effect in three clades (scincoids, chameleons, and geckoes) and a negative in two clades
(gymnophthalmids and lacertids). Productivity was positively related to FD in two clades
(geckoes and teiids), and negatively in three clades (chameleons, agamids, and scincoids).
Topography was only related to FD in lacertids.

Functional Trait Space
Based on estimates of functional richness of ecological traits within clades, standardized as a
proportion of the total functional richness across all clades, we found that clades differed in the
total amount of ecological trait space they occupied. This was positively related to clade
richness after accounting for phylogeny using PGLS (R2 = 0.77, p < 0.001). Scincoids and
geckoes, the two most species-diverse clades, occupied a large proportion of the overall trait
space (functional richness = 0.91 and 0.87 respectively). The remaining clades occupied smaller
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proportions of this space (functional richness = 0.4 for anguids, 0.36 for pleurodonts, 0.29 for
chameleons, 0.28 for teiids, 0.25 for agamids, 0.10 for lacertids, 0.08 for varanids, and 0.05 for
gymnophthalmids).

Phylogenetic signal
We estimated phylogenetic signal as Pagel’s λ for five different traits in each of the ten clades.
There were eight instances where a clade showed zero variance for a trait (all species had the
same trait value) and 37 of the 42 remaining trait-clade combinations showed significant
phylogenetic signal, suggesting that trait distances tend to reflect the divergence times between
taxa (Table A4.1). The exceptions to this, where traits did not show significant phylogenetic
signal, were for diet in teiids and anguids, activity time in varanids, agamids, and chameleons.
However, values of λ for these traits was still very high (>0.9), and it is likely that it is because
these traits tended to show near zero variation (e.g., are highly conserved), phylogenetic signal
appears not significant. For example, activity time is mostly diurnal with only a handful of
nocturnal or cathemeral species in varanids, agamids, and chameleons. Similarly, diet shows
very little variation in teiids and anguids, with only a handful of species that are not carnivorous.

Discussion
Lizards are an incredibly diverse group that occupy a wide variety of ecological niches and
display an array of phenotypes that is hard to match amongst terrestrial vertebrates, ranging
from tiny fossorial skinks with reduced limbs (Lerista), to large apex predators like monitor
lizards (Varanus); from marine foraging iguanas (Amblyrhynchus) to gliding canopy dwelling

dragons (Draco). This ecological diversity has allowed lizards to occupy almost every
terrestrial habitat on earth, except for the coldest places at high altitudes and latitudes, owing
to one of their most important shared ecological traits: ectothermy, the dependence on
environmental temperatures to regulate their own body temperature. Despite these
observations, it has long been unclear whether the ecological and phenotypic diversity present
in lizards promotes species diversity in lizard assemblages. It has been argued that this is
because different lizard lineages in different regions likely respond to different abiotic and
biotic factors (Pianka 1973).

Using a global, macroecological approach, our results support this idea and suggest that there
are alternate ecological pathways to diversity amongst lizard clades, with support for three of
the six hypotheses for diversity presented in Table 4.1 (H1, H3 and H6). Given differences in
morphology, ecology, and biogeography between the major taxonomic divisions of lizards, it
is perhaps unsurprising that we do not see a general pattern among clades. In some cases
(geckoes, agamids, and pleurodonts), we see high species richness associated with low
functional divergence (FD) between cooccurring species, while in other cases, high species
richness is associated with greater FD (scincoids and varanids), or shows no association
(lacertids, chameleons, gymnophthalmids, anguids, and teiids). However, despite largely
idiosyncratic patterns among clades, there are some common trends. One widespread trend,
shared by six of ten clades, is a negative association between species richness and
environmental harshness, and particularly cold winter temperatures (Figure 4.3). We also see a
positive effect of environmental productivity (net primary productivity) in five clades, and a
relatively weaker positive effect of environmental complexity (topographic ruggedness) on
species richness in eight of the clades.
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Functional convergence and divergence
Both functional divergence and convergence have been demonstrated to explain diversity in
different taxa. For example, species-rich assemblages have been associated with functional
convergence in particular groups of plants (Freschet et al. 2011; Ordonez and Svenning 2018),
birds (Pigot et al. 2016; Cooke et al. 2019), mammals (Cooke et al. 2019), and corals
(McWilliam et al. 2018), and functional divergence in carnivoran mammals (Davies et al.
2007), fish (Mason et al. 2008), and plants (Kraft et al. 2008; Skeels and Cardillo 2019a). Yet,
we still do not have a good understanding of why diversity is associated with either of these
alternative patterns. In lizard assemblages these patterns seem to be independent of fundamental
differences between clades, including the geographic distribution of clades (because clades that
show similar distribution patterns, for example varanids and agamids, show opposite trends;
Figure 4.1); the number of species in a clade (both small and large clades show similar trends);
the ecological trait diversity of a clade (clades that are widely and narrowly distributed in
functional trait space can show similar trends).

Alternative mechanisms likely underlie functional convergence and divergence in high
diversity assemblages of different clades (Table 4.1), and the range of FDSES values suggests
an explanation for the effect of FD on species richness. For most clades, we see very few
assemblages that have greater functional divergence than expected under our null model,
however many clades show values of FDSES skewed towards functional convergence. For clades
that show a positive FD-richness relationship, this means that functional traits in high richness
assemblages do not tend to be more divergent than null expectations, but low richness
assemblages do tend to be more similar than expected. A negative FD-richness relationship
means that high richness assemblages tend to be more functionally convergent than expected.

Hypotheses which predict that species richness is driven by the evolution of niche diversity,
either related to biotic interactions and the limiting similarity principle (H2 and H4, Table 4.1)
or functional divergence in heterogenous environments (H5), are therefore not well supported,
at least along the broad niche axes used in this study (e.g., diet, microhabitat, activity times).
This is because we rarely see any assemblages which are structured by strong functional
divergence at all. Instead, ecological convergence in both high and low richness assemblages,
as well as supporting evidence from a number of significant environmental correlations,
suggests a stronger role for environmental filtering effects (H3).

Environmental filtering
One factor that may drive functional convergence at low species richness across assemblages
is environmental filtering (H3, Table 4.1): when environmental constraints prevent species with
(or without) particular traits from persisting. Environmental filtering might reduce phenotypic
and functional diversity if more extreme environments select for particular traits and
adaptations, as well as reduce species richness if fewer species have evolved adaptations to
persist in extreme environments (Dobzhansky 1950; Currie et al. 2004). Under this hypothesis
we expect environmental features that may place the strongest physiological constraints on
lizard clades, such as low water availability in arid regions (Neilson 2002; Pastro et al. 2013;
Cox and Cox 2015), or cold winter temperatures (Aragón et al. 2010; Pie et al. 2017), to have
the greatest effect suppressing species richness or FD. Across the ten lizard clades used in this
study, this hypothesis receives the greatest support, with a strong effect of temperature in six
clades, and relatively weaker effect of aridity in two clades.
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Temperature clearly plays an important role in limiting the abundance and distribution of lizard
species, since cold temperatures place physiological constraints on metabolic rates of
ectotherms (Buckley et al. 2008, 2012). Low diversity of lizard assemblages may follow from
this in several ways. 1) Relatively few lizard species have evolved adaptations to these thermal
extremes due to evolutionary conservatism of thermal tolerances (Pie et al. 2017). Phylogenetic
signal present in many ecological traits suggests that ecological strategies such as reproductive
mode, clutch size, and body size, which are all related to temperature in lizards (Shine 1985,
2004; Adolph and Porter 1993; Pincheira-Donoso et al. 2008), are not highly labile. 2) Low
diversity of cold regions may be the result of competitive exclusion by endothermic clades that
have a greater physiological capacity to maintain activity in cold climates (Buckley et al. 2012).
The temperature-diversity correlation may also have a historical basis if, 3) cold regions have
more recently been colonized from warmer regions leading to a time-for-speciation effect in
warm regions (Wiens and Graham 2005), or 4) the rate of extinction is greater in colder regions
due to greater fluctuations of climate throughout the evolutionary history of lizards (Dynesius
and Jansson 2000; Pyron 2014).

A measure of harshness on a different environmental axis, aridity, was also associated with
species richness in several clades, although the effect was smaller than that of temperature. Two
clades showed a negative richness-aridity relationship (scincoids and teiids), and two clades
showed a negative FD-aridity relationship (gymnophthalmids and lacertids). Many lizard
lineages thrive in arid environments due to adaptations to resist desiccation (Bradshaw 1988;
James and Shine 2000; Zatsepina et al. 2000). However, the distribution of some clades appears
limited by aridity. Teiids, for example, are widespread in the Neotropics but tend to occur at
relatively low densities in the drier Cerrado, Chaco, and Caatinga biomes, compared with
tropical rainforests. Scincoids are exceptionally diverse in the Australian western deserts, but

this diversity pattern is not repeated to the same degree in arid biomes on other continents,
which may explain a more general negative aridity-diversity relationship in this clade after
accounting for spatial autocorrelation.

Although aridity appears to dampen diversity in some clades, others show increased species
diversity or FD with increased aridity. Lacertids, pleurodonts, agamids, and varanids showed a
positive richness-aridity relationship and cooccur at high densities in relatively arid regions
across their distributions, such as in Southern Africa for lacertids (e.g., Meroles, Harris et al.,
1998), the southwest deserts of North America in pleurodonts (e.g., Phrynosomatidae, Wiens
et al., 2013), and the Australian deserts and savannahs in agamids and varanids. Scincoids,
chameleons, and geckoes all show a positive FD-aridity relationship which seems to be driven
by very low FD in less arid regions such as archipelagic Southeast Asia, compared to more arid
savannahs (e.g., Cerrado geckoes), and deserts (e.g., Saharan scincoids and Madagascan
Chameleons). The high number of sympatric species in deserts, such as phrynosomatid lizards
in North America or Ctenotus skinks in Australia, has been attributed to the vast and
homogeneous nature of deserts that allow species with a similar climatic niche to have wider
distributions and hence tend to overlap (James and Shine 2000; Wiens et al. 2013; Vidan et al.
2019). Therefore, an FD-aridity relationship might also be a product of overlapping widespread
species with diverging ecological traits.

Productivity and Topography
One long-standing hypothesis is whether environmental energy may promote species richness
by increasing resources to support larger minimum population sizes therefore allowing more
species sharing ecological traits to use the same resource base (H1, Table 4.1). Under the more96

individuals hypothesis it is expected that high richness assemblages contain ecologically
redundant species and therefore a negative richness-FD relationship, as well as an effect of
productivity directly or indirectly (if productivity is negatively correlated with FD) on diversity.
We found that net primary productivity, a measure of environmental energy, was a significant
positive predictor of species richness in five clades (teiids, agamids, chameleons, scincoids, and
pleurodonts), and a negative predictor of FD in three clades (chameleons, agamids, and
scincoids). This suggests that in some cases high productivity is associated with high species
richness and functional convergence of species. However, in only one example, the agamids,
do we see high richness associated with functional convergence, via this pathway. Previous
studies of lizards did not find a relationship between species richness and productivity (Buckley
and Jetz 2010), and overall the support for the more individuals hypothesis is equivocal (Currie
et al. 2004; Adler et al. 2011; Storch et al. 2018). Instead, it has been suggested that the
macroecological consequences of ectothermy are that temperature rather than productivity is a
better predictor of species distributions and diversity patterns (Buckley et al. 2012). Our results
suggest productivity does play an important role in promoting species richness in lizards, but it
does not have a widespread effect of promoting greater niche overlap in lizards. More work to
understand the mechanism that drives this relationship is needed.

Topographical complexity is a global driver of species diversity in different clades, reflecting
the ecological and evolutionary influences of geological processes (Grenyer et al. 2006;
Badgley 2010). Topographical complexity may increase diversity through two main
mechanisms. Firstly climatic and habitat heterogeneity across elevations, aspects, and slopes
might present ecological opportunity for diversification along different niche axes (H5, Table
4.1), or by increasing landscape barriers, acting as an allopatric species pump (H6; Badgley et
al., 2017). We found that eight clades showed a positive topography richness relationship

(geckoes, teiids, agamids, anguids, chameleons, pleurodonts, varanids, and scincoids). If
complexity increases species richness through niche divergence across habitats, functional
divergence is expected to be greater in topographically complex assemblages than in
topographically homogenous ones. We observe this pattern only in the lacertids, however a lack
of a richness - topography relationship suggests that this relationship does not act to drive
assemblage level diversity in lacertids. Instead, if complexity increases diversity through
opportunities for allopatric speciation, we expect functional divergence in topographically
complex regions to be less than or equal to topographically homogenous regions, which is the
case in the eight clades with a positive richness-topography relationship. The relatively weak
but consistent positive effect of topography on diversity supports a role for topographically
complex areas acting as “species pumps” to increase diversity in higher taxonomic levels at
global scales. This supports a pattern found at lower taxonomic levels in clades such as
Liolaemus whose radiation is linked to the orogeny of the Andes mountains (Esquerré et al.
2019), but differ from other studies which have found less of a role of topography at regional
scales (Guisan and Hofer 2003; Buckley and Roughgarden 2006; Tallowin et al. 2017).

Conclusion
This study investigated the ecological and environmental drivers of species richness in one of
the largest and most ecologically diverse vertebrate radiations. Our results show that there can
be alternative pathways to high diversity (functional trait convergence and divergence) as well
as more general mechanisms resulting from conserved physiological constraints that are
common to all lizards (ectothermy), or structural properties of the environment that allow
species to partition geographic space (topographic complexity). One assumption that is implicit
in the approach we have used in this study is that species richness is at or near ecological
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equilibrium, that is, that present-day patterns of species richness and trait diversity are reflective
of environmental limits on diversity (MacArthur 1965; Rabosky and Hurlbert 2015b). A
historical and evolutionary approach may complement our understanding of the idiosyncratic
diversity patterns in lizards if assemblages are not saturated with diversity (non-equilibrium
dynamics), and factors such as evolutionary time (e.g., Skeels & Cardillo, 2017; Miller et al.,
2018), or diversification dynamics (e.g., Machac & Graham, 2017) are important in structuring
present-day diversity patterns (Fischer 1960; Rohde 2006), or trait-diversity patterns (e.g.,
Oliveira et al., 2016). A promising approach to more completely understand present-day
diversity patterns could be to combine equilibrium and non-equilibrium dynamics into a
common model framework (Skeels and Cardillo 2019a), although this would require more
complete knowledge of ecological traits that are important in mediating competitive
interactions in lizards. Understanding how the differences between lineages contribute to
present-day biodiversity is critical to understanding the origin and maintenance of diversity.
This study highlights that within large groups, such as lizards, there are both general and
idiosyncratic drivers of diversity.

Appendix
Results for different measures of functional divergence
We measured functional divergence (FD) in two ways, firstly as Rao’s Q of body mass (FDmass)
and secondly as Rao’s Q of body mass, diet, microhabitat, activity time, and leg development
(FDmulti). Results were very similar using both approaches. More than 50% of significant
pathways were shared between FDmass and FDmulti models at 50x50km resolution and more than
60% at 25x25km resolution. The relative importance of significant pathways was also high
between models was high (Pearson’s r of 0.6 between standardized pathway coefficients).
Typically, the environmental predictors of FD maintained their relationships and relative
importance (as measured by the standardized pathway coefficients) regardless of which
measure of FD was used (Figure A4.1).

