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Abstract

Understanding where and how biodiversity originates and how it is maintained is one of the central questions in
biogeography and macroecology. Phylogenies capture the evolutionary history of how lineages have diversified
over evolutionary time. Integrating information on phylogenetic positions and evolutionary uniqueness of species
into biodiversity assessments thus provides insights into biogeographic and evolutionary mechanisms underlying
biodiversity, and is of paramount importance for biodiversity conservation. Plants are key elements of terrestrial
ecosystems and are essential for biodiversity and humanity in terms of controlling ecosystem functioning and
providing essential ecosystem services. Despite their crucial importance, knowledge of plant diversity on a global

scale, accounting for evolutionary history, remains limited.

In this thesis, I fill this important gap in our understanding of plant diversity by integrating a comprehensive global
dataset of regional plant inventories across different geographic regions comprising up to 320,000 plant species
with broad plant phylogenies. I explored global patterns and drivers of three key aspects of plant diversity
accounting for evolutionary history in particular: (i) species and phylogenetic richness (Chapter 1); (ii)
phylogenetic endemism that accounts for the phylogenetic uniqueness of range-restricted species (Chapter 2); (iii)

phylogenetic turnover that quantifies dissimilarities in the evolutionary relatedness of assemblages (Chapter 3).

In Chapter 1, integrating current knowledge of regional vascular plant diversity with past and present
environmental variables, I tested environment-related hypotheses of broad-scale vascular plant diversity gradients,
and modeled and predicted global species and phylogenetic richness using advanced machine learning techniques.
Global patterns of plant diversity are shaped by a range of past and present environmental variables that interact
in complex ways. While current climate and environmental heterogeneity emerged as the most important drivers,
past environmental conditions left discernible legacies on current diversity patterns. The updated global maps
produced as a result of the models at multiple grain sizes provide accurate estimates of vascular plant diversity,

which will be a foundation for large-scale biodiversity monitoring, research, and conservation.

In Chapter 2, I uncovered patterns and determinants of phylogenetic endemism, and distinguished the drivers and
centers of evolutionarily young (neoendemism) and evolutionarily old endemism (paleoendemism) for seed plants
worldwide. Phylogenetic endemism was predominantly driven by environmental heterogeneity. Warm and wet
climates, geographic isolation, and long-term climatic stability were also important drivers of phylogenetic
endemism. Long-term climatic stability promoted the persistence of paleoendemics, while isolation promoted
neoendemism, leading to islands and mountain regions in the tropics and subtropics as global centers. These
findings highlight the key role of climatic and geological history in diversification and maintenance of biodiversity,
and reinforce the urgency of conserving areas occupied by narrow-ranged species with unique evolutionary

histories.

In Chapter 3, I tested hypotheses of environmental filtering and dispersal history on global patterns of phylogenetic
and species turnover in seed plants, and assessed the contributions of these processes to phylogenetic turnover
along the phylogenetic timescale. Past and present dispersal limitations promoted compositional dissimilarity
among regions, but its effect was smaller for phylogenetic turnover than for species turnover, and further

diminished when moving back along the phylogenetic timescale. In contrast, environmental filtering strongly



promoted both species turnover and phylogenetic turnover at different phylogenetic timescales. The findings
highlight the significant influence of environmental constraints on the distribution of major seed plant lineages

and the important impact of dispersal limitation on the younger lineages towards the tips of the phylogeny.

In conclusion, the integration of unprecedented plant distribution and phylogenetic information allows to reveal
global patterns and drivers of plant diversity and compositions in terms of evolutionary history. The thesis
uncovers global distributions of plant species and phylogenetic richness and phylogenetic endemism, and
disentangles the complex effects of past and present environmental drivers. Global patterns of regional seed plant
composition result from complex dispersal history related to past and present dispersal limitations and
phylogenetically conserved environmental constraints, and further the relative impacts of the processes vary along
the phylogenetic timescale. Notably, the findings highlight the importance of past climate change and geological
history (e.g. past plate tectonics) on regional plant diversity and composition via altering key evolutionary and
ecological processes of diversity generation and maintenance. Consequently, these findings enhance our
understanding of biogeographical and evolutionary mechanisms structuring biodiversity and provide essential

information for future biodiversity science and conservation.
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Zusammenfassung

Wo und wie die biologische Vielfalt entsteht und wie sie erhalten wird, ist eine der zentralen Fragen der
Biogeografie und Makrookologie. Phylogenien erfassen die Evolutionsgeschichte, wie sich die
Abstammungslinien im Laufe der Evolution diversifiziert haben. Die Einbeziehung von Informationen iiber die
phylogenetische Position und die evolutionire Einzigartigkeit von Arten in die Bewertung der biologischen
Vielfalt ermdglicht somit Einblicke in die biogeografischen und evolutiondren Mechanismen, die der biologischen
Vielfalt zugrunde liegen, und ist von groBter Bedeutung fiir die Erhaltung der biologischen Vielfalt. Pflanzen sind
Schliisselelemente terrestrischer Okosysteme und fiir die biologische Vielfalt und die Menschheit von
grundlegender Bedeutung, da sie das Funktionieren von Okosystemen kontrollieren und wichtige
Okosystemleistungen erbringen. Trotz entscheidenden Bedeutung von Pflanzen ist das Wissen iiber die

Pflanzenvielfalt auf globaler Ebene und unter Beriicksichtigung der Evolutionsgeschichte nach wie vor begrenzt.

In dieser Arbeit schlieBe ich diese wichtige Liicke in unserem Verstdndnis iiber Pflanzenvielfalt durch die
Integration eines umfassenden globalen Datensatzes regionaler Pflanzeninventuren in verschiedenen
geografischen Regionen, die bis zu 320.000 Pflanzenarten mit breiter Pflanzenphylogenie umfassen. Ich
untersuchte die globalen Muster und Treiber von drei Schliisselaspekten der Pflanzenvielfalt, die insbesondere die
Evolutionsgeschichte beriicksichtigen: (i) taxonomische und phylogenetische Diversitidt (Kapitel 1), (ii)
phylogenetischer Endemismus, der die phylogenetische Einzigartigkeit von Arten mit eingeschrinktem
Verbreitungsgebiet beriicksichtigt (Kapitel 2) und (iii) phylogenetischer Turnover, der die Unterschiede in der

evolutiondren Verwandtschaft von Pflanzengruppen quantifiziert (Kapitel 3).

In Kapitel 1 habe ich — unter Einbeziehung des aktuellen Kenntnissstandes iiber regionale Gefapflanzenvielfalt
und sowohl historische als auch aktuelle Umweltvariablen — umweltbezogene Hypothesen zu weitrdumigen
Gradienten von GefaBpflanzendiversitit getestet und die globale taxonomische und phylogenetische Diversitét mit
Hilfe moderner maschineller Lernverfahren modelliert und vorhergesagt. Die globalen Muster der Pflanzenvielfalt
werden durch eine Reihe historischer und aktueller Umweltfaktoren geprigt, die auf komplexe Weise
zusammenwirken. Wéhrend sich das aktuelle Klima und die Umweltheterogenitit als die wichtigsten
Einflussfaktoren herausstellten, hinterlieBen vergangene Umweltbedingungen deutliche Spuren in den aktuellen
Diversitidtsmustern. Die aktualisierten globalen Karten, erstellt auf Grundlage der Modelle in verschiedenen
Korngrofen, liefern genaue Schitzungen der Gefilpflanzenvielfalt und somit eine Grundlage fiir die globales

Biodiversitidtsmonitoring, und Naturschutz.

In Kapitel 2 habe ich Muster und Determinanten von phylogenetischem Endemismus aufgedeckt und die
Triebkrifte und Zentren des evolutiondr jungen (Neoendemismus) und evolutiondr alten Endemismus
(Paldoendemismus) fiir Samenpflanzen weltweit unterschieden. Der phylogenetische Endemismus wurde in erster
Linie durch Umweltheterogenitit bestimmt. Warmes und feuchtes Klima, geografische Isolation und langfristige
Klimastabilitit waren ebenfalls wichtige Faktoren fiir den phylogenetischen Endemismus. Langfristige
Klimastabilitit forderte das Fortbestehen von Palioendemiten, wihrend Isolation Neoendemismus begiinstigte,
was zu Inseln und Bergregionen in den Tropen und Subtropen als globale Zentren fiihrte. Diese Ergebnisse

verdeutlichen die Schliisselrolle der klimatischen und geologischen Geschichte fiir die Diversifizierung und das
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Fortbestehen der biologischen Vielfalt und unterstreichen die Dringlichkeit des Schutzes von Gebieten, in denen

Arten mit geringer Verbreitung und einzigartiger Evolutionsgeschichte leben.

In Kapitel 3 iiberpriifte ich die Hypothesen zur Umweltfilterung und zur Ausbreitungsgeschichte in Bezug auf
globale Muster des phylogenetischen und des taxonomischen Turnover bei Samenpflanzen und bewertete die
Beitrége dieser Prozesse zum phylogenetischen Turnover entlang der phylogenetischen Zeitskala. Historische und
gegenwirtige Ausbreitungsbeschrinkungen forderten die floristische Verschiedenheit zwischen den Regionen,
aber ihr Effekt war kleiner fiir den phylogenetischen als fiir den taxonomischen Turnover und nahm weiter ab,
wenn man sich entlang der phylogenetischen Zeitskala zuriickbewegte. Im Gegensatz dazu forderte die
Umweltfilterung sowohl taxonomischen als auch phylogenetischen 7urnover auf verschiedenen phylogenetischen
Zeitskalen stark. Die Ergebnisse unterstreichen den signifikanten Einfluss von Umwelteinflissen auf die
Verbreitung der wichtigsten Samenpflanzengruppen und den wichtigen Einfluss der Ausbreitungsbeschrankung

auf die jiingeren Entwicklungslinien an den feinen Veréstelungen der Phylogenie.

Zusammenfassend lésst sich sagen, dass die Integration von noch nie dagewesenen Informationen iiber die
Verbreitung von Pflanzen und phylogenetischen Daten es ermdglicht, globale Muster und Triebkréfte der
Pflanzenvielfalt und -zusammensetzung im Hinblick auf die Evolutionsgeschichte aufzudecken. Die Arbeit deckt
die globale Verteilung von Pflanzenarten und phylogenetische Diversititsowie phylogenetischem Endemismus
auf und entschliisselt die komplexen Auswirkungen vergangener und gegenwdrtiger Umweltfaktoren. Globale
Muster der regionalen Zusammensetzung von Samenpflanzen sind das Ergebnis einer komplexen
Ausbreitungsgeschichte, die mit fritheren und heutigen Ausbreitungsbeschrankungen und phylogenetisch
konservierten umweltbedingten Zwingen zusammenhéngt, und die relativen Auswirkungen der Prozesse variieren
entlang der phylogenetischen Zeitskala. Die Ergebnisse unterstreichen insbesondere die Bedeutung des
vergangenen Klimawandels und der geologischen Geschichte (z. B. der Plattentektonik) fiir die regionale
Pflanzenvielfalt und -zusammensetzung, da sie wichtige evolutionére und 6kologische Prozesse der Entstehung
und Erhaltung der Vielfalt verindern. Folglich erweitern diese Ergebnisse unser Verstindnis der biogeografischen
und evolutiondren Mechanismen, die die biologische Vielfalt strukturieren, und liefern wichtige Informationen fiir

die kiinftige Biodiversitdtsforschung und den Artenschutz.
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General Introduction

General Introduction

Historical developments of biodiversity patterns

Earth is home to a remarkable diversity of vascular plants that comprise well over 340,000 species (Govaerts et
al., 2021), derived from evolutionary radiation over more than 400 million years (Morris et al., 2018; Nie ef al.,
2020). How this biological diversity varies across the Earth’s surface and what determines these patterns is one of

the main questions in biogeography and macroecology (Lomolino ef al., 2016).

Many insights into the geographic variation of biological diversity were gained during the 1700s and 1800s. Carl
Linnaeus (1707-1778) remarked that species were adapted to the environmental conditions of particular habitats,
and then Georges-Louis, Leclerc, Comte de Buffon (1707-1788) observed that distant areas with the same
environmental conditions were often inhabited by different species (Lomolino et al., 2016). Natural scientists such
as Johann Reinhold Forster (1729 - 1798) and Alexander von Humboldt (1769-1859) developed a more thorough
understanding of biodiversity patterns, including descriptions of elevational and latitudinal diversity gradients,
more integrative explanations of the links between abiotic environmental conditions and plants, and visualization
of diversity patterns (Lomolino ef al., 2016). Particularly, using the data collected by Humboldt, the first map of
the known number of plant species at that time for different regions on Earth was published (Berghaus, 1837;
Bromme, 1851). In contrast to the prevailing view of that time that “species are static”, Charles Darwin (1809-
1882) and Alfred Russel Wallace (1823-1913) independently developed the theory of evolution through natural
selection, laying the foundations for understanding adaptations and distributions of organisms across space and

time (Lomolino ef al., 2016).

Moving on to the 20th century, many vital contributions shed light on patterns of biological diversity. There were
three striking revolutions: (i) the formulation of theories of plate tectonics, (ii) the development of molecular
systematics allowing us to gain information about evolutionary relationships among groups of organisms, and (iii)
the theories of ecological biogeography related to biogeographical processes of immigration, extinction, and
evolution (Lomolino et al., 2016). These revolutions linked patterns to processes and offered new approaches to
studying how and why biodiversity varies across space and time. Simultaneously, the detailed maps of vascular
plant species numbers were developed with a worldwide coverage based on consecutively expanded databases and
the application of statistical models (Figure 0.1) (Wulff, 1935; Malyshev, 1975; Barthlott ef al., 2005; Mutke &
Barthlott, 2005; Kreft & Jetz, 2007).

Thus, all of these efforts provide a comprehensive and reliable overview of the distribution of plant diversity across
the globe, and deepen our understanding of drivers of biological diversity. However, previous studies have largely
focused on species that are only one of the diverse components of biodiversity, and biogeographical and
evolutionary mechanisms, including the origin, spread and diversification of biodiversity, remain poorly
understood. Nowadays, as biodiversity is under increasing pressure from human impacts (Ceballos et al., 2015;

Cowie et al., 2022), understanding biological diversity has taken on a new urgency.
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Figure 0.1 Species number of vascular plants from Barthlott et al. (2005). The map use Eckert IV projection.

Biodiversity multidimensionality and its phylogenetic perspective

It is a consensus that biodiversity is fundamentally multidimensional (Magurran, 2021), encompassing the variety
of life on Earth at all levels of organization (Gaston & Spicer, 2004), beginning with genes (genetic variation
within populations and across populations of the same species), extending to organisms (variety of different
species and lower or higher classifications of taxa present in a given area), and ecosystem (variety of different
habitats, communities and ecological processes between ecosystems) and beyond, organized at different spatial
scales from niches and local habitats, through landscapes and biomes, on up to the entire planet (Diaz & Malhi,
2022). Diversity at the level of organisms can be explored through different dimensions, including taxonomy
(Kreft & Jetz, 2007; Kier et al., 2009), phylogenies (Faith, 1992; Mace et al., 2003), and functional traits (Petchey
& Gaston, 2006; Cadotte ef al., 2011). For each dimension, different measures are designed to capture the state

and trends of biodiversity (Petchey & Gaston, 2006; Chiarucci ef al., 2011; Tucker et al., 2017).

Species are the most common choice of units when measuring the taxonomic diversity of organisms. Despite
considerable disagreement about what precisely constitutes a species, species are broadly considered to be a group
of organisms that share a series of common characteristics derived from their independent evolutionary trajectories
and unique histories (Gaston & Spicer, 2004). Species, therefore, offer a clear and measurable way of
distinguishing one group of organisms from another, allowing us to assess the variety of different life forms in a
particular area. For these reasons, coupled with more readily available data at the species level, species-centric
metrics have become one of the most widely applied metrics by ecologists (GBIF, 2020; Weigelt ef al., 2020;
Govaerts et al., 2021), especially species richness (i.e. the number of species in a site, habitat and beyond), which
is more intuitive compared to other measures (Purvis & Hector, 2000). However, it has been argued that species
are nothing special on the Tree of Life; studies of lineages below or above the species level can also be important
and promote a comprehensive understanding of biodiversity patterns and processes (Mishler, 2023). A key way is
to integrate phylogenies into biodiversity assessments, accounting for the full set of nested lineages on the Tree of
Life as it is currently known, thus providing key information on the evolutionary history of lineages that is missing

from species lists or taxonomies.

Phylogenies quantify the evolutionary history of any set of organisms, at least on a rough timescale, as a branching

tree (Smith & Brown, 2018). In other words, they detail the patterns of nested relationships among these organisms,
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General Introduction

which reflect the sequence of all the events of biological evolution that have led to the diversification and
adaptation of different lineages over time. As a consequence, these phylogenies represent a new window to look
back into the historical ecological and evolutionary processes that have shaped current biodiversity patterns (Mace
et al., 2003; Graham & Fine, 2008). Beyond its application to understanding the mechanisms underlying
biodiversity, biodiversity from a phylogenetic perspective also plays a prominent role in nature conservation
(Winter et al., 2013; Gumbs ef al., 2023). While evolutionary history needs to be conserved as a fundamental and
crucial component of biodiversity with its intrinsic value (Mace et al., 2003; Rosauer & Mooers, 2013), the
conservation of evolutionary history could potentially encompass other desirable components of biodiversity, such
as functional diversity (Tucker et al., 2018, 2019; Mazel et al., 2018). Also, evolutionary history can be associated
with the conservation of evolutionary potential (i.e., the ability of lineages to evolve in response to environmental

change), which is important in the face of ongoing global change (Forest et al., 2007; Winter et al., 2013).

The potential value of phylogenies in addressing ecological questions and in conservation, coupled with the
increasing availability of large phylogenies for different taxonomic groups (Prum ef al., 2015; Smith & Brown,
2018), has led to a rapid increase in phylogenetic metrics. Previous studies have provided unifying frameworks to
elucidate the conceptual relationships between these phylogenetic metrics and assist in their correct application
and interpretation (Pavoine & Bonsall, 2011; Tucker ef al., 2017). One widely used scheme for grouping
phylogenetic metrics is based on whether the metric utilizes the information about a single set of tips of a
phylogeny within an assemblage, such as a community or region (i.e., phylogenetic alpha diversity), or multiple
sets of tips (i.e., phylogenetic beta diversity) (Tucker ef al., 2017). Specifically, phylogenetic alpha diversity is
aimed to answer the question of how much evolutionary diversity is present in an assemblage, while phylogenetic
beta diversity measures the extent to which different assemblages differ in their phylogenetic composition

(Graham & Fine, 2008).

Phylogenetic diversity is a simple and widely used metric of phylogenetic alpha diversity, measured as the sum of
the phylogenetic branch lengths on the minimum path linking all terminals coexisting in a region (Faith, 1992).
Thus, phylogenetic diversity incorporates the number of taxa and their branch lengths in a phylogeny, and
quantifies the combined contribution of the taxa in an assemblage to the overall evolutionary diversity of the group.
However, not all lineages are equally important for understanding and conserving biodiversity. Range-restricted
species (endemics), for example, have irreplaceable ecological and evolutionary characteristics, leading to
endemism as another key concept in biodiversity assessment (Grenyer et al, 2006; Kier et al., 2009). By
combining phylogenetic diversity and weighted endemism measures, phylogenetic endemism is a measure that
accounts for the phylogenetic uniqueness of range-restricted lineages (Rosauer et al., 2009). Specifically, this
metric is fundamentally a phylogenetic diversity-based measure, but is calculated based on a phylogeny where
each branch length is divided by the total range size of the terminal taxa that descended from the branch (Rosauer
et al., 2009). Therefore, regions with high phylogenetic endemism harbor evolutionarily unique lineages that have
restricted geographic distributions. A loss of phylogenetic endemism would cause a disproportionately large loss
of evolutionary history, making phylogenetic endemism a key metric of biodiversity in conservation prioritization
(Rosauer et al., 2009; Mishler et al., 2014). Additionally, measures of phylogenetic endemism allow for the
quantitative distinction between neoendemism (recently evolved endemism) and paleoendemism (evolutionarily
old endemism) (Mishler et al., 2014), providing new insights into understanding evolutionary underpinnings

related to the origin and maintenance of biodiversity.



Metrics of phylogenetic beta diversity are analogous measures to beta diversity of species (i.e., variation of the
species composition of assemblages), such as Jaccard and Serenson dissimilarity indices (Swenson, 2011; Leprieur
et al., 2012; Baselga, 2012). Different from species dissimilarity indices that consider species composition
(Anderson et al., 2011), phylogenetic dissimilarity indices take into account branches of a phylogeny and measure
the length of branches that are shared or unique between two assemblages (Swenson, 2011; Leprieur ef al., 2012).
Therefore, studies of phylogenetic beta diversity can help us to understand the biogeographical and evolutionary
processes, such as dispersal limitation and environmental filtering, that cause assemblages of lineages to be more

or less similar at different places and times (Eiserhardt et al., 2013; Konig et al., 2017).

Overall, biodiversity from a phylogenetic perspective is a key component of biodiversity, and exploring
biodiversity using these complementary phylogenetic metrics could provide new approaches to testing ecological
and evolutionary hypotheses of current biodiversity. However, global patterns of diversity from a phylogenetic

perspective are largely unstudied in plants, a taxonomic group of fundamental ecological importance.

Drivers of biodiversity

Biological diversity is not evenly distributed across the planet, and this fundamental feature is stated in multiple
trends, such as latitudinal diversity gradients (Hillebrand, 2004; Barthlott et al., 2005; Buckley & Jetz, 2007) and
the relatively poor diversity of Africa compared to Southeast Asia and the Neotropics (Raven et al., 2020). The
underlying mechanism of this geographic discrepancy remains elusive and highly controversial. A large number
of hypotheses have been proposed (here, focused mainly on the biodiversity of organisms) (Currie et al., 2004;
Wiens & Donoghue, 2004; Mittelbach et al., 2007; Sandel et al., 2011; Stein et al., 2014), and many of these
hypotheses are not mutually exclusive. Most importantly, in any comprehensive explanation for the geographic
discrepancy of biodiversity, at least one of the three processes that directly shape the diversity in a region, i.e.,
speciation, extinction, and dispersal, must be included (Ricklefs, 1987; Mittelbach et al., 2007). Thus,
environmental factors can influence biodiversity by modulating the rates and patterns of speciation, extinction,

and dispersal.

Generally, diversity has been linked to limitations on dispersal and restricted gene flow among regions, which in
turn foster speciation and limit range expansion (Flantua et al., 2020). Dispersal limitation is promoted by
geographic isolation due to physical and ecological dispersal barriers, including oceans (Kier et al., 2009; Veron
et al., 2021), mountain ranges (Hughes & Atchison, 2015), and climatic gradients (Thompson ef al., 2005). For
example, Mediterranean-type climate regions show high diversity and endemism of plants due to local speciation
events driven by their peculiar climate (Cowling et al., 1996; Thompson et al., 2005; Valente et al., 2010), and
endemism on isolated islands exceeds that of mainland areas (Kier ef al., 2009). However, dispersal limitation is
not static over geological time. Past geological processes like plate tectonics have altered past migration routes
and biotic isolation and exchange between regions, and potentially leave an imprint on current biodiversity

(Lomolino et al., 2016; Couvreur et al., 2021).

Beyond isolation, several environmental factors have been hypothesized to influence the probability of speciation
events in a region. Climate, for example, possibly affects speciation rates, either because of the faster speed of
molecular evolution at high temperatures (Rohde, 1992; Brown ef al., 2004), or because of relatively stronger
biotic interactions in warm and humid climates (i.e. the humid tropics) (Currie ef al., 2004). Speciation may also
be facilitated by environmental heterogeneity (i.e., environmental gradients, the amount of habitat types, resource

diversity, and structural complexity) due to geographic isolation or adaptation to diverse environmental conditions
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(Stein et al., 2014). Additionally, long-term climatic stability may increase opportunities for speciation by allowing
the evolution of narrow physiological tolerances and ecological specialization (Dynesius & Jansson, 2000; Jansson

& Dynesius, 2002).

Diversity is facilitated by the long-term survival of lineages (i.e., low extinction) and their accumulation over long
timescales. Past climatic changes, such as Quaternary glacial cycles, have caused large range shifts of species and
increased extinction probabilities (Dynesius & Jansson, 2000; Svenning et al., 2015). Regions with stable climates
have suffered less severe environmental change across space and may have acted as refugia where plants could
persist over time during the period of climate change (Jansson, 2003; Enquist et al., 2019). Beyond long-term
stable climates, environmentally heterogeneous regions can also act as refugia (Stein & Kreft, 2015; McFadden e?
al., 2019), such as mountains that allow the species to move over only relatively short altitudinal distances in
response to climate change, reducing their extinction risk (Jump ef al., 2009). Moreover, warm and humid climates
are hypothesized to support larger population sizes by offering sufficient resources, promoting the persistence of

lineages.