There are some exceptions to this, for example in the gymnophthalmids, net primary
productivity (NPP) is the only significant (positive) predictor of FDmass but aridity is the only
significant (negative) predictor of FDmulti. These differences are qualitatively similar, because,
while not interchangeable, regions with high NPP are typically not arid and non-arid places are
often highly productive. In other cases, we see changes in whether environmental variables
directly or indirectly effect species richness. Temperature is a positive predictor of species
richness in anguids, when the model is fit with FDmass. When we fit the model with FDmulti,
temperature is indirectly related to species richness through its direct relationship with FDmulti.
In both cases, temperature is an important predictor of species richness, but how we interpret
its effect changes with the different measure of FD. Only in one case do we sign a difference
in sign between FDmass and FDmulti. This is for the relationship between FD and species richness
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in geckoes which is positive in when measured using FDmass and negative when measured using
FDmulti. However, in both cases the relationship is between FD and species richness is relatively
weak compared to other pathways in the model.

Results at different spatial resolutions
We also found that results were consistent when variables were measured at 25x25km
resolution and 50x50km resolution. Roughly 50% of all significant pathways were shared
between models at different spatial resolutions and the standardized pathway coefficients
showed a positive correlation (Pearson’s r = 0.75 for FDmulti and r = 0.67 for FDmass). Typically,
the strongest environmental predictors of species richness were the same between spatial
resolutions, whereas pathways with weak effect sizes (standardized pathway coefficients close
to zero) were more variable between spatial resolutions. For example, the importance of
temperature as the strongest predictor of species richness is the same at both spatial scales. This
suggests that identifying the strongest predictors of species richness were robust to spatial
resolution, however the ordering of variables with weaker relationships to species richness is
sensitive to spatial resolution. The major differences between spatial scales were the relative
importance of functional divergence (FD). At finer resolution (25x25km) FD is a predictor of
species richness in nine clades for FDmulti and eight clades for FDmass (Figure A4.2), compared
to five clades each at 50x50km resolution. There could be several reasons for this. Firstly, we
expect the role of ecological interactions to be stronger at finer spatial scales and we also might
expect species richness patterns to be more closely tied to patterns of functional diversity.
Alternatively, it could be an artifact of the data, because if the spatial data (measured as broad
spatial polygons) is less precise at finer spatial scales we might overestimate the number of cooccurring species which could inflate the degree of divergence we estimate in an assemblage.

More work still needs to be done to estimate how spatial precision affects our estimates of
community assembly and functional diversity metrics.
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Figure A4. 1. Pathways in piecewise structural equations models of species richness (SR) and functional
divergence (FD). All variables were extracted and calculated at a spatial resolution of 50x50km. Panel 1 shows
the models for when FD is calculated as the standardized effect size of Rao’s Q for a single trait, body mass,
whereas panel 2 shows for when FD is calculated as the standardized effect size of Rao’s Q for five traits together,
body mass, diet, activity time, leg development, and microhabitat. Colored paths indicate significant pathways in
the final model which were chosen using tests of d-separation and comparing goodness of model fit, while grey
pathways indicate excluded pathways from the final model. Red pathways indicate positive standardized
coefficient estimates for the pathway and blue pathways are negative coefficients, with coefficient values next to
the paths.

Figure A4. 2. Pathways in piecewise structural equations models of species richness (SR) and functional
divergence (FD). All variables were extracted and calculated at a spatial resolution of 25x25km. Panel 1 shows
the models for when FD is calculated as the standardized effect size of Rao’s Q for a single trait, body mass,
whereas panel 2 shows for when FD is calculated as the standardized effect size of Rao’s Q for five traits together,
body mass, diet, activity time, leg development, and microhabitat. Arrows show all pathways in the full model.
Colored paths indicate significant pathways in the final model which were chosen using tests of d-separation and
comparing goodness of model fit, while grey pathways indicate excluded pathways from the final model. Red
pathways indicate positive standardized coefficient estimates for the pathway and blue pathways are negative
coefficients, with coefficient values next to the paths.
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Table A4.1. Phylogenetic signal, as measured using Pagel’s λ, for five traits in ten lizard clades. Eight traits were
not variable within clades (-), 37 out of 42 traits showed significant phylogenetic signal (* p < 0.05), and eight
traits did not show significant phylogenetic signal, though many of these contained a very small proportion of
species exhibiting different character states (nearly zero variation).

Clade

Body

Activity

Micro

Diet

Leg

Mass

Time

Habitat

Geckoes

0.89*

0.72*

0.78*

0.11*

1*

Scincoids

0.95*

0.89*

0.85*

0.88*

0.98*

Teiids

0.85*

0.88*

0.84*

1

1*

Gymnophthalmids

0.84*

-

0.83*

0.88*

-

Lacertids

0.83*

-

0.74*

0.71*

-

Anguids

0.81*

0.44*

0.75*

1

1*

Varanids

0.91*

1

0.93*

1*

-

Agamids

0.93*

0.9

0.92*

0.83*

-

Chameleons

0.94*

1

0.6*

0.73*

-

Pleurodonts

0.91*

0.42*

0.68*

0.76*

-
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Abstract
Mediterranean-Type ecosystems (MTEs) contain exceptional plant diversity. Explanations for
this diversity are usually classed as either “equilibrium”, with elevated MTE diversity resulting
from greater ecological carrying capacities, or “non-equilibrium”, with MTEs having a greater
accumulation of diversity over time than other types of ecosystems. These models have
typically been considered as mutually exclusive. Here we present a trait-based explanatory
framework that incorporates both equilibrium and non-equilibrium dynamics. Using a large
continental Australian plant radiation (Hakea) as a case study, we identify traits associated with
niche partitioning in co-occurring species (α-traits) and with environmental filtering (β-traits),
and reconstruct the mode and relative timing of diversification of these traits. Our results point
to a radiation with an early non-equilibrium phase marked by divergence of β-traits as Hakea
diversified exponentially and expanded from the southwest Australian MTE into biomes across
the Australian continent. This was followed from 7Mya by an equilibrium phase, marked by
diversification of α-traits and a slowdown in lineage diversification as MTE-niches became
saturated. These results suggest that processes consistent with both equilibrium and nonequilibrium models have been important during different stages of the radiation of Hakea, and
together they provide a richer explanation of present-day diversity patterns.

Introduction
The world’s Mediterranean-type ecosystems (MTEs) are temperate regions defined by a
seasonal climate, with cool wet winters and hot dry summers, typical of the Mediterranean
Basin. Another feature typical of MTEs is an exceptional diversity and endemism of plant
species, yet how this diversity is generated and maintained in these comparatively lowproductivity environments is still incompletely understood. A substantial portion of MTE plant
diversity is contributed by clades that are continentally (or globally) widespread but show a
peak of diversity within MTE regions. For example, three of Australia’s most widespread and
species-rich plant families (Myrtaceae, Fabaceae, and Proteaceae) have at least twice the
number of species in the MTE of southwest Australia than in structurally similar ecosystems of
eastern Australia (Thiele and Prober 2014). Previous studies have highlighted some possible
drivers of high MTE diversity in these clades, including greater diversification rates triggered
by the evolution of key traits (Sauquet et al. 2009; Reyes et al. 2015; Onstein et al. 2016), or a
longer period of occupation (Valente et al. 2009; Cardillo and Pratt 2013; Cook et al. 2015;
Linder and Bouchenak-Khelladi 2015; Skeels and Cardillo 2017). Hypotheses of this kind come
under the broad class of non-equilibrium explanations (Fischer 1960; MacArthur 1972; Rohde
2006), which view differences in present-day diversity as the outcome of historical patterns of
diversity accumulation through time. Alternatively, equilibrium explanations argue that
differences in diversity between regions is determined by different environmental carrying
capacities and available opportunities for niche partitioning in ecological space (MacArthur
1965). Despite traditionally being considered alternative diversification paradigms, it is
increasingly recognised that these distinctions are blurred. For example, diversification can be
decoupled from equilibrium dynamics if changes in the landscape of ecological opportunity
mean that ecological limits to diversity are a moving target (Marshall and Quental 2016), due
108

to factors such as a changing environment or key adaptation. This means that the major
processes determining diversification might shift between what are traditionally considered
equilibrium or non-equilibrium factors. As such, consideration of both types of dynamics
simultaneously might help to explain the origination of biodiversity hotspots, yet rarely have
the relative contribution of equilibrium and non-equilibrium processes been investigated in
MTE regions.

The way diversity accumulates in different regions must be shaped at least partly by the tempo
and mode of trait evolution. One way of investigating the relative contribution of equilibrium
and non-equilibrium processes to present-day diversity patterns, therefore, is by reconstructing
the evolutionary history of ecological traits within large clades. By focusing on patterns within
clades (as opposed to geographically-delimited assemblages), hypotheses can be tested in the
context of diversification and trait-evolution models. Within a clade, shared ancestry means
closely related species may share traits that shape their environmental niche, and as a result
may be more likely to co-occur in similar environments. However, the ecological similarity of
close relatives may also lead them to compete for resources more strongly than with more
distant relatives (Darwin 1859; Elton 1946). Hence, accumulation of diversity within a clade
may be shaped by the balance between trait similarity (for common adaptations to the same
broad environmental conditions) and trait differences that allow differentiation of ecological
niches to reduce competition and permit coexistence. Traits involved with adaptation to broad
environmental conditions, and traits involved in mediating competitive interactions,
correspond, respectively, to species’ β- and α-niches (sensu Silvertown et al. 1999; Silvertown
2006). β-traits, related to the environmental niche, may determine the turnover of species
between environments and the geographic partitioning of space. On the other hand, α-traits,

involved in niche partitioning, influence local-scale co-occurrence and thus the accumulation
of species with sympatric distributions.

The relative timing of diversification of β- and α-traits may provide clues that allow us to
explore if and when equilibrium dynamics begin to emerge from non-equilibrium lineage
diversification. Under classic adaptive radiation models in regions of restricted ecological space
(such as island systems), both trait and lineage diversification are expected to be rapid in early
stages of the radiation, in response to ecological opportunity (Schluter 2000; Rundell and Price
2009; Stroud and Losos 2016). Much of this early diversification may be in traits associated
with α-niche axes, driven by intense competition among populations with largely sympatric
distributions (Simões et al. 2016). In a continental setting, diversification may instead be driven
by 1) geographic opportunity to expand into new regions along climatic gradients, or 2)
geographical isolation resulting from allopatric speciation across geomorphic or climatic
barriers (Rundell and Price 2009; Simões et al. 2016; Maestri et al. 2017). In this case, we
would expect trait diversification along β-niche axes earlier in the radiation than along α-niche
axes (the “β-first” or “habitat-first”, model of radiation: Diamond et al. 1986). This may be
followed by constrained evolution around distinct optima for different environmental regions
(such as biomes) due to fitness requirements imposed by the environment.

Equilibrium and non-equilibrium models of species diversification make distinct predictions
for stages of a radiation following early geographic expansion. Equilibrium models propose
that geographic variation in diversity results from variation in regional carrying capacities,
based on the available resources, niche availability, or trait diversity of the species present in
each region (MacArthur 1965). Equilibrium dynamics also predict that increased competition
between species will drive the rapid evolution of α-traits in sympatric lineages, so that as
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diversity increases co-occurring species should repel each other in phenotypic space (Brown
and Wilson 1956; Mahler et al. 2010). Hence we should see greater diversity of α-traits (relative
to species numbers) in regions of high species richness (such as MTE regions). On the other
hand, under non-equilibrium explanations for the differences in diversity between regions, we
expect that regions occupied for longer or containing more rapidly diversifying lineages have
accumulated more diversity (Ricklefs and Schluter 1993; Figure 5.1). Diversification is
expected to be driven largely by greater opportunity for allopatric speciation across large
geographic areas, so instead of sequential bursts of diversification of β- and α-traits, we might
expect constant rates of trait diversification (Figure 5.1). We also predict no significant
differences in α-trait diversity between regions differing in species richness, although regions
that have been occupied for longer or undergoing more rapid speciation may have greater
diversity in β-traits due to adaptation to local environmental conditions in isolation.

Figure 5.1. Predictions of equilibrium and non-equilibrium lineage diversification and trait diversification
dynamics. Equilibrium models predict differences in carrying capacities between high richness MTE regions (blue
line) and low richness non-MTE regions (yellow line; Panel 1). These dynamics are expected to be coupled with
“β-first” dynamics of trait diversification in two phases. Phase 1: species diversity increases as species fill a range
of environments and/or speciate geographically. At this stage β-traits diversify rapidly (β1) or steadily (β2)
depending on these processes. Phase 2: saturation of species diversity, and diversity increases in α-traits in
response to competition between species (Panel 3). Non-equilibrium dynamics predict either differences in
diversification rates (Panel 2a) or differences in occupation time (Panel 2b) between MTE and non-MTE regions
(blue and yellow). Non-equilibrium models do not necessarily predict sequential phases of trait diversification
(Panel 4) or lineage diversification.

In this study, we use a large Australian endemic plant radiation, Hakea, as a case study to
develop an explanatory framework for MTE diversity that integrates equilibrium and nonequilibrium dynamics, lineage diversification, and trait diversification. Hakea is a large genus
in the family Proteaceae with nearly ubiquitous distribution across the Australian continent, but
with exceptionally high diversity in the MTE of southwest Australia (Figure 5.2).
Reconstruction of the biogeographic history of the clade suggests repeated expansion from the
MTE into other biomes over the past 30Myr (Cardillo et al 2017). The genus exhibits a diversity
of phenotypic traits including growth forms, foliar, and reproductive morphologies. High
numbers of co-occurring species at a local scale make Hakea a suitable case study to test
hypotheses for the associations between inter-specific interactions with close relatives and
modes of evolution of different traits. We use a variety of data types (community-survey,
phenotype, climate, soil, and biogeographic data) to compare the roles of the environment and
biotic interactions on the evolution of traits to understand how macroevolutionary history of a
clade can shape contemporary trait patterns and the accumulation of diversity in MTEs. We
identify α- and β-traits using methods from community ecology, and then apply recently
developed phylogenetic comparative methods for the study of trait and lineage evolution to test
the conceptual framework presented above. We then test the relative importance of measures
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of trait diversity compared to environmental and phylogenetic factors to understand the drivers
of spatial diversity patterns.

Figure 5.2. Map of Hakea species richness across Australia and geolocations of community survey plots used in
this study from the southwest Australia (lower left panel) and the Sydney Basin and Southern Highland ecoregions
of southeast Australia (lower right panel).

Methods
Data Collection
The phylogeny we use in this study is a species tree constructed from phylogenomic data using
ASTRAL-II, with branch lengths and calibrated divergence times estimated using PAML

(Cardillo et al. 2017). We used two versions of the phylogeny for analyses, one containing 135
taxa at the full species level (out of 152 currently recognized Hakea species), and one that also
includes 11 of approximately 30 recognized subspecies (n=146).

We obtained presence-absence data for Hakea species in 621 survey plots across Southwest
Australia and the greater Sydney Basin region in south-eastern Australia (Figure 5.2). Plots in
south-eastern Australia were from multiple flora surveys compiled into a single data repository
(bionet.nsw.gov.au) and those from southwest Australia were from a single flora survey
(Gibson et al. 2004). Both employed a comparable sampling strategy (complete floristic data
collected in 400m2 quadrats). The Sydney Basin and Southwest Australia are the two most
diverse regions in Australia for Hakea, and contain many sites where multiple species of Hakea
coexist locally.

Phenotypic trait data on a number of reproductive, growth form, and leaf structural traits were
collated from the Flora of Australia (Barker et al. 1999), TRY databases (Kattge et al. 2011),
and Kew Gardens Seed Information Database (Royal Botanical Gardens Kew 2018). We
collated data for 16 traits, selected based on the availability of data values across the genus and
reduced this to 13 traits with the highest taxonomic coverage (greater than 80% of species;
Table A5.1). For eight traits, maximum and minimum values were available (not species
means) and we used the maximum value for all analyses: plant height, leaf length, leaf width,
fruit length, pistil length, seed length, flower number, flowering duration. Three traits were
scored as binary: flower colour was classed by the presence of anthocyanin (pink, red, or purple
colour) vs. absence (yellows, creams, whites) based on description of flower colour (Barker et
al. 1999). We compared this information with flower colour information from a previous study
of 51 Hakea species (Hanley et al. 2009) and found complete congruence with the Flora of
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Australia entries. Fire response was classified as regeneration mode after fires, an important
life history feature of MTE flora (resprouting from lignotubers and other structures, vs.
regenerating from seed). Leaf shape was classified as terete (needle-like) vs. broad. To impute
missing data we used a random forest (RF) machine learning technique (MissForest; Stekhoven
and Bühlmann 2012).

Identifying α- and β-traits
Given we do not have a good understanding of which traits might be related to different niche
axes in Hakea, we classified traits into α- and β-traits objectively, based on methods from
community ecology (Cavender-Bares et al. 2006; Silvertown et al. 2006). Traits related to the
α-niche should be involved in mediating negative species interactions of locally co-occurring
species, so we predicted that these traits would be more dissimilar among co-occurring species
than would be expected under neutral assembly dynamics (Cavender-Bares et al. 2006). Traits
related to the β-niche, on the other hand, should be more similar in co-occurring species,
because they reflect common adaptations to the same environmental conditions. Using
community survey data, we performed a mantel test of species trait distance (Gower distances:
Podani 1999) against species co-occurrences (Schoener’s index of co-occurrence: Hardy 2008),
for each of the 13 traits separately. However, non-random patterns in trait distributions in
communities may still arise under a purely neutral assembly model, in two ways (Warren et al.
2014). First, species may show low co-occurrence with their closest relatives due to a history
of allopatric speciation. Alternatively, species may be more likely to co-occur with closely
related species due to in situ radiation within a broadly defined region. To avoid misinterpreting
the role of historical biogeography as ecological sorting processes structuring present-day
assemblages (Warren et al. 2014), we simulated community data matrices (CDM) using a

dispersal null model (DNM; Miller et al. 2017). Under the DNM, assemblage species richness
and individual species occurrence frequencies are approximately maintained, and species are
selected to occupy null communities with a probability proportional to the reciprocal of their
distance from the community. This method improves on many previous null models of
community assembly which assume all species are equally likely to disperse into any particular
community, ignoring biogeographic limitations (but see also Pigot and Etienne 2015). We
performed the same mantel test of co-occurrence and trait distance for each of 1000 simulated
CDMs with the DNM. For comparison, we also simulated 1000 CDMs under the more widelyused independent swap null model (ISN) (Gotelli 2000), which maintains empirical species
frequencies and plot richness, but does not place a biogeographic dispersal constraint on
community assembly.

We selected α-traits as those for which the Gower distance in the community survey data was
greater than expected compared to the DNM, by testing whether the observed coefficient of the
mantel test was greater than 95% of the coefficients from the simulated CDMs. On the other
hand, β-traits should be more similar in species that co-occur within regions compared to
species in different regions. This makes the DNM unsuitable to test if co-occurring species have
more similar traits than expected because the DNM will, by definition, preferentially create
assemblages from species in closer geographic proximity (a problem similar to the narcissus
effect: Colwell and Winkler 1984). We therefore used the ISN (Gotelli 2000) to test if species
traits are more similar than expected compared to null assemblages (mantel coefficients < 95%
of those under the ISN null). As an additional test to identify β-traits, we tested spatial
correlations between traits and environmental features.
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We obtained spatial data for 19 WorldClim climate variables relating to temperature and
precipitation at a resolution of 30 arc seconds (Hijmans et al. 2005), as well as 22 soil variables
(10 variables taken at two different depths; 0-0.5cm and 0.5-1.5cm as well as soil depth and
regolith)

from

the

Soil

and

Landscape

Grid

of

Australia

(CSIRO;

clw.csiro.au/aclep/soilandlandscapegrid) at 3 arc seconds. We summarized values for these
variables across all 135 species which are present in the phylogeny by extracting the mean value
across each species’ geographic range (Skeels and Cardillo 2017). To reduce the high number
of intercorrelated variables into a smaller subset that explained a high amount of variance in
the distribution of species, we used phylogenetic principal components analysis (pPCA; Revell
2009), which accounts for variation attributable to shared ancestry. Similarly, because species
may have similar traits due to shared ancestry, confounding the relationship between traits and
environment, we used phylogenetic generalised least squares (pGLS) to fit models of species
trait values ~ the first four principal components (PC), separately for each trait/PC combination.
For binary traits (fire response, flower colour, leaf shape) we performed phylogenetic logistic
regression (pLR). β-traits were identified as those that were (1) significantly clustered under
the independent swap algorithm of community assembly, or (2) showed a significant correlation
with an environmental PC. Some traits may be both environmentally filtered and involved in
mediating interactions in local communities (i.e., be both related to both the α and β-niche) as
they may show strong associations with environmental features at a broad scale, however at a
local scale may strongly repel each other (high within-region and between-region variance).

Having first identified a set of phenotypic traits corresponding to the α and β-niche, we used a
suite of recently developed phylogenetic comparative methods (PCMs) to understand how the
timing and mode of lineage diversification and trait diversification have led to contemporary
patterns of Hakea species diversity across the Australian continent. Currently available PCMs

are capable of testing a plethora of different evolutionary hypotheses relating to the tempo and
mode of lineage diversification and trait diversification, however no PCMs currently exist that
integrate trait evolution, geographic range evolution, and lineage diversification in a way that
can be used to address all our hypotheses in a single framework. Instead, we apply separate
methods to address different questions, accepting that this leads to a lack of coherence in the
analysis overall, a point to which we return in the discussion. Table 5.1 presents a summary
of the methods we use, the kind of data they require, and how they were used to address our
specific study questions.

Table 5.1. Summary of phylogenetic comparative methods applied in this study to investigate the tempo and mode
of lineage diversification and trait diversification for α- and β-traits in Hakea.

Section

Phy

Trait

Spatial

Questions Addressed

Analyses

Temporal patterns of

X

-

-

Has diversification remained constant

DDD model selection

lineage diversification
Spatial patterns of lineage

through time?
X

-

X

diversification

Are rates of diversification or patterns of

bLTT

density-dependence similar between

GeoHiSSE

regions?
Temporal patterns of trait

X

X

-

Trait-space saturation

diversification for α- and β-traits?

evolution
Drivers of trait evolution

What is the relative timing of trait

X

X

X

Do the environment or species interactions

Trait evolution models

influence the evolution of α- and β-traits?
Drivers of species richness

X

X

X

Is species richness predicted by the

OLS and phylo-spatial

diversity of α- or β-traits, features of the

GLS regressions

environment, or phylogeny
phy = phylogeny, DDD = diversity dependent diversification, bLTT= biogeographic lineage through time,
GeoHiSSE = geographic hidden state speciation and extinction, OLS= ordinary least squares, GLS = generalized
least squares.
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Temporal diversification analysis
The tempo of lineage diversification can give information about equilibrium and nonequilibrium dynamics. Equilibrium hypotheses predict that diversification should slow down
as diversity increases, because if diversity is limited by the existing occupancy of niche space,
then as niche availability decreases through time so should the rate of speciation. However, the
observation of a diversification slowdown could also be an artefact of a protracted speciation
process, in which incomplete speciation causes the number of independent lineages near the
tips of a phylogeny to be underestimated (Etienne and Rosindell 2012). We explored the tempo
and mode of Hakea diversification by comparing a constant-rates birth-death model of
diversification to five different models of diversity-dependent diversification (linear decrease
in speciation, exponential decrease in speciation, linear increase in extinction, exponential
increase in extinction, and a speciation + extinction model), and a protracted speciation model
of diversification. To fit diversification models we used the DDD and PBD packages in R
(Etienne and Rosindell 2012; Etienne et al. 2016) and compared the fit of the seven models
using Akaike weights. We repeated these model tests on the full-species and sub-species
phylogenies. The phylogeny containing sub-species contains proxy information about the
protracted speciation process, as sub-species are often considered as intermediate stages in the
speciation process.

Spatial diversification analysis
To explore whether the accumulation of lineages in different biomes reflects different carrying
capacities, we estimated the tempo of species accumulation in the six major biomes which
Hakea is present in (arid, Mediterranean, temperate grassland, temperate forest, tropical

savanna, and tropical forest) across Australia using biogeographic lineages through time
(bLTT) analysis (Skeels unpublished). We obtained estimates of the number of lineages present
in each biome through time across 50 stochastic maps simulated under the parameters of the
best-fitting biogeographic model (BAYAREALIKE+J; Landis et al. 2013; Matzke 2013) from
a previous study of range evolution in Hakea (Cardillo et al. 2017). From these 50 diversitythrough-time curves, we estimated species-level carrying capacity (K) of each biome by fitting
parametric non-linear growth models to these curves in the R package “growthrates”. This
method uses an L-BFGS-B optimization algorithm to search for estimates of three parameters
(intercept, growth rate, and K) that minimise the sum of squares in an ordinary least squares
regression (OLS). To visualise the accumulation of lineages in each biome through time, we
plot the bLTT as estimated from a single stochastic map pulled randomly from the distribution
of 50. This approach is a variant of the traditional lineages through time plot (LTT) that presents
the number of lineages in different regions reconstructed under a biogeographic model,
accounting for anagenetic and cladogenetic range shifting and extirpation among regions
(Skeels, unpublished).

To test whether there are diversification rate differences between the MTE region of southwest
Australia and other regions we fit 10 alternative models of range evolution and diversification
using the GeoHiSSE framework (Goldberg et al. 2011; Caetano et al. 2018). The GeoHiSSE
method accounts for recognised problems with state-dependent speciation and extinction
models, by modelling the influence on diversification rates of “hidden” states (such as
unmeasured traits or external influences) that are independent of geographic range. Due to small
sample sizes of species in different states, we simplified species geography into those that fall
within the MTE biodiversity hotspot of southwest Australia, vs. non-hotspot regions. We tested
a number of different models that held diversification constant between hotspot and non-hotspot
120

regions (area-independent diversification; AID) and allowed diversification rate to differ
between regions (area-dependent diversification; ADD). We tested three ADD models and
three AID models, allowing for 0, 1, or 2 hidden states each (ADD0, ADD1, ADD2, AID0, AID1,
AID2). We also tested four null models in which diversification rates were dependent on the
hidden state rather than the observed state (ADD1Null, ADD2Null, AID1Null, AID2Null),
reducing the number of free parameters to be estimated. We determined relative model support
using Akaike weights.

Tempo of trait evolution
To test whether β-traits diverged before α-traits we analysed patterns of trait-space saturation
(Rolshausen et al. 2018). Early diverging traits should show high levels of trait saturation when
phylogenetic distances between species are low (i.e., during the early phase of a radiation),
while late-radiating traits should reach saturation at larger phylogenetic distances. We
employed a method by Rolshausen et al (2018) to estimate the point of trait saturation in each
α and β trait. We compared the values of θ50, which represents the minimum phylogenetic
distance where 50% of the diversity in traits has evolved, between traits. We used a jackknife
procedure that iteratively calculates trait saturation curves by removing 10 percent of the
species randomly (Rolshausen et al. 2018). This provides confidence intervals for the trait
saturation curves from which we compared overlap between each individual trait against the
trait-space saturation expected under Brownian motion (BM), Ornstein-Uhlenbeck (OU), and
early-burst (EB) models of trait evolution. Early diverging traits should show significant
overlap with traits simulated under an EB model, while late diverging traits should display low
overlap with all three models. Traits that do not show early or late divergence should be
consistent with either a BM or OU model of trait, but not an EB model.

Mode of trait evolution
To test whether α and β-traits were characterised by different evolutionary histories we tested
four different trait evolution models in a model selection framework. We performed
evolutionary trait analyses only on continuous trait values identified as being candidates for α
or β-traits. Our hypotheses were that traits might 1) converge in sympatry if there is strong
environmental selection, 2) diverge in sympatry if competitive interactions drive character
displacement, 3) drift neutrally, independent of the ecology and geography of the lineages, 4)
drift neutrally but at different rates in different regions if occupation of different regions drives
independent trait-diversification rates. Specifically we expect β-traits to fit the first scenario
and α-traits to fit the second. These scenarios are specified by four different evolutionary
models. 1) a multiple-optima OU model (OUM; Beaulieu et al. 2012) where lineages present
in different biogeographic regions are under different selective regimes towards different
environmental optima, 2) a matching competition model (MC; Drury et al. 2016) where species
in sympatry repel each other in phenotypic space, 3) a Brownian motion model (BM1),
reflecting random drift in trait values through time, and 4) a multiple-rate Brownian motion
model (BMM) where rates of trait evolution can vary between lineages in different
biogeographic regions. BMM and OUM models require estimates of ancestral states to be
specified at nodes within the phylogeny. We randomly selected one of 50 stochastic maps from
the best-fitting model of range evolution (BAYAREALIKE+J; Cardillo et al. 2017) and used
this stochastic map to label internal nodes according to the estimation of ancestral biome
occupancy. We also used this best-fitting model as input to fit the MC model. We compared
model fit using Akaike weights from the sample-size corrected Akaike Information Criteria
(AICc).
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Drivers of spatial patterns of species richness
Finally, we tested whether geographic variation in species richness is better predicted by
phenotypic diversity of α and β-traits, amount of evolutionary history (phylogenetic diversity),
or features of the environment. We hypothesised that under an equilibrium model of
diversification, species richness should be associated with α-trait diversity, whereas strong
associations of species richness with β-trait diversity, the environment, and phylogenetic
diversity would provide more support for a non-equilibrium model of diversification. There are
many spatially explicit measures of trait diversity. We calculated the functional dispersion
(FDis) of traits as this metric is multivariate, estimates the distance of each individual species
to the centroid of all species in the community, and is independent of species richness (Laliberte
and Legendre 2010). The spatial unit for these tests was the IBRA7 classification of Australian
ecoregions, which define 89 geographically distinct regions that each enclose areas of similar
climate, geology, landforms, and vegetation. Ecoregions are an appropriate scale to measure
diversity as they represent distinct biogeographic and ecological entities (Smith et al. 2018),
they have a reasonable sample size, and they contain highly variable numbers of species. For
each ecoregion, we estimated the mean value across grid cells for each climatic and edaphic
variable, as well as net primary productivity (NPP). We then used principal component analysis
to reduce these environmental variables into a set of uncorrelated PCs. We used the first three
PCs, which explained roughly 80% of the variation in the environmental variables, as predictor
variables.