In summary, current patterns of biodiversity are the result of the joint interplay of speciation, extinction, and
dispersal. Environmental factors can change biodiversity by affecting the rates of speciation and extinction,
limiting species from dispersing into new adaptive areas. However, the relative importance of these processes as

well as these environmental factors in modern plant distributions on a global scale remains poorly understood.

Study outline

Given the importance of evolutionary history in understanding mechanisms of biodiversity and conserving
biodiversity, and the current lack of comprehensive global investigates of plant diversity from a phylogenetic
perspective, [ aimed to uncover the global patterns of plant diversity and their potential drivers from three different
aspects in terms of evolutionary history in particular: species and phylogenetic richness (Chapter 1), phylogenetic
endemism (Chapter 2), and phylogenetic beta diversity (Chapter 3). To this end, I used a global dataset of regional
plant inventories from the Global Inventory of Floras and Traits (GIFT) (Weigelt ef al., 2020) in Chapter 1.
Moreover, I integrated GIFT with the World Checklist of Vascular Plants (WCVP) (Govaerts et al., 2021) to obtain

a nearly complete global coverage dataset of seed plants for Chapters 2 and 3.

In Chapter 1, I tested environment-related hypotheses of broad-scale vascular plant diversity gradients and
modeled and predicted species and phylogenetic richness at the global scale. I compared the performance of
advanced statistical modeling techniques including machine learning in revealing complex diversity—environment
relationships, providing improved models of global plant diversity. I tested hypotheses about plant diversity
gradients related to geography, environmental heterogeneity, current climate, and past environmental conditions,
and quantified their relative effects on plant species and phylogenetic richness. Finally, I produced ensemble
predictions of global plant diversity patterns at multiple resolutions and revealed global diversity centers (i.e.,

regions with predicted richness values higher than the 90th quantile).

In Chapter 2, I uncovered global patterns and determinants of phylogenetic endemism for seed plants, and identify
centers and drivers of evolutionarily young (neoendemism) and evolutionarily old endemism (paleoendemism).
Specifically, I revealed how phylogenetic endemism of seed plants varies across 912 geographical regions
worldwide. I then quantified the extent to which global patterns of plant phylogenetic endemism are driven by

isolation, climate, environmental heterogeneity, and past climate change. I distinguished between centers of
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neoendemism and paleoendemism and centers of both types of endemism across the globe using a categorical
analysis of neo- and paleoendemism (CANAPE) (Mishler ef al., 2014). Finally, I assessed the effects of past
climate change and geological history, including insularity and the presence of mountain ranges, on the spatial
distribution of neo- and paleoendemism, by modeling the standardized effect size of relative phylogenetic

endemism in response to past climatic and geological factors.

In Chapter 3, I assessed the effects of environmental filtering and dispersal history on phylogenetic and species
turnover for seed plants and tested how these effects vary at different phylogenetic timescales. To do this, I
calculated phylogenetic and species turnover of seed plants between all pairwise regions worldwide, and then
measured the contribution of each region to global variation in plant phylogenetic and species composition using
local contribution to beta diversity (LCBD) (Legendre & De Caceres, 2013). To account for dispersal history, I
calculated past and present geographical linear distances and cost distances across dispersal barriers defined as
water, mountain ranges, or unsuitable climates using reconstructions of past tectonic plate arrangements, elevation,
and climate. I then used generalized dissimilarity modeling (Ferrier et al., 2007) to test for differences in the extent
to which environmental dissimilarity related to environmental filtering process and past and current geographical
distance (i.e., geographical linear distances and cost distances) shape global patterns of phylogenetic and species
turnover. Furthermore, I used beta diversity through time framework (BDTT) (Groussin ef al., 2017; Mazel et al.,
2017) to compute phylogenetic turnover at different time periods along the phylogenetic timescale. I quantified
how the effects of environmental dissimilarity and geographical distances on phylogenetic turnover vary at

different phylogenetic timescales.



Chapter 1

Chapter 1 Global models and predictions of plant diversity based
on advanced machine learning techniques

Lirong Cai, Holger Kreft, Amanda Taylor, Pierre Denelle, Julian Schrader, Franz Essl, Mark van Kleunen, Jan
Pergl, Petr Pysek, Anke Stein, Marten Winter, Julie F. Barcelona, Nicol Fuentes, Inderjit, Dirk Nikolaus Karger,
John Kartesz, Andreij Kuprijanov, Misako Nishino, Daniel Nickrent, Arkadiusz Nowak, Annette Patzelt, Pieter

B. Pelser, Paramjit Singh, Jan J. Wieringa & Patrick Weigelt.

Abstract

Despite the paramount role of plant diversity for ecosystem functioning, biogeochemical cycles and human
welfare, knowledge of its global distribution is still incomplete, hampering basic research and biodiversity
conservation. Here, we used machine learning (random forests, extreme gradient boosting, neural networks) and
conventional statistical methods (generalized linear models, generalized additive models) to test environment-
related hypotheses of broad-scale vascular plant diversity gradients, and to model and predict species richness and
phylogenetic richness worldwide. To this end, we used 830 regional plant inventories including c. 300,000 species
and predictors of past and present environmental conditions. Machine learning showed a superior performance,
explaining up to 80.9% of species richness and 83.3% of phylogenetic richness, illustrating the great potential of
such techniques for disentangling complex and interacting associations between the environment and plant
diversity. Current climate and environmental heterogeneity emerged as the primary drivers, while past
environmental conditions left only small but detectable imprints on plant diversity. Finally, we combined
predictions from multiple modeling techniques (ensemble predictions) to reveal global patterns and centers of
plant diversity at multiple resolutions down to 7,774 km?. Our predictive maps provide accurate estimates of global

plant diversity available at grain sizes relevant for conservation and macroecology.

Introduction

Vascular plants comprise well over 340,000 species (Govaerts et al., 2021) and are fundamental to terrestrial
ecosystems maintaining ecosystem functioning (Tilman et al., 2014) and providing ecosystem services (Isbell et
al., 2011; Cardinale et al., 2012). To preserve and manage this important part of global biodiversity, knowledge
of its spatial distribution and location of biodiversity centers is critical. Mapping plant distributions and diversity
has a long and rich tradition starting in the 19 century, with the collation of regional plant species numbers and
expert-drawn isolines of species richness (Wulff, 1935; Barthlott et al., 2005; reviewed in Mutke & Barthlott,
2005). These maps have since then been refined and scaled to different resolutions (e.g. c¢. 12,100 km? in Kreft &
Jetz (2007)) by modelling diversity patterns in response to environmental and spatial variables (Keil & Chase,
2019; Sabatini ef al., 2022), allowing for continuous predictions worldwide. The accuracy of such predictive maps
depends on the quality and representativeness of available plant diversity data, environmental predictors, and
models applied. Recent developments in the availability of both data and modeling techniques allows for models

of plant diversity of hitherto unprecedented resolution and accuracy.

Knowledge of plant distributions worldwide has increased in recent years, thanks to international efforts to

mobilize and collate species occurrence records (Enquist ef al., 2016; GBIF, 2020), vegetation plots (Sabatini et
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al., 2021) along with regional checklists and floras (Weigelt ef al., 2020; Govaerts ef al., 2021). However, these
data differ in precision, completeness, and scope (Konig et al., 2019). Specifically, fine-grained data such as
occurrence records and vegetation plots are often geographically biased and only partially cover regional floras
(Meyer et al., 2016; Qian et al., 2022). Despite being coarse-grained and often delimited by artificial,
administrative borders, checklists and floras reflect the most complete and authoritative accounts of regional
floristic composition to date, and are available with near-complete global coverage (Weigelt et al., 2020; Govaerts
et al., 2021). As such, checklists and floras are useful resources for global-scale modeling of plant diversity—
environment relationships (Kreft & Jetz, 2007), and for predicting plant diversity across different grain sizes (Keil
& Chase, 2019). Including species identities further allows for the integration of species-level phylogenetic and

trait information, offering a unique opportunity to study multiple facets of biodiversity.

Although it is widely accepted that plant diversity reflects the complex interplay of evolutionary, geological, and
ecological processes, disentangling the drivers of global plant diversity remains an important topic of modern
macroecology (Kreft & Jetz, 2007; Tietje ef al., 2022). Several hypotheses related to geography, past and present
climate, and environmental heterogeneity of a region have been proposed to explain plant diversity patterns (Currie
et al., 2004; Mittelbach et al., 2007; Fine, 2015) (SI Appendix, Table S1.1). Large and heterogeneous areas, for
example, are hypothesized to support more species by offering a greater diversity of resources and habitats, thus
promoting species coexistence (Connor & McCoy, 1979) and offering refugia during environmental fluctuations
(Stein et al., 2014). Also, areas with warm, wet, and relatively stable climates such as humid tropical forests should
support more species owing to high speciation (Rohde, 1992; Mittelbach et al., 2007; Brown, 2014) and low
extinction rates (Gillooly & Allen, 2007; Eiserhardt et al., 2015). Geographic isolation could simultaneously
promote extinction (Brown & Kodric-Brown, 1977; Ouborg, 1993) and speciation (Kisel & Barraclough, 2010),
by making populations less well-connected. Finally, historical processes like past plate tectonics and climatic
change have influenced diversity patterns through altered biotic isolation and exchange or species range shifts
(Dynesius & Jansson, 2000; Svenning et al., 2015; Couvreur et al., 2021). However, past environmental conditions
remain underrepresented in global models of plant diversity and their legacies in modern plant distributions are

still poorly understood (Kissling et al., 2012; Hagen et al., 2021).

Diversity—environment relationships are often complex, non-linear, and scale-dependent (Francis & Currie, 2003;
Keil & Chase, 2019). Many environmental predictors interact and show high levels of collinearity, thus presenting
major challenges for conventional statistical models such as generalized linear models (GLMs) and generalized
additive models (GAMs). Machine learning approaches represent powerful modeling tools that can effectively
deal with multidimensional and correlated data and can reveal non-linear relationships and interactions of
predictors without a priori specification (Olden et al., 2008; Crisci ef al., 2012). Therefore, machine learning has
become a promising alternative to conventional techniques in ecology (Hengl et al., 2017; Park et al., 2020;
Sabatini et al., 2022). However, its performance in modeling global plant diversity has yet to be explored. In
addition to relying on one particular model type, combining predictions based on multiple modeling techniques
(i.e. ensemble predictions) might decrease prediction uncertainties (Aratjo & New, 2007) and can thereby further

improve predictions of global plant diversity patterns.

Here, we present improved models and predictions of two key facets of vascular plant diversity, i.e. species
richness and phylogenetic richness, at a global extent using advanced statistical modeling techniques. In addition
to non-spatial and spatial GLMs and GAMs, we systematically assess the predictive performance of machine

learning methods, including random forests, extreme gradient boosting (XGBoost) and neural networks.
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Specifically, our aims are: (1) to compare the performance of different modeling techniques in revealing complex
diversity—environment relationships and to improve global geo-statistical plant diversity models; (2) to test
hypotheses on plant diversity gradients related to geography, environmental heterogeneity, current climate and
past environmental conditions and to quantify their relative importance for plant species and phylogenetic richness;
and (3) to predict both facets of plant diversity at multiple grain sizes across the globe. Our study is based on c.
300,000 species from checklists and floras for 830 regions across the globe (SI Appendix, Figure S1.1) collated in
the Global Inventory of Floras and Traits (Weigelt et al., 2020) (GIFT; SI Appendix, References S1.1), and a large,
dated mega-phylogeny of vascular plants (Jin & Qian, 2019).

Materials and Methods

Species distribution data and species richness

To calculate species and phylogenetic richness, we used the species composition of native vascular plants in

regional checklists and floras from GIFT (Weigelt et al., 2020) (version 2.1: http://gift.uni-goettingen.de). In GIFT,

all non-hybrid species names are standardized and validated based on taxonomic information provided by The
Plant List (version 1.1, http:// www.theplantlist.org) and additional resources available via iPlant's Taxonomic
Name Resolution Service (TNRS) (Boyle et al., 2013; Weigelt et al., 2020). The original database contains > 3000
geographic regions representing islands, protected areas, biogeographical regions and administrative units (e.g.
countries, provinces). We excluded regions with incomplete native vascular plant checklists, incomplete data for
predictor variables, or an area of less than 100 km?. Furthermore, we coped with overlapping regions in two steps.
First, for overlapping regions from one individual literature source, we only kept non-overlapping regions
preferring smaller over larger regions (e.g. the individual states of Brazil instead of the country). Second, for
overlapping regions from different literature sources, we retained both smaller and larger regions if smaller regions
covered only parts of the larger regions. Otherwise we removed the larger regions. A total of 298,087 vascular
plant species from 775 mainland regions and 55 islands or island groups was used to proceed with the calculation
of species richness (i.e. taxonomic richness) and phylogenetic richness. The geographic regions in the dataset were

distributed representatively across the entire globe, covering all major biomes (SI Appendix, Figure S1.1).

Phylogeny reconstruction and phylogenetic richness

We used a large, dated megatree of vascular plants, GBOTB extended (Jin & Qian, 2019), as a backbone to
generate a phylogeny for all species in the dataset. The megatree was derived from the GBOTB tree for seed plants
by Smith & Brown (2018) and the phylogeny for pteridophytes in Zanne ef al. (2014). We excluded taxa not
identified to the species level for calculating phylogenetic richness, leading to a dataset including 295,417 species
in 466 families of vascular plants. All families and 10,128 out of 14,962 genera (67.7%) in the dataset were
included in the megatree. We bound the remaining genera and species into their respective families and genera
using “Scenario 3” in the R package V.PhyloMaker (Jin & Qian, 2019). In “Scenario 3”, the weighted positioning
of the additional taxa depends on the length and amount of already existing tips per taxon. 91.95% out of the
295,417 species in the dataset were from genera already present in the backbone. It is suggested that patterns of
phylogenetic richness would be similar regardless of whether the phylogeny used is resolved at the genus or species
level (Qian & Jin, 2021). Additionally, we carried out a sensitivity analysis to test for the effect of adding missing
genera to the phylogeny on phylogenetic richness and found consistent patterns, indicating that our method is

robust (See SI Appendix, Methods S1.1 for details).



Several indices exist for capturing different dimensions of phylogenetic diversity including richness, divergence
and regularity (Tucker et al., 2017). Here, we focus on phylogenetic richness, which represents the amount of
unique phylogenetic history present in an assemblage (Tucker et al., 2017). We chose Faith’s PD, a common
measure of phylogenetic richness, calculated as the sum of the branch lengths of all species coexisting in a region
(Faith, 1992), which is directly comparable to species richness. Even though highly correlated to species richness
(Pearson’s r = 0.98), we did not standardize phylogenetic richness (i.e. assessing the deviation of phylogenetic
richness from expectations based on species richness) in our main analyses as we were not interested in whether
the phylogenetic structure of a region is overdispersed or clustered, but rather aimed to capture both taxonomic
and phylogenetic aspects of plant diversity. However, we presented an analysis on the drivers of deviations in

phylogenetic richness from species richness in SI Appendix, Table S1.2.

Predictor variables

We identified a set of candidate predictor variables hypothesized to affect plant distributions and diversity and
classified them into four categories: geography, current climate, environmental heterogeneity and past
environmental conditions. Twenty-five predictors were considered in the original dataset (SI Appendix, Table
S1.1). These have been shown or hypothesized to contribute to geographic patterns of plant diversity in previous
studies (Kreft & Jetz, 2007; Kissling ef al., 2012; Stein et al., 2014; Keil & Chase, 2019). Geographic variables
were region area (km?) and the summed proportion of landmass area in the surrounding area of the target region
within buffer distances of 100 km, 1000 km, 10,000 km, serving as a measure of geographic isolation (Weigelt &
Kreft, 2013). Current climatic variables included 13 biologically relevant temperature and precipitation variables.
These variables represent annual averages, seasonality and limiting climatic factors (e.g. length of growing season),
capturing the main aspects of climate important for plant diversity (Karger et al., 2017). Furthermore, gross
primary productivity (Zhao & Running, 2010) was included as a measure of potential plant productivity based on
available solar energy and water. Climatic variables were extracted as mean values across the input raster layers
per region. The number of soil types (Hengl ef al., 2017) and elevational range (Danielson & Gesch, 2011) were

calculated for each region as proxies for environmental heterogeneity within regions.

To determine the contribution of past environmental conditions to modern diversity patterns, we calculated biome
area variation since the Pliocene and the Middle Miocene, temperature anomaly since the mid-Pliocene warm
period, temperature stability since the last glacial maximum (LGM) and velocity of temperature change since the
LGM. Terrestrial biomes are affected by multiple drivers containing atmospheric circulation, precipitation and
temperature patterns, and thus changes in biome distributions represent major environmental changes through
geological time. To calculate biome area variation, we used biome distribution maps at present (Olson et al., 2001),
the LGM (c. 25 — 15 ka) (Ray & Adams, 2001), the mid-Pliocene warm period (mid-Piacenzian, c. 3.264 —3.025
Ma) (Dowsett et al., 2016) and the Middle Miocene (c. 17 — 15 Ma) (Henrot et al., 2010). The three paleo-time
periods represented particularly different climates compared to present-day conditions, and showed distinct biome
distributions which are hypothesized to have left imprints on current plant diversity (Svenning et al., 2015; Sandel
et al., 2020). Since biome definitions differed across the four datasets, we regrouped biomes to match across
datasets and then calculated biome area changes (See SI Appendix, Methods S1.2 for details; SI Appendix, Table
S1.3). We acknowledge potential drawbacks of this approach due to the coarse resolution and uncertainty of the
original past biome maps. Because of the coarse resolution of the Middle Miocene map and absent data for some
geographic regions, we only used biome area variation since the Pliocene and excluded Miocene biome variation

from further analyses.
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In addition, we calculated temperature stability from two paleo-time periods until present, i.e. the LGM and the
mid-Pliocene warm period, representing cooler and warmer climates compared to the current climate, respectively.
Temperature stability since the LGM was calculated using the climateStablity R package (Owens & Guralnick,
2019). It takes temperature differences between 1000 year time slices expressed as standard deviation and averages
the results across all time slices. The stability is then calculated as inverse of the mean standard deviation rescaled
to [0,1]. Temperature anomaly since the mid-Pliocene was calculated as the difference in mean annual temperature
between the mid-Pliocene warm period and present-day. The velocity of temperature change since the LGM was
calculated as the ratio between temporal change and contemporary spatial change in temperature, representing the
speed with which a species would have to move its range to track analogous climatic conditions (Sandel et al.,

2011). For details on paleoclimate estimates see SI Appendix, Methods S1.2.

An alternative way to evaluate effects of biogeographic history on plant diversity is to account for predefined
discrete geographic regions influencing diversity via differences in diversification history and dispersal barriers.
We therefore included floristic kingdoms (Takhtajan, 1986) as an additional categorical variable in the models and
compared the performance of models with and without floristic kingdoms to assess if we managed to model the
effect of biogeographic history properly by only including the variables that directly quantify past environmental

change.

Statistical models

Predictor variable selection To quantify diversity—environment relationships, we fitted five different types of
models with species richness and phylogenetic richness as response variables: GLMs, GAMs, random forests,
XGBoost and neural networks. To compare model performance across model types, we used the same set of
predictors across models. Since there was significant collinearity between the 22 predictors in the initial dataset,
we removed variables with low contribution to predictions until the variance inflation factors (VIF) of all
remaining variables was below a threshold of five. It has been suggested that a VIF value that exceeds five indicates
a problematic amount of collinearity (James et al., 2013). The contribution to predictions was based on a
preliminary ranking of predictor variables using random forests and a stepwise forward strategy for variable
introduction (Genuer et al., 2015). Like this, we selected a subset of 15 predictor variables minimizing redundancy
and maximizing model performance to fit models (bold in SI Appendix, Table S1.1; SI Appendix, Figure S1.2).
The predictors retained represented all aspects (geography, current climate, environmental heterogeneity and past

environment) that are hypothesized to affect plant diversity patterns.

Modeling To perform GLMs and GAMs, we used a negative binomial error distribution with a log-link function
for species richness to cope with over-dispersion of the response variables, and a Gaussian error distribution with
log-link function for phylogenetic richness. For the GLMs, some predictors were log-transformed owing to their
skewed distribution (i.e. area, temperature seasonality, number of wet days, precipitation seasonality, precipitation
of warmest quarter, gross primary productivity, elevational range, number of soil types and velocity in temperature
since the LGM). After log-transformation, all continuous predictor variables were standardized to zero mean and
unit variance to aid model fitting and make their parameter estimates comparable. Although fitting GLMs with 15
predictors might seem excessive, it is suggested not to exclude predictors hypothesized to be important when
collinearity is minimized and not a hindrance to analysis (Morrissey & Ruxton, 2018). Thus, in our GLMs, we
built the full model including 15 predictors and then simplified the model using Akaike’s information criterion
(AIC). Predictors were tested in turn, and removed if AIC values were larger in the complex models compared to
the simpler ones (Phillips ef al, 2019) (SI Appendix, Table S1.4). To account for interactive effects of
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environmental predictors on diversity patterns, we fitted GLMs including energy-water, energy-environmental
heterogeneity and area-environment interactions, as suggested by previous studies (Kreft & Jetz, 2007; Stein et
al., 2014; Keil & Chase, 2019). Models including interactions were simplified based on AIC values. First, all
interactions were tested, and then, any main effects (i.e. individual predictors) that were not included in the retained
interactions were tested (Phillips ez al., 2019). In GAMs, we used penalized regression smoothers (with nine spline
bases for species richness and 10 spline bases for phylogenetic richness) for each predictor to estimate the smooth
terms. The number of spline bases were selected from values between two and 10 using random cross-validation
to optimize model performance (i.e. minimizing root mean square error). Additionally, we used a gamma value of
1.4 to reduce overfitting without compromising model fit (Wood, 2006) and also included a double penalty to
variable coefficients. We used the R packages MASS (Venables & Ripley, 2002) to fit negative binomial
generalized linear models and mgcv (Wood, 2006) to fit GAMs.

In addition, we applied machine learning techniques, i.e. random forests, XGBoost and neural networks, to fit
global models of plant diversity. Random forests are an ensemble learning method that builds a large collection of
decision trees and outputs average predictions of the individual regression trees, while XGBoost is an ensemble
model of decision trees trained sequentially fitting the residual errors in each iteration. Several innovations make
XGBoost highly effective, including a novel tree learning algorithm for handling sparse data, and a theoretically
justified weighted quantile sketch procedure enabling handling instance weights in approximate tree learning
(Chen & Guestrin, 2016). Neural networks are a machine learning method that comprises a collection of connected
units (neurons) and their connections (edges). For these machine learning methods, species and phylogenetic
richness were log-transformed prior to modeling to reduce skewness of their distributions. A set of tuning
parameters (i.e. hyperparameters), which cannot directly be estimated from the data, needs to be set beforehand.
These hyperparameters determine the training strategy and related efficiency of the algorithms. It is commonly
suggested to tune hyperparameters to maximize model performance before running models for a certain problem
(Bergstra & Bengio, 2012). We used the train function from the R package caret to optimize the model tuning
parameters for the three machine learning models used here (Kuhn, 2008). We used repeated random cross-
validation and selected the hyperparameters that produced the lowest root mean squared error. We then refitted
the final models using these optimal hyperparameters. The R package ranger was used to fit random forests
(Wright & Ziegler, 2017), xgboost to fit XGBoost (Chen & Guestrin, 2016) and neuralnet to fit neural networks
(Giinther & Fritsch, 2010). Unlike GLMs and GAMs, machine learning can detect and model interactions of
predictors without a priori specification, and we visualized interactions in machine learning models using partial
dependence plots. For details on tuning parameters, model fitting using machine learning techniques and

visualization of interactions, see SI Appendix, Methods S1.3.

Spatial terms Species distribution data and environmental predictors are often spatially autocorrelated. On the
one hand, this might lead to biased parameter estimates which need to be accounted for (Dormann et al., 2007).
On the other hand, including spatial information in models could increase their predictive power (Keil & Chase,
2019). Because of this, we generated spatial models using different modeling techniques. To account for spatial
autocorrelation in GLM residuals, we used simultaneous autoregressive (SAR) models of the spatial error type,
which is recommended for use when dealing with spatially autocorrelated species distribution data (Kissling &
Carl, 2008). We evaluated SAR models with different neighborhood structures and spatial weights (lag distances
between 200 and 3000 km, weighted and binary coding). As the final SAR model, we chose a model with weighted

neighborhood structure and 800 km lag distance for both species and phylogenetic richness, which had the minimal
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AIC and the best reduction of spatial autocorrelation in the residuals. Species and phylogenetic richness were log-
transformed prior to modeling. In GAMs, we added a two-dimensional spline on geographical coordinates, which
accounts for spatial autocorrelation in model residuals (Dormann et al., 2007; Keil & Chase, 2019). To cope with
spatial autocorrelation in machine learning models, we included cubic polynomial trend surfaces (i.e. latitude (Y),
centered longitude (X) as well as X2, XY, Y2, X3, X?Y, XY? and Y?) (Bjorholm et al., 2005; Li, 2019). Overall,

the spatial models successfully removed spatial autocorrelation from model residuals (ST Appendix, Figure S1.3).

Comparison to established models To compare our models to published global models of plant species richness,
we rebuilt these models for the data set analyzed here. First, we fitted the best model as in Kreft & Jetz (2007), a
combined six-predictor model using GLMs; and second, we built a GAM using the same model structure as Keil
and Chase’s smooth model (Keil & Chase, 2019), which contained a two-dimensional spline on geographical
coordinates, 15 single predictors and interactions between each individual predictor and area. We ran models
including the same 15 predictor variables and floristic kingdom using random forests and XGBoost, and compared
them with the models without floristic kingdom. Adding floristic kingdom increased collinearity between
predictors. However, the two tree-based models are able to handle multicollinearity when they are used for
prediction. Random forests in the ranger R package can handle categorical variables automatically; however,
XGBoost only works with numeric vectors. We therefore converted all other forms of data into numeric vectors.
Here we used one-hot encoding (0,1) to convert the floristic kingdom into dummy variables for the XGBoost

model.

Variable importance To estimate the relative importance of each environmental predictor, we used a consistent
method across model types. We randomly reshuffled values of the predictor of interest in the dataset, predicted
the response variables based on the modified dataset and calculated the Spearman rank correlation coefficient
between those predictions and the predictions using the original dataset. The relative importance of the predictor
of interest was calculated as one minus the correlation coefficient divided by the sum of one minus the correlation
coefficients of all predictors (Thuiller et al., 2009). Likewise, to compare the relative importance of different
categories of predictor variables (categories in SI Appendix, Table S1.1), we permuted values of a subset of
predictors belonging to one category, correlated the predictions of the model using the modified dataset and
predictions using the original dataset, and estimated the importance of each category as one minus the Spearman
rank correlation coefficient divided by the sum of one minus the correlation coefficients of all predictor categories.
Relationships between diversity metrics and predictor variables were visualized as partial dependence plots (see
ST Appendix, Methods S1.3 for details).

Cross-validation

To assess the accuracy of model predictions across all different model types, we used random 10-fold cross-
validation and spatial 68-fold cross-validation following Ploton et al. (2020) (for details see SI Appendix, Methods
S1.4). To quantify model predictive performance, we summarized the cross-validation results using root mean
squared error and two different pseudo-coefficients of determination to quantify the amount of variation explained
by the model based on out-of-bag samples. R> CORR is the coefficient of determination of a linear model of the
predicted and observed values from all repetitions of the cross-validation. R?2_Accuracy is the amount of variation
explained by the model, calculated as R?> Accuracy =[1-SSE/SST] (Hengl et al., 2017), where SSE is the sum of
the squared error between observation and prediction and SST is the total sum of squares. The model with the
lowest root mean squared error and highest R2 CORR/ R?_Accuracy was identified as the best predictive model.

For all models, we calculated cross-validation results for log-transformed observed and predicted species and
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phylogenetic richness, because species and phylogenetic richness were log-transformed prior to modeling for

machine learning models and fitted with log link functions in GLMs and GAMs.

Variation explained according to spatial cross-validation was consistently lower than variation explained
according to random cross-validation, likely because the former offers biased and pessimistic estimates (Wadoux
et al., 2021). Spatial cross-validation excludes entire portions of regions with specific combinations of
environmental characteristics and biogeographic histories from the training data and is therefore less representative
of the globe and its environmental spectrum, likely causing predictions outside of covariate space within the
models. In contrast, random cross-validation is almost unbiased when the sampling design is systematic or random
(Wadoux et al., 2021). Because the geographic regions in our dataset were distributed representatively across the
entire globe, covering all major biomes (SI Appendix, Figure S1.1), we argue that random cross-validation offers

relatively unbiased assessments of model performance.

Predictions

We used the resulting models to predict vascular plant species and phylogenetic richness across global grids of
four different resolutions (i.e. 7,774; 23,322; 69,967 and 209,903 km? hexagon size). We used the dggridR R
package (Barnes & Sahr, 2017) to produce a grid of equal-area and equidistant hexagons across the Earth’s surface
clipped for global coastlines. Islands smaller than 1.5 times the gridcell size were treated as entire entities instead
of subdividing them into several partial grid cells. For each hexagon, we calculated the same predictor variables
as for the geographic regions used for fitting the models. We then used the models to predict vascular plant species
and phylogenetic richness, and mapped the predictions across the hexagon grid. Due to missing values in some

predictor variables, a few values had to be interpolated for predicting (see SI Appendix, Methods S1.5 for details).

Besides predictions based on individual models, we used an ensemble prediction procedure, which averages the
predictions based on the models fitted by different techniques weighted by model accuracy (the inverse of the
model squared error) from the random cross-validation process (Marmion et al., 2009). Because spatial cross-
validation was biased (Wadoux ef al., 2021), we used model accuracy from random cross-validation. In addition
to the hexagon grids, we generated plant diversity maps in raster format at a resolution of 30 arc seconds based on
predictions for the 7,774 km? hexagons (see SI Appendix, Methods S1.5; SI Appendix, Figure S1.4). As centers
of plant diversity based on the ensemble predictions, we defined regions with predicted richness values higher
than the 90" quantile, i.e. containing at least 1,765 plant species and 41,866 Ma of phylogenetic richness at a

resolution of 7,774 km?.

Uncertainty

To assess variation of the predictions across models, we calculated the coefficient of variation of predicted values
for each hexagon grid cell. The coefficient of variation is defined as the ratio of the standard deviation to the mean,
which accounts for the differences in diversity between regions and thereby avoids artificially high uncertainty of
high diversity regions. Additionally, we calculated standard errors of predictions for GLMs, GAMs and random
forests. For XGBoost and neural networks, we modelled the relationship between model residuals and

environmental predictors from the raw data, and used this model to predict uncertainty across the hexagon grids.

Results and Discussion

Performance of plant diversity models
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Our results reveal a great potential of machine learning, particularly decision-tree methods, for modeling plant
diversity—environment relationships and for accurately predicting plant diversity across various scales. Overall,
the predictive power of the models was high (Table 1.1). Machine learning models and GAMs outperformed
GLMs, and spatial models (i.e. models containing spatial terms to account for the spatial non-independence of
regions) (Dormann et al., 2007) showed an overall better performance than non-spatial models (except GLMs for
species richness). Extreme gradient boosting, an ensemble of sequentially trained decision trees, produced the
most accurate predictions for both species richness (70.3% variation explained based on spatial cross-validation,
80.9% based on random cross-validation) and phylogenetic richness (73.7 and 83.3%, respectively), which was

consistent across spatial and non-spatial models.

Table 1.1 Performance of global models of vascular plant diversity based on cross-validation.

Species richness Phylogenetic richness (Faith’s PD)
Models Random cross- Spatial cross- Random cross- Spatial cross-
validation validation validation validation
RMSE R? RMSE R? RMSE R? RMSE R?
Non-spatial models
Full GLM 0.525 0.636 0.582 0.561 0.514 0.452 0.552 0.359
Minimum adequate GLM 0.520 0.643 0.548 0.608 0.513 0.454 0.548 0.369
GLM with interaction terms ~ 0.471 0.704 0.502 0.664 0.412 0.635 0.453 0.559
GAM 0.437 0.742 0.507 0.658 0.359 0.723 0.430 0.604
Random forests 0.415 0.761 0.511 0.639 0.317 0.784 0.395 0.667
Extreme gradient boosting 0.389 0.791 0.487 0.673 0.295 0.813 0.384 0.685
Neural networks 0.451 0.718 0.604 0.496 0.328 0.769 0.419 0.628
Spatial models
SAR 0.537 0.600 0.548 0.584 0.416 0.629 0.426 0.611
GAM 0.413 0.769 0.499 0.667 0.340 0.751 0.416 0.633
Random forests 0.398 0.780 0.502 0.653 0.303 0.803 0.379 0.694
Extreme gradient boosting 0.371 0.809 0.463 0.703 0.279 0.833 0.351 0.737
Neural networks 0.422 0.753 0.587 0.522 0.314 0.789 0.433 0.597

Each model was evaluated for its predictive performance using both random 10-fold and spatial 68-fold cross-
validation. Non-spatial models were fitted with 15 predictors representing geography, current climate,
environmental heterogeneity and past environment conditions (SI Appendix, Table S1.1) except for the minimum
adequate generalized linear model (GLM) and the GLM with interaction terms. Spatial models in addition
contained spatial terms (i.e. simultaneous autoregressive (SAR) models, generalized additive models (GAMs)
including splines of geographic coordinates and machine learning methods including cubic polynomial trend
surfaces). The minimum adequate GLM was obtained by simplifying the full GLM based on Akaike’s information
criterion (AIC). The GLM with interaction terms was fitted including all predictors of the full GLM and
interactions of energy-water, energy-heterogeneity and area-environment related variables, and was then
simplified based on AIC. Because the response variables (i.e. species and phylogenetic richness) were log-
transformed in models, the accuracy statistics are provided on log-scale. Based on all out-of-bag samples, values
shown are: root mean squared error (RMSE); the amount of variation explained by the model calculated as one
minus the ratio of the sum of the squared error between observation and prediction to the total sum of squares (R?).
For more detailed cross-validation results, see SI Appendix, Table S1.4.

The good predictive performance of machine learning models can be attributed to their ability to uncover complex,
non-linear diversity—environment relationships (SI Appendix, Figures S1.5 and S1.6) and interactive effects (SI
Appendix, Figures S1.7-S1.18). We found strong interactions between spatial terms and environmental variables
(SI Appendix, Figures S1.7-S1.18). This indicates regional differences in plant diversity and diversity—
environment relationships and shows that different combinations of environmental variables are important when
predicting diversity across geographic regions (Keil & Chase, 2019). Moreover, machine learning models revealed
strong interactions between energy and water availability, energy and environmental heterogeneity, as well as area

and environmental variables (SI Appendix, Figures S1.7-S1.18). Also, the accuracy of GLMs increased when
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including the interactions that turned out to be important in machine learning models (70.4% vs. 63.6% in species
richness based on random cross-validation; 63.5% vs. 45.2% in phylogenetic richness), highlighting the role of
complex interactive effects among biotic and abiotic factors in shaping global plant diversity patterns (Francis &
Currie, 2003; Kreft & Jetz, 2007; Keil & Chase, 2019). By implicitly accounting for grain dependence and complex
interactions among spatial and environmental variables, our machine learning models outperform previous models
of plant diversity (Kreft & Jetz, 2007; Keil & Chase, 2019) (SI Appendix, Table S1.4), improving our
understanding of diversity—environment relationships and allowing for improved predictions of plant diversity

across scales.

Drivers of global patterns of vascular plant diversity

Current climatic variables emerged as the most important drivers of plant diversity, accounting for 34.4-48.1% of
the variation in species richness and 39.7-58.2% in phylogenetic richness across models (Figure 1.1; SI Appendix,
Table S1.1). High energy and water availability and low seasonality promoted species and phylogenetic richness
(ST Appendix, Figures S1.5 and S1.6), supporting other large-scale studies that report strong effects of current
climate on plant diversity (Francis & Currie, 2003; Hawkins et al., 2003; Kreft & Jetz, 2007). Environmental
heterogeneity (measured here as elevational range and number of soil types within a region) explained 21.0-40.9%
of the variation in species richness and 16.3-27.2% in phylogenetic richness, with increasing heterogeneity leading
to higher plant diversity as expected (Stein et al., 2014). Even though species and phylogenetic richness were
highly correlated (Pearson’s r = 0.98), some differences emerged in diversity—environment relationships. For
example, environmental heterogeneity explained less variation in phylogenetic richness than in species richness.
This potentially reflects a signal of in-situ speciation that is promoted by high environmental heterogeneity,
creating clusters of closely related species resulting in relatively low phylogenetic richness compared to species
richness (Forest ef al., 2007). This notion was also supported by a negative effect of number of soil types on the

residual variation of phylogenetic richness after accounting for species richness (SI Appendix, Table S1.2).

Geographic variables (area and geographic isolation) explained 9.8-23.1% of the variation in species richness and
18.0-24.6% in phylogenetic richness. Larger regions tend to have higher in-situ speciation rates owing to more
opportunities for geographic isolation within a region, and lower extinction rates due to larger populations
(Terborgh, 1973; Kisel & Barraclough, 2010). These effects should be most pronounced in self-contained, isolated
regions like islands, mountains, or other isolated habitats, and less so in regions that are similar to their
surroundings (Rosenzweig, 2003; Testolin ef al., 2021). Additionally, larger regions often provide a greater variety
of habitats, offering more environmental niches to be occupied by species. Geographic isolation, measured here
as the proportion of surrounding landmass, did not explain much variation (0.0-3.9% in species richness; 0.5-3.5%
in phylogenetic diversity; SI Appendix, Figure S1.19) for both diversity facets, possibly because our dataset
consisted mainly of mainland regions (93.4% of all regions). While geographic isolation is a main driver of insular
plant diversity (Weigelt & Kreft, 2013), isolation and peninsular effects seem to play only a minor role on the
mainland, where geographic isolation can be expected to be more important for compositional uniqueness of

regions and endemism, rather than for richness (Sandel et al., 2020).

We hypothesized that higher plant diversity would accumulate in regions with long-term climate stability because
of low extinction and high speciation rates (Fine, 2015; Svenning ef al., 2015). We therefore assessed the effects
of temperature stability and biome variation as proxies for past climatic change for two paleo-time periods, i.e. the
last glacial maximum (LGM) and the mid-Pliocene warming period. In contrast to the expected legacy effects of

historical variables on modern plant diversity, past environmental conditions only contributed 0.8-5.5% to
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explaining species richness in most of our models, but up to 23.8% in neural networks. Likewise, past
environmental conditions showed higher explanatory power (15.0%) for phylogenetic richness in neural networks
than in other models (4.0%-8.5%). Models including spatial trend surfaces or discrete biogeographic regions (i.e.
floristic kingdoms) to account for regional idiosyncrasies (after statistically controlling for current and past
environments) further improved model fits (Table 1.1 and SI Appendix, Table S1.4). This suggests that in addition
to climate stability since the LGM or mid-Pliocene warm period, biogeographic history pre-dating the Pliocene or
regional idiosyncrasies other than climatic changes affected modern plant diversity. These historical regional
effects are possibly due to dispersal barriers and idiosyncratic colonization and diversification histories (Qian &

Ricklefs, 2004; Ricklefs & He, 2016).

Species richness Phylogenetic richness

Geography

Climate

Heterogeneity

u GLM
GAM

B Random forests
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T
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Figure 1.1 Relative importance of environmental variable categories for explaining global patterns of vascular
plant diversity across five non-spatial models. a, species richness; b, phylogenetic richness (Faith’s PD). Relative
importance for different variable categories (scaled to sum up to one) was calculated as one minus the Spearman
rank correlation coefficient between predictions of the model using a dataset where the values of the predictors of
interest were permuted and predictions using the original dataset. Environmental variables falling into each
category are shown in SI Appendix, Table S1.1. For the importance of individual environmental variables, see SI
Appendix, Figure S1.19. GLM, generalized linear model; GAM, generalized additive model; XGBoost, extreme
gradient boosting.

Improved global plant diversity maps

We produced global diversity maps for species and phylogenetic richness of vascular plants, based on individual
well-performing models and model ensembles. Because of its outstanding predictive power and ability to handle
missing data, we consider XGBoost (including geographic coordinates) the most powerful single model for
predicting plant diversity (SI Appendix, Figures S1.20d and S1.21d). In addition, we present ensemble predictions
which reduce the uncertainty introduced by the choice of one particular modeling technique and therefore improve
prediction accuracy (Marmion et al., 2009). Including region area and its interactions with other predictor variables
allowed us to predict plant diversity across global grids of equal area and equidistant hexagons of different grain
sizes (i.e. 7,774; 23,322; 69,967 and 209,903 km?; SI Appendix, Figures S1.22 and S1.23). All model predictions

and their uncertainties are accessible at https://gift.uni-goettingen.de/shiny/predictions/.
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Figure 1.2 Global patterns of vascular plant diversity predicted across an equal area hexagon grid of 7,774 km?
resolution. Species richness (a) and phylogenetic richness (Faith’s PD, d) based on an ensemble of five different
models (i.e. three spatial models using machine learning methods, a spatial generalized additive model, and a non-
spatial generalized linear model with interactions) weighted by model accuracy; Species richness (b) and
phylogenetic richness (e) centers defined as regions with predicted richness values higher than the 90th quantile
of the predictions (i.e. containing at least 1,765 plant species and 41,866 Ma of phylogenetic richness per 7,774
km?).; Variation of predictions across models used for the ensemble predictions calculated as coefficient of
variation of predicted values for species richness (c¢) and phylogenetic richness (f). Horizontal lines depict the
equator and borders of the tropics. In a, b, d, e, logio scale is used and all maps use Eckert IV projection. For maps
of all different models and resolutions and data download, see https://gift.uni-goettingen.de/shiny/predictions/.

Our ensemble predictions (Figure 1.2a, d) describe the global patterns of species and phylogenetic richness with
unprecedented detail and accuracy. The maps capture how diversity varies along environmental gradients and
identify global centers of plant diversity (Figure 1.2b, e). The highest concentrations of plant species and
phylogenetic richness are predicted in Central America, southern Mexico, Andes-Amazonia, the Caribbean, south-
eastern Brazil, the Cape region of Southern Africa, Madagascar, Malay Archipelago, Indochina and southern
China (Figure 1.2b, e), which is in line with empirical observations and previous studies (Myers et al., 2000;
Barthlott e al., 2005; Kreft & Jetz, 2007). While patterns of phylogenetic richness closely resembled species
richness (Pearson’s r = 0.97), discrepancies occurred, for example, around the Mediterranean, in Central America,
the Caucasus and Himalayas (SI Appendix, Figure S1.24). Differences might result from unequal taxonomic

efforts (e.g. many closely related species described separately in Europe) or the uneven distribution of
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evolutionarily old or young clades across the globe (Thorne, 1999; Endress, 2001). The former suggests that
predictions of phylogenetic diversity provide a taxonomically less biased representation of global plant diversity

patterns.

Thanks to the high-resolution environmental data and modeling techniques that account for complex interactions,
regions with steep elevational gradients show finer tuned variation in predicted effects presented here than in
previous studies (Barthlott ef al., 2005; Kreft & Jetz, 2007). For example, the eastern slopes of the Andes, southern
Himalayan slopes, or the northern Kunlun Mountains in China show a finer differentiation from adjacent dryer
and less diverse regions than in Kreft & Jetz (2007). At the same time, our ensemble predictions show relatively
high values in species-poor regions like non-glaciated parts of Greenland or the Sahara. Here, and in other regions
with extreme values of plant diversity, individual models perform better than the ensemble model (SI Appendix,
Figures S1.20 and S1.21), which tends to attenuate extreme values. Besides the important differences just outlined,
the ensemble predictions presented here were strongly correlated with model predictions in Kreft & Jetz (2007)
(Pearson’s r = 0.872; SI Appendix, Figure S1.25). Apart from the different modeling techniques used and how
they account for complex and interactive diversity—environment relationships, differences with previous maps
could derive from the accumulation of knowledge on plant diversity worldwide and the continuously updated

species distribution data in GIFT used for modeling.

Regions with high species and phylogenetic richness were found to be distributed mostly in mountainous regions
(ST Appendix, Figure S1.26). Specifically, tropical mountain ranges, including the tropical Andes, eastern African
highlands and various Asian mountains (e.g. in southern China and the Malay Archipelago), are the global centers
of plant diversity. The high diversity of tropical mountain ranges, as also found in previous studies (Testolin ef al.,
2021), is linked to warm and wet climates and heterogeneous environments (Antonelli et al., 2018). Multiple
biogeographical and evolutionary processes, including speciation, dispersal, and persistence that are driven by
long-term orogenic and climatic dynamics in mountains have led to outstanding regional plant diversity (Antonelli
et al., 2018; Rahbek et al., 2019). Orogenic processes constantly change soil composition, nutrient levels and local
climate of mountainous regions, thus creating novel and heterogeneous habitats where plant lineages diversify and
colonize from neighboring areas (Antonelli et al., 2018). Moreover, climatic fluctuations stimulate diversification
by driving dynamic shifts in habitat connectivity within mountains (Rahbek ef al., 2019). Due to their steep
environmental gradients and heterogeneous nature, mountain regions provide refugia in times of unfavorable

climate (Bennett ef al., 1991; Rahbek et al., 2019).

Differences among models (measured as coefficient of variation) were greatest in regions with extreme
environments, such as deserts and Arctic regions (Figure 1.2c, f). Arctic regions also consistently showed the
highest prediction uncertainty across models (SI Appendix, Figures S1.27 and S1.28). The uncertainties in regions
with extreme environments probably stem from two sources. First, extremely species-poor regions might be less
well represented in published diversity data. Regions with extreme environments are often part of artificially
delimited regions instead of being sampled individually (e.g. Chad and Libya sampled instead of the Sahara).
Those artificially delimited regions are more environmentally heterogeneous, which attenuates the extreme values
of environmental factors as well as plant diversity. Machine learning models are known to not extrapolate well
under such conditions (Elith et al., 2010). Second, even for regions with relatively homogeneous environments,
checklists and floras do not only include information on predominant but also azonal vegetation, making them
richer than expected from their prevailing conditions and observed at a more local scale (comparing to alpha

diversity predictions in Sabatini et al. (2022)).
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Conclusions

We present the most accurate and comprehensive predictive global maps of regional vascular plant species and
phylogenetic richness available to date. They are based on significantly improved global models using
comprehensive global inventory-based plant distribution data, high resolution past and current environmental
information, and advanced machine learning models. Our findings illustrate that machine learning methods applied
to large distribution and environmental datasets help to disentangle underlying complex and interacting
associations between the environment and plant diversity. Machine learning methods therefore help to improve
both the fundamental understanding and quantitative knowledge in biogeography and macroecology. The updated
global diversity maps of vascular plant diversity at multiple grain sizes (available at https://gift.uni-

goettingen.de/shiny/predictions/) provide a solid foundation for large-scale biodiversity monitoring and research

on the origin of plant diversity, and subsequently support future global biodiversity assessments and environmental

policies.
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Chapter 2 Climatic stability and geological history shape global
centers of neo- and paleoendemism in seed plants

Lirong Cai, Holger Kreft, Amanda Taylor, Julian Schrader, Wayne Dawson, Franz Essl, Mark van Kleunen, Jan
Pergl, Petr Pysek, Marten Winter, Patrick Weigelt

Abstract

Assessing the distribution of geographically restricted and evolutionarily unique species and their underlying
drivers is key to understanding biogeographical processes and critical for global conservation prioritization. Here,
we quantified the geographic distribution and drivers of phylogenetic endemism for ~320,000 seed plants
worldwide, and identified centers and drivers of evolutionarily young (neoendemism) and evolutionarily old
endemism (paleoendemism). Tropical and subtropical islands as well as tropical mountain regions displayed the
world’s highest phylogenetic endemism. Most tropical rainforest regions emerged as centers of paleoendemism,
while most Mediterranean-climate regions showed high neoendemism. Centers where high neo- and
paleoendemism coincide emerged on some oceanic and continental fragment islands, in Mediterranean-climate
regions and parts of the Irano-Turanian floristic region. Global variation in phylogenetic endemism was well
explained by a combination of past and present environmental factors (79.8% — 87.7% of variance explained) and
most strongly related to environmental heterogeneity. Also, warm and wet climates, geographic isolation, and
long-term climatic stability emerged as key drivers of phylogenetic endemism. Neo- and paleoendemism were
jointly explained by climatic and geological history. Long-term climatic stability promoted the persistence of
paleoendemics, while the isolation of oceanic islands and their unique geological histories promoted neoendemism.
Mountainous regions promoted both neo- and paleoendemism, reflecting both diversification and persistence over
time. Our study provides insights into the evolutionary underpinnings of biogeographical patterns in seed plants
and identifies the areas on Earth with the highest evolutionary and biogeographical uniqueness — key information

for setting global conservation priorities.