To quantify phylogenetic diversity, we calculated mean pairwise phylogenetic distance (MPD)
between all species in each ecoregion (Webb et al. 2002). We compared observed values of
MPD in each ecoregion to a null distribution of MPD values generated by applying the DNM

across ecoregions. Using the null distribution of MPD we calculated the standardised effect size
as (observed mpd – mean(null mpd)) / sd(null mpd).

We applied a generalised least squares (GLS) model to fit a regression between log(species
richness) and seven predictor variables (MPD, FDisα, FDisβ, PC1, PC2, PC3, area). Because
ecoregions share species with adjacent ecoregions, spatial autocorrelation in species richness
makes spatial units non-independent data points, and can inflate the influence of widespread
species on analyses. To account for this we used a method that accounts for both phylogenetic
and spatial autocorrelation in the data (Hua et al. 2019), which is similar to a model described
by Freckleton & Jetz (2008). This method works by constraining the residual correlation in the
response (log(species richness)) between ecoregions to be a linear function of spatial and
phylogenetic proximity, measured as the pairwise geographic distance between the centroid of
each ecoregion, and phylogenetic variance-covariances. To compare the relative effect of
environmental, phylogenetic, and phenotypic predictors on richness we compared a set of
nested models using likelihood ratio tests.

Results
Identifying α- and β-traits
We identified five candidate α-traits (seed mass; fruit length, seed length, pistil length, and leaf
shape) that had mantel coefficients greater than 95% of those generated under the DNM null
model (Figure A5.1). This indicates that these five traits are more dissimilar among cooccurring species than expected. We also identified two traits (height and leaf length) that had
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estimated mantel coefficients lower than 95% of those generated under the ISN null model.
This indicates that these traits are more similar among co-occurring species than expected.

The first four axes of the pPCA explained ~80% of the variation in environmental features
between species. Using pGLS for quantitative traits and pLR for binary traits we found that
after accounting for phylogenetic relatedness, flower colour and fire response were associated
with an aridity axis (PC1; Table A5.2), leaf shape, pistil length, and fruit length were associated
with temperature seasonality axis (PC2); plant height was associated with a precipitation
seasonality axis (PC3); and height, pistil length, and flowering time were associated with soil
water availability and salinity (PC4). Based on these tests and those described above, we
classified seed mass and seed length as α-traits, and height, leaf length, flowering time, flower
colour, and fire strategy as β-traits. Three traits (fruit length, pistil length, leaf shape) met the
criteria for α-traits under the co-occurrence analysis, and the criteria for β-traits under the
pGLS/pLR analysis. We classified these traits as both α- and β-traits. The remaining traits did
not appear to show patterns consistent with either the α- or β-niche.

Temporal diversification analysis
Support for diversity dependent and protracted speciation models of diversification was much
stronger than for the time-constant birth death model (Table A5.3), suggesting that Hakea
diversification has undergone significant slowdown. We found strongest support for the
protracted speciation model on the full-species tree which suggests that the observed slowdown
might be due to lag times between beginning and completion of speciation, although relatively
strong support for two diversity-dependent models suggests that it is difficult to discern the
drivers of the observed slowdown. To tease apart the role of protracted speciation and diversity

dependence, we applied the same model selection procedure to the sub-species phylogeny. This
phylogeny still provided evidence for diversification slow down, but there was reduced support
for the protracted model, and Akaike weight was divided between two diversity-dependent
models (Table A5.3). The distribution of the γ statistic through time also supports a scenario of
density-dependent rather than protracted-speciation driving the diversification slowdown and
shows that diversification began progressively slowing approximately 7Mya (Figure A5.2),
which is observable in the bLTT plot (below).

Spatial Diversification analyses
We found evidence of biome-specific carrying capacities (K) by fitting density dependent
growth models to biome-specific species accumulation curves reconstructed from a
biogeographic model (bLTT). The Mediterranean biome had the greatest estimated K, followed
by temperate forests, arid zone, tropical savanna, temperate grasslands, and tropical rainforest
(Figure 5.3). Using GeoHiSSE, we found that two models were given 98% of the Akaike weight
according to AIC (Table A5.4); AID1Null (48%) and AID2Null (50%). Under these models,
diversification rate is independent of geographic area (MTE vs non-MTE), and instead better
explained by either one (AID1Null) or two (AID2Null) unmeasured “hidden” variables (Table
A5.4).
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Figure 5.3. A) Biogeographic accumulation of lineages through time (bLTT) from a randomly sampled stochastic
map based on a biogeographic model of range evolution, superimposed onto the Hakea phylogeny. B) Estimated
carrying capacity (K) across biomes from logistic growth models across 50 stochastic maps from a biogeographic
model of range evolution. C) Map of the six biogeographic regions (biomes) used in this study.

Tempo of trait evolution
The evolution of height, flowering duration, seed length, fruit length, pistil length, and leaf
length were all inconsistent with an early burst model, but did not differ from a BM or OU
model. These traits showed values of θ50, an estimate of the minimum standardised
phylogenetic distance at which 50% of diversity in each trait had evolved, between 0.065 and

0.18. These values are related to the relative timing of the evolution of trait diversity, with low
values of θ50 suggesting diversity evolved earlier in the radiation than traits with larger values
of θ50 (Rolshausen et al. 2018). The evolution of seed mass was inconsistent with all three
models and this trait had a far higher θ50 of 0.48. The earliest diverging traits, height and
flowering time, were both identified as β-traits, while the later diverging trait, seed mass, was
identified as an α-trait (Figure 5.4).

Figure 5.4. Trait-space saturation of two traits which showed the earliest trait diversification, height (yellow), and
flowering duration (red), and the single trait which showed the latest relative diversification, seed mass (blue).
This figure shows the minimum estimated phylogenetic distance between taxa (x axis) at which a given proportion
of present-day diversity (y axis) has evolved, and as such gives an estimate of the relative timing of the
diversification of each trait.

Mode of trait evolution
We compared the fit of four distinct phenotypic evolution models on quantitative (not binary)
candidate α- and β-traits. We determined the best fitting model using Akaike weights derived
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from AICc (Figure A5.3). We found that two hypothesised β-traits (flowering duration, height)
showed strongest support for an OUM model with biome-specific trait optima, and one (leaf
length) for a BMM model where different biomes had different rates of trait evolution. For the
α-traits, seed mass showed strong support for a matching competition model, in which trait
evolution is best predicted by the number of sympatric lineages in each biome, while seed
length showed support for an OUM. Fruit and pistil length, showing distributions consistent
with both α- and β-traits, showed strongest support for BMM models, in which there are
different rates of trait evolution in different biomes, which are not constrained around biomespecific optima (as in the OUM model).

Drivers of spatial patterns of species richness
The first three axes of a PCA on environmental predictors captured roughly 80% of the variation
in environmental variables between ecoregions. Using OLS we found that features of the
environment (PC axes), phylogeny (MPDses), and dispersion of α phenotypic traits (FDisα) are
strongly associated with present-day species diversity among ecoregions (Table 5.2). However,
after accounting for spatial and phylogenetic autocorrelation using the phylo-spatial GLS
method, only phylogenetic relatedness (MPDses) and FDisα were associated significantly with
richness above their covariation with other predictor variables (Table 5.2). The difference
between R2 values of the OLS (0.67) and GLS (0.32) models indicates that approximately 35%
of the variation in species richness explained by the predictors is due to phylogenetic and spatial
autocorrelation in the data (Hua et al. 2019). The distribution of predictor and response
variables across ecoregions can be seen in Figure 5.5.

Table 5.2. Coefficient values of predictors in regressions on log(species richness) for Hakea assemblages across
89 Australian ecoregions. We present results for an OLS regression and a GLS model that accounts for spatial and
phylogenetic autocorrelation.*p<0.05, **p<0.01, ***p<0.001

Variable

OLS

PhyloSpatial GLS

FDisα

0.434***

0.354***

FDisβ

0.054

0.057

MPDses

-0.238**

-0.258***

PC1

-0.294**

-0.036

PC2

0.197*

0.095

PC3

-0.620***

-0.125

Area

0.075

0.033

Discussion
Our approach to understanding the exceptional diversity of Mediterranean-Type Ecosystems
(MTEs) has been to investigate the roles of both equilibrium and non-equilibrium dynamics in
the diversification of a large, monophyletic MTE radiation. Overall, the Hakea radiation shows
a strong pattern of diversification slowdown, with different estimated carrying capacities within
different biomes, patterns often interpreted as signatures of density-dependent diversification
and equilibrium diversity dynamics (Moen and Morlon 2014). This would lead to the
expectation that current geographic differences in diversity (including elevated diversity of
MTE regions) are associated with present-day environments and ecological limits (Moen and
Morlon 2014; Rabosky and Hurlbert 2015a). On the other hand, geographic diversity patterns
in Hakea (and several other Australian plant groups) also show signatures of non-equilibrium
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dynamics, with the deeper evolutionary origins of MTE lineages a major contributor to their
elevated diversity (Cardillo and Pratt 2013; Cook et al. 2015; Skeels and Cardillo 2017).

Figure 5.5. Present-day species richness, functional dispersion of α-traits, β-traits, MPDses, and the first three axes
of a PCA of climate and soil values across ecoregions. Arrows indicate significant predictors (α trait dispersion,
and MPDses) of species richness after accounting for covariation with the other predictor variables as well as
phylogenetic and spatial autocorrelation.

Our reconstruction of the evolution of phenotypic traits suggests that both equilibrium and nonequilibrium processes have been involved in the radiation of Hakea, and have made
contributions to the present-day patterns of diversity. Phenotypic traits associated with
adaptation to broad environmental conditions (β-traits; e.g., plant height and flowering
duration) diversified steadily in the radiation, apparently driven by evolution towards different

climatic optima across biomes. Traits associated with partitioning of ecological space (α-traits;
e.g., seed mass) diversified later in the Hakea radiation with the development of phenotypic
repulsion among close relatives in sympatry (although it is important to note not all α- and βtraits fit this pattern; Figure A5.3). Present-day species richness of ecoregions is best explained
by the dispersion of α-traits relative to species richness, and by phylogenetic clustering of
lineages. This supports an growing body of literature that links diversification slowdowns with
high geographic range overlap amongst closely related species (Kennedy et al. 2018; Machac
et al. 2018). Taken together, our results paint a picture of a “β-first” radiation with two distinct
phases. An initial, non-equilibrium phase (from approximately 30Mya-7Mya) was
characterized by geographic expansion from the southwest Australian MTE across the
Australian continent, with lineages diversifying into a wide range of environments. This was
followed, beginning around 7Mya, by an equilibrium phase in which diversification rates
slowed progressively, and species richness within regions was consolidated and maintained by
the increasing diversity of α-traits.

Non-equilibrium drivers: time-for-speciation
Non-equilibrium explanations for MTE diversity typically involve one or more of three
scenarios: 1) there has been a greater time for lineages to accumulate diversity in MTEs because
these regions are older than other temperate biomes (“time for speciation”); 2) MTEs have had
reduced extinction rates (Hopper 2009; Hopper et al. 2016); or 3) MTE lineages or
environments have features that have promoted increased speciation rates (Hopper and Gioia
2004; Linder 2005; Sauquet et al. 2009; Schnitzler et al. 2011; Reyes et al. 2015). After
rainforests, the Mediterranean biome may be the oldest of Australia’s biomes, with recent
estimates suggesting the development of a Mediterranean type climate from 30Mya (Lamont
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and He 2017), whereas temperate forests probably did not become widespread until 25-15Mya
(Byrne et al. 2011), and modern woodland, grassland, savannah, and arid ecosystems until 83Mya (Hill 2004; Beerling and Osborne 2006; Byrne et al. 2008; Bowman et al. 2010; Andrae
et al. 2018). Of an increasing number of MTE clades investigated, many (including Hakea)
appear to have started their radiation within an MTE, supporting the “time for speciation” model
(Valente et al. 2009; Cardillo and Pratt 2013; Cook et al. 2015; Cardillo et al. 2017; Skeels and
Cardillo 2017). Several studies have found evidence for elevated diversification rates in MTE
regions and clades (Onstein et al. 2014, 2016; Cowling et al. 2015; Reyes et al. 2015; Pirie et
al. 2016), and there is fossil evidence for a diverse but now extinct Pleistocene flora in Eastern
Australia (Sniderman et al. 2013), suggesting elevated extinction outside the southwest MTE.
However, we did not find evidence of diversification rate differences between MTE and nonMTE regions in Hakea. However, this could be because extinction is notoriously difficult to
detect from molecular phylogenies (Marshall 2017). Instead, the major source of diversification
rate variation in Hakea might be attributable to the same factors that drive diversification
slowdown across the clade, rather than differences between regions. Given that (1) one of the
main predictors of high Hakea species richness within ecoregions was greater phylogenetic
clustering (shorter mean branch length between species), (2) the ancestor of present-day species
appears to have occupied the southwest MTE region, and (3) that there is no evidence to support
substantial diversification rate differences between the MTE and non-MTE regions, it appears
likely that the non-equilibrium scenario of in-situ diversification over a long period of time
(time-for-speciation effect) contributes substantially to the present-day high diversity of the
southwest MTE.

Equilibrium drivers: diversity dependent diversification and α-niche traits
Over the past ca. 7Myr, a consistent slowdown in Hakea diversification (Figure A5.2, Figure
5.3) marks a shift from the earlier, geographic expansion phase to an equilibrium phase, in
which biotic interactions and partitioning of ecological space seem to have become more
prominent. Under equilibrium dynamics, differences in species richness among regions result
from differences in ecological carrying capacity, which in turn is the result of one or more of
(1) the total energy available (resource volume), (2) the partitioning of resources among species
(niche breadth), or (3) the overlap in resource use among species (MacArthur 1972; Ordonez
and Svenning 2018). While resource volume has been proposed to explain some large-scale
biodiversity patterns (such as the latitudinal diversity gradient), this is unlikely to be the
explanation for high diversity of MTE regions, because primary productivity is often lower than
adjacent temperate forest and woodland biomes (Jetz and Fine 2012). Although different
biomes had different estimated carrying capacities based on the accumulation curves of species
in these regions (Figure 5.3), environmental PC axes, which included measures of
environmental energy as net primary productivity, were unable to explain a significant amount
of variance in species richness among ecoregions, after accounting for spatial and phylogenetic
autocorrelation (Table 5.2). Instead, the functional dispersion of α-traits and phylogenetic
clustering of lineages explained a significant amount of variance in species richness between
ecoregions. This suggests that diversity in the equilibrium phase of the Hakea radiation is
associated not with resource volume, but with the partitioning of ecological niche space among
closely-related species within regions.

We identified five candidate α-traits that appear to be more differentiated in co-occurring
species than one would expect based on a biogeographically informed null model of co-
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occurrence. Four of these traits relate to reproductive structures (fruit, seed, and pistil length,
and seed mass), while another trait reflected the vegetative structure of leaves (leaf shape). One
trait in particular, seed mass, appears to be associated with ecological partitioning in the later
stages of the Hakea radiation. Furthermore, the evolution and diversification of seed mass best
fits a model of interspecific competition in sympatry (Figure A5.3). These results are consistent
with differences in seed mass among species evolving as species richness within regions
approached saturation levels and inter-specific interactions intensified.