Significance Statement

Range-restricted and evolutionarily unique species are a crucial yet often overlooked facet of biodiversity.
Understanding the distribution of neo- and paleoendemism, i.e., identifying centers of evolutionarily young or old
endemics, helps to understand the processes that shaped today’s distribution of biodiversity. Here, we uncovered
global patterns and determinants of phylogenetic endemism and neo- versus paleoendemism for seed plants.
Environmental heterogeneity, climate and geographic isolation emerged as key drivers of phylogenetic endemism.
Long-term climatic stability promotes paleoendemism, while isolation promotes neoendemism, jointly leading to
oceanic and large continental islands, and mountain regions in the tropics and subtropics being global endemism
centers. These results highlight the importance of climatic and geological history on diversification and persistence

of biodiversity and aid conservation prioritization.
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Introduction

Plant species range sizes vary widely from being nearly cosmopolitan to extremely small, for example, being
restricted to a single mountain or island (Sheth et al., 2020). Understanding the global distribution of range-
restricted or endemic species and the mechanisms that create centers of high endemism is a central question in
biogeography (Enquist et al., 2019), and is crucial for the preservation of biodiversity (Kier et al., 2009). Due to
their restricted geographic ranges, endemic species are more vulnerable to extinction (Myers et al., 2000; Pitman
& Jorgensen, 2002), and, if simultaneously evolutionarily unique, their extinction may result in significant losses
of evolutionary history (Purvis et al., 2000; Mace et al., 2003; Gumbs et al., 2023). Evolutionarily unique endemics
are also likely to be associated with irreplaceable ecological and functional characteristics (Faith, 1992; Veron et
al., 2021). It is therefore essential to account for the phylogenetic relatedness and evolutionary uniqueness of
species when assessing endemism. Measures of phylogenetic endemism (PE) account for the phylogenetic
uniqueness of range-restricted species (Rosauer et al., 2009) and allow for the differentiation between neo- and
paleoendemism (Mishler et al., 2014). Regions with high PE or paleoendemism harbor more evolutionarily unique
lineages with restricted geographic distributions than regions with low PE. Assessing PE for seed plants, the
different types of endemism, and their past and present environmental drivers is thus crucial for setting

conservation priorities and for understanding the biogeographical mechanisms underpinning plant diversity.

Endemism can originate from multiple biogeographical and evolutionary processes, which promote the formation
or persistence of range-restricted species (see SI Appendix, Table S2.1 for main hypotheses of PE determinants).
For one, endemism may result from speciation and limited range expansion due to dispersal limitation, which is
promoted by physical or ecological barriers such as oceans, mountain ranges or climatic gradients (Thompson et
al., 2005; Hughes & Atchison, 2015; Fernandez-Mazuecos et al., 2020). Isolated regions, like oceanic islands, are
renowned for their high levels of endemism (Kier et al., 2009). Relatively recent speciation events on oceanic
islands (Losos & Ricklefs, 2009; Weigelt ef al., 2015) may have resulted in an accumulation of recently evolved
lineages (“cradles of diversity”) that are still restricted to their area of origin, leading to so-called neoendemism
(Mishler et al., 2014). Alternatively, endemism can be facilitated by the long-term persistence of range-restricted
species and their accumulation over long timescales, leading to paleoendemism (“museums of diversity”) (Cronk,
1992; Fjeldsa & Lovett, 1997). During periods of pronounced climate change (e.g., Quaternary glacial cycles),
plant distributions shifted greatly, resulting in repeated range contractions followed by range expansions in more
favorable periods (Dynesius & Jansson, 2000; Davis & Shaw, 2001). Therefore, regions that were climatically
stable over long time periods might have served as refugia (Jansson, 2003; Enquist et al., 2019). Particularly,
topographically heterogeneous regions allowed species to track climate change over only relatively short
altitudinal distances reducing their extinction risk (Bennett et al., 1991; Jump et al., 2009). After periods of
climatically unfavorable conditions, not all plants could reoccupy their former ranges (i.e., relictualization) (Crisp
et al., 2001; Gillespie & Roderick, 2002). The resulting paleoendemics that were once widespread and are now

restricted to former refugia often represent evolutionarily old lineages (Cronk, 1997; Fjeldsa & Lovett, 1997).

Factors favoring the formation or persistence of endemic species do not need to be mutually exclusive. However,
the influence of these processes may vary across space and over geological time, leading to regional assemblages
of more recently evolved endemics or those that diverged long ago, or both (Lu ef al., 2018). Floras with high
levels of neo- or paleoendemism have likely been shaped by different processes affecting species diversification
and persistence, which jointly lead to high endemism. Assessing patterns and drivers of PE accounting for the

evolutionary history of range-restricted species and distinguishing between neo- and paleoendemism thus provides
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insights into past and present determinants, including geological history, climatic changes, and evolutionary
processes, that structure biodiversity (Thornhill ez al., 2016) (see SI Appendix, Table S2.2 for main hypotheses of
neo- and paleoendemism determinants). However, global tests of how plant PE and neo- versus paleoendemism

are driven by climatic and biogeographical history are still lacking.

Here, we reveal global patterns and drivers of PE and neo- versus paleoendemism (Mishler et al., 2014) for
~320,000 seed plant species by integrating the most comprehensive regional plant inventories across 912
geographic regions worldwide (Weigelt et al., 2020; Govaerts et al., 2021) (SI Appendix, Figure S2.1) with a
broad seed plant phylogeny (Smith & Brown, 2018). Specifically, our aims are: (i) to reveal geographic patterns
of PE for seed plants at the global scale; (ii) to test hypotheses related to isolation, environmental heterogeneity,
climate, and past climate change on global patterns of seed plant PE (SI Appendix, Table S2.1); (iii) to identify
centers of neoendemism and paleoendemism across the world; (iv) and to assess how past climate change and

geological history shaped the centers of neo- and paleoendemism (SI Appendix, Table S2.2).

Results

Global patterns and drivers of phylogenetic endemism

Phylogenetic endemism of seed plants varied greatly among regions, being highest on islands and in
topographically heterogeneous tropical mainland regions (Figure 2.1). These and all other main results are based
on the global distribution of 212,525 seed plants excluding all species from 293 genera that contain apomictic
species (Hojsgaard et al., 2014), to avoid biases introduced by the multitude of apomictic taxa in the temperate
Northern Hemisphere (see Materials and Methods for more details and SI Appendix for results based on the
datasets including apomictic taxa), and only retaining species that were originally included in the phylogeny
(Smith & Brown, 2018; Mishler, 2023), if not stated otherwise. To test for potential biases introduced by
incomplete phylogenetic knowledge (i.e., taxa missing from the phylogeny) (Rudbeck ef al., 2022), we repeated
all analyses based on a phylogeny with unplaced species added to their congeners (including 267,105 species when
excluding apomictic taxa; see SI Appendix for the results). Because PE is scale-dependent (Daru ef al., 2020) and
depends on reliable range size estimates, we calculated PE based on two different calculations of species range

sizes: (i) the total area (PE.area) of regions a species occurs in and (ii) the number of these regions (PE.count).

We found that PE.area was almost 17-fold higher on islands than in mainland regions (mean PE.area of islands
and mainland regions: 0.50 versus 0.03 Myr-km). PE.area peaked on subtropical islands located in the Southern
Hemisphere, with Lord Howe Island having the highest PE.area overall (30.80 Myr-km2), while the province of
Pichincha in Ecuador showed the highest value among mainland regions (0.57 Myr-km%; Figure 2.1a, b and SI
Appendix, Table S2.3). In contrast, PE.count peaked in the tropics both for islands (Madagascar: 91,364 Myr) and
mainland regions (Peru: 82,911 Myr; Figure 2.1c, d and SI Appendix, Table S2.3).
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Figure 2.1 Global patterns of phylogenetic endemism of seed plants and its distribution along latitude. In a and b,
phylogenetic endemism is calculated based on species range size measured as the total area of regions where a
species occurs (PE.area); In ¢ and d, phylogenetic endemism is calculated based on species range size measured
as the count of regions where a species occurs (PE.count). In b and d, the fitted lines are lowess regressions,
separately fitted for islands and mainland regions. Logio scale is used for phylogenetic endemism in all panels and
maps are shown in Eckert IV projection.

The environmental factors we hypothesized to affect PE (i.e., isolation, environmental heterogeneity, climate, and
past climate change; SI Appendix, Table S2.1) explained 79.8% of the variance in PE.area and 87.7% in PE.count
(Figure 2.2 and SI Appendix, Table S2.4). The effects of environmental factors on PE were largely similar
regardless of how range size was quantified (differing most prominently for region area which had a positive effect
on PE.count and a negative effect on PE.area) (Figure 2.2a). PE was most strongly associated with environmental
heterogeneity, increasing, as expected, with elevational range and number of soil types (Figure 2.2a). Surrounding
landmass proportion, a proxy for isolation, which is lowest for remote islands and highest for regions located in
the centers of large continents (Weigelt & Kreft, 2013), was negatively related to PE.area. This indicates that high
PE occurred on islands and in mainland regions that are partly surrounded by water bodies such as coastal regions
or peninsulas. When unplaced species were added to the phylogeny, surrounding landmass proportion turned out
to be the most important driver of PE.area and also showed a significant negative effect on PE.count (SI Appendix,
Figure S2.2), which may be explained by many species from islands missing from the original phylogeny (SI

Appendix, Figure S2.3). Among climatic factors, energy and water availability had strong associations with PE,
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with increasing length of the growing season and mean annual temperature leading to higher PE (Figure 2.2a).
Temperature and precipitation seasonality, however, had no or only weak positive effects on PE. Relatively recent
past climate change left prominent traces in PE, but this was not detectable for climatic changes in deeper time.
PE increased with temperature stability since the Last Glacial Maximum (LGM; 21 Ka), while velocity of
temperature change since the LGM had a negative effect. However, we found no significant relationship between
PE and temperature anomaly since the mid-Pliocene warm period (~3.264 — 3.025 Ma). To test if the effects of
environmental predictors on PE varied between isolated regions (e.g., islands) and less isolated regions (e.g.,
mainland regions), we included interactions between each predictor and surrounding landmass proportion in the
models. We found that the positive effect of mean annual temperature on PE increased with decreasing surrounding
landmass proportion (Figure 2.2b). Nearly identical PE patterns and drivers were found across all datasets,
regardless of the exclusion or inclusion of unplaced species (SI Appendix, Figure S2.2 and S2.4 and Table S2.5)
and apomictic taxa (SI Appendix, Figure S2.5 — S2.7, Table S2.6 and Table S2.7).
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Figure 2.2 Determinants of phylogenetic endemism in seed plants based on spatial models including environmental
factors and interactions between each environmental factor and surrounding landmass proportion. a, standardized
regression coefficients of individual environmental factors. Bars around each point show the standard error of the
coefficient estimate. b, significant interaction terms in the models visualized as effects of environmental factors
on phylogenetic endemism (model coefficients on the y-axis) with varying surrounding landmass proportion (x-
axis). Lines and shadings represent 95% confidence intervals. Results are shown for phylogenetic endemism based
on two competing ways of measuring the range size of species. PE.area (yellow) indicates phylogenetic endemism
calculated based on the range size of species as the area of regions where a species occurs, while PE.count (blue)
is calculated based on the range size of species as the count of these regions. Area = region area; SLMP =
surrounding landmass proportion; Elev = elevational range; Soildiv = number of soil types; MAT = mean annual
temperature; MAP= mean annual precipitation; LengthGrow = length of the growing season; TS = temperature
seasonality; PS = precipitation seasonality; VT LGM = velocity of temperature change since the Last Glacial
Maximum; TempStability LGM = temperature stability since the Last Glacial Maximum; TempAnomaly Plio =
temperature anomaly between the mid-Pliocene warm period and present-day.
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Figure 2.3 Global centers of neo- and paleoendemism for seed plants. In (A) species unplaced in the phylogeny
are missing while they are added in (B). Colored regions present different types of endemism centers according to
a categorical analysis of neo- and paleoendemism (CANAPE): violet, neoendemism; green, paleoendemism;
yellow, mixed-endemism (i.e., neo- and paleoendemism); and brown indicating super-endemism (i.e., centers with
both extremely high neo- and paleoendemism); beige, not significant. Patterns of neo- and paleoendemism have
been calculated based on two competing ways of measuring species range size (i.e., as the area of regions where
a species occurs versus as the count of these regions). Combinations of colors (hashed in mainland regions and
dashed circles for islands) represent different types of endemism for a region based on these two metrics, while
solid colors represent consistent endemism types. Islands that were not significant for both two metrics are
represented by small and beige circles. See SI Appendix, Figure S2.8 for endemism centers based on each metric
separately. Maps are shown in Eckert IV projection.

Global centers and determinants of neo- and paleoendemism

We uncovered centers of evolutionarily old and range-restricted species, centers of evolutionarily young and
range-restricted species as well as centers of both using a categorical analysis of neo- and paleoendemism
(CANAPE) (Mishler et al., 2014). Regions identified as centers of neo- or paleoendemism occupied 27.4%
(PE.area) and 31.4% (PE.count) of the global landmass area including mainland regions and islands, while regions
that harbored both high neo- and paleoendemism (i.c., centers of mixed or super-endemism) only occupied 5.1%
and 4.4%, respectively (Figure 2.3a and SI Appendix, Figure S2.8a, b). Many remote islands (e.g., Mauritius, Juan
Fernandez Islands and New Caledonia) emerged as centers of both neo- and paleoendemism (Figure 2.3a). In
contrast, some continental fragment islands, such as Madagascar, Cuba and Hispaniola, and large continental
islands in southeast Asia (e.g., New Guinea, Sumatra, and Java), were identified as centers of paleoendemism.
When adding unplaced species to the phylogeny, Madagascar and Hispaniola turned out to be centers of super-
endemism, harboring both unusually high neo- and paleoendemism (Figure 2.3b and SI Appendix, Figure S2.8e,
f). Mainland regions characterized by tropical rainforests, such as Amazonia, Peru, western Colombia, central
Africa, and large parts of Indochina, showed high paleoendemism (Figure 2.3a). Mediterranean-climate regions

and large parts of the Irano-Turanian floristic region (Takhtajan, 1986) stood out as extra-tropical hotspots of seed-
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plant PE among mainland regions. For example, south-western Australia, the Tibetan plateau, Afghanistan,
Tajikistan and Turkey were characterized by both high neo- and paleoendemism, while the Cape of South Africa,
central Chile, California, and mainland Spain were centers of neoendemism (Figure 2.3a). When adding unplaced
species to the phylogeny, regions from the Irano-Turanian floristic region tended to be centers of neoendemism
(Figure 2.3b). Moreover, some differences emerged depending on the measurement of species range size. For
example, the Himalayas were a center of neo- and paleoendemism based on PE.count, while it did not emerge as
an endemism center based on PE.area (SI Appendix, Figure S2.8a, b). In contrast, Iran tended to be a center of
neoendemism based on PE.count, while it was a center of neo- and paleoendemism based on PE.area (SI Appendix,
Figure S2.8a, b). Comparing patterns including and excluding apomictic taxa, the most prominent differences
occurred in European countries that were identified as endemism centers when including apomictic species, due
to high numbers of apomictic range-restricted species in genera like Rubus and Hieracium (SI Appendix, Figure

S2.8 and S2.9).

RPE.ses.area

Geographic type: | { ® RPE.ses.count
Oceanic island _—|

Geographic type: | i

Continental fragment —_—
Geographic type: |
Continental shelf —I—O—
Elevational range -
_'_
Temperature stability | I
since the LGM ——
Neo Paleo
T T T T
-3 0 3 6

Coefficient estimate

Figure 2.4 Determinants of neo- and paleoendemism. Standardized regression coefficients of environmental
factors are shown from spatial models of the standardized effect size of relative phylogenetic endemism of seed
plants for regions with significantly high phylogenetic endemism. A positive effect of environmental factors
represents higher paleoendemism at higher values of the environmental factor, while a negative effect represents
higher neoendemism. RPE.ses.area (yellow) indicates the standardized effect size of relative phylogenetic
endemism calculated based on the range size of species as the area of regions where a species occurs, while
RPE.ses.count (blue) is calculated based on the range size of species as the count of these regions. The reference
level of geographic type is mainland regions. LGM = Last Glacial Maximum.

We assessed the impacts of geological history and past climate change on neo- and paleoendemism by modeling
the standardized effect size of relative PE (see Materials and Methods for details) for regions that showed
significantly high PE in response to past climatic and geological factors (SI Appendix, Table S2.2). We included
the geographic type of each region (distinguishing between mainland regions and continental shelf islands,
continental fragments, and oceanic islands) and elevational range (distinguishing between mountainous and non-
mountainous regions) to represent geological history. Oceanic islands showed significantly higher neoendemism
than mainland endemism centers identified based on PE.count (Figure 2.4 and SI Appendix, Table S2.8), and also
based on PE.area when unplaced species were added to the phylogeny (SI Appendix, Figure S2.10a). However,
continental islands did not show any significant difference. Elevational range had no significant effect on neo-
versus paleoendemism without unplaced species added to the phylogeny (Figure 2.4) and a positive effect on

neoendemism when unplaced species were added (SI Appendix, Figure S2.10a). However, when testing for
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differences of environmental factors among endemism types, centers of neo- and paleoendemism both consistently
had significantly higher elevational ranges than regions with low PE (SI Appendix, Figure S2.11a, b and Figure
S2.12a, b). Past climate change was a major driver of neo- versus paleoendemism, with increasing temperature
stability since the LGM increasing paleoendemism. Besides climate since the LGM, we also found significant
relationships between temperature anomaly since the mid-Pliocene warm period and neo- and paleoendemism.
Specifically, regions of super-endemism showed a significantly lower temperature anomaly since the mid-Pliocene
than regions with low PE.area (SI Appendix, Figure S2.11g). When unplaced species were added to the phylogeny,
a significant difference also emerged between super-endemism regions and other types of regions for both PE.area
and PE.count (SI Appendix, Figure S2.12g, h). Comparing the results including and excluding apomictic taxa, the
relationships between environmental variables and neo- versus paleoendemism were almost identical when
unplaced species were added to the phylogenies (SI Appendix, Figure S2.10b), while differences emerged without
unplaced species added (SI Appendix, Figure S2.10c). We found no difference or weakly increased neoendemism
with increasing temperature stability since the LGM, while the significant difference in neo- versus

paleoendemism for oceanic islands disappeared.

Discussion

Our study reveals islands and mountain regions in the tropics and subtropics as global centers of phylogenetic as
well as neo- and paleoendemism of seed plants. Variation in the distribution of neo- and paleoendemism across
the globe reflects the varied processes related to the generation and persistence of range-restricted species within
a region, which jointly lead to high numbers of geographically restricted and evolutionarily unique lineages. We
show that past climate change and geological history help to explain how diversification and relictualization (i.e.,
the persistence of species that went extinct elsewhere) shape the distribution of neo- and paleoendemism and
simultaneously phylogenetic endemism worldwide. Understanding the drivers of different kinds of endemism and
knowing particularly those regions with both high neo- and paleoendemism that act simultaneously as “museums”
and “cradles” of biodiversity is of great importance for conservation prioritization, especially since global threat

assessments for endemic plants are still incomplete (Gallagher et al., 2023).

Geographic isolation resulted in high neo- and paleoendemism and PE on islands, which may stem from in-situ
speciation in isolation and relictualization (Gillespie & Roderick, 2002). While speciation events require time for
island species to evolve into phylogenetically distinct species, endemic species may accumulate over shorter times
through relictualization (Cronk, 1987, 1992), resulting from species extinctions on the mainland and other islands.
Species from lineages that diversified on islands are often young and closely related, while relict lineages on
islands may be old and only distantly related to other species on the same island. Sometimes ancient endemic
species are even older than the formation of the island, such as the only member of the genus Hillebrandia
sandwicensis on the Hawaiian Islands (Clement ef al., 2004) and the only member of the oldest known angiosperm
family (Amborellaceae) Amborella trichopoda on New Caledonia (Zhang et al., 2020). High PE on islands may
thus be a result of a combination of diversification leading to neoendemism and relictualization leading to
paleoendemism. Furthermore, the diversification of island species is constrained by available resources and niches.
For example, the probability of in-situ speciation scales positively with island size (Kisel & Barraclough, 2010).
This may explain the stronger effects of some environmental factors, such as energy availability and elevational

range, on island PE than on mainland PE.
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When comparing islands of different geological origins, we found that oceanic islands are characterized by higher
neoendemism than continental islands, which may be explained by their unique geological history (Gillespie &
Roderick, 2002). Oceanic islands have not been connected with continental landmasses in the past but emerged
from the oceans due to volcanic or tectonic activity. Untapped resources and the lack of enemies and competitors
allowed plant species that colonized oceanic islands to diversify (Losos & Ricklefs, 2009; Fernandez-Mazuecos
et al., 2020). Considering the relatively short geological lifespan of oceanic islands, the speciation on these islands
happened comparatively recently, leading to neoendemism. However, some oceanic islands were identified as
centers of super-endemism (e.g. New Caledonia), where relictualization and diversification happened in concert.
Continental fragments and continental shelf islands, in contrast, were once part of continents that became separated
by tectonic drift or sea-level rise. These islands were originally inhabited by floras comparable to those of the
continents they were connected to. The prolonged isolation (tens of millions of years) of continental fragments
allowed for the accumulation of relict lineages as well as in-situ speciation, which led to high neo- and
paleoendemism on some of these islands. However, the origins of endemism on some large continental fragments
are still debated (Antonelli ef al., 2022). Apart from more recent colonization events, evolution after vicariance or
early long-distance dispersal events may have led to particularly old endemic species. For example, the majority
of endemics on Madagascar evolved from lineages that originated from Cenozoic dispersal events (Yoder &
Nowak, 2006), while few groups (e.g., the genus Takhtajania) date back to a potential Gondwanan vicariance
(Buerki ef al., 2013). Also, islands located in southeast Asia showed high paleoendemism, which is due to
numerous relict lineages that have survived the last two mass extinctions (Proches et al., 2015). Consequently, our
results reinforce the conservation urgency for islands which are often occupied by both neoendemics and

paleoendemics that represent millions of years of unique evolutionary history (Fernandez-Palacios ef al., 2021).

Tropical mountain regions are well-known centers of taxonomic and phylogenetic plant diversity (Cai et al., 2023).
Due to their complex topography and geological and climatic histories, they also hold exceptionally range-
restricted species (Dagallier ef al., 2020). In our study, mountain regions, especially in tropical regions, emerged
not only as centers of PE, but also of both neo- and paleoendemism in particular. On the one hand, mountain
regions show remarkable diversification of their plant lineages and therefore foster high neoendemism, acting as
“cradles” of biodiversity (Merckx et al., 2015; Xing & Ree, 2017). This diversification is the consequence of
multiple mechanisms, including adaptation to diverse niches during long-term orogeny (Xing & Ree, 2017,
Antonelli et al., 2018), or divergence resulting from dynamic connectivity between habitats related to climatic
fluctuation (Rahbek et al., 2019; Flantua et al., 2020). On the other hand, mountain regions support the persistence
of ancient lineages over time, acting as “museums” for paleoendemics (Sandel ef al., 2011; Dagallier et al., 2020).
This results from steep environmental gradients with diverse microclimates in mountain regions, allowing species

to track their climate niche through altitudinal range shifts during climate change periods (Jump ef al., 2009).

Our results show how past climate has affected present patterns of neo- and paleoendemism, with climate stability
since the Last Glacial Maximum promoting the accumulation of paleoendemics as well as PE in general. Cooler
temperatures during glacial periods may have caused range contractions and selective extinctions of range-
restricted species, and thus likely removed or reduced their ranges in less stable regions (Jansson, 2003). In contrast,
some regions such as islands, coastal or mountain regions have suffered less from past climate change because of
the buffering effect of the oceans against climatic changes (Cronk, 1997) and the topographically diverse
microclimates in mountain regions (Jump et al., 2009). Also, the high concentration of both neo- and

paleoendemism in regions with less climatic changes since the mid-Pliocene warm period emphasizes the vital
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role of long-term climatic stability on speciation and persistence of range-restricted species. Different from the
climate during the LGM, the mid-Pliocene warm period, however, represented warmer climates compared to today.
The positive effect of climatic stability on neo- and paleoendemism is therefore also in line with the general
positive effect of energy and water availability on PE of plants. This may be linked to lower extinction risks for
range-restricted plants under warm and wet climates by offering favorable environments and sufficient resources
for larger populations in smaller areas (Evans ef al., 2005). In addition, we found that Mediterranean-climate
regions acted as extra-tropical hotspots of plant endemism, especially with high neoendemism. This may be
attributed to the recent and rapid speciation in these regions, triggered by the unique climatic regime characterized

by high seasonality and summer drought (Thompson et al., 2005; Valente et al., 2010).

Generally, larger regions host more endemics as well as wide-ranged species because of their overall higher plant
diversity (Storch et al., 2012; Cai et al., 2023). Here, we observed a negative association between region area and
PE when species range sizes were measured as the total area of the occupied regions. Specifically, PE.area peaked
on some small islands (e.g., Lord Howe Island) and showed lower values in large mainland regions. However,
PE.area of large mainland regions was possibly underestimated because the range sizes of endemics that only
occur in small suitable habitats within large regions were overestimated. In contrast, there was a positive
association between region area and PE when we measured species range sizes as the count of occupied regions.
However, this method ignores the variation of area across regions and disregards that endemics in small regions
likely have smaller ranges than endemics in larger regions leading to an underestimation of PE for small regions.
Area, therefore, acted as a covariate to control for biases in the estimation of range size in our two metrics of PE
and the scale-dependency of endemism (Daru ef al., 2020) rather than as an environmental predictor. The largely
similar effects of environmental drivers on PE and neo- versus paleoendemism for the two ways in which range
size was quantified demonstrates the robustness of our results. Similarly, the results were largely the same with
and without unplaced species added to the original phylogeny. Differences that did emerge, however, call for
rigorous sensitivity analyses when dealing with species without phylogenetic information (Thornhill et al., 2017,
Sandel ef al., 2020; Mishler, 2023). For example, the emergence of Madagascar as a super-endemism center when
unplaced species were added may result from many species from genera endemic to Madagascar missing from the
phylogeny, e.g., Astiella (38). Similarly, the lack of an effect of elevational range on neo-endemism when unplaced
species were not added suggests that particularly endemic species from recent diversification events may be

missing phylogenetic data (Rudbeck ef al., 2022).

In conclusion, our study uncovers global patterns of phylogenetic endemism for seed plants and disentangles the
complex joint effects of isolation, heterogeneity, climate and long-term climatic stability on phylogenetic
endemism. Integration of unprecedented phylogenetic information allowed us to distinguish global centers of neo-
and paleoendemism, highlighting tropical mountains, oceanic and large continental islands as well as
Mediterranean-climate regions as hotspots of evolutionarily distinct endemic species. These regions have
experienced unique climatic and geological histories, which have driven the interplay of important evolutionary
and ecological processes of diversity generation and maintenance. Consequently, these regions are of crucial

conservation value and need to be protected.

Materials and Methods

Species distribution data
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We used regional species composition data for native seed plants from the Global Inventory of Floras and Traits

(GIFT version 3.0: http://gift.uni-goettingen.de) (Weigelt et al., 2020) and the World Checklist of Vascular Plants

(WCVP, http://wcvp.science.kew.org/) (Govaerts et al., 2021). GIFT contains regional plant inventories from

published floras and checklists for ~ 3400 geographic regions worldwide representing islands, protected areas,
biogeographical regions (e.g., botanical countries) and political units (e.g., countries, provinces). WCVP is a
comprehensive taxonomic compilation of vascular plants and offers distribution information of species in
WGSRPD Level-3 units (i.e., 369 botanical countries). We downloaded information for each non-synonym species
in WCVP (accessed 18 February 2022) using the function pow lookup in the R package taxize (Chamberlain &
Szdcs, 2013) and extracted their distribution and biogeographical status across all botanical countries. We then
combined all native seed plant occurrences from WCVP with all native seed plant checklists from GIFT available
for the same regions. To obtain finer-grain distribution information for some large regions, we replaced botanical
countries with smaller regions from GIFT where available (e.g., the individual departments of Bolivia instead of
the entire country). We removed the larger regions only when smaller regions were nested within the larger regions
and all nested regions completely covered the larger regions for mainland regions, and replaced archipelagos with
individual islands if the individual islands made up most of the archipelago. Because all non-hybrid species names
in GIFT 3.0 were standardized and validated based on taxonomic information provided by WCVP, we were able
to directly combine WCVP and GIFT data. We retained taxonomically unmatched species names because of the
low percentage of these species per region (i.e., 99.7% of all species names were taxonomically matched on
average across regions). We excluded regions with areas not permanently covered by ice smaller than 10 km?. All
small regions excluded were islands and only a few of them host endemic species (49 endemic species on 112
islands < 10 km? in GIFT). The final dataset included 317,985 seed plant species for 912 geographic regions
covering all landmass worldwide with varying area sizes ranging from 10 to 3,069,766 km? (median: 23,192 km?),

consisting of 597 mainland regions and 315 islands or island groups (SI Appendix, Figure S2.1).

Apomictic taxa

Apomixis is a special case of uniparental reproduction via asexually formed seeds (Majesky et al., 2017).
Apomixis is tightly associated with hybridization and polyploidization, and may promote reticulate evolution and
the formation of a multitude of novel lineages (Majesky ef al., 2017). European brambles (Rubus subgen. Rubus,
Rosaceae), for example, consist mostly of apomictic taxa (only 4 out of 748 accepted species are sexual) owing to
speciation via reticulation and apomixis (Sochor et al., 2015). However, taxonomic treatment of these complex
groups of apomictic taxa and underlying species concepts are contentious. Additionally, regional floras and
checklists differ in the level of detail at which these groups are included and taxonomically resolved. Consequently,
the global distribution of apomictic taxa is geographically biased (particularly towards the well-sampled European
flora), affecting the assessment of endemism, especially for regions with a high proportion of apomictic taxa. To
account for the bias introduced by apomictic taxa, we repeated all analyses including and excluding all the species

from 293 genera that contain apomictic species according to the Apomixis Database (http://www.apomixis.uni-

goettingen.de) (Hojsgaard ef al., 2014). The distribution dataset excluding species from apomictic genera included
273,838 species and was used for the main analyses. Results including apomictic species can be found in SI
Appendix. The Apomixis Database has been constructed only for angiosperms. It has however been shown that

apomixis is very rare in gymnosperms (Majesky et al., 2017).

Phylogeny
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To measure phylogenetic endemism, we linked the species from the distribution dataset to a large, dated species-
level phylogeny of seed plants with 353,185 tips (Smith & Brown, 2018). A total of 212,525 species from the
distribution dataset excluding apomictic taxa (77.6 % of the species), and 244,206 species from the dataset
including apomictic taxa (76.8%), could be directly matched to the phylogeny. Species not present in the
distribution dataset were excluded from the phylogeny (hereafter called matched phylogeny). Different ways to
deal with species missing from phylogenies in biogeographic and macroecological analyses exist (Thornhill ez al.,
2017; Tietje et al., 2022; Mishler, 2023). Furthermore, it has been shown that range-restricted species are
significantly less likely to have phylogenetic data (Rudbeck ef al., 2022), suggesting that excluding all species
missing from the original phylogeny might systematically underestimate PE and neo- and paleoendemism.
Therefore, to test whether removing unplaced species from the distribution dataset or adding them into the
phylogeny affects patterns of PE and neo- and paleoendemism, we built an additional phylogeny and repeated all
analyses for comparison (Tietje et al., 2022). We bound the missing species to their congeners in the original
phylogeny by replacing all species of a given genus by a polytomy using the function congeneric.merge in the R
package pez (Pearse et al., 2015). We then excluded species not present in the distribution dataset from the
phylogeny (hereafter called merged phylogeny). The merged phylogeny included 267,105 out of 273,838 species
(97.5 %) in the dataset excluding apomictic taxa and 311,250 species (97.9%) including apomictic taxa. Adding
species as polytomies may introduce additional uncertainties when working with large phylogenies (Qian et al.,
2021; Cai et al., 2023). However, phylogenetic metrics based on phylogenies with higher numbers of polytomies
have been shown to be highly correlated with metrics based on trees without or with fewer polytomies (Qian &
Jin, 2021). We repeated all analyses using both the matched and merged phylogenies. PE derived from the matched
phylogeny was highly correlated to PE based on the merged phylogeny (Pearson’s r: 0.98 for PE.area and 0.99 for
PE.count based on the dataset excluding species from apomictic genera). We, therefore, present results based on
the matched phylogeny in the main text if not stated otherwise, and discuss discrepancies between the different
approaches critically. Results based on the merged phylogeny and excluding and including apomictic taxa can be

found in SI Appendix.

Phylogenetic endemism

To investigate the distribution of seed plant endemism worldwide, we calculated phylogenetic endemism for each
region following Rosauer ef al. (2009), as the sum of branch lengths connecting all species coexisting in a region,
based on a phylogeny where each branch length is divided by the global range size of the species that descended
from the branch. Because PE depends on reliable range size estimates and its pattern is sensitive to differences in
grain size (Daru et al., 2020), we measured the range size of each species and of each branch in two different ways:
(1) as the number of regions a species occurs in (PE.count) and (ii) as the total area (not permanently covered by
ice) of these regions (PE.area). PE.count overestimates PE particularly for large regions, since it disregards that
the ranges of species endemic to small regions are likely smaller than the ranges of species endemic to larger
regions. In contrast, PE.area accounts for the varied areas of regions in our dataset, but likely underestimates PE
for large regions because their areas may be larger than the actual ranges of the species occurring inside. Despite
the potential biases of both methods, the actual ranges and hence endemism fall within the range that is estimated
by the two methods (SI Appendix, Figure S2.13; see Discussion for more details). We, therefore, repeated all
analyses based on both metrics, considered those results particularly robust that emerged for both metrics and

discussed differences critically.

Neo- and paleoendemism
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We used the categorical analysis of neo- and paleoendemism (CANAPE) (Mishler ef al., 2014) to distinguish
between centers of neoendemism and paleoendemism. CANAPE is based on the assessment of the statistical
significance of PE and relative phylogenetic endemism (RPE). RPE is the ratio of PE measured on the actual
phylogenetic tree divided by PE measured on a comparison tree that retains the actual tree topology but with all
branches having the same length (Mishler ef al., 2014). Therefore, RPE allowed us to examine the degree to which
branch lengths and hence clade ages matter for the observed patterns of PE. We carried out the CANAPE analysis
for PE.count and PE.area, respectively. To test the significance of the metrics, we ran 1000 null model
randomizations. In the null models, species occurrences across regions were randomly reassigned without
replacement, keeping the species number in each region and the total number of regions occupied by each species
constant (Mishler et al., 2014). Distributions of null model values for each region were then used for non-
parametric tests for the significance of the observed values of the tested metrics and for calculating the standardized
effect size of RPE. If the observed value of the tested metric fell into the highest 2.5% or lowest 2.5% of the null
distribution for a region, it was identified as statistically significantly high or low, respectively (two-tailed test,
0=0.05). This randomization-based significance test was carried out for PE measured on the actual tree (numerator

of RPE), PE measured on the comparison tree with equal branch lengths (denominator of RPE), and RPE.

We then followed a two-step process to distinguish different centers of endemism following Mishler et al. (2014).
First, we identified regions with significantly high PE by testing whether PE measured on the actual tree
(numerator of RPE), PE measured on the comparison tree with equal branch length (denominator of RPE), or both
were significantly higher than expected (observed value > 95% of the randomization values; one-tailed test, o=
0.05). Second, we divided regions with significantly high PE into four categories of centers of endemism (paleo-,
neo-, mixed, and super-endemism). If the RPE of a region was significantly high or low (two-tailed test, a= 0.05),
the region was defined as a center of paleoendemism or neoendemism, respectively. If the RPE was not
significantly high or low, but both the numerator and denominator of RPE were significantly high (o= 0.05), the
region was defined as a center of mixed endemism. If a mixed endemism region had both a significantly high

numerator and denominator of RPE at the a= 0.01 level, the region was identified as a center of super-endemism.

We also calculated the standardized effect size of relative phylogenetic endemism (RPE.ses) based on the null
distributions of RPE obtained from the null model. RPE.ses was calculated as the difference between the observed
values and the mean of the null distribution divided by the standard deviation of the null distribution. In contrast
to the non-parametric test in CANAPE, RPE.ses quantifies, for each region, the degree to which disproportionately
young or old lineages (i.e., shorter or longer branches) are spatially restricted. When only considering regions with
significantly high PE, lower values of RPE.ses represent more young or younger lineages that are spatially
restricted, while higher values represent more old or older lineages than expected by chance. Thus, this metric
offers an opportunity to model and explore the relationship between the historical drivers and the spatial patterns
of neo- versus paleoendemism as a continuous variable. However, it should be noted that a region with both high

neo- and paleoendemism may show a value close to zero.

Predictors of phylogenetic endemism

We hypothesized that phylogenetic endemism is shaped by biogeographical and evolutionary processes that
promote the origin and maintenance of range-restricted lineages. We, therefore, identified a set of candidate
predictor variables representing these processes and classified them into five categories: isolation, environmental
heterogeneity, energy and water availability, climatic seasonality and long-term climatic stability (SI Appendix,

Table S2.1). These factors have been shown or hypothesized to contribute to geographic patterns of plant
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endemism in previous studies (Jansson, 2003; Kier et al., 2009; Sandel et al., 2011, 2020). We measured
geographic isolation as the sum of the proportions of landmass area in the surrounding of the target regions within
buffer distances of 100 km, 1000 km, and 10,000 km (Weigelt & Kreft, 2013). Its value is lowest for remote islands
and highest for regions located in the centers of large continents. We considered number of soil types (Hengl et
al., 2017) and elevational range (Danielson & Gesch, 2011) for each region as proxies for environmental
heterogeneity. We also included five ecologically relevant climatic variables representing the main aspects of
climate hypothesized to be important for plant endemism, namely mean annual temperature, mean annual
precipitation, length of the growing season (i.e., number of days with temperatures exceeding a threshold of 0.9 °C,
without snow cover, and with sufficient soil water), temperature seasonality (i.e., standard deviation of mean
monthly temperature x 100) and precipitation seasonality (i.e., coefficient of variation in monthly precipitation)

(Karger et al., 2017). Climatic variables were extracted as mean values per region from the input raster layers.

To determine the contribution of long-term climatic stability to PE, we calculated temperature stability since the
LGM (21 Ka), velocity of temperature change since the LGM, and temperature anomaly since the mid-Pliocene
warm period (~3.264 — 3.025 Ma). The LGM and the mid-Pliocene warm period represent cooler and warmer
climates compared to the current climates, respectively. Temperature stability since the LGM was calculated using
the climateStablity R package (Owens & Guralnick, 2019). It calculates temperature differences between 1000-
year time slices expressed as standard deviation and averages the results across all time slices. Temperature
stability is then calculated as the inverse of the mean standard deviation rescaled to [0,1] (Owens & Guralnick,
2019). In addition, we calculated the velocity of temperature change since the LGM as the ratio between temporal
change and contemporary spatial change in temperature, representing the speed with which a species would have
to move its range to track analogous climatic conditions (Sandel ef al., 2011). Temperature anomaly since the mid-
Pliocene warm period was calculated as the absolute difference in mean annual temperature between the mid-

Pliocene warm period and present-day (Brown et al., 2018).

Predictors of neo- and paleoendemism

Neo- and paleoendemism are hypothesized to be driven primarily by the geological history of a region and by past
climate change or stability (SI Appendix, Table S2.2). We, therefore, included the geographic type of each region
(distinguishing between mainland regions and continental shelf islands, continental fragments and oceanic islands)
instead of surrounding landmass proportion, and elevational range (to distinguish between mountainous and non-
mountainous regions) to represent geological history (Weigelt ef al., 2020). We removed three islands with
heterogeneous geological origin from further analyses on neo- and paleoendemism. To test for the impacts of past
climate change on neo- and paleoendemism, we included the variables of long-term climatic stability introduced

above.

Models of phylogenetic endemism

To assess the relationships between PE and environmental predictor variables, we fitted linear models with PE as
a response variable. Beyond all predictor variables hypothesized to be important to PE (SI Appendix, Table S2.1),
we included area size (km?) to control for the over- and underestimation of PE in large regions for PE.count and
PE.area, respectively. We excluded regions with incomplete coverage of predictor variables, leading to a dataset
including 818 regions (incl. 236 islands and 582 mainland regions; see SI Appendix, Figure S2.14 for correlations
between predictors). PE was logio-transformed before modeling. Some predictor variables (i.e., region area,

elevational range, number of soil types, mean annual precipitation, temperature seasonality, precipitation
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seasonality, velocity in temperature change since the LGM, temperature stability since the LGM, and temperature
anomaly since the mid-Pliocene warm period) were also logio-transformed to reduce the skewness of their
distributions. All continuous predictor variables were then standardized to zero mean and unit variance to aid
model fitting and make their parameter estimates comparable. To test whether the effects of environmental
predictors on PE differ for isolated islands compared to less isolated mainland regions, we included the interaction
between each predictor and surrounding landmass proportion. To test if including surrounding landmass
proportion correctly encapsulated the effect of insularity, we updated the model by replacing surrounding landmass
proportion with a categorical variable indicating whether a region is an island. Since these models performed worse
than models including surrounding landmass proportion (SI Appendix, Table S2.9), we retained surrounding
landmass proportion for all further analyses. We visualized the change in the coefficient of one variable in the
interactions in dependence on the value of the other variable included using the function interplot in the R package

interplot (Solt & Hu, 2015).

Species distributions, environmental predictors and model residuals are often spatially autocorrelated, which may
lead to biased parameter estimates and the violation of statistical assumptions (Dormann ef al., 2007). As spatial
autocorrelation was detected in the model residuals (SI Appendix, Figure S2.15a, b), we included a spatial
autocovariate that represents the spatial autocorrelation in the residuals of non-spatial models (residual
autocovariate models, RAC) (Crase et al., 2012). This autocovariate term was implemented as a spatial weight
matrix of non-spatial model residuals based on an optimized neighborhood structure. Because most of our regions
are political units with varying geometry and size, we used a sphere of influence to identify neighbors for each
region (Lim et al., 2020). The sphere of influence for each focal region was defined as a circle around the centroid
of a focal region within a radius equal to the distance to the centroid of the nearest neighboring region. When the
sphere of influence of two regions overlapped, the two regions were considered neighbors. Overall, the RAC

models successfully removed spatial autocorrelation from model residuals (SI Appendix, Figure S2.15¢).

Statistical analyses of neo- and paleoendemism

To explore the potential drivers of spatial patterns of neo- and paleoendemism, we fitted ordinary linear models to
explain the variation in RPE.ses only for regions that showed significantly high PE based on CANAPE (for
CANAPE categories of each region, see doi: 10.6084/m9.figshare.21909822; SI Appendix, Figure S2.8). We
removed velocity of temperature change since the LGM and temperature anomaly since the mid-Pliocene warm
period because of their low explanatory power for RPE.ses based on AIC values. Predictors retained for modeling
contained all three aspects (i.e., islands, mountains and past climate change) hypothesized to affect neo- and
paleoendemism. Likewise, we fitted spatial models by including a spatial autocovariate to remove spatial

autocorrelation present in the residuals of the non-spatial models (SI Appendix, Figure S2.16).

In addition, we compared the distribution of environmental factors for all regions (912 regions) across all
CANAPE categories (i.e., neo, paleo, mixed, super-endemic and non-significant; SI Appendix, Figures S2.11 and
S2.12). Because the environmental factors were not normally distributed for each category separately, we used a
non-parametric Kruskal-Wallis test followed by Wilcoxon pairwise comparisons (two-tailed tests with Holm's
correction) to identify which categories were different from each other (Dagallier et al., 2020). We repeated all
modeling procedures for two PE metrics (PE.area and PE.count) and the datasets with and without unplaced

species added to the original phylogeny, and excluding and including apomictic taxa.
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Chapter 3 Environmental filtering, not dispersal history, drives
global patterns of phylogenetic turnover in seed plants at deep
phylogenetic timescales

Lirong Cai, Holger Kreft, Pierre Denelle, Amanda Taylor, Dylan Craven, Wayne Dawson, Franz Essl, Mark van
Kleunen, Jan Pergl, Petr PySek, Marten Winter, Francisco J. Cabezas, Viktoria Wagner, Pieter B. Pelser, Jan
Wieringa, Patrick Weigelt

Abstract

Phylogenetic beta diversity quantifies dissimilarities in the evolutionary relatedness among assemblages and is
important for understanding the underlying mechanisms structuring biodiversity. Environmental filtering and
dispersal history are two main processes that limit plant distributions and determine biogeographical patterns, and
their relative importance might vary across evolutionary timescales. Here, we examined the effects of
environmental dissimilarity and past and current geographical distances on the turnover component of
phylogenetic and species beta diversity of seed plants globally and across phylogenetic timescales. To calculate
species and phylogenetic turnover, we used a global dataset of regional plant inventories across 675 geographic
regions comprising ~ 320,000 species matched to a mega-phylogeny of seed plants. To account for past and present
dispersal opportunities, we used historical reconstructions of tectonic plate arrangements and calculated
geographical linear distances and cost distances accounting for the cost of crossing water bodies, mountains, or
unsuitable climates. Geographical distances and environmental dissimilarity together explained species turnover
better (up to 86.4% of deviance explained) than phylogenetic turnover (up to 65.7%). The effect of geographical
distances diminished when moving back in evolutionary time, while environmental dissimilarity always showed
strong effects on phylogenetic turnover. Past cost distances across barriers explained a comparatively low amount
of variation across all timescales, peaking slightly at intermediate phylogenetic timescales (20 — 50 Ma BP). Our
results suggest that old lineages had enough time to disperse widely, but the fingerprints of environmental
limitations on spatial patterns of plant diversity persist, providing insights into the biogeographic and evolutionary

processes underlying global biodiversity patterns.

Introduction

Biodiversity varies across the globe (Pianka, 1966; Cai et al., 2023), and understanding how this variation is
generated is of particular interest to macroecologists and biogeographers (Mittelbach et al., 2007). Beta diversity,
which quantifies variation in species composition among sites, provides a key to exploring the drivers underlying
biodiversity patterns (Tuomisto, 2010; Anderson et al., 2011). While classical measures of beta diversity focus on
species composition, adding phylogenetic information into analyses of beta diversity can quantify how
evolutionary relationships of members from different assemblages change (i.e., phylogenetic beta diversity)
(Graham & Fine, 2008), and helps to address how these drivers changed across different phylogenetic timescales
(Mazel et al., 2017). Therefore, exploring large-scale phylogenetic beta diversity using an approach that

incorporates compositional dissimilarities along the phylogenetic timescale could enhance our understanding of
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contemporary ecological and past evolutionary mechanisms structuring biodiversity (Mazel et al., 2017; Liu et al.,

2023).

Two major processes are hypothesized to restrict the distribution of species: environmental filtering and dispersal
history (Tuomisto, 2010). Niche-assembly theory states that environmental factors determine the establishment or
persistence of species in a particular area (Whittaker, 1956; Kraft et al., 2015). As a result, regions with more
similar environments are expected to have a higher similarity in species composition as well as in phylogenetic
composition. However, different species and phylogenetic compositions can be observed between regions with
similar bioclimates (Holt et al., 2013), which may be explained by dispersal history of lineages (Rodrigues &
Diniz-Filho, 2017; Daru et al., 2017). If a lineage persists and diversifies in an isolated region, its descendants
might still be restricted to their areas of origin owing to the failure of individuals to reach environmentally suitable
areas elsewhere (Linder ef al., 2013). Consequently, this region may share few species with others. Similarities of
phylogenetic lineages may also be low, but when ancient lineages are shared between regions, phylogenetic beta
diversity possibly detects relatively high assemblage similarity (Graham & Fine, 2008). Such limited dispersal has
frequently been addressed by quantifying geographical linear distances between two focal regions (here, we focus
on characteristics of the external environment instead of characteristics of an organism related to dispersal)
(Nekola & White, 1999). This measure, however, ignores that rates of dispersal of a taxon might be constrained
by landscape attributes, such as the presence of barriers like water bodies, mountains or deserts, or other unsuitable
environments (Jiirgens, 1997; Garcillan & Ezcurra, 2003). These dispersal barriers can promote geographic
isolation, leading to high beta diversity over relatively short distances. Importantly, environmental filtering and
dispersal history are not mutually exclusive, and may jointly shape variation in species and phylogenetic
composition across space (Kubota et al., 2011; Eiserhardt et al., 2013; Konig et al., 2017). However, the relative
contribution of these two processes to phylogenetic beta diversity is largely unstudied and might vary among

taxonomic groups (Eiserhardt et al., 2013; Konig et al., 2017).