Four of the five candidate α-traits were reproductive traits, suggesting that the apparent nichepartitioning in diversity-saturated regions involves differentiating reproductive strategies. .
Reproductive traits have previously been highlighted as strong candidates for mediating
negative interactions between species (Weber and Strauss 2016), and may mediate several
distinct types of interactions between close relatives that permit their coexistence. Firstly,
different reproductive traits might reflect different strategies relating to seedling establishment.
Seed mass is positively associated with seedling mortality in Hakea (Lamont and Groom 1998),
as well as more generally (Coomes and Grubb 2003), and also negatively associated with the
number of seeds produced (Coomes and Grubb 2003). Species that produce fewer, larger seeds
invest more energy per seed, and produce seedlings that are better equipped to deal with drought
than species with smaller seeds (Lamont and Groom 1998; Coomes and Grubb 2003). It has
been shown that although very little regional variation in average seed size exists, coexisting
species often show large variation in seed size (Westoby et al. 1996). In highly seasonal,
drought-prone, or fire-prone environments, different reproductive strategies may favour the
temporal staggering of seedling establishment as a form of bet-hedging (Pake and Venable
1996; Coomes and Grubb 2003), so that variation in seed size of sympatric species may have
evolved as an evolutionarily stable strategy in response to strong competition (Westoby et al.

1996; Rees and Westoby 1997). Secondly, different reproductive traits may be selected for in
co-occurring species due to reproductive interference, the reduction in fitness caused by wasted
resources during hetero-specific mating attempts (Weber and Strauss 2016). Species with
similar floral morphology may be visited by the same pollinators and in some cases set inviable
seeds with hetero-specific pollen. In these cases there would be strong selection for
reproductive differentiation among co-occurring species, if species with similar morphology
have reduced fitness when they co-occur compared to when they do not co-occur. Identifying
which mechanisms explain the diversity of α-traits will be key to understanding how α-trait
diversity influences species diversity.

So why do we see greater partitioning of α-traits in MTE regions compared to non-MTE
regions? If the southwest MTE is where the ancestors of extant Hakea began diversifying
(Cardillo et al 2017), then the radiation of MTE lineages is more mature, and we may simply
be observing in the present a snapshot of the late stages of a radiation which is still running its
course in other regions. In the MTE, greater α trait diversity is related to greater species density
and competition between species, while in other regions major axes of phenotypic and
ecological differentiation may be along β rather than α-niche axes. An alternative interpretation
is that there may be features of MTE regions that promote α-niche differentiation.
Differentiation along α-niche axes may occur following speciation as species repel each other
in trait space (reinforcement); alternatively, strong competition within species may drive
ecological speciation in sympatry. Evidence for sympatric speciation in MTE hotspot clades is
mixed, with support for allopatric speciation in several South African cape clades (Schnitzler
et al. 2011), and budding speciation (sympatric or parapatric) in the Californian floristic
Province (Anacker and Strauss 2014). A recent survey of speciation modes of clades which
included Hakea as well as other MTE genera of Proteaceae (Banksia and Protea), found strong
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support for a prevailing sympatric mode of speciation (Skeels and Cardillo 2019b). Southwest
Australia lacks major geological barriers associated with allopatric speciation between plant
groups, which instead may have differentiated largely along edaphic niche axes (Hopper and
Gioia 2004). Soil oligotrophy (the depletion of nutrients in soil) might drive fine scale
partitioning of the edaphic niche as species either specialise on acquiring different plantavailable nutrients (e.g. forms of P and N), or specialise in their utilisation of these nutrients
(e.g., investment in leaves for photosynthesis, Hopper and Gioia 2004; Laliberte et al. 2013;
Thiele and Prober 2014). Our results point to a possible sympatric speciation mechanism in
MTE regions, the differentiation of reproductive strategies, where strong competition between
species for limited soil nutrients drives differentiation of investment strategies for fruit and seed
morphology. We suggest that a further avenue of research into MTE diversity would be to
compare speciation modes and mechanisms between MTE and non-MTE clades to test whether
unique processes operate in MTE regions to drive high diversity.

Conclusions
Our analyses of the diversification and radiation of Hakea support a β-first model that can help
to explain the exceptional diversity of the southwest Australian MTE. Early diversification
appears to be geographic, as species colonise new environments and diverge along β-niche axes
associated with environmental gradients. As diversity accumulates within regions, diversity
dependent processes emerge. Species diverge along α-niche axes that mediate inter-specific
interactions, and diversification slows through a dampened speciation rate resulting from a
reduction in ecological opportunities to speciate. Our results suggest that time, ecological
carrying capacities, and biome-specific diversification dynamics combine to shape present-day
patterns of diversity. This challenges the notion that equilibrium and non-equilibrium dynamics

are mutually exclusive determinants of present-day diversity of large clades, a conclusion that
has also been supported recently with in-silico experiments (Pontarp and Wiens 2017). Instead,
these dynamics operate at different stages of a radiation and we can use phenotypic,
phylogenetic, and geographic data to infer their relative timing and driving processes. We
suggest that this integrated equilibrium/non-equilibrium approach captures more of the
complexity of historical and ecological processes involved in the evolution of diversity,
compared to models based on equilibrium or non-equilibrium dynamics only.

Together, the set of results from our analyses paint a compelling picture of the evolutionary
dynamics leading to high MTE diversity in Hakea. Like many contemporary macroevolution
studies, however, this study applies a suite of disparate analytical methods to test different
questions regarding the tempo and mode of diversification, methods that have been developed
independently for different purposes. As such, the various methods and models we use are not
well integrated into an overarching modelling framework, and rely on assumptions that are not
always well supported by the data (Cooper et al. 2016). For example, models of trait evolution
often assume that trait evolution is independent of lineage diversification, however as we have
suggested above, ecological speciation may drive diversification of lineages that is coupled
with α-trait diversification in sympatric lineages. This is not well accounted for with current
methods. Despite this, the active development of macroevolutionary methods has come a long
way in attempting to minimize misinterpretation of statistical signal (e.g., HiSSE methods;
Beaulieu and O’Meara 2016), and we find it encouraging that independent tests seem to support
the same general conclusions about evolutionary dynamics in Hakea.
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Appendix
Table A5.1. Data on phenotypic traits collated for Hakea, the number of species with missing data, and data source
(1 = Flora of Australia, 2= TRY database).

Trait

Missing

data

(number

of Data

species)

source

Height

0

1

Flower number

1

1

Pistil length

0

1

Fruit length

0

1

Seed length

2

1

Flowering duration

0

1

Leaf length

0

1

Leaf width

0

1

Leaf length: leaf width

0

1

Leaf nitrogen: phosphorous

58

2

Seed mass

23

2

Leaf dry mass

57

2

Specific leaf Area

52

2

Flower colour

0

1

Fire response

20

1

Leaf shape

0

1

Table A5.2. Coefficients of standardised trait/environment relationships in Hakea species after accounting for
phylogenetic relatedness using phylogenetic generalised least squares for quantitative traits and phylogenetic
logistic regression for binary traits (fire response, leaf shape, flower colour).

Trait
Height
Flower number
Pistil length
Fruit length
Seed length
Flowering duration
Leaf length
Leaf width
Leaf length: leaf width
Seed mass
Fire response
Leaf shape
Fire response
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PC1

PC2

PC3

PC4

-0.0123

-0.0142

-0.0335

0.0396

0.0035

-0.0084

-0.0032

-0.0017

0.0049

-0.0239

-0.003

0.0308

0.0097

-0.0319

0.0026

0.0045

0.0057

-0.0175

0.0001

0.0035

0.0065

-0.0189

0.0114

0.0449

-0.0069

-0.011

0.0067

0.0058

-0.0013

-0.0032

0.0091

0.0000

-0.0079

-0.0062

0.0055

-0.0073

0.0046

-0.0108

-0.0011

-0.0095

-0.0347

0.0159

0.0245

0.02

-0.0027

0.04

-0.0271

0.0000

0.041

0.0105

0.0137

-0.0507

Table A5.3. Akaike weights for temporal diversification model selection in Hakea. Seven models were compared
for two phylogenetic hypotheses, one with only recognised full species, and one with 11 sub-species sampled.
Akaike weights sum to one, and quantify the relative support for each model.

Model

Full species (n=135)

Sub-species
(n=146)

Birth-death

0

0

Diversity dependent speciation (linear)

0.35

0.72

Diversity dependent speciation (exponential)

0

0.01

Diversity dependent extinction (linear)

0

0

Diversity dependent extinction (exponential)

0

0

Diversity dependent speciation + extinction

0.13

0.26

Protracted Speciation

0.52

0

Table A5.4. Akaike Information Criteria and Akaike weights of ten alternative GeoHiSSE models for geographic
range dependent diversification in Hakea related to presence or absence in the southwest Australian
Mediterranean-type-ecosystem. The two best fitting models, AID1Null and AID2Null share roughly half the
Akaike weight. AID = area independent diversification, ADD = area dependent diversification.
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Model

AIC

AICw

AID0

1086.88

0

ADD0

1092.59

0

AID1

1080.91

0.02

ADD1

1102.49

0

AID2

1101.37

0

ADD2

1104.84

0

AID1Null

1074.66

0.48

ADD1Null

1092.28

0

AID2Null

1074.56

0.5

ADD2Null

1097.26

0

Figure A5.1. Observed vs null distributions of r values from mantel tests between pairwise trait distances (Gower
distance) and co-occurrence (Schoener’s C) of Hakea species recorded in communities across southwest and
southeast Australia. On the top row are traits which showed an observed r (blue dashed line) > than 95% of
simulated data (red dashed line) under a dispersal null model (candidate α-traits). On the bottom row are traits that
show observed slope < 95% of simulated data (red dashed line) under an independent swap null model (candidate
β-traits).

Figure A5.2. γ statistic at 100 thousand year intervals across Hakea phylogeny. γ is a measure of the distribution
of node heights in a phylogeny and values < -1.96 (bottom horizontal line) indicate clustering of nodes towards
the root of the phylogeny indicating slowdown, while values > 1.96 (top horizontal line) indicate speed up of
diversification as nodes are distributed more towards the tips of the phylogeny. Consistent slowdown is observable
across roughly the last 7 million years.
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Figure A5.3. Akaike weights of four different phenotypic evolution models for seven α- and β-traits; single rate
Brownian Motion (BM1), multiple rate Brownian Motion (BMM), multiple optima Ornstein-Uhlenbeck (OUM),
and Matching Competition (MC). Seed mass and seed length were recorded as α -traits and showed support for
MC and OUM models. Height, flowering time, and leaf length were recorded as β-traits and supported OUM and
BMM models. Pistil length and fruit length showed characteristics of both α- and β-traits and supported a BMM
model.

Chapter 6: Ecological interactions shape the
evolution of floral traits in communities across a
temperate biodiversity hotspot

Skeels, A, Dinnage, R., Medina, I., & Cardillo, M. Ecological interactions shape the evolution
of floral traits in communities across a temperate biodiversity hotspot. Submitted.

Abstract
Understanding the processes driving the diversification of floral traits is integral to
understanding the assembly of plant communities, as sympatric species aim to minimize
pollinator competition or reproductive interference. Floral divergence may directly drive
speciation events (1) or may occur after speciation either by drift or local adaptation in allopatry
(2) or by negative interactions between species in sympatry (3). Here, we generated predictions
for macroevolutionary, and community assembly patterns expected under these three models
and tested these in a diverse hotspot genus, Hakea (Proteaceae), from Southwest Australia.
Patterns of community assembly suggest that flower colour is more divergent in communities
than the expectation from null models and macroevolutionary patterns for flower colour
supported the role of diversity-dependent processes driving floral divergence. Together our
results highlight how ecological interactions have shaped the evolution of pollination niches
and the assembly of phenotypically diverse communities in a biodiversity hotspot.

Introduction

How do closely related plant species coexist in diverse ecological communities? Closelyrelated species are most likely to compete for resources with one another (e.g., space, light,
nutrients, water) due to shared ecological and life-history characters inherited from a recent
common ancestry (Darwin 1859; Elton 1946). Moreover, closely related plant species may also
share similar reproductive morphology, phenology, pollinator signals, and pollinator animal
vectors. In some cases, this may lead to strong negative biotic interactions (hereafter negative
interactions) such as competition for pollinators (Levin and Anderson 1970) or reproductive
interference, where species bear a cost from heterospecific pollen flow (Gröning and Hochkirch
2008; Moreira-Hernández and Muchhala 2019). In other cases, however, similar pollination
strategies may actually be advantageous if shared floral resources increases pollinator
abundances and visitation rates (Bertness and Callaway 1994; Elzinga et al. 2007; Sargent and
Ackerly 2008; Junker et al. 2015). One of the major challenges to coexistence in closely related
plant species is managing trade-offs between the potential benefits of floral similarity and the
pitfalls of negative interactions. There is growing interest in understanding how plant-pollinator
systems evolve over macroevolutionary timescales, and how these processes can shape species
distributions and floral traits in present-day communities (Sauquet and Magallón 2018).

To reduce negative interactions within a community, species may diverge along a number of
distinct pollination niche axes, including flowering phenology, floral morphology, or pollinator
signaling, each operating as a pre-zygotic barrier to reproductive interference to minimize
synchronous use of the same pollinator vectors (Schiestl and Schlüter 2009; Baack et al. 2015b).
Flowering at different times in the year reduces the potential for pollen sharing between
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individuals of different species. However, flowering phenology in seasonal environments is
often constrained by the availability of resources including water, pollinators, and the timing of
other life history events such as fruiting (Johnson 1993; Forrest and Miller-Rushing 2010),
which may promote synchrony in flowering time. If species flower in synchrony, we might
expect divergence along at least one of two other pollination niche axes (Armbruster et al. 1994;
Eaton et al. 2012). Divergence in floral morphology, such as the size of the flower, alters the
mechanics of pollination and determines which animal vectors can receive and deliver pollen,
while floral signaling, including scent, colour, or rewards, serve to attract pollinators and can
be generalized (e.g., nectar reward; Heywood et al. 1978) or specialized (e.g., sexual deception;
Peakall et al. 2010) to service different animal vectors (Grant 1949, 1994). Evidence from floral
trait patterns in ecological communities typically support the role of divergence between close
relatives along at least one of these three niche axes (Aizen and Vázquez 2006; Eaton et al.
2012; Muchhala et al. 2014; Gómez et al. 2015; Weber et al. 2018).

Divergence in floral traits is common in angiosperms and may be associated with up to one
quarter of lineage divergence events (Niet and Johnson 2009; Van der Niet and Johnson 2012).
Floral divergence has been used as evidence that pollinator shifts may have driven the
exceptional diversification of flowering plants compared to their non-flowering relatives
(Hernández-Hernández and Wiens n.d.; Kay and Sargent 2009; Vamosi and Vamosi 2010;
Kiester et al. 2016; Vamosi et al. 2018). However, how the variation in pollination-traits has
evolved over time and is related to angiosperm diversification remains an open question
(Sauquet and Magallón 2018). This is because it is often difficult to infer from comparative
data whether divergence in floral traits is directly related to speciation events (e.g., pollinator
shifts leading to reproductive isolation cause or reinforce speciation) or whether divergence in
floral traits occurs subsequently to lineage divergence, either the result of drift in allopatric

populations, or character displacement in sympatric lineages (Whalen 1978; Pfennig and
Pfennig 2009).