The relative importance of environmental filtering and dispersal history on beta diversity is thought to vary among
ancient and more recently diverged lineages (Duarte ef al., 2014; Mazel et al., 2017). One hypothesis postulates
that ancient lineages originate from adaptations to past environmental conditions and have more time to disperse
to other environmentally suitable habitats (Paul et al., 2009), leading to a prediction that current dissimilarities of
ancient lineages may be primarily driven by environmental factors. Then, within each regime of environments,
speciation coupled with phylogenetic niche conservatism may have prompted the formation of recently evolved
lineages. These recently evolved lineages have less time to disperse and might be largely restricted to ancestral
areas. Consequently, we expect that dissimilarities of recently diverged lineages may be largely shaped by
dispersal limitation. Moreover, dispersal limitation is not stable along evolutionary time due to past geological
events (Ficetola et al., 2017). Past plate tectonics, for example, force the movements of continents, possibly
altering dispersal routes and affecting dissimilarities of ancient lineages bewteen regions (Condamine et al., 2012).
While some movements of continents may create barriers such as oceans and mountains, other movements may
promote dispersal among regions. However, it is unknown whether there is still an imprint of these past settings
in present-day phylogenetic compositions, and at which depths along the phylogenetic timescale their effects can
be perceived. Incorporating compositional dissimilarities along phylogenetic timescales, i.e., separating more
recent and ancient lineages in a phylogeny (Mazel et al., 2017), could allow us to distinguish the varied effects of
environmental filtering and dispersal history on the different evolutionary-age phylogenetic composition of

regional assemblages.
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Here, we examine the effects of environmental filtering and dispersal history on phylogenetic turnover, i.e., a
component of phylogenetic beta diversity which is insensitive to phylogenetic diversity (Leprieur ef al., 2012), at
different phylogenetic timescales (i.e., for lineages of different evolutionary age) for seed plants. Our study
integrates a global dataset of regional plant inventories (Weigelt ef al., 2020; Govaerts et al., 2021) across 675
geographic regions comprising ~ 320,000 species (SI Appendix, Figure S3.1) with a comprehensive mega-
phylogeny (Smith & Brown, 2018). Specifically, our aims are to (i) reveal global geographic patterns of
phylogenetic turnover for seed plants; (ii) test for differences in the extent to which environmental filtering versus
dispersal history, accounting for past tectonic plate arrangements and dispersal barriers, shapes species and
phylogenetic turnover; (iii) uncover the current distribution of phylogenetic turnover at different phylogenetic
timescales; and (iv) assess how the effects of environmental filtering and dispersal history on phylogenetic

turnover vary along the phylogenetic timescale.

Materials and Methods

Species distribution data

We used regional species composition data for native seed plants by merging the Global Inventory of Floras and

Traits (GIFT version 3.0: https:/gift.uni-goettingen.de) (Weigelt ez al., 2020) and the World Checklist of Vascular

Plants (WCVP, https://wcvp.science.kew.org/) (Govaerts et al., 2021). Both databases offer comprehensive

distribution information of species from a variety of resources, including published floras and checklists. While
GIFT contains regional plant inventories for ~3,400 geographic regions globally representing islands, protected
areas, biogeographical regions and political units (e.g. countries or states), WCVP provides distribution
information of plant species across WGSRPD Level-3 units (i.e. 369 botanical countries). We downloaded
distribution data for each non-synonym species in WCVP (accessed 18 February 2022) using the function
pow_lookup in the taxize package in R (Chamberlain & Szocs, 2013). We then merged records of all native seed
plants in WCVP with native seed plant checklists in GIFT available for the same regions. To obtain fine-resolution
distribution information, we replaced botanical countries with smaller regions from GIFT where available (e.g.
the individual departments of Bolivia instead of the entire country). Specifically, we removed the larger regions
only when smaller regions were nested within and completely covered the larger regions for mainland regions,
and replaced archipelagos by individual islands if most of the archipelago represented by individual island
checklists. Due to the taxonomic standardization and validation of all non-hybrid species names in GIFT 3.0 using
taxonomic information from WCVP, we can directly merge data from WCVP and GIFT. We excluded regions <
1000 km? and regions with fewer than 50 species to limit the ranges of area and species richness and allow for
shared species across all region pairs. The final dataset included 316,348 seed plant species for 675 geographic
regions with a nearly complete coverage of the globe. These regions had varying area sizes from 1,010 to 3,069,766
km? (median: 64,964 km?) and consisted of 587 mainland regions and 88 islands or island groups (SI Appendix,
Figure S3.1).

Apomictic taxa

Apomixis is a mode of reproduction via asexual seed formation without syngamy of female and male gametes; it
is typically linked to both hybridization and polyploidization, and may enhance reticulate evolution and lead to
the formation of many novel lineages (Majesky et al., 2017). However, taxonomic treatment of apomictic taxa,
particularly the underlying species concept, is contentious. Moreover, the level of detail at which these taxa are
included and taxonomically resolved varies among regional floras and checklists. This may result in geographical
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biases in the global distribution of apomictic taxa (particularly towards the taxonomically well studied floras of
Europe), influencing the estimates of turnover, especially for regions with a high proportion of apomictic taxa (SI
Appendix, Figures S3.2, S3.3 and S3.4). For example, if apomictic taxa are recognized as species, half of the
species of the British flora would consist of such taxa (Richards, 2003). To account for the bias introduced by
apomictic taxa, we repeated all analyses for the dataset including and excluding all the species from 293 genera
that contain apomictic species based on the Apomixis Database (Hojsgaard et al., 2014). We used the distribution
dataset excluding apomictic species (272,394 species) for the main analyses. Although the Apomixis Database
only included occurrence of apomixis in angiosperms, it has been shown that apomixis is very rare in gymnosperms

(Majesky et al., 2017).

Phylogeny

To calculate phylogenetic turnover, we linked species from the distribution dataset to a dated species-level mega-
phylogeny of seed plants comprising 353,185 terminal taxa (Smith & Brown, 2018). A total of 211,418 species
from the distribution dataset (77.6 %) was included in the original phylogeny. Remaining species were
conservatively added to their congeners in the phylogeny by replacing all species of the genus with a polytomy,
using the function congeneric.merge in the R package pez (Pearse et al., 2015). We then removed species not
present in the distribution dataset from the phylogeny (hereafter called merged phylogeny), leading to 265,693 out
of 272,394 species in the distribution dataset (97.5 %) included in the merged phylogeny. Although additional
phylogenetic uncertainties may arise from adding polytomies, it has been showed that phylogenetic metrics based
on phylogenetic trees with higher numbers of polytomies correlated strongly with metrics based on trees with no
or fewer polytomies (Qian & Jin, 2021). As a sensitivity analysis to test whether adding species and replacing their
genera with polytomies affects patterns of phylogenetic turnover, we calculated phylogenetic turnover based on
the phylogeny only including 211,418 species that was contained in the original phylogeny and without unplaced
species added to the genus (hereafter called matched phylogeny). We found that phylogenetic turnover calculated
from the merged and matched phylogenies was highly correlated (Pearson’s r = 0.99), suggesting that results based
on the merged phylogeny are robust. We therefore used the merged phylogeny for all analyses presented in the

main text. The same procedure was carried out for the dataset including apomictic species (Pearson’s r = 0.99).

Beta diversity

Beta diversity, i.e., variation in species composition between assemblages, consists of two different components:
turnover involving species replacement between regions, and nestedness resulting from differences in species
numbers (Baselga, 2010). Likewise, phylogenetic beta diversity, i.e. evolutionary dissimilarity between
assemblages, can be decomposed into the two separate components accounting for phylogenetic turnover and
differences in phylogenetic diversity (Leprieur et al., 2012). Here, we used the Simpson dissimilarity index to
measure both species and phylogenetic turnover between all pairs of regions (Baselga, 2010; Leprieur et al., 2012).
This index is insensitive to differences in species richness and phylogenetic diversity and thus allows us to compare
regions with varying area size, which differ strongly in species richness (Cai et al., 2023). The index is defined as:
Bsim= min(b,c)/[min(b,c) + a], where a is the number of species shared by two regions and b and c is the number
of species unique to the first and second region respectively, when species turnover is concerned. When applied
to phylogenetic turnover, species numbers are replaced with branch lengths in the phylogeny (Leprieur ef al.,

2012).

Decomposition of beta diversity through time
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To disentangle the relative influence of past and present factors on beta diversity at different phylogenetic
timescales, we used the beta diversity through time framework (BDTT) (Mazel et al., 2017) to compute
phylogenetic turnover between regions at different timescales along the phylogeny. From the tips to the root, the
phylogenetic tree was repeatedly cut into 10 Ma steps from present back to 100 Ma BP by collapsing all nodes
younger than the threshold into ancestral branches. For each cutoff, the geographic distribution of new clades
within the pruned phylogenetic tree was calculated as the union of the distributions of their descendent tips. The
resulting clade x region matrices could then be used to calculate pairwise phylogenetic turnover for each cutoff.
The BDTT offered a profile of beta diversity through time that allowed us to assess the contribution of deep and
shallow branches to beta diversity patterns as well as their past and present drivers through time (Mazel et al.,

2017).

Predictors of species and phylogenetic turnover

To test the effects of environmental filtering and dispersal history on compositional dissimilarities between regions,
we identified a set of predictor variables representing environmental dissimilarity and geographical distances,
respectively. To capture major ecologically relevant axes of the environmental space, we considered climate,
edaphic conditions and topography, which are hypothesized to be the main environmental drivers of plant
composition (Eiserhardt et al., 2013; Konig ef al., 2017). We included five ecologically relevant climatic variables
representing the main aspects of climate hypothesized to be important for plant distributions (Cai et al., 2023),
namely mean annual temperature, mean annual precipitation, temperature seasonality (i.e., standard deviation of
mean monthly temperature % 100), precipitation seasonality (i.e. coefficient of variation in monthly precipitation)
(Karger et al., 2017) and aridity (i.e., the ratio of precipitation to potential evapotranspiration) (Zomer et al., 2022).
We also included cation-exchange capacity (cmol +/kg) for each region as a proxy for soil fertility (Hengl et al.,
2017) and elevational range for topographical heterogeneity (Danielson & Gesch, 2011; Stein ef al., 2014). All

climatic and edaphic variables were extracted as mean values per region from the input raster layers.

To quantify the effects of dispersal history on turnover, we considered current geographical linear distances, past
geographical linear distances derived from plate tectonic models, as well as physical and ecological dispersal
barriers (e.g., oceans, mountains and unsuitable climate). In order to calculate distances of each factor between
pairs of regions that differ in area sizes, we used the dggridR R package (Barnes & Sahr, 2017) to produce a grid
of equal-area and equidistant hexagons (grid area: 23,323 km?) across the Earth’s surface and calculated distances
between each pair of grid cells. We then measured distances between all pairs of regions as the minimum distance

between the grid cells that were overlapping with the two focal regions.

To quantify the effects of the past position of major landmasses (continents) on regional plant species composition,
we used the GPLATES software (Boyden ef al., 2011; Williams et al., 2012) with global plate tectonic models
(Miiller et al., 2016; Matthews et al., 2016) to obtain the past geographic coordinates of each grid cells’ mass
centroid in 10 Ma time steps between the present and 100 Ma BP. We calculated past and current geographical
linear distances between each pair of grid cells as the shortest distance on an ellipsoid (here the WGS 84 reference

ellipsoid).

To account for physical and ecological dispersal barriers when calculating pairwise geographical distances, we
measured the least cost distance between regions, i.e., the minimum cost of moving from one region to another
across cost surfaces, using network analysis. Network analysis can find routes that minimize costs between entities

in a network. A network consists of a set of connected vertices (here representing our hexagon grid cells) and
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edges representing the relationship between the entities (McNulty, 2022). Edges can be either unweighted or
weighted (here weighted to reflect geographical linear distances combined with costs for crossing a given surface).
A path between two vertices is defined as a series of edges from the first vertex to the second, and therefore the
length of the path between two vertices is the sum of the weights of the edges traversed in the path (McNulty,
2022). Here, we created a network for the equal-area and equidistant hexagon grids using the igraph R package
(Csardi & Nepusz, 2006). All grid cells were connected to their five direct neighbors by edges. We calculated the
weights of edges as the geographical linear distances between two connected vertices multiplied by the mean of
the values extracted from a given barrier cost surface for the two vertices. The barrier cost of a grid cell or vertex
was respectively defined as whether a region is covered by water (1: water; 0: not water), mean elevation, annual
mean temperature and aridity index to weigh in costs of crossing water bodies, mountains, cold and dry deserts,
respectively. To calculate a barrier cost surface, we scaled and transformed mean elevation, annual mean
temperature and aridity index to a range of [0,1] where values closer to 1 indicate higher costs for moving from
one cell to the other (SI Appendix, Figure S3.5). To consider all barriers together, we created an additional barrier
cost surface as the maximum values among whether a region is covered by water, mean elevation, annual mean
temperature, and aridity index. Then, we calculated the least cost distance between each pair of grid cells as the
length of the shortest path between pairwise grids for each barrier cost surface. The least cost distance between
grid cells was then aggregated for all pairs of geographic regions as the minimum distance between grid cells
overlapping with the first and second region, respectively. Beyond current barriers, we calculated the past least
cost distance accounting for dispersal barriers (i.e., considering both mountains and water, and only accounting
for water) for each 10 Ma from present back to 100 Ma BP based on paleo-estimates of mean elevation and whether

a region was covered by water (Scotese & Wright, 2018).

Additionally, we calculated the least cost distance across a surface of climate dissimilarities between the focal
regions and all other regions to quantify dispersal limitation due to climatically unsuitable habitat to cross. We
characterized the contemporary climate of each grid cell using the first five axes of a principal component analysis
(PCA) applied to 19 bioclimatic variables extracted from CHELSA (Karger et al., 2017). Before the PCA, eight
bioclimatic variables related to precipitation were log-transformed to meet normality assumptions. The five axes
represented 93.5% of the total variability of the bioclimatic variables. Costs were then defined individually for
each grid cell as the Euclidean distance of the five climatic axes between each grid cell and the focal grid cell
divided by the maximum value so that the range was linearly scaled to [0,1] (SI Appendix, Figure S3.6). We then
calculated the length of the shortest path from the focal grid cell to all other grid cells across the climate
dissimilarity cost surface. We repeated the calculation for each grid cell and cost surface, leading to a grid cell x
grid cell matrix with values of each row representing the length of the shortest path of one focal grid cell to all
other grid cells across its individual climate dissimilarity surface. The distance between two grid cells was then
calculated as the mean between the two distances obtained when considering the one or the other grid cell as the
focal cell. We then again extracted the least cost distance across climate dissimilarity surface between pairwise

regions from the distance of grid cells.

Beta diversity analysis

To compare and map the contribution of each region to the global variation in plant composition, we calculated
the local contribution to beta diversity (LCBD) for species and phylogenetic turnover, which quantifies the degree
of uniqueness of the focal region in terms of species and phylogenetic composition (Legendre & De Caceres,

2013). Large LCBD values indicate that regions have strongly different species and phylogenetic compositions.
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We applied generalized dissimilarity modeling (GDM) to explore how species and phylogenetic turnover between
regions is driven by dispersal history and environmental filtering (Ferrier et al., 2007). GDM is a powerful method
for analyzing and predicting spatial patterns of beta diversity between pairs of regions with respect to explanatory
variables. A key assumption of GDM is that dissimilarity can only increase as two regions become more different
in terms of the values of a predictor variable (Mokany ef al., 2022). The approach is specifically designed to
accommodate (1) the curvilinear relationship between compositional turnover and increasing ecological and
environmental distance between regions, and (2) the variation in the rate of compositional turnover at different
positions along an environmental gradient (Ferrier ef al., 2007). We fitted GDM for species and phylogenetic
turnover, respectively, using the R package gdm (Fitzpatrick et al., 2022) with the region x region matrices of
geographical distances (i.e., past and current geographical linear distances, the past and current least cost distances
across barriers and the least cost distance across climate dissimilarity surface), and the untransformed vectors of
environmental variables (i.e., mean annual temperature, mean annual precipitation, temperature seasonality,
precipitation seasonality, aridity index, cation-exchange capacity and elevational range) as predictors. To capture
the impact of current and past dispersal limitation on turnover, we initially considered two matrices of past
geographical linear distances (i.e. 100 and 150 Ma BP), five matrices of the current least cost distance across
barriers (i.e., all barriers, mountains, water, cold and dry deserts) and four matrices of the past least cost distance
across barriers (i.e. all barriers and water of 100 and 150 Ma BP). As models with different predictors differed
only to a small degree, we retained the current least cost distance across all barriers, geographical linear distances
100 Ma BP and the least cost distance across all barriers 100 Ma BP in the final models. Further, we replaced
current climatic variables (i.e. mean annual temperature, mean annual precipitation, temperature seasonality,
precipitation seasonality) with climate in the Last Glacial Maximum (LGM; 21 Ka BP) and in the mid-Pliocene

warm period (~3.264 — 3.025 Ma BP) to test if past climate better explained turnover than current climate.

Beyond fitting models including all regions (> 1000 km?), we also fitted GDMs for regions with minimum area
sizes of 10,000 and 100,000 km? to test if predictor effects differ due to the inclusion of small regions that are
several orders of magnitude smaller than the largest ones. We used the default of three I-spline basis functions per
predictor. Predictor significance tests were performed using matrix permutation as implemented in the function
gdm.varlmp. Following Koénig et al. (2017), we applied two different methods to quantify the importance of
predictors for present day models and along the phylogenetic timescale. First, we quantified the importance of
each individual predictor in explaining dissimilarity using the maximum height of fitted spline functions in the
GDM (Fitzpatrick et al., 2013). We scaled the heights so that their sums equal the proportion of deviance explained
by the model. Second, we used partitioning of deviance, an approach similar to variance partitioning to estimate
the relative effect of environmental filtering (i.e. environmental variables) versus dispersal history (i.e.,
geographical distances) (Borcard et al., 1992). Specifically, we partitioned the explained variation in turnover into
a fraction only explained by environmental filtering, a fraction only explained by dispersal limitation, overlapping
(i.e. a fraction explained by either dispersal limitation or environment filtering but not possible to disentangle) and

unexplained variation using the function gdm.partition.deviance.

To test how the effects of dispersal limitation and environment filtering on phylogenetic turnover vary along the
phylogenetic timescale, we used GDMs to model current patterns of phylogenetic turnover at different
phylogenetic timescales (i.e., for each ten million years from present back to 100 Ma BP) as functions of
geographical (past) and environmental (current) distances. Here, we fitted models only for regions with a minimum

area of 10,000 km? since models including regions with this area threshold showed a relatively high model
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performance for current phylogenetic turnover, and still have a near-complete coverage of the globe. For each time
cutoff, a GDM was fitted using the matrices of geographical linear distances and the least cost distance across
barriers that were computed for the given time period, and the untransformed vectors of mean annual temperature,
mean annual precipitation, temperature seasonality, precipitation seasonality and cation-exchange capacity.
Elevational range was removed from these models because it was insignificant in the model for current patterns
of turnover. To make models comparable across the phylogenetic timescale, the current least cost distance across
barriers also included only mountains and water bodies as barriers like the past least cost distance across barriers.

Like above, we used two different methods to quantify the importance of predictors.

Results

The local contribution of each region to global beta diversity (LCBD) varied strongly across the globe for both
phylogenetic and species turnover (Figure 3.1). The LCBD of phylogenetic and species turnover both peaked in
southwest Australia, parts of Colombia and South Africa as well as some tropical and subtropical islands (e.g.,
New Caledonia). European regions showed lower species turnover in particular and phylogenetic turnover than
parts of North America and Central and East Asia. However, some differences emerged when separately
comparing LCBD for phylogenetic and species turnover (Pearson’s r = 0.46; SI Appendix, Figure S3.7). For
example, high LCBD values for species turnover were observed on some remote islands (e.g., Hawaiian Islands)
and large continental islands in Southeast Asia, while these regions did not stand out in terms of phylogenetic
turnover. When comparing patterns including and excluding apomictic taxa, notable differences were observed
primarily in European regions, which showed greater unique compositions when apomictic species were included,
owing to high numbers of narrowly distributed apomictic species in genera such as Rubus and Hieracium (SI
Appendix, Figures S3.2 and S3.3). Nearly identical LCBD patterns were found for the dataset retaining only
species that were included in the original phylogeny (SI Appendix, Figure S3.8a).
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Figure 3.1 Local contribution to global patterns of beta diversity of 675 geographic regions for phylogenetic (a)
and species turnover (b) in seed plants. Large values indicate that regions have a strongly different phylogenetic
and species composition. Maps use Eckert IV projection.

Based on generalized dissimilarity modeling, environmental dissimilarity and geographical distances (i.e.,
geographical linear and cost distances) together explained 56.9 — 65.7 % of the variation in current patterns of
pairwise phylogenetic turnover and 82.5 — 86.4 % in species turnover, respectively (Figure 3.2; Pearson’s r = 0.8
between phylogenetic and species turnover). Models including regions with a minimum area size of 100,000 km?

showed the highest explained deviance. According to the deviance-based approach, current and past geographical
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distances (uniquely explaining 24.4 — 27.5 % in phylogenetic turnover and 42.5 — 44.0% in species turnover)
showed a greater effect on both phylogenetic and species turnovers than environmental dissimilarity (17.6 —20.3%
in phylogenetic turnover and 9.2 — 12.8% in species turnover) regardless of the minimum area size of the regions
included (Figure 3.2b). The effect of geographical distances was much stronger for species turnover than for
phylogenetic turnover, while environmental dissimilarity was slightly more important to phylogenetic turnover
than to species turnover. However, the relative importance of environmental dissimilarity was slightly higher when
using the curve-based approach (Figure 3.2a) possibly arising from a greater contribution of environmental

dissimilarity to the shared fraction (Konig et al., 2017).
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Figure 3.2 Relative importance of predictor variables for plant phylogenetic (Phylo) and species (Spe) turnover in
seed plants at the global scale. Variable importance is shown for datasets including regions with a different
minimum area size (i.e., 1000; 10,000; 100,000 km?). In a, relative importance is shown for individual predictor
variables based on the height of generalized dissimilarity modeling transformation curves, which is scaled so that
their sums equal the proportion of deviance explained by the model; In b, relative importance is shown for thematic
groups of predictor variables based on deviance partitioning,.

Among the individual predictors, the least cost distance across climate dissimilarity surface most strongly
promoted species turnover (17.5 —19.5%), indicating that high species dissimilarity occurred among regions
separated by unsuitable climatic conditions. Meanwhile, dissimilarity in mean annual temperature showed the
strongest effect on phylogenetic turnover (11.8 and 13.4% for regions > 10,000 and 100,000 km?, respectively),
except for the model including regions > 1000 km? where current geographical linear distances were the main
driver (14.8%) (Figure 3.2a; SI Appendix, Figure S3.9). Past geographical distances also left small but detectable
imprints on current patterns of plant turnover. We found that the past least cost distance across barriers (100 Ma

BP) explained 5.8 and 6.3% of the variation in phylogenetic turnover when regions included were > 10,000 and
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100,000 km?, respectively, and 3.7% and 5.9% of the variation in species turnover. Comparing the effects of past
and current climate on plant turnover, the models including climate in the LGM explained less deviance (55.06 —
64.2% in phylogenetic turnover and 80.1 — 85.3% in species turnover; SI Appendix, Figure S3.10 a, c) than the
models that included current climate, while the models with climate in the mid-Pliocene warm period showed
nearly identical performance (56.6 — 65.5% in phylogenetic turnover and 82.2 — 86.9% in species turnover; SI

Appendix, Figure S3.10 b, d).
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Figure 3.3 Local contribution to global patterns of beta diversity (LCBD) of 562 geographic regions for
phylogenetic turnover at different phylogenetic timescales in seed plants. LCBD patterns are calculated for 10 Ma
BP (a), 40 Ma BP (b), 70 Ma BP (c), and 100 Ma BP (d), based on the given phylogenies which are obtained by
cutting the original phylogeny at a specified time period and collapsing all descendent leaves into ancestral
branches. Large LCBD values indicate that regions have a strongly different phylogenetic composition. Regions
included are > 10,000 km? and maps use Eckert IV projection.