These alternative mechanisms of floral trait evolution are amenable to testing because they
predict distinct patterns in reconstructions of their macroevolutionary history (Armbruster and
Muchhala 2009; Roncal et al. 2012; Weber et al. 2018). If floral traits are involved in driving
or reinforcing speciation (speciational model; Fig. 6.1), rapid diversification will be coupled
with rapid floral divergence, and so we expect to see a positive relationship between the rates
of lineage diversification and floral trait diversification (rates correlation, Fig. 6.1). Because
speciation is associated with changes in floral traits, trait differences should not be well
predicted by phylogenetic relatedness, or in other words, traits should show low phylogenetic
signal (phylogenetic signal, Fig. 6.1). Communities on the other hand would be expected to
contain close relatives (and show phylogenetic clustering) because the speciation process places
florally divergent sister-species in sympatry (community phylogenetics, Fig. 6.1).

Alternatively, if floral traits diverge gradually in allopatric populations due to random drift in
phenotypes or adaptation to different environments (allopatric drift model, Fig. 6.1), we do not
expect a relationship between lineage diversification and floral trait diversification rates, as we
expect trait differences to be a function of time-since-divergence, and therefore support a
Brownian Motion model of trait evolution, with phylogenetic signal consistent with this pattern.
Under this model, recently diverged sister species will be the most similar in floral traits and
communities of florally divergent species should be assembled from more phylogenetically
distant lineages. Finally, if floral traits diverge as a result of selection to minimize competition
or reproductive interference among sympatric lineages, (negative interactions model, Fig. 6.1)
then we expect to see floral trait diversification in proportion to the potential for competition
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among species. As the number of lineages increases in a region, so do the number of potential
interspecific interactions. This has the two-fold effect of decreasing the rate of diversification,
due to reduced opportunity for ecological speciation (Schluter 2000; Phillimore and Price 2008;
Harmon et al. 2019), and increasing the rate of floral trait divergence, to minimize negative
interactions between interacting species. Therefore, the rate of lineage diversification should be
negatively correlated with the rate of floral trait evolution. This model makes no predictions
about the phylogenetic structure of communities because negative interactions may occur
between closely related or distantly related species.

Figure 6.1. Predictions for macroevolutionary patterns in floral trait divergence and lineage diversification under
three alternative models. Model illustrations show the branching of a lineage into two new species in allopatry (or
also in sympatry as shown in the speciational model) and then returning to sympatry. The speciational model
predicts phenotypic change to be associated with the divergence of the lineages which could drive speciation in
sympatry. The allopatric drift model predicts gradual change over time. The negative interactions model predicts
changes to be driven by interspecific interactions in sympatry. These three models have different predictions for
the presence of phylogenetic signal in traits values, for the correlation between rates of trait diversification (TDR)
and lineage diversification rate (LDR), and the phylogenetic structure of ecological communities (explained in
detail in the main text).

In this study we aim to explore how the macroevolutionary history of floral trait diversification
has contributed to contemporary structure and diversity of floral traits in ecological
communities. Specifically, we want to know 1) do ecological communities exhibit non-random
patterns of floral trait diversity (similarity or divergence) along different pollination-niche
axes? 2) Do the phylogenetic distribution of floral trait values or the relationships between the
rates of floral trait evolution and lineage diversification support either the speciational model,
the allopatric drift model, or the negative interactions model of floral trait divergence described
above? To investigate the link between present-day patterns of community assembly and the
macroevolutionary history of lineage and trait diversification, we use the Australian plant genus
Hakea Schrad. & J. C.Wendl. (Proteaceae) as a case study.

Hakea is a large genus of 152 species with a center of diversity in the Mediterranean-climateregion of Southwest Australia. Southwest Australia is a recognized biodiversity hotspot and
one of the world’s most diverse temperate ecoregions. Here, closely related species co-occur in
high numbers at local spatial scales (Thiele and Prober 2014), providing a good opportunity to
look at how biotic interactions shape biodiversity patterns. Hakea has a well sampled molecular
phylogeny (Cardillo et al. 2017) and phenotypic database (Skeels and Cardillo 2019a). Floral
trait diversity in this genus suggests an important role of floral evolution in the clade’s history
as Hakea exhibits a diverse range of pollination strategies and floral characters (Hanley et al.
2009), with repeated shifts inferred between major animal pollination syndromes - insect and
avian (Mast et al. 2012; Lamont et al. 2016a).
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Methods

Data collection
The phylogeny we use in this study is a species-tree constructed from phylogenomic data using
ASTRAL-II, with branch lengths and calibrated divergence times estimated using PAML
(Cardillo et al. 2017). We placed five missing species at the node of the most recent common
ancestor of all species in the same intrageneric species groupings (Barker et al. 1999). For
certain analyses we pruned the phylogeny to contain only species in the survey data (hereafter
sample-based phylogeny).

Community survey data were obtained from Gibson et al. (2004), who recorded all plant species
in 400m2 plots across a large area of Southwestern Australia. This dataset includes 275 sites
which recorded at least a single Hakea species (Fig. 6.2), with 52 Hakea species recorded in
total. We obtained morphological and phenological data (start, finish, and duration of the
flowering period in months) from Skeels and Cardillo (2019) and Flora of Australia vol. 17B,
for these 52 species together with an additional 39 species of Hakea found in Southwestern
Australia. We selected the maximum length of the pistil (female reproductive organ including
the style, stigma, and pollen presenter; Fig. 6.2) as a single, widely available, morphological
trait that best reflects plant-pollinator interactions (Hanley et al. 2009; Lamont et al. 2016b).
This is because, in Proteaceae, the pistil determines where pollen is both deposited on the
pollinator (the pollen presenter) and delivered to the flower (the stigma). The distance between
the nectary, the pollinator reward, and pollen presenter (pistil length) will mechanically
determine which animal species are able to pollinate a Hakea species. We selected flower

colour as the trait that best reflects pollinator signalling in Hakea (Hanley et al. 2009), which
we derived from a photographic library.

Figure 6.2 A) Southwestern Australian floristic survey data from Gibson et al. (2004). B) histogram of the species
flowering in different calendar months. C) histogram of species richness of Hakea species across sites. D)
simplified illustration of the floral morphology of a Hakea flower, and E) inflorescence on stem (drawn by A.
Skeels).

Photographic library
For each of the 52 species in the community survey data, we collated a digital photographic
library of in-bloom inflorescences primarily from the Australian Plant Image Index
(anbg.gov.au/photo), as well as iNaturalist (inaturalist.org) and flickr (flickr.com). From this
photographic library, we selected between one and three photographs (depending on
availability) to extract RGB colour data from different organs of the inflorescence (style,
pollen presenter, nectary, pedicel, and upper and lower perianth separately when they
differed; Fig. 6.2) and recorded the relative proportion of the organ to the total colour signal
of an inflorescence (for more details on the collection and validation of colour data see the
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Supplementary Information). Flower colour cannot be represented simply by a single trait
because each colour is made up of three values (R, G, B), and each flower is made up of
several colours in different proportions. To account for this, we obtained pairwise chromatic
distances using earth-mover’s distances of colour histograms for each species using the
colordistance package in R (Weller and Westneat 2019). This method takes into account not
only colour differences in a colour space, but also the proportion of the signal occupied by
each colour (Weller and Westneat 2019). We did not consider any particular visual system
(avian or insect) because we assume that the trait being explored is the colour of the flower
produced by the plant, and not the particular perception of it.

Pollinator classification
Hakea species primarily meet an avian or insect pollination syndrome and 36 species in the
survey data (and 52 overall) have been assessed for pollination syndrome in previous studies
(Hanley et al. 2009; Lamont et al. 2016b). We classified pollination syndrome in the remaining
16 species using a random forest classification technique (Breiman 2001). As predictors of
pollination class, we compiled data on traits (from Skeels and Cardillo, 2019) suggested to be
strongly related to pollination class (Hanley et al. 2009), including plant height, pistil length,
flowers per inflorescence, months in flower, teretedness of leaves, and flower coloration (a
binary trait, red/white). To classify pollinator class in the species with unknown pollinators, we
ran the model using all fully observed data (52 species) and then used it to predict the
probability that each species with unknown pollinator class belongs to either avian or insect
pollination modes, based on their measured traits.

Community assembly patterns
We used pairwise phylogenetic distances, morphological differences (pistil length), and
pairwise earthmover’s colour distances to ask whether communities are more or less similar in
these measures than expected by chance. To do this we estimated functional richness (FRic;
Villeger et al. 2008), a commonly used community assembly metric which measures functional
diversity as the proportion of the trait-space volume of each community compared to the total
volume of all species across communities. FRic has been shown to be among the best functional
diversity metrics to distinguish between community assembly processes when communities
contain < 10 species (Mouchet et al. 2010). FRic can only be calculated on sites > 2 species (39
sites in our dataset). We also calculated mean phylogenetic distances (MPD; Webb 2000) as a
measure of phylogenetic clustering. To test whether our empirical estimates of FRic and MPD
differ from the range of values expected by chance, we simulated community data under a null
model of community assembly which shuffles the observed species occurrences among sites
while maintaining species frequencies and site richness (independent swap null; Gotelli 2000).
From 1000 simulated assemblages we estimated FRic based on colour and morphological
distances using the FD package in R (Laliberte et al. 2014b), as well as MPD with the picante
package (Kembel et al. 2010). We then tested whether the mean values of FRic and MPD across
communities fall in the upper or lower tail of the simulated distribution.

Macroevolutionary patterns
To measure phylogenetic signal we used principal component analysis on the RGB values of
the dominant colour in each species’ inflorescence, as well as the perianth and pistil colours
separately as they generally are the two largest organs in Hakea flowers. We calculated
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phylogenetic signal using Blomberg’s K (Blomberg et al. 2003) and Pagel’s λ (Pagel 1999) on
the first principal component which accounted for more than 90% of the variation in colour for
all three measurements. We also calculated K and λ on the raw values of pistil length. To
determine the relative timing of diversification of floral traits in Hakea, we reconstructed
disparity through time (DTT) of flower colour and pistil length separately. We calculate DTT
following Harmon et al. (2003), using the R package dispRity (Guillerme 2018), which
measures the mean disparity of each sub-clade measured at each node in the phylogeny (mean
squared pairwise distances between species) compared to the total disparity of the whole clade.
We decomposed the colour distance matrix into a lower number of dimensions using principal
coordinate analysis (k=5) to use as input for DTT, while we used the raw measurements of pistil
length. We compared the DTT of each floral trait compared to 1000 simulations of traits under
Brownian motion along the sample-based phylogeny. To complement the DTT analysis we also
constructed lineages through time (LTT) plots (Nee et al. 1992) for both the sample-based
phylogeny and full phylogeny of Hakea. LTTs show the number of reconstructed lineages
present at different time points throughout the clade’s history.

To assess the evolution of pollination syndromes (avian or insect) we estimated ancestral states
using stochastic character mapping. First, we compared two different continuous-time Markov
models of state changes along the phylogeny. The first considered equal rates of transitions
between avian and insect pollination syndromes (ER) and the second estimated different rates
between avian-insect and insect-avian (ARD). Models were fit using the rerootingMethod
function in phytools (Revell 2012). An ARD model was considered the best fit to the data based
on a likelihood ratio test (df =1, D=12.86, p<0.01) and for visualisation of character evolution
on the phylogeny we generated 1000 stochastic maps from this model and mapped the posterior

density of state estimations using the densityMap function in the R package phytools (Revell
2012).

To gain a better understanding of evolutionary rate heterogeneity and the dynamics between
the rate of floral trait evolution and the rate of lineage diversification through time, we estimated
branch-specific values of these rates along the Hakea sample-based phylogeny. We estimated
the rate of floral colour and pistil length evolution using phylogenetic ridge regression, as
implemented in the R package RRPhylo (Castiglione et al. 2018). For simplicity, we ran the
model on a single RGB colour value for each species, chosen as the colour making up the largest
proportion of the flower. To estimate branch specific rates of lineage diversification we used
the ClaDS2 model, which estimates speciation rates across the phylogeny, assuming a constant
turnover rate through time, using a Bayesian approach (Maliet et al. 2019) in the R package
RPANDA (Morlon et al. 2016). We ran the model for 5000 MCMC iteration, with a thinning
rate of 10, using the proportion of species in the sample relative to all Hakea species to adjust
the model for taxon sampling. For further analysis, we extracted the maximum a posteriori
estimates for each branch of the phylogeny. We excluded Hakea species that were not in the
original molecular phylogeny, to avoid any impact their uncertain placement might have on
estimating diversification rates.

We then fit a model of how floral trait evolutionary rate depends on diversification rate across
branches of the phylogeny, and how this relationship depends on the inferred pollinator status
along each branch (from the ARD model). We fit a standard linear model with gaussian error
structure (for flower colour and pistil length separately), using log transformed trait evolution
rate (+0.1 to deal with some near zero estimated rates) as the response, and log transformed
diversification rate (+0.1), and predicted pollinator status (as a categorical factor) as predictors
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in the model. We also included a pollinator status by diversification rate interaction to model
whether the relationship between diversification rate and floral trait evolution rate varies by the
most likely ancestral pollinator.

Results
Community assembly
The mean functional richness (FRic) of flower colour for assemblages across Southwest
Australia was greater than the null expectation based on the independent swap model of
community assembly (Fig. 6.3). The mean FRic of floral morphology (pistil length), and MPD
across communities was no greater than expected according to the null model. This suggests
that across Southwest Australia, communities tend to occupy a greater volume of trait space for
flower colour than if communities across the region were assembled randomly. On average, the
volume of morphological space, as well as the mean phylogenetic relatedness of species falls
in the null distribution.

Figure 6.3. Observed and null distributions of mean phylogenetic distance (MPD) and functional richness (FRic)
measured for two floral traits, maximum pistil length and flower colour, averaged across communities in
Southwest Australia. Upper and lower 2.5% quantiles are shaded in dark red, and the observed average metric is
given by the vertical black lines.

Pollination syndromes
We built a random forest classification model to classify pollinator class in 16 species based on
observed data from 52 species. The major contributing variables were the maximum and
minimum pistil lengths followed by the number of flowers per inflorescence. All species
received predicted pollinator class probabilities > 75% and most >90%. We therefore assigned
pollinator classes to species based on which class received the majority support.

Ancestral state reconstruction of pollinator class (avian or insect) using a continuous-time
Markov model identified avian pollination syndrome as the most probable ancestral state,
although there is high uncertainty (56% support for avian and 44% for insect). An all-ratesdifferent (ARD) model was a better fit to the data than an equal-rates (ER) model, and the avian
to insect transition rate was higher (0.06±0.02) than the insect to avian rate (0.02±0.01). The
model highlights two main clades showing different pollination syndromes. One avian clade
shows repeated transitions between avian and insect pollination modes, while another insect
clade shows far fewer transitions (Fig. 6.4A).

Evolution of floral traits
There is strong phylogenetic signal in pistil colour (K=0.69, p=0.006; λ=0.54, p<0.0001), but
not in the dominant colour (K=0.45, p=0.59; λ<0.0001, p<0.0001), perianth colour (K=0.54,
p=0.15; λ=0.41, p=0.24), or pistil length (K=0.60, p=0.053, λ=0.19, p=0.24). PC1 of the
dominant colour was correlated with PC1 of perianth colour (Pearson’s r = -0.8) but not with
pistil colour (r = 0.4) and the perianth typically contributed the most to the dominant colour of
the inflorescence.
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Disparity through time (DTT) analysis showed that sub-clade disparity was mostly consistent
with that expected under Brownian motion for both floral morphology (pistil length, Fig. S6.1).
Flower colour, on the other hand, shows sub-clade disparity consistent with that expected under
Brownian motion for much of this early history (Fig 6.4D), followed by an extended period,
from roughly 15 to 5 million years ago, characterised by significant deviation away from this
null expectation. Lineages that originated during this later period explain a significant
proportion of the total colour variation in the whole group. This suggests that similar colour
morphs evolved repeatedly during this period, and the rate of divergence is greater than
expected under a Brownian motion model (Fig 6.4D). We also see relatively high pairwise
colour distances at low phylogenetic distances (Fig. S6.2), which is inconsistent with Brownian
Motion (Cadotte et al. 2017). This relatively late period of radiation is also characterised by a
slowdown in lineage diversification. These diversification dynamics are seen in both the full
and sample-based phylogenies (Fig 6.4C).

The statistical model of evolutionary rates revealed that there was generally a negative
relationship between diversification rate and flower colour evolution rate (slope = -0.24, t = 2.43, p = 0.017; Table S6.1), such that the slower estimated diversification is, the faster
estimated colour change tends to be along phylogenetic branches. This effect is much more
pronounced in lineages predicted to be bird pollinated, as implied by a negative interaction
between bird pollination mode and diversification rate (slope = -0.42, t = -2.06, p = 0.042;
Fig. 6.4E). There was little evidence of an overall difference in colour rate evolution between
the two pollination modes (slope = 0.19, t = 0.896, p = 0.37). In contrast, rates of pistil length
evolution did not show any strong patterns with respect to diversification rate (slope = -0.098,
t = -0.95, p = 0.35), though they were marginally higher in bird pollinated lineages overall

(slope = 0.37, t = 1.71, p = 0.091). Likewise, the relationship between pistil length evolution
rate and diversification rate did not clearly depend on predicted pollinator class (slope = 0.31, t = -1.46, p = 0.15).
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Figure 6.4. Evolution of disparity in flower colour. A) phylogeny of 52 species from across Southwest Australia,
sampled in the community survey data. Branches are coloured by the inferred probability of belonging to avian
(pink) or insect (white) pollinator classes based on a continuous-time Markov chain model of trait evolution. We
highlight predominately insect and avian pollinated clades with a corresponding silhouette. B) average colours
sampled from each species for five different floral organs, with the size relative to the contributed proportion of
the inflorescence colour signal. C) lineages through time plots of log transformed species diversity. The light pink
is the LTT of the full phylogeny (135 species), and in dark purple is the sample-based phylogeny (52 species).
Dotted lines show the null expectation under a constant rates model of lineage diversification. D) disparity through
time plot of flower colour with disparity measured as the mean squared pairwise distances. Red polygons show
the expectation under a Brownian Motion model from 1000 simulations, with the dotted line showing the mean
disparity from these simulations. The black line shows the estimated disparity for flower colour. E) The
relationship between the estimated per branch rates of diversification and flower colour evolution with rates (+
0.1) plotted on a log scale for both insect (blue) and avian (red) pollination syndromes separately.

Discussion

Mediterranean-climate shrubland ecosystems are a challenge for ecologists because it is not
clear how large numbers of closely related plant species can coexist in such low-productivity
environments with very little habitat heterogeneity. Our results for Hakea, one of the most
diverse plant genera in the Southwest Australian biodiversity hotspot, demonstrate that
divergence in reproductive traits is likely to be involved in the assembly of shrubland plant
communities. While flowering phenology is reasonably synchronous across species, we find
that divergence in floral phenotypes, and in particular, flower colour is associated with nonrandom community assembly. Together, macroevolutionary patterns of diversification and
patterns of ecological sorting across present-day communities suggest that diversity-dependent
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processes driven by negative biotic interactions between species play a key role in driving
character displacement of flower colour and facilitating the coexistence of species.

Floral traits in species-rich ecological communities
Floral traits have been shown to be strongly associated with pollinator preferences, and
differences in size, colour, pattern, or scent of a floral display act as signals to the behavioural
and sensory ecology of animal pollinators (Schiestl and Johnson 2013). Different colours of
flowers have repeatedly evolved as a signal to the different optical systems of animal pollinators
(Rodríguez-Gironés and Santamaría 2004; Dyer et al. 2012). In some cases, whole communities
converge on similar flower colour signals to facilitate the attraction of mutual pollinators
(Kantsa et al. 2017). In other cases, species in communities show divergent flower colour
signals to reduce competition or reproductive interference with closely related species
(McEwen and Vamosi 2010). The average volume of flower colour space across ecological
communities in Southwestern Australian Hakea supports this latter result; that non-random
structure of flower colour in ecological communities is due to diversity, not uniformity, in floral
displays.

High functional richness of floral phenotypes in ecological communities of Southwest Australia
may promote pollinator diversity while ensuring greater fidelity of pollen flow between
individuals of the same species. This is because many pollinator species that rely on floral
resources are tuned to pay attention to specific cues from flowers such that they are more likely
to visit certain species (Pauw 2013, 2019). In Hakea the most immediate distinction between
flower colours is that of avian and insect pollinated species. Typical of many plant species, red
flowers are commonly associated with an avian pollination mode while insect pollinated species

are more typically yellow, white or cream (Ford et al. 1979; Rodríguez-Gironés and Santamaría
2004). This is generally true in Hakea (Hanley et al. 2009), although we found that shifts in
pollination syndrome are not always associated with an obvious change between birdpreferenced and insect-preferenced colours (Fig. 6.4). We also observe a number of colour
changes between species within each syndrome. Hakeas are known to be pollinated by different
orders of insects (e.g., dipterans, lepidopterans, and hymenopterans; Barker et al. 1999), which
each have been recorded to show preferences for particular colour morphs in Southwest
Australia (Groom and Lamont 2015) and this could explain further colour divergence within
the insect pollination syndrome. The specificity of honeyeaters (family Meliphagidae), the
primary avian pollinators of Hakea (Hopper 1981; Groom and Lamont 2015), are less known,
but vertebrate specificity in co-occurring species has been observed in the closely related genus
Banksia (Collins and Rebelo 1987) and in other bird pollinated plants (e.g., refs in Pauw 2019).
Regardless, striking differences in flower colours of co-occurring species is most likely
explained by shifting pollinator specificity.

Floral macroevolution
We tested the predictions of three alternative models of floral evolution (Fig. 6.1) and found
that the tempo and mode of flower colour evolution, but not morphology, was consistent with
the negative interactions model. We found a negative correlation between the rate of flower
colour evolution and the rate of lineage diversification (Fig. 6.4E) and we did not find
significant phylogenetic structure of communities or phylogenetic signal in the dominant flower
colour. The negative interactions model of floral trait evolution is diversity dependent; as
species diversity increases in a region, we expect the number of potential negative interactions
to increase, which in turn is expected to increase the rate of diversification of ecological traits
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that mediate negative interactions (Skeels and Cardillo 2019a). This is also supported by the
general pattern of lineage diversification slowdown, which also supports the role of diversitydependent processes and increased competition from a higher number of interacting species
(Phillimore and Price 2008; Rabosky 2013b). Previous studies have found a relationship
between species diversity and floral divergence in sympatric lineages suggesting diversity
dependence is important, but so far have been unable to distinguish between the speciational
and negative interactions models of floral divergence (Armbruster and Muchhala 2009; Weber
et al. 2016). Our result clarifies this in Hakea, where we find high species diversity drives floral
diversification and is not the result of it. The evidence in support of character displacement
goes against the long-standing idea that shifts in floral traits are associated with rapid
diversification dynamics in angiosperms. While studies have found positive associations
between the presence of floral traits like zygomorphic flowers or nectar spurs with rates of
diversification across clades (e.g., O’Meara et al. 2016), far fewer studies have investigated the
link between rates of floral trait divergence and lineage diversification within clades that share
a common flower type. Our study is one of the first to highlight how the diversity in important
floral traits has evolved in the later stages of the radiation of Hakea when diversity is already
high. This was facilitated by the development of new methods to estimate branch specific rates
of lineage diversification (Maliet et al. 2019) and trait evolution (Castiglione et al. 2018).

Flower colour evolution showed increasing rates towards the present-day in both avian and
insect pollinated species, however the pattern was much stronger in avian pollinated lineages
(Fig. 6.4E). The major group of avian pollinators of Hakea, Meliphagid honeyeaters, originated
in the late Oligocene (Marki et al. 2017) and radiated into a range of ecological niches during
the mid-late Miocene (Marki et al. 2019). During this period Australia underwent widespread

aridification and open habitats began to dominate temperate ecosystems, spurring the
diversification of much of Australia’s heavy nectar-producing flora, including many lineages
of Proteaceae (Onstein et al. 2016). This period is also concurrent with a period of rapid flower
colour evolution in Hakea, as illustrated by the observed deviation of flower colour evolution
from Brownian Motion during the latter half of the radiation of Hakea in the mid to late
Miocene (15-5 mya; Fig. 6.4D). Ecologically divergent honeyeaters regularly co-occur in high
numbers, utilising different nectar resources in the environment (Miller et al. 2017b; Marki et
al. 2019). The radiation of honeyeaters during this period, and the diversity of sympatric
honeyeater lineages, may have provided ecological opportunity for pollination niche
divergence in Hakea. The stronger relationship between rates in avian pollinated species could
be because honeyeaters provided a novel resource to reduce negative interactions, rather than
insects which had radiated before this period (Condamine et al. 2016). Although we cannot say
from our results whether the diversification of flower colour and the Melphagid radiation are
causally related or simply coincident in time, investigating pollinator specificity and potential
coevolutionary dynamics of these clades together would be of great interest.

Conclusion
Our combined results from community assembly and macroevolutionary analyses support the
idea that negative interactions have shaped the evolution and divergence of floral traits in Hakea
through character displacement. As diversity increases within a community, species must be
more phenotypically and ecologically divergent to sustain stable coexistence (Armbruster and
Muchhala 2009; Weber and Strauss 2016). These interactions also play out over much deeper
timescales and we see that as diversity increased within Southwest Australia, so too did the rate
of phenotypic divergence for an important floral trait – flower colour. By analyzing diversity168

dependent processes at both ecological and macroevolutionary scales in the same framework,
our study adds to a growing body of evidence that ecological interactions can shape
macroevolutionary patterns, highlighting the importance of considering the ecological context
of diversification (Weber et al. 2017; Harmon et al. 2019).

Appendix

Flower colour data collection
Photographic library
A rich source of information on phenotypes are digital photographs and digital photographic
libraries are increasingly used in ecological and evolutionary studies (Drury et al. 2019). For
each of the 52 species in the community survey data, we collated a digital photographic library
of in bloom inflorescences with images primarily from the Australian Plant Image Index (APII);
a resource managed by the Australian National Botanical Gardens for the identification of the
Australian flora (APII 2019), as well as iNaturalist (inaturalist.org) and flickr (flickr.com) when
the APII did not have suitable photographs. From this photographic library, we selected
between one and three photographs (depending on availability) to extract red, green, blue
(RGB) colour data from different organs of the inflorescence. Because different floral organs
vary in colour and size, the colour signal of an inflorescence cannot be attributed to a single
value. To account for this, we estimated RGB values of different floral organs (pistil, pollen
presenter, nectary, pedicel, and upper and lower perianth separately when they differed) and
recorded the relative proportion of the total colour signal of an inflorescence to which that organ
contributes.

Using the image processing software imageJ (Abràmoff et al. 2004), we sampled pixels from
each organ and took RGB colour measurements. Where possible, we repeated this across
different photographs taken at different times, or with different cameras. Where species did not
have multiple photographs, we recorded different flowers within the same photograph. Some
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species show intraspecific variation in colour morphs. We aimed to capture the most
representative colour morph, rather than capture this variation, and so took RGB measurements
that represented the most common morph. This decision was guided by matching colours to
those shown in floraBase (FloraBase 2019), which is an authoritative guide to the flora of
Western Australia. In total we recorded 444 colour measurements across the 52 species. We
averaged colours across different photos for each organ to give us a total of 157 measurements.

Colour standardisation and UV reflectance
Digital images, while being an abundant and valuable resource, are taken under unstandardized
light conditions which may affect the RGB values extracted from each photo. To see what the
effect of using digital images from online resources, rather than taken under standardised
conditions, we took photographs of the flowers of eleven Hakea species under standardised
light conditions. We took raw photographs using a Canon 500D digital SLR with a full
spectrum fused-silica conversion (Camera Clinic, Melbourne) and a Canon 100 mm macro lens.
The lens was fitted with one of two different filters: UVB (320-400 nm) and visible (400-700
nm). For standardised illumination conditions we adjusted manual parameters to allow only
light from a flash unit with UV and visible spectral power distribution. We used a constant
camera height and all photographs were taken in the same place and a spectralon white balance
(LabSphere, NH, USA).

We compared our standardised photographs in the visible range (400 – 700nm) with
photographs taken from the same online resources as for our photographic library (namely the
APII) sampling colours in the same way as described above. To compare images, we performed
a principal component analysis on the RGB values of each organ. We compared PC1, which
explained more than 91% of the variation in colour data, for the colour of each floral organ

from our standardised photographic data to the value of PC1 for the same floral organ of the
digital photographs from the APII and found a very strong positive correlation (Pearson’s r =
0.89) suggesting digital images from the APII give very similar colour measurements to those
measured under common, standardised conditions.

This study focuses on the visible RGB light spectrum, however many animals including many
insect pollinators see ultra-violet light and flowers often attract pollinators using these, rather
than visible light wavelengths. To test whether Hakea species might be reflecting UV light as
a signal to pollinators, we measured UV reflectance measurements of a sample eleven Hakea
species, including both insect and bird pollinated species. We found that no Hakea flowers
reflected UV to a significant degree (i.e., detectable under our light conditions), suggesting
Hakea species might not use UV wavelengths for pollinator attraction.
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Figure S6.1 Disparity through time plot for maximum pistil length. Disparity measured as the
mean squared pairwise distances. Red polygons show the expectation under Brownian Motion
from 1000 simulations, with the dotted line showing the mean disparity from these simulations.
The black line shows the estimated disparity for pistil length which falls within the Brownian
expectation.

Figure S6.2 The relationship between species pairwise phylogenetic distance and earth mover’s
flower colour distance. Under Brownian motion we expect a wedge-shaped pattern (brown
triangle).
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Table S6.1 Results of the statistical model estimating the effect of diversification rate and
predicted pollinator class on the rate of trait evolution for flower colour, and pistil length. Each
cell has the estimated coefficient and the standard error of the estimate (in brackets). Model
summary information can be found in the lower panel of the table.
Colour evolution rate
Pistil length evolution rate
Intercept

0.020 (0.099)

0.013 (0.102)

Diversification rate (DivRate)

-0.243** (0.100)

-0.098 (0.103)

Pollination Syndrome (PollSyn)

0.188 (0.210)

0.370* (0.217)

DivRate ~ PollSyn

-0.418** (0.203)

-0.305 (0.209)

Observations

96

96

R2

0.113

0.057

F statistic (df = 3; 92)

3.918**

1.862

Note: *p < 0.1; **p < 0.05; ***p < 0.01

Chapter 7: Conclusion

Linking biodiversity patterns to evolutionary and ecological processes is essential to
understanding the extraordinary diversity we see around the world today. However,
disentangling the drivers of diversity is a difficult task. Leveraging different kinds of data
(phylogenetic, functional-trait, spatial) and methods (process-based models, phylogenetic
comparative methods, community ecology, etc.) in a combined framework offers a way
forward, by allowing us to test multiple predictions independently, to better understand which
evolutionary and ecological processes may have generated the patterns we observe in the
present-day. This final chapter discusses the core chapters of my thesis collectively within this
broader context, highlighting how different questions, and the methods used to address them,
form pieces in the same puzzle and contribute to our understanding of spatial biodiversity
patterns.