Along the phylogenetic timescale, the LCBD for phylogenetic turnover, and the contributions of environmental
dissimilarity and geographical distances to plant phylogenetic turnover varied considerably. While southwest
Australia and parts of South Africa showed lower LCBD at deeper phylogenetic timescales, LCBD always peaked
in parts of Colombia and Ecuador (Figure 3.3). The variation in phylogenetic turnover explained by the GDMs
decreased from 60.2% (present) to 23.4% (100 Ma BP) along the phylogenetic timescale (Figure 3.4). According
to the deviance-based approach, environmental dissimilarity consistently showed strong effects on phylogenetic
turnover for both shallow (e.g., uniquely explaining 19.8% for present) and deep phylogenetic timescales (e.g.
17.3% for 100 Ma BP), and peaked at the time slice of 40 Ma BP (26%). In contrast, the effect of geographical
distances monotonically decreased from 27.7% to 2.3% when time went back from the present to 100 Ma BP
(Figure 3.4b). In other words, phylogenetic turnover of deep phylogenetic time (i.e., time slices before 20 Ma BP)

was better explained by current environmental dissimilarity than geographical distances of the same time slices,
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while shallow phylogenetic time showed an opposite trend (i.e., 0 and 10 Ma BP; Figure 3.4b). Among predictor
variables accounting for dispersal opportunities, the least cost distance across barriers for specific times showed
stronger effects on the time slices of 20 — 50 Ma BP (8.6 — 11.6%), while geographical linear distances greatly
promoted phylogenetic turnover on shallow phylogenetic time (i.e., 0 and 10 Ma BP; Figure 3.4a). Among
environmental predictors, mean annual temperature, temperature seasonality and cation-exchange capacity largely

increased phylogenetic turnover regardless of the timescale.
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Figure 3.4 Relative importance of predictor variables for phylogenetic turnover along phylogenetic timescales in
seed plants at the global scale. In a, relative importance is shown for individual predictor variables based on the
height of generalized dissimilarity modeling transformation curves, which is scaled so that their sums equal the
proportion of deviance explained by the model; In b, relative importance is shown for thematic groups of predictor
variables based on deviance partitioning.

Discussion

Global turnover in seed plants is jointly shaped by environmental filtering and dispersal history. We found that the
relative contributions of these two processes vary across species and phylogenetic turnover and at different
phylogenetic timescales. While dispersal history had an overall larger effect, it was smaller for phylogenetic than
for species turnover and further diminished with phylogenetic time, whereas environmental filtering remained
important throughout. This indicates a major role of environmental constraints for the distribution of major seed

plant lineages and of dispersal limitation for the younger lineages towards the tips of the phylogeny (species).

Due to dispersal limitation, lineages are restricted geographically, causing a similar distribution of more closely
related species and simultaneously increasing evolutionary separation between geographic regions (Linder et al.,
2013). This hypothesis is supported by our finding that greater similarity of species and phylogenetic composition

occurs between regions that are closer to each other and have fewer barriers to cross. Meanwhile, environmental
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filtering determines species distributions (Whittaker, 1956; Currie ef al., 2004), and thus has a strong influence on
both current patterns of species and phylogenetic turnover as found here. As expected, we found that higher
dissimilarity of climatic and edaphic conditions, especially variables related to temperature, strongly promote
species and phylogenetic turnover in plants among regions. These findings support the hypothesis that
environmental conditions determine the occurrence of species and phylogenetic lineages in a specific area due to
inherent differences in environmental tolerance among plants (Wiens & Graham, 2005). Although both showed
strong impacts, geographical distances explained current species turnover better than environmental dissimilarity.
This disparity was relatively small for phylogenetic turnover, suggesting that dispersal history has a greater effect
on regional species composition than environmental filtering at the global scale. This may reflect the high
dissimilarity of plant species composition among continents because of prolonged isolation and relatively limited

dispersal events (Szovényi ef al., 2008; Arakaki et al., 2011).

We found that the relative importance of dispersal history and environmental filtering on current patterns of
turnover varied among phylogenetic and species turnover and along the phylogenetic timescale. Whereas
environmental dissimilarity explained a high share of both species turnover and phylogenetic turnover in ancient
and young lineages, geographical distances showed greater effects on species turnover and on young lineages than
ancient lineages. This corroborates our results of the contribution of remote islands to global beta diversity being
greater for species turnover than for phylogenetic turnover. Variation in the relative importance of these variables
likely indicates the underlying biogeographical and evolutionary processes driving current patterns of diversity
(Graham & Fine, 2008). On the one hand, this may stem from “time-for-dispersal” effects, i.e., the time available
for dispersal could limit the extent of ranges of taxa (Svenning & Skov, 2007; Paul et al., 2009). Along
evolutionary timescales, major ancient lineages of plants have had more time to spread over the world and occupy
large parts of their potential range, thereby generating the homogeneity of phylogenetic composition along
geographical distances at deep phylogenetic timescales (Hardy et al., 2012). In contrast, recently derived lineages
might be still restricted to their area of origins due to the short time available for dispersal, colonization, and range
expansion. On the other hand, persistent strong effects of environmental filtering possibly reveal a tendency of
lineages to retain characteristics of ancestral environmental tolerances (Burns & Strauss, 2011). Under this
scenario, ancient lineages may have originated from adaptations to past environmental conditions. Within a
particular environmental regime, allopatric speciation and phylogenetic niche conservatism may have then
promoted diversification without major niche shifts and produced recently evolved lineages that share heritable
traits through descents, leading to consistently large environmental restrictions for both ancient and recently
diverged lineages (Donoghue, 2008). Further, the important role of environmental filtering in structuring turnover
of ancient lineages may reflect that major environmental constraints might be phylogenetically conserved in large
lineages. For example, palms (Arecaceae), a pantropical plant family, are largely restricted to megathermal

climates, possibly due to their lack of physiological mechanisms for frost tolerance (Kissling et al., 2012).

Dispersal limitation is more difficult to detect within continents than among continents and islands, because
dispersal barriers such as climate dissimilarity are not always obvious. Current geographical linear distances are
most frequently chosen as a proxy of geographical connectivity (Nekola & White, 1999) and also here it showed
a strong influence on phylogenetic and species turnover at a global scale. However, this method assumes that
individuals spread across a uniformly suitable landscape, which is not always the case. We gained additional
insights by including novel distance measures that account for barrier costs such as oceans, mountains, deserts,

and climatic gradients, all of which produced high levels of phylogenetic turnover among regions. Meanwhile,
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high species turnover was found among regions separated by unsuitable climatic conditions, which could be
explained by a lack of potential corridors with suitable climate and consequently constrained species dispersal.
These results highlight that complex measures of cost distances across barriers appropriately reflect dispersal
barriers and demonstrate that the medium to cross plays an important role in the redistribution of plants. These
results also suggest that the success of dispersal for species is not only affected by the direct geographical distances

but rather by the ability to establish populations between two regions.

We demonstrate that past plate tectonics have left signatures in the current distribution of plant species and major
lineages. Tectonic movements changed geographic proximity of landmass and altered dispersal barriers among
regions, including orogenic uplift and expansion or shrinkage of oceans, affecting dispersal history of plant species
and, therefore, modifying their distributions (Raven & Axelrod, 1974; Pellissier ef al., 2018). While past
geographical distances explained little variation in phylogenetic turnover at deeper phylogenetic timescales, we
found that past cost distances across barriers, including the emergence of mountains and water bodies, showed
relatively strong effects on phylogenetic turnover at intermediate phylogenetic timescales (20 — 50 Ma BP, mainly
the Oligocene and Eocene). During this period, continents underwent ongoing divergence and sometimes collided
with previously isolated landmasses. The latter process was exemplified by the rapid northward drifting of India
and its subsequent collision with Asia, leading to the uplift of the Himalayas (Lomolino ef al., 2016), which might
have emerged as a key dispersal barrier within continents and thus left an impressive imprint on plant distributions.
Additionally, we found that climate in the LGM had less effects on current phylogenetic and species turnover
compared to the current climate, possibly derived from postglacial species migration to track climate change
(Svenning & Skov, 2007). Such postglacial range expansion has led to large geographic ranges of plant species in
Europe (Svenning & Skov, 2007), coupled with high numbers of plant species extinctions due to extreme climatic
conditions (Qian & Ricklefs, 2000; Svenning, 2003), possibly leading to the high homogeneity of the European

flora found here.

In conclusion, our study reveals that global patterns of regional seed plant composition result from complex
dispersal filtering processes related to both past and present dispersal limitations and phylogenetically conserved
environmental constraints. Our results show that the relative importance of the two processes on phylogenetic
turnover varies along the phylogenetic timescale, i.e., different processes operate at the species versus at the higher
phylogenetic level. Using paleogeographical reconstructions and a framework to account for dispersal barriers, we
demonstrate the contribution of past plate tectonics to explaining phylogenetic turnover by altering geographical
proximity and dispersal barriers among regions. Consequently, our study helps to unfold the complex

biogeographical and evolutionary mechanisms that shape global plant biogeography.
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General Discussion

General Discussion

Studying biodiversity from a phylogenetic perspective provides new insights into understanding the underlying
mechanisms of biodiversity patterns (Donoghue, 2008; Mishler, 2023) and is important for biodiversity
conservation (Mace ef al., 2003; Gumbs et al., 2023). With newly compiled global datasets of plant distributions,
better resolved species-level phylogenies of plants, high-resolution past and present environmental datasets, and
the modeling techniques developed, plant diversity can now be studied on a global scale while simultaneously
accounting for phylogenetic relationships among species. Specifically, I uncovered global patterns and drivers of
three key aspects of plant diversity in terms of evolutionary history in particular: species and phylogenetic richness
(Chapter 1), phylogenetic endemism (Chapter 2), and species and phylogenetic turnover (Chapter 3), which
together improve both fundamental understanding and knowledge of global biodiversity. In the following sections,
I discuss and synthesize the contribution of my thesis and elaborate on challenges and new directions for

biodiversity research.

Contribution of this thesis

The thesis contributes to biodiversity research on three different levels: biodiversity patterns, biodiversity

mechanisms, and methods of studying biodiversity.

Biodiversity patterns

The thesis provides comprehensive investigations of plant diversity distributions accounting for evolutionary
history, which have been so far missing at the global scale. I filled this critical gap in biodiversity knowledge based
on regional plant inventory data that have been compiled over a decade (GIFT; Weigelt et al., 2020) combined
with a curated global list of all known scientifically described plant species (WCVP; Govaerts et al., 2021), which
currently represent the most authoritative and comprehensive distribution datasets of vascular plants with complete
global coverage. I provided global maps of species and phylogenetic richness with unprecedented detail and
accuracy by combining predictions from multiple modeling techniques, and identified global centers of plant
diversity (Chapter 1). Also, I uncovered global patterns of evolutionarily unique and range-restricted lineages
(phylogenetic endemism, Chapter 2). I identified regions with significantly unique compositions of species and
phylogenetic lineages (species and phylogenetic turnover, Chapter 3). Generally, tropical and subtropical islands
consistently stood out for these multiple aspects of plant diversity, such as Madagascar, the Malay Archipelago,
and New Caledonia. Meanwhile, mountain regions in the tropics and subtropics were identified as global centers
of species and phylogenetic richness and phylogenetic endemism, e.g. the tropical Andes. Furthermore, I identified
regions with both high neo- and paleoendemism that act simultaneously as “museums” and “cradles” of
biodiversity, including some oceanic and continental fragment islands, Mediterranean-climate regions, and parts
of the Irano-Turanian floristic region (Chapter 2). With an explicit consideration of these multiple aspects, the
results of my PhD work identify areas with high evolutionary diversity and uniqueness, experiencing important
processes related to the origination and persistence of biodiversity, and could be of great importance for
biodiversity conservation. Simultaneously, the high-resolution predictive maps of species and phylogenetic
richness will offer essential information for future biodiversity science and global environmental impact

assessments.
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Biodiversity mechanisms

I make empirical contributions to a better understanding of the underlying mechanism that shapes biodiversity.
Lineage divergence, persistence, and dispersal are fundamental processes that contribute to why particular Earth
areas harbor more lineages than others (Ricklefs, 1987; Mittelbach ef al., 2007). Many environmental factors have
been hypothesized to determine species’ geographic ranges, assemblages of species in a particular area, and
variation of diversity across space by changing patterns of these fundamental processes (Condamine et al., 2012).
In the thesis, I provided the most comprehensive tests of how this set of past and current environmental factors
acts simultaneously on regional species and phylogenetic richness and phylogenetic endemism across the globe
for plants (Chapters 1 and 2). Importantly, I also tested the hypotheses of past climate change and geological
history on paleo- and neoendemism of plants, providing novel insights into the understanding of processes of
lineage divergence and persistence over long-term timescales (Chapter 2). I found that warm and humid climates
and environmental heterogeneity strongly promoted both species and phylogenetic richness and phylogenetic
endemism, corroborating other large-scale studies that report strong effects of the current climate and
environmental heterogeneity on plant diversity (Hawkins et al., 2003; Kreft & Jetz, 2007; Stein et al., 2014; Sandel
et al., 2020). Geographic isolation emerged as an important driver of phylogenetic endemism, as expected (Sandel
et al.,2020), resulting in high phylogenetic endemism on islands and in mainland regions that are partly surrounded

by water bodies like coastal regions or peninsulas.

Notably, the findings of the thesis revealed the critical legacies of past climate change and past geological events
in current plant diversity. Earth has experienced strong climatic and geological changes over the last millions of
years (Sepulchre ef al., 2006; Lomolino ef al., 2016). Given the evolution and accumulation of biodiversity under
these circumstances, it is hypothesized that current biodiversity is strongly determined by these past dynamics
(Hoorn et al., 2010; Svenning et al., 2015; Hagen et al., 2021). The results of the thesis showed that past climate
change left a small but detectable impact on current patterns of plant species and phylogenetic richness, while
long-term climatic stability significantly promoted the accumulation of evolutionarily unique and narrow-ranged
lineages, especially for paleoendemics, as far back as the mid-Pliocene (~3.264 Ma BP). These findings
demonstrate the strong and long-lasting effects of past climate change on current plant diversity, and highlight the
potential for loss of plant diversity due to future climate change. Also, geological history, including insularity and
the presence of mountains, played an important role in plant diversity. On the one hand, I found variations in
distributions of neo- and paleoendemism between islands with different geographic origins. The findings could be
explained by different evolutionary trajectories of plants determined by geological history of islands, including
differences in the timing of colonization, subsequent time for speciation, persistence and accumulation of lineages
(Cronk, 1987; Yoder & Nowak, 2006; Losos & Ricklefs, 2009), which together lead to the remarkable plant
diversity on large tropical islands as found in Chapter 1. On the other hand, I showed that mountains, especially
in tropical regions, were identified as global centers of both diversification and persistence of range-restricted
lineages, harboring high species and phylogenetic richness. This possibly reflects the interplay of multiple
evolutionary mechanisms in mountain regions: enhanced speciation rates and more opportunities for persistence
and coexistence of lineages, resulting from heterogencous and dynamic landscapes with diverse niches, and
dynamic connectivity between habitats within the mountain linked to complex climatic histories (Antonelli et al.,
2018; Rahbek et al., 2019).

Patterns and drivers of diversity potentially vary across spatial scales, e.g., from regional scales to local scales

(Keil & Chase, 2019). The ratio of regional diversity to local diversity indicates species turnover between sites,
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defined as a calculation of beta diversity (Whittaker, 1960). Thus, beta diversity establishes a direct link between
biodiversity at large scale (e.g., regional scales) and fine scales (e.g., local scales), illuminating our understanding
of the mechanisms underlying species assemblages and variation in biodiversity across regions (Anderson ef al.,
2011). In Chapter 3, I examined the impacts of environmental filtering and dispersal history on phylogenetic and
species turnover of seed plants and along phylogenetic timescales. I found that despite dispersal history exerted
the overall larger influence, its effect was smaller for phylogenetic than for species turnover, and further decreased
as phylogenetic time was traced back, as far back as 100 Ma BP. In contrast, environmental filtering remained
important across phylogenetic timescales. These findings indicate a major role of environmental constraints for
the distribution of major seed plant lineages and strong effects of dispersal limitation for the younger lineages
owing to relatively short time available for dispersal (Svenning & Skov, 2007; Paul et al., 2009). Integrated with
palacogeographical reconstructions and a framework to account for dispersal barriers, I demonstrated the
contribution of past plate tectonics to phylogenetic turnover by altering geographic proximity of landmass and
changing dispersal barriers among regions, including orogenic uplift and expansion or shrinkage of oceans (Raven
& Axelrod, 1974). These findings add to phylogenetic linecage assembly and enhance our understanding of

contemporary ecological and historical evolutionary mechanisms structuring biodiversity.

Methods of studying biodiversity

I provide important practical advances in the methods of studying biodiversity. First, the thesis provides a solid
modeling pipeline for the application of machine learning techniques with freely available codes (Chapter 1). The
findings of the thesis illustrated the great predictive performance of machine learning models applied to large
distribution and environmental datasets, because of the ability of machine learning models to disentangle
underlying complex and interacting diversity—environment relationships. Further, with more available techniques
to interpret and visualize machine learning models including understanding the global characteristics of the
modeled system and unraveling the fitted relationships between independent and dependent variables (e.g., partial
dependence plots as used in Chapter 1) (Lucas, 2020), machine learning methods could be used not only for
prediction but also for hypothesis testing and inference (Phillips ef al., 2019; Vétrovsky et al., 2019; Liang et al.,
2022). Therefore, machine learning coupled with recent increases in plant-ecological information at large scales
(Weigelt et al., 2020; Sabatini ef al., 2021; Govaerts et al., 2021), provide exciting new opportunities for ecologists
to gain an improved understanding and quantitative knowledge in biogeography and macroecology. Chapter 1
could serve as a useful template for various future biogeographical and macroecological research. Second, I
developed a new phylogenetic measure, i.e., standardized effect size of relative phylogenetic endemism (Chapter
2), which quantifies the degree to which disproportionately young or old lineages are spatially restricted in a
particular area. This metric therefore presents a novel avenue for testing evolutionary and ecological processes
that may be responsible for current biodiversity patterns. Third, the thesis provided new environmental measures,
including the metric quantifying the degree to which areas of different biomes vary across geological times
(Chapter 1) and the framework for calculating cost distance across barriers (Chapter 3). These measures capture
important environmental conditions that are hypothesized to affect current diversity patterns and could potentially

be applied to future biodiversity research.

Challenges and future perspectives in biodiversity research

Scales
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Biodiversity patterns and underlying processes depend on scale (Ricklefs, 1987; Willis & Whittaker, 2002).
Patterns and processes found at one spatial scale may not necessarily emerge at other scales. For example,
evolutionary processes (speciation, extinction and migration) and geological and climatic history are key drivers
of regional diversity (Antonelli et al., 2015; Jiménez-Alfaro et al., 2018), while local diversity tends to be shaped
mainly by processes related to community assemblage (dispersal, environmental filtering and biotic interactions)
(Cavender-Bares ef al., 2009). Scale dependence has been shown to be potentially ubiquitous in patterns and
drivers of species richness (Willis & Whittaker, 2002; Rahbek, 2004; Keil & Chase, 2019) and endemism (Daru
et al., 2020). Therefore, the patterns and drivers of regional plant diversity found in the thesis cannot be
extrapolated to other possible spatial scales, such as plot and landscape scales. For example, Puglielli and Pértel
(2023) compared the results of the thesis (Chapter 1) with a study that predicted global patterns of plant species
richness at the plot scale and uncovered their drivers based on a vegetation-plot dataset (Sabatini ef al., 2022), and
found differences in diversity drivers. Specifically, while climate consistently showed a strong influence on plant
species richness at the regional and plot scale, environmental heterogeneity only emerged as a key driver of
regional plant diversity (Sabatini et al., 2022). Such difference highlights another important issue of biodiversity
research is to identify various drivers of biodiversity across scales. Moreover, global patterns of plant diversity
from a phylogenetic perspective at the plot scale remain to be explored, which could be the next step for

understanding local biodiversity based on the global dataset of vegetation plots (Sabatini et al., 2021).

Furthermore, knowledge of landscape-scale plant diversity is still lacking, especially when evolutionary history is
taken into account. To fill this important gap, additional landscape-scale data are required. Currently, the species
composition data in GIFT and WCVP are coarse-grained. Also, there is a lack of data covering some relevant parts
of the globe in GIFT. Once GIFT reach the goal of a complete coverage of the globe in coarse grains, GIFT will
focus more on the collection of distribution data in fine resolutions, i.e., species checklists and floras for small
geographic regions. In this way, regions covered by the same landscapes may be sampled individually. For
example, extreme habitats (i.e., deserts and arctic regions) remain under-sampled in the current data, which are
often part of artificially delimited regions (e.g., Chad and Libya sampled instead of the Sahara). These efforts in
GIFT might provide new opportunities for exploring landscape-scale plant diversity, which shed lights on

understanding of biodiversity across various spatial scales and promote basic research and conservation initiatives.

Multifaceted biodiversity

Biodiversity is multifaceted and its three key facets include taxonomy, phylogeny, and traits. The present thesis
focuses on plant diversity in terms of evolutionary history in particular and taxonomic identity, but did not consider
functional diversity. Functional diversity refers to the variation in functional traits (including morphological,
physiological and phenological attributes of organisms) that influence an organism’s performance or fitness
(Petchey & Gaston, 2002), which in turn can help to explain multiple assembly processes (Spasojevic & Suding,
2012). Because biodiversity effects on ecosystem functioning ultimately result from interactions between
organisms and their environment relative to the organism’s traits, knowing functional traits and summary them in
a diversity measure provide a good way to assess the role of biodiversity in ecosystem functioning (e.g., primary
production and ecosystem stability) (Tilman, 2001; Diaz & Cabido, 2001; Petchey & Gaston, 2006). Consequently,
functional diversity can be used to predict the functional consequence of biodiversity loss due to human
disturbances (Petchey & Gaston, 2006; Cardinale et al., 2012). Despite the importance of assessing functional
diversity, the lack of large-scale assessments of functional traits for large taxonomic groups (e.g., vascular plants)

restricts our ability to conduct global-scale studies on functional diversity. Efforts are being made to compile
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species-level traits for plants at a global scale (Weigelt ef al., 2020; Kattge ef al., 2020; Govaerts et al., 2021; Diaz
et al., 2022), which may provide exciting opportunities to close the gap in the future.

Beyond considering each facet of biodiversity independently, a more integrated approach by considering all three
facets jointly should be used for better understanding of biodiversity mechanisms (Guo et al., 2020; Xu et al.,
2023). For example, Xu et al. (2023) assessed the influence of Quaternary climate change on global beta diversity
in trees across the three facets, and their results reflected phylogenetically and functionally selective processes in
species replacement, extinction and colonization during climate change periods. Furthermore, given the
importance of each facet to biodiversity and ecosystem functioning (Pollock ef al., 2017), coupled with the fact
that any one diversity facet cannot be reliably captured by other facets (Devictor et al., 2010; Mazel et al., 2018),
considering multiple facets of diversity together could provide a biologically comprehensive foundation for future
conservation planning efforts. For example, Brum et al., (2017) identified areas of high conservation priority
among and across the three facets of mammal diversity, which could serve as an important resource for global

protected area network.

Conclusion

The thesis uncovered global patterns of regional diversity and composition in plants accounting for evolutionary
history based on the integration of unprecedented plant distribution and phylogenetic information. It thus provides
essential information for future biodiversity science and biodiversity conservation priorities. Also, the thesis
provided the most comprehensive tests of how past and current environmental factors jointly contribute to plant
diversity. With the developments of phylogenetic approaches and paleoenvironmental reconstructions, the thesis
emphasized the significance of past climate change and geological history on regional plant diversity, and
uncovered the varied effects of dispersal history linked to past plate tectonics and phylogenetically conserved
environmental constraints on regional seed plant composition along the phylogenetic timescale. Consequently, the

thesis sheds lights on understanding of biogeographical and evolutionary mechanisms structuring biodiversity.
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Appendix

Supporting Information for Chapter 1

Table S1.1 List of environmental predictor variables hypothesized to affect plant diversity patterns. Abbreviations in bold
highlight predictor variables that were retained after the initial selection process to limit collinearity and used to fit different
models of species richness and phylogenetic richness of vascular plants. T represents effects on plant diversity hypothesized to
be positive, while J represents negative effects.