All diversity inherently originates from speciation, and all spatial patterns of diversity begin
with the geographic context in which speciation occurs. Sympatric speciation immediately
leads to two species co-occurring in the same space, increasing alpha diversity, and all else
being equal secondary sympatry is expected to occur more rapidly in species that have abutting,
rather than isolated ranges (parapatric rather than allopatric speciation; Barraclough & Vogler
2000; Anacker & Strauss 2014). It may take millions of years for species isolated by physical
barriers to come into secondary contact, especially if their dispersal capacity is low (Pigot and
Tobias 2014), leading to greater species turnover (beta diversity) and phylogenetic overdispersion across a landscape (Graham and Fine 2008; Warren et al. 2014). However, the degree
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to which spatial diversity patterns are the result of the geography of speciation or subsequent
geographic range movement is contentious (Losos and Glor 2003).

The Dynamic Range Evolution and Diversification (DREaD) model (Skeels and Cardillo
2019b), introduced in Chapter Two, was used to show that the geographic mode of speciation
leaves a detectable signature in spatial and phylogenetic patterns; from range size frequency
distributions, to patterns of range overlap. I leveraged the relationship between these patterns
and the geography of speciation to make inferences about the history of speciation, which
showed taxonomic patterns consistent with predictions from previous speciation studies (e.g.,
sympatric speciation appears more common in plants than animals; Rieseberg and Willis 2007).
These results highlight how we can use present-day patterns in phylogeny and geography to
infer when ecological speciation may be important in the diversification of a clade. This has
implications for future studies, as ecological speciation (typically sympatric or parapatric) is
typically attributed as the mechanism driving adaptive radiations or diversity-dependent
diversification dynamics (Givnish 2015), and contributes to macroevolutionary patterns such
as slowdowns in phylogenies. These patterns, however, can be driven by other factors as well
(Moen and Morlon 2014; Harmon and Harrison 2015), and some models diversification predict
competition between species to accelerate rather than slow diversification (Fischer 1960).
Therefore, ecological speciation should be explicitly tested for in comparative studies (e.g.,
with DREaD), rather than assumed.

DREaD models geographic range evolution and diversification across a continuously varying
landscape, however we are often interested in concatenating lineages into regions (such as
biomes or ecoregions) to look at dynamics within more discrete units. Lineages through space
and time (LTST) plots (Skeels 2019), introduced in Chapter Three, highlight how we can use
information on the history of geographic range evolution (Ree and Smith 2008; Matzke 2013a)
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and lineage diversification (Nee et al. 1992) to better understand how diversity has arisen and
accumulated within broadly defined regions. There is recent interest in understanding how
temporal diversity dynamics vary with ecological or geographic features (e.g., Machac and
Graham 2017; Machac et al. 2018). LTSTs offer to link patterns such as slowdowns or speedups
in regional lineage accumulation to equilibrium and non-equilibrium diversification dynamics.
For example, diversification slowdowns are expected when regions become saturated with
diversity (Phillimore and Price 2008). This saturation point (or regional carrying capacity) is
expected to be greater in highly productive or larger areas (Rohde 2006; Rabosky and Hurlbert
2015b; Storch and Okie 2019). However, if some clades have only recently colonised a region,
low diversity may be the result for a lack of time-for-speciation – a non-equilibrium dynamic
(Stephens and Wiens 2003; Wiens 2011; Pontarp and Wiens 2017). One way to pull these
dynamics apart is by placing diversification in a biogeographic context and incorporating
information on range evolution.

Another way to investigate equilibrium and non-equilibrium ecology is to look at patterns of
resource use in co-occurring species at finer spatial scales. MacArthur (Macarthur and Levins
1967; MacArthur 1972) developed a framework for equilibrium ecology based on the idea that
areas vary in their carrying capacities for species due to differences in the number and kinds of
resources available, as well as the way in which species divide these resources. If resources are
limiting, then species should partition their ecological niches to restrict resource sharing, while
niche overlap might be facilitated if a resource is abundant. Ultimately this idea reduces to how
the abiotic environment shapes the competitive landscape. We often do not have direct
information on species ecological niches, and instead, competition has traditionally been
inferred by investigating local patterns of co-occurrence at a community scale. Integration of
phylogenetics and functional trait data (phenotypic, life history, phenology, etc.) into this field
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led to the development of testable hypotheses given how we expect the relatedness of species
(Webb et al. 2002; Kraft et al. 2007; Cavender-Bares et al. 2009; Graham et al. 2010) and their
functional traits (McGill et al. 2006; Spasojevic and Suding 2012; Lamanna et al. 2014) to
determine the composition of communities under different ecological assembly mechanisms
(e.g., competition vs filtering).

In Chapter Four, I compared patterns of functional divergence amongst ten major clades of
lizards, using functional traits, to determine which macroecological diversity hypotheses best
explain species richness patterns (Skeels et al. 2019). I found that high species richness was
sometimes associated with divergence in traits and sometimes with trait similarities
(convergence). I also found idiosyncratic relationships with different environmental variables.
In an equilibrium world, we might expect closely related and physiologically similar taxa, like
different lizard clades, to show similar drivers of diversity. This is because we expect that
resource availability, dictated by environmental conditions, should place the constraints on the
number of ecologically similar species that can coexist (MacArthur 1972; Srivastava and
Lawton 1998; Storch et al. 2018). Instead it is possible that non-equilibrium dynamics (for
example the time-for-speciation effect) may help to explain differences between lizard groups,
but more work is required here to untangle the ultimate drivers of lizard diversity patterns.

In Chapter Five, I developed a hypothesis testing framework for integrating community ecology
with phenotypic evolution and temporal diversification dynamics to understand when
equilibrium or non-equilibrium dynamics are important in structuring regional diversity
patterns (Skeels and Cardillo 2019a). Here, I estimated which functional traits were involved
in environmental filtering or competition between species using methods from community
ecology (Cavender-Bares et al. 2004; Silvertown et al. 2006). I then investigated how these
different traits evolved over deep time. One expectation is that traits that mediate negative
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interspecific interactions, such as competition (α-niche traits), should diversify as species
diversity increases and the potential for ecological interactions between sympatric species also
increases - a diversity-dependent model of α-niche evolution. In Chapter Five, I applied this
hypothesis testing framework to the large Australian plant genus, Hakea, as a case study. I
found that both equilibrium and non-equilibrium dynamics explain spatial diversity patterns in
Hakea in different regions and at different times throughout the clade’s radiation. In Chapter
Six, I extended the same framework to floral traits in Hakea to answer a related, but morespecific question: have negative interspecific interactions, including reproductive interference
and pollinator competition, shaped the evolution of floral traits and pollination ecology of high
diversity communities in Southwest Australian Hakea? Both chapters show how α-niche traits
tend to evolve in response to competition with sympatric lineages in the later stages of a
radiation, when regional diversity is high. Both studies individually highlight how the
ecological diversity we observe in communities today is the outcome of varied and complex
macroevolutionary histories.

The studies I have presented highlight how combining ecological and evolutionary approaches
gives us a richer understanding of biodiversity and reinforces the need for a synthetic approach
to biodiversity studies. We are closer to having a more complete framework for integrating
different ecological and evolutionary processes to investigate the emergence of spatial diversity
patterns (e.g., Pontarp et al. 2019) and different models have been developed which already
incorporate multiple ecological and evolutionary processes. For example, spatially explicit,
process-based simulation models (PBSM) of evolution have been used to investigate species
richness patterns (Rangel et al. 2007, 2018; Gotelli et al. 2009; Colwell and Rangel 2010;
Descombes et al. 2018), and in particular, to understand how complex interacting traits, such
as dispersal and niche evolution (Qiao et al. 2016), or habitat carrying capacity (Pontarp and
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Wiens 2017), affect diversification rates and the spatial distribution of species. PBSMs have
also been used to study other biogeographic processes such as the role of competition in
community structure (Pontarp et al. 2012), and species range overlap during adaptive radiations
(Pontarp et al. 2015).
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PBSMs are an exciting frontier for biodiversity studies as they allow us to parameterize
interacting ecological and evolutionary processes that may be too complex for analytical
likelihood-based models, allowing us to link process to pattern. A complete model of
biodiversity should be able to simultaneously explain a range of patterns, and a much-needed
extension of PBSMs is to explain the numerous inter-related patterns discussed throughout this
thesis: spatial patterns of species richness, phylogenetic, and functional diversity, as well as
macroevolutionary patterns of lineage and trait diversification, and geographic range evolution.
This would enable us to tease apart equilibrium and non-equilibrium dynamics governing
diversity patterns (Box 7.1 explores a hypothetical PBSM which integrates ecological and
evolutionary feedbacks). However, PBSMs are no silver-bullet, and are constrained by a
necessary simplification of ecolgical and evolutionary processes. This is partially due to
computational constraints, but also because our understanding of even the most fundamental
ecological processes, like competition between species, is still incomplete. PBSMs rely on
complex parameterisation of processes that should ideally be grounded in empirical data, but
where this is lacking is often derived from verbal or theoretical models which themselves may
be imperfect. One benefit of simplifying processes in PBSMs is to be able to detect the
minimum number of ecological processes required to generate realsitic biodiversity patterns.
This, in fact, has been one of the major breakthroughs of the neutral theory of biodiversity
(Hubbell 2001), which is able to replicate a wide variety of macroecological patterns despite
being an extreme simplification of ecological and evolutionary processes.

The issue regarding uncertainty of fundamental ecological and evolutionary processes raises
some more general concerns, not only of PBSMs, but of a purely neontological approach in
general, which is largely what the research in this thesis presents. That is that 1) inferring
historical ecological and evolutionary processes using only data collected from the present-day
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may be insufficient and 2) phylogenetic comparative methods are typically based on a range of
assumptions which may not be met by a given dataset.

To the first point, fossil data can inform many procedures used in evolutionary biology, from
the calibration of divergence dates in phylogenetic reconstruction, to grounding models of
ancestral state reconstructions of geographic ranges and phenotypic traits. Without well
sampled fossil data, which may not be present for most clades, inferring evolutionary dynamics
from phylogenies needs to be done cautiously. For example, a recent study has shown that any
molecular phylogeny might be consistent with an infinite combination of time-varying
specation and extinction rates (Louca and Pennell 2020). Where it has been possible, the
inclusion of fossil data has been shown to drastically change the inferences we make (for
example the discrepency between the estimated origin of the mammal radiation from molecular
and fossil evidence (Archibald and Deutschman 2001)) and this is partly because fossil data
often highlights discontitunities in species diversity and morphology (Gould and Eldredge
1977; Sepkoski 1978) that we could not predict from commonly used models of evolution (e.g.,
Brownian Motion model of trait evolution or a birth-death model of diversification).

This brings me to the second issue, model misspecification and model assumptions in
phylogenetic comparative methods. The toolbox of evolutionary biologists is limited (but
always expanding) and many studies of diversification and trait evolution are based on
comparisons between a small subset of models (e.g., Brownian Motion (BM) and OrnsteinUhlenbeck (OU)). Such models assume stationary processes across the phylogeny and through
time. However, we know that rates vary stochastically, or systematically with changes in the
environment or life history traits (for example diversification rates are higher in mammal
species that have large litters (Cardillo et al. 2003)). Some models have been extended to
include branch-varying rates. For example, Clavel and morlon (Clavel 2017) developed a time-
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varying BM model. While other studies have shown that the underlying model of evolution
itself can change over time. For example, (Slater 2013) found that body size evolution in
mammals is best predicted by an OU model untill the Cretaceous-Paleogene boundary, and a
BM model after it. Non-stationarity of rates and model misspecification are problems that also
applies to phylogenetic reconstruction, which all phylogenetic comparatives methods
ultimately rely on, and any biases present in the reconstruction can have downstrem effects on
many inferences we draw.

An example of this, relevant to the research presented in this thesis, is the inference of adapative
radiation dynamics from an observed slowdown in diversification rates on a phylogenetic tree.
While this pattern is expected by theory, slowdowns may also be present due to a a number of
other factors (reviewed in Moen and Morlon 2014). At least two of these factors are biases
introduced during phylogenetic reconstruction. The first is that branch lengths may be
underestimated when rates of molecular evolution vary systematically across the tree, for
example when speciation rate is related to the rate of molecular evolution (Duchene et al. 2017),
and this can cause an artifactual slowdown in diversification rates over time (Harmon and
Harrison 2015). Secondly, incomplete taxon sampling can lead to an artifically sparse
distribution of branches towards the tips of the tree (Harmon and Harrison 2015), again
resulting in a slowdown pattern. This means that we need to provide evidence independent of
the distribution of branch lengths across a phylogeny to support the role of diversity-dependent
processes. In chapter 5 I attempt to do this by showing that regions of high diversity for Hakea
in Southwest Australia are also places where competition-related traits are more divergent than
a null expectation which supports the role of competition driving the observed diversification
slowdown. It is also worth noting that a slowdown is not the only expcted outcome of adpative
radiation dynamics. For example, some models predict that competition should actually
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increase available niche space, facilitating increasing rates of diversification (Fischer 1960).
There is also no reason to believe that we exist at a time when most radiations would be in a
saturated phase of diversification and based on phylogenetic evidence it appears many clades
are still expanding (Machac and Graham 2017b). The case of diversification slowdowns
highlights how the pitfalls of phylogenetic reconstruction, phylogenetic comparative methods,
and predictions from verbal models all need to be considered when drawing inferences about
historical processes.

What this means is that many inferences we draw need to be interpreted cautiously and in light
of the assumptions of our models and the information conent of our data. Phylogenetic
comparative methods and phylogenetic reconstruction methods may both be improved (and
already have been) by the inclusion of fossil data and by extending current methods or
developing new methods to account for rate and model variation over time and across the
branches of the tree of life. What is still needed are methods that combine what are currently
separate steps, the phylogenetic reconstruction and downstream macroevolutionary analyses,
into a unified framework. This may remove some of the circulrity and biases involved in
estimating a tree when many of its features (e.g., branch lengths) are influenced by
macroevolutionary and macroecological dynamics and vis-versa.
Biodiversity is earth’s most valuable natural resource, and despite over 150 years of research
in the light of evolutionary theory, we still are learning to appreciate and understand the
amazing complexity of processes that have shaped the distribution of species around the world.
In saying that, it is also worth noting we have come a long way. The development of an array
of tools for describing patterns and understanding the processes that shape diversity, from
phylogenetic reconstruction methods, to models of phenotypic evolution, have greatly
enhanced our ability to link observable, present-day patterns to the deep evolutionary history
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of life on earth. We are better equipped today than ever before to understand important concepts
in evolution and ecology, such as how ecological interactions shape macroevolutionary and
macroecological patterns, and when equilibrium or non-equilibrium dynamics (or both) can
explain spatial diversity patterns.
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