Category Abbreviation Variable description Hypoth Unit Resolutio Reference
esized n
effect
Geography Area Area of geographic regions T km? - (Weigelt et al., 2020)
Geography SLMP Surrounding landmass proportion: Summed T - - (Weigelt et al., 2013)
proportions of landmass area surrounding the target
region within buffer distances of 100 km, 1000 km
and 10,000 km
Climate MAT Mean annual temperature T °C 30 arc- (Karger et al., 2017)
seconds
Climate PET Potential evapotranspiration T mm 30 arc- (Zomer et al., 2008)
seconds
Climate LengthGrow Length of growing season (days): Number of days T n 30 arc- (Karger et al., 2019)
with temperatures exceeding a threshold of 0.9°C, seconds
without snow cover, and with sufficient soil water
Climate MeanTempGr  Mean temperature of growing season T °C 30 arc- (Karger et al., 2019)
ow seconds
Climate MeanT WetQ Mean temperature of wettest quarter T °C 30 arc- (Karger et al., 2017)
seconds
Climate I Isothermality, quantifying how large the diurnal T - 30 arc- (Karger et al., 2017)
variation in temperature is proportional to the seconds
annual variation: The ratio of the mean diurnal
range divided by the annual temperature range, and
then multiplied by 100
Climate TS Temperature seasonality: standard deviation of J °C 30 arc- (Karger et al., 2017)
mean monthly temperature *100 seconds
Climate TAR Temperature annual range N °C 30 arc- (Karger et al., 2017)
seconds
Climate AP Annual precipitation T mm 30 arc- (Karger et al., 2017)
seconds
Climate Wetdays Number of days per year with T n 10 arc - (New et al., 2002)
precipitation >0.1mm minute
Climate PrecipWarmQ  Precipitation of warmest quarter T mm 30 arc- (Karger et al., 2017)
uarter seconds
Climate PrecipGrow Precipitation of growing season T mm 30 arc- (Karger et al., 2019)
seconds
Climate PS Precipitation seasonality: Ratio of the standard 1 - 30 arc- (Karger et al., 2017)
deviation of the monthly total precipitation to the seconds
mean monthly total precipitation (coefficient of
variation in monthly precipitation)
climate GPP Gross primary productivity T gearb 30 arc- (Zhao & Running,
on/m>  seconds 2010)
Heterogeneity Elev_range Elevational range: absolute difference between T m 30 arc- (Danielson & Gesch,
highest and lowest elevation within a given area seconds 2011)
Heterogeneity Soildiv Number of different soil types based on World T n 30 arc- (Hengl et al., 2017)
Reference Base classification system seconds
Heterogeneity Homogeneity Homogeneity: similarity of MODIS enhanced J - 30 arc- (Tuanmu & Jetz,
vegetation index between adjacent pixels seconds 2015)
Past VelocityTemp_  Climate change velocity in temperature for the last I m/yr 30 arc- (Hijmans et al., 2005;
environments LGM 21,000 years (since the Last Glacial Maximum) seconds Weigelt et al., 2013)
calculated as the ratio between temporal change
and contemporary spatial change in temperature
Past TempStability Temperature stability for the last 21,000 years T - 2.5 (Owens & Guralnick,
environments _LGM (since the Last Glacial Maximum): Mean standard degrees 2019)
deviation in mean annual temperature between time
slices of 1000 years each over the last 21,000
years; “stability” is defined as the inverse of this
deviation re-scaled here between 0 and 1.
Past TempAnomaly  Difference for mean annual temperature between J °C 2.5 arc- (Hill, 2015; Brown et
environments _midPliocene the mid-Pliocene warm period (c. 3.264-3.025 Ma) minutes al.,2018)
and the present-day, i.e. the value of past minus
present.
Past Biome Miocen  Euclidean distance of biome area changes across J - - (Olson et al., 2001;
environments e four time periods (present, Last Glacial Maximum, Ray & Adams, 2001;
Pliocene and Middle Miocene) Henrot et al., 2010;
Dowsett et al., 2016)
Past Biome_Pliocen Euclidean distance of biome area changes across 1 - - (Olson et al., 2001;
environments e three time periods (present, Last Glacial Maximum Ray & Adams, 2001;
and Pliocene) Dowsett et al., 2016)
Past Kingdom Floristic kingdoms: Antarctic kingdom, Australis - factor - (Takhtajan, 1986)
environments kingdom, Cape kingdom, Holarctic kingdom,

Neotropic kingdom, Paleotropic kingdom.
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Table S1.2 Coefficients of a linear model between the residuals (deviation) from the linear regression between
species richness and phylogenetic richness, and the fifteen predictor variables identified to best explain plant
diversity. Residuals obtained from the model: phylogenetic richness = 16.87 * species richness, R= 0.96, p <
0.0001. Negative residuals indicate lower phylogenetic richness than expected based on species richness.

Predictors Estimates Confidence intervals P value
(Intercept) -0.14 0.62-0.34 0.573
Area 0.01 0.03 -0.06 0.571
Surrounding landmass proportion -0.11 -0.17--0.05 0.001
Length of growing season 0.14 0.05-0.22 0.002
Mean temperature of growing season 0.19 0.08-0.30 0.001
Temperature seasonality -0.13 -0.25--0.01 0.028
Number of wet days 0.07 0.02-0.16 0.132
Precipitation of warmest quarter 0.17 0.09-0.26 <0.001
Precipitation seasonality 0.07 0.01-0.14 0.076
Gross primary productivity 0.02 0.07-0.11 0.739
Number of soil types -0.29 -0.39--0.19 <0.001
Elevational range 0.11 0.01-0.20 0.026
Temperature change velocity since the LGM 0.17 0.08-0.26 <0.001
Temperature stability since the LGM 0.18 0.08 —0.28 0.001
Temperature anomaly since the mid-Pliocene 0.03 0.04-0.09 0.413
Biome area changes 0.04 -0.03-0.11 0.302
Observations 830

R?/ R? adjusted 0.385/0.373
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Table S1.3 Homogenization of biome classifications for current maps, Last Glacial Maximum (LGM), Pliocene

(mid-Piacenzian) and Middle Miocene.

New biome type

Current

LGM

Pliocene (mid-Piacenzian) Middle Miocene

Tropical forest

Tropical & subtropical moist
broadleaf forests

Tropical & subtropical dry
broadleaf forests

Tropical & subtropical
coniferous forests

Mangroves

Tropical rainforest

Tropical woodland

Monsoon or dry forest

Tropical thorn scrub and
scrub woodland

Montane tropical forest

Tropical forest

Tropical rainforest

Sub-tropical forest

Tropical seasonal forest

Temperate forest

Temperate broadleaf & mixed
forests

Mediterranean forests,
woodlands & scrub

Temperate conifer forests

Broadleaved temperate
evergreen forest

Semi-arid temperate
woodland or scrub

Warm temperate forest

Temperate forest

Temperate broadleaved deciduous

forest

Warm temperate open woodland

Warm temperate mixed forest

Warm temperate broadleaved
evergreen forest

Cool temperate conifer forest

Cool temperate mixed forest

Boreal forest

Boreal forests/taiga

Open boreal woodlands

Main Taiga

Boreal forest

Boreal/montane forest

Cold temperate/boreal open
woodland

Savanna and Tropical & subtropical Tropical grassland Savanna &dry woodland Tropical savanna
grassland grasslands, savannas &
shrublands
Savanna Grassland &dry scrubland ~ Tropical grassland
Temperate grasslands, savannas Temperate steppe grassland Temperate grassland
& shrublands
Forest steppe
Dry steppe
Flooded grasslands & savannas
Montane grasslands & Alpine tundra
shrublands
Montane Mosaic
Subalpine parkland
Tundra Tundra Tundra Tundra Tundra
Steppe-tundra Dry tundra
Polar and alpine desert
Deserts Deserts & xeric shrublands Tropical semi-desert Desert Desert
Tropical extreme desert Semi-desert
Temperate desert
Temperate semi-desert
Not vegetated Lake Lakes and open water
Rock and ice Ice sheet and other Ice Ice

permanent ice
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Table S1.4 Model assessment results. Each model was assessed for its fit based on training data, and for its predictive performance based on all out-of-bag samples using both random 10-fold
cross-validation and spatial 68-fold cross-validation. Accuracy statistics are provided on log-scale. Values shown are: root mean squared error (RMSE); the coefficient of determination of a linear
model of predicted vs. observed richness (R2_CORR); the amount of variation explained by the model calculated as one minus the ratio of the sum of the squared error between observation and
prediction to the total sum of squares (R2_Accuracy). Values in gray are showed in Table 1. Non-spatial models were fitted with 15 predictors except Minimum adequate generalized linear model
(GLM), Full GLM with interaction terms and GLM simplified with interaction terms, while spatial models also contained spatial effects [i.e. simultaneous autoregressive (SAR) models,
generalized additive models (GAMs) included the spline of geographic coordinates and machine learning methods included cubic polynomial trend surfaces]. Minimum adequate GLM for species
richness contained 9 predictors (i.e. Area, LengthGrow, MeanTempGrow, GPP, TS, PS, Elev_range, Soildiv, Biome Pliocene); Minimum adequate GLM for phylogenetic richness contained 13
predictors (PS and wetdays removed). Full GLM with interaction terms was fitted with all 15 environmental predictors and interactions between area and each individual predictor, and between
energy and environmental heterogeneity (i.e. MeanTempGrow : Soildiv; MeanTempGrow : Elev range), as well as energy and water (i.e. MeanTempGrow : PrecipWarmQuarter;
MeanTempGrow : Wetdays). Simplified GLM with interaction terms for species richness contained 13 individual predictors (PS and TempStability LGM removed) and 9 interaction terms
between area and other predictors, and between energy and environmental heterogeneity; simplified GLM with interaction terms for phylogenetic richness contained 14 main predictors (PS
removed) and 13 interaction terms between area and other predictors, between energy and environmental heterogeneity, as well as energy and water. GLM (Kreft and Jetz, 2007) was a combined
six-predictor model as in Kreft & Jetz (2007). SMOOTH Model (Keil & Chase, 2019) was fitted using the same model structure as Keil and Chase’s smooth model (Keil & Chase, 2019), which
contained a two-dimensional spline on geographical coordination, 15 individual predictors and the interactions between each individual predictor and area. Likewise, REALM Model was fitted
using the same model structure as Keil and Chase’s realm model (Keil & Chase, 2019), which contained floristic kingdom, 15 individual predictors and the interactions between each individual
predictor and area. Extreme gradient boosting (XGBoost) with kingdom and random forests with kingdom were fitted with the same 15 predictors and floristic kingdom. Area = area of the region;
SLMP = Surrounding landmass proportion; LengthGrow = Length of growing season; MeanTempGrow = Mean temperature of growing season; TS = Temperature seasonality; Wetdays =
Number of wet days; PrecipWarmQuarter = Precipitation of warmest quarter; PS = Precipitation seasonality; GPP = Gross primary productivity; Soildiv = Number of soil types; Elev_range =
Elevational range; VelocityTemp LGM = Temperature change velocity since the LGM; TempStability LGM = Temperature stability since the LGM; TempAnomaly midPliocene = Temperature
anomaly since the mid-Pliocene; Biome Pliocene = Biome area changes.

Models Species richness Phylogenetic richness

Model fits Random cross- Spatial cross-validation Model fits Random cross- Spatial cross-validation
validation validation

RMS R2C R>A RMS R2C R>A RMS R2C R>A RMS R’ C RZA RMS R2.C R>A RMS R2.C R2A

E ORR ccura E ORR ccura E ORR ccura E ORR ccura E ORR ccura E ORR ccura
cy cy cy cy cy cy

Non-spatial models
Full GLM 0.510 0.657 0.657 0.636 0.568 0.506 0.639 0.471 0.630 0.594
Minimum adequate GLM 0.511 0.657 0.657 0.643 0.609 0.506 0.640 0.470 0.631 0.600
Full GLM with interaction 0.457 0.722 0.722 0.695 0.535 0.627 0.620 0.397 0.697 0.661 0.419 0.668 0.623 0.467 0.616 0.531
terms
Simplified GLM with 0.457 0.722 0.722 0.704 0.665 0.396 0.697 0.663 0.676 0.630

interaction terms
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GAM 0410 0775  0.775 0.743 0.664 0328  0.778  0.769 0.735 0.647

Random forests 0403  0.786  0.775 0.774 0.642 0.309 0.807  0.795 0.796 0.669
XGBoost 0.107 0985 0984 0.791 0.673 0.084 0986  0.985 0.813 0.687

Neural networks 0285  0.887  0.887 0.725 0.552 0244 0872  0.872 0.774 0.650

Spatial models

SAR 0385 0.795  0.794 0.601 0.586 0295 0813  0.813 0.631 0.614

GAM 0.383  0.802 0.802 0.769 0.672 0312  0.794  0.791 0.757 0.663

Random forests 0.384 0.810 0.795 0.796 0.660 0292  0.828  0.816 0.815 0.697
XGBoost 0.096 0988  0.987 0.809 0.703 0.081 0986  0.986 0.833 0.737

Neural networks 0253 0911 00911 0.756 0.590 0.203 00911 0911 0.792 0.645

Other models

GLM (Kreft and Jezt, 2007) 0452  0.716  0.716  0.457 0.708 0.708 0494 0.663  0.659

SMOOTH Model (Keil & 0394 0791  0.791 0421 0.761  0.761 0.487  0.686  0.683

Chase, 2019)

REALM Model (Keil & Chase,  0.415 0.770  0.770  0.445 0.734  0.733 0494 0.679 0.673

2019)

XGBoost with kingdom 0.107 0985 0984 0388 0.791  0.791 0472 0693 0692 0.138 0960 0959 0290 0820 0820 0364 0.720 0.718
Random forests with kingdom 0398 0.792 0.780 0414 0775 0.763 0527 0.632 0626 0305 0809 0800 0316 0795 0.785 0407 0.654 0.654
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Figure S1.1 Observed species and phylogenetic richness of vascular plants for 830 geographic regions used to
train the models. a, species richness. b, phylogenetic richness. Embedded maps show observed species richness (a)
and phylogenetic richness (b) for overlapping small regions and regions <10000 km?. The histograms show the
frequency distribution of log species richness (a) and log phylogenetic richness (b). ¢, Regions plotted onto
Whittaker’s scheme of biomes delineated based on mean annual temperature and annual precipitation (Whittaker,
1975). Whittaker biomes are numbered as follows: 1 = tundra , 2 = boreal forest, 3 = temperate rainforest , 4 =
temperate seasonal forest , 5 = woodland/shrubland , 6 = temperate grassland, 7 = tropical rainforest, 8 = tropical
seasonal forest, 9 = subtropical desert.
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Figure S1.2 Correlations among all predictors and their density distributions. Numbers are Pearson correlation
coefficients. Some predictors (i.e. Area, TS, Wetdays, PrecipWarmQuarter, PS, GPP, Soildiv, Elev_range,
VelocityTemp LGM) are shown in log-scale as they were log-transformed for generalized linear models owing
to their skewed distributions. Area = area of the region; SLMP = Surrounding landmass proportion; LengthGrow
= Length of growing season; MeanTempGrow = Mean temperature of growing season; TS = Temperature
seasonality; Wetdays = Number of wet days; PrecipWarmQuarter = Precipitation of warmest quarter; PS =
Precipitation seasonality; GPP = Gross primary productivity; Soildiv = Number of soil types; Elev range =
Elevational range; VelocityTemp LGM = Temperature change velocity since the LGM; TempStability LGM =
Temperature stability since the LGM; TempAnomaly midPliocene = Temperature anomaly since the mid-
Pliocene; Biome Pliocene = Biome area changes.

74



Supporting Information for Chapter 1

Raw data

Non-spatial models for species richness Spatial models for species richness

Moran's |

Non-spatial models for phylogenetic richness Spatial models for phylogenetic richness

0.44

0.24

0.01 2

-0.2

Distance [km]

0 2000 4000 6000 0 2000 4000 6000

P
O not significant

® P<0.01

Variable

Species richness
Phylogenetic richness
GLM/SAR residuals
GAM residuals

P bt

Random Forest residuals

XGBoost residuals

4

Neural Network residuals

Figure S1.3 Spatial correlograms of raw diversity data, and residuals from non-spatial and spatial models,
respectively, fitted for species richness and phylogenetic richness. Full symbols indicate a significant Moran’s |

correlation at a given lag distance (P < 0.01).
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Figure S1.4 Comparison between ensemble predictions of vascular plant diversity across an equal area grid of
7,774 km? hexagons and a raster layer of resampled ensemble predictions at 30 arc second resolution. See Methods
S1.5 for details on the resampling procedure. For comparison, the resampled ensemble predictions of (a) species
richness and (b) phylogenetic richness were extracted and averaged for each hexagon polygon grid cell.
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Figure S1.5 Estimated effects of predictor variables on species richness of vascular plants across five non-spatial
models (partial dependence plots). Five non-spatial models were fitted with 15 predictors. Predictors shown here
were used for both non-spatial and spatial models, and were selected to represent the major hypotheses related to
plant diversity—environment relationships and filtered based on their contribution to model performance and
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Figure S1.6 Estimated effects of predictor variables on phylogenetic richness of vascular plants across five non-
spatial models (the partial dependence plots). Five non-spatial models were fitted with 15 predictors. Predictors
shown here were used for both non-spatial and spatial models, and were selected to represent the major hypotheses
related to plant diversity—environment relationships and filtered based on their contribution to model performance
and collinearity.
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Figure S1.7 Interaction strength of each predictor variable for explaining species richness (Overall) in the spatial random
forest model and two-way interaction strengths between the nine top-ranked covariates and all other covariates. Terms
of cubic polynomial trend surfaces [i.e. latitude (Y), centered longitude (X) as well as X2, XY, Y2, X3, X*Y, XY? and
Y?] are “La”, “Lon”, “La2”, “La_lon”, “Lon2”, “La3”, “La2 lon”, “La_lon2”, and “Lon3”, respectively. Other
predictors are abbreviated as follows: Area = area of the region; SLMP = Surrounding landmass proportion; LengthGrow
= Length of growing season; MeanTempGrow = Mean temperature of growing season; TS = Temperature seasonality;
Wetdays = Number of wet days; PrecipWarmQuarter = Precipitation of warmest quarter; PS = Precipitation seasonality;
GPP = Gross primary productivity; Soildiv. = Number of soil types; Elev range = Elevational range;
VelocityTemp LGM = Temperature change velocity since the LGM; TempStability LGM = Temperature stability since
the LGM; TempAnomaly midPliocene = Temperature anomaly since the mid-Pliocene; Biome Pliocene = Biome area

changes.
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Figure S1.8 Estimated effects of the nine two-way interactions (two-predictors partial dependence plots) in the
spatial random forest model for species richness.
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Interaction strength

Figure S1.9 Interaction strength of each predictor variable for explaining species richness (Overall) in the spatial
extreme gradient boosting model and two-way interaction strengths between the nine top-ranked covariates and all other
covariates. Terms of cubic polynomial trend surfaces [i.e. latitude (Y), centered longitude (X) as well as X2, XY, Y2, X3,
X%Y, XY?and Y?] are “La”, “Lon”, “La2”, “La_lon”, “Lon2”, “La3”, “La2 _lon”, “La_lon2”, and “Lon3”, respectively.
Other predictors are abbreviated as follows: Area = area of the region; SLMP = Surrounding landmass proportion;
LengthGrow = Length of growing season; MeanTempGrow = Mean temperature of growing season; TS = Temperature
seasonality; Wetdays = Number of wet days; PrecipWarmQuarter = Precipitation of warmest quarter; PS = Precipitation
seasonality; GPP = Gross primary productivity; Soildiv = Number of soil types; Elev_range = Elevational range;
VelocityTemp LGM = Temperature change velocity since the LGM; TempStability LGM =Temperature stability since
the LGM; TempAnomaly midPliocene = Temperature anomaly since the mid-Pliocene; Biome Pliocene = Biome area
changes.
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Figure S1.10 Estimated effects of the nine two-way interactions (two-predictors partial dependence plots) in the
spatial extreme gradient boosting model for species richness.
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Figure S1.11 Interaction strength of each predictor variable for explaining species richness (Overall) in the spatial neural
network model and two-way interaction strengths between the nine top-ranked covariates and all other covariates. Terms
of cubic polynomial trend surfaces [i.e. latitude (Y), centered longitude (X) as well as X2, XY, Y2, X3, X*Y, XY? and
Y?] are “La”, “Lon”, “La2”, “La_lon”, “Lon2”, “La3”, “La2 lon”, “La_lon2”, and “Lon3”, respectively. Other
predictors are abbreviated as follows: Area = area of the region; SLMP = Surrounding landmass proportion; LengthGrow
= Length of growing season; MeanTempGrow = Mean temperature of growing season; TS = Temperature seasonality;
Wetdays = Number of wet days; PrecipWarmQuarter = Precipitation of warmest quarter; PS = Precipitation seasonality;
GPP = Gross primary productivity; Soildiv. = Number of soil types; Elev range = Elevational range;
VelocityTemp LGM = Temperature change velocity since the LGM; TempStability LGM = Temperature stability since
the LGM; TempAnomaly midPliocene = Temperature anomaly since the mid-Pliocene; Biome Pliocene = Biome area
changes.
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Figure S1.12 Estimated effects of the nine two-way interactions (two-predictors partial dependence plots) in the
spatial neural network model for species richness.
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Figure S1.13 Interaction strength of each predictor variable for explaining phylogenetic richness (Overall) in the spatial
random forest model and two-way interaction strengths between the nine top-ranked covariates and all other covariates.
Terms of cubic polynomial trend surfaces [i.e. latitude (Y), centered longitude (X) as well as X2, XY, Y2, X3, X?Y, XY?
and Y?] are “La”, “Lon”, “La2”, “La_lon”, “Lon2”, “La3”, “La2_lon”, “La_lon2”, and “Lon3”, respectively. Other
predictors are abbreviated as follows: Area = area of the region; SLMP = Surrounding landmass proportion; LengthGrow
= Length of growing season; MeanTempGrow = Mean temperature of growing season; TS = Temperature seasonality;
Wetdays = Number of wet days; PrecipWarmQuarter = Precipitation of warmest quarter; PS = Precipitation seasonality;
GPP = Gross primary productivity; Soildiv. = Number of soil types; Elev range = Elevational range;
VelocityTemp LGM = Temperature change velocity since the LGM; TempStability LGM =Temperature stability since
the LGM; TempAnomaly midPliocene = Temperature anomaly since the mid-Pliocene; Biome Pliocene = Biome area
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Figure S1.14 Estimated effects of the nine two-way interactions (two-predictors partial dependence plots) in the
spatial random forest model for phylogenetic richness.
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Figure S1.15 Interaction strength of each predictor variable for explaining phylogenetic richness (Overall) in the spatial
extreme gradient boosting model and two-way interaction strengths between the nine top-ranked covariates and all other
covariates. Terms of cubic polynomial trend surfaces [i.e. latitude (Y), centered longitude (X) as well as X2, XY, Y2, X3,
X%Y, XY? and Y?] are “La”, “Lon”, “La2”, “La_lon”, “Lon2”, “La3”, “La2 _lon”, “La_lon2”, and “Lon3”, respectively.
Other predictors are abbreviated as follows: Area = area of the region; SLMP = Surrounding landmass proportion;
LengthGrow = Length of growing season; MeanTempGrow = Mean temperature of growing season; TS = Temperature
Wetdays = Number of wet days; PrecipWarmQuarter = Precipitation of warmest quarter; PS = Precipitation
seasonality; GPP = Gross primary productivity; Soildiv = Number of soil types; Elev_range = Elevational range;
VelocityTemp LGM = Temperature change velocity since the LGM; TempStability LGM =Temperature stability since
midPliocene = Temperature anomaly since the mid-Pliocene; Biome Pliocene = Biome area
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Figure S1.16 Estimated effects of the nine two-way interactions (two-predictors partial dependence plots) in the
spatial extreme gradient boosting model for phylogenetic richness.
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Figure S1.17 Interaction strength of each predictor variable for explaining phylogenetic richness (Overall) in the spatial
neural network model and two-way interaction strengths between the nine top-ranked covariates and all other covariates.
Terms of cubic polynomial trend surfaces [i.e. latitude (Y), centered longitude (X) as well as X2, XY, Y2, X3, X?Y, XY?
and Y?] are “La”, “Lon”, “La2”, “La_lon”, “Lon2”, “La3”, “La2_lon”, “La_lon2”, and “Lon3”, respectively. Other
predictors are abbreviated as follows: Area = area of the region; SLMP = Surrounding landmass proportion; LengthGrow
= Length of growing season; MeanTempGrow = Mean temperature of growing season; TS = Temperature seasonality;
Wetdays = Number of wet days; PrecipWarmQuarter = Precipitation of warmest quarter; PS = Precipitation seasonality;
Gross primary productivity; Soildiv
VelocityTemp LGM = Temperature change velocity since the LGM; TempStability LGM = Temperature stability since
midPliocene = Temperature anomaly since the mid-Pliocene; Biome Pliocene = Biome area
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Figure S1.18 Estimated effects of the nine two-way interactions (two-predictors partial dependence plots) in the

spatial neural network model for phylogenetic richness.
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Figure S1.19 Relative importance of environmental variables explaining global pattern of vascular plant diversity
across five non-spatial models. The models were fitted including 15 predictors representing geography, climate,
environmental heterogeneity and past environmental conditions. a, Importance of predictor variables for species
richness; b, Importance of predictor variables for phylogenetic richness.
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Predicted species richness based on GAM
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Figure S1.20 Species richness of vascular plants predicted across an equal area grid of 7,774 km? hexagons based
on different models (i.e. spatial models using machine learning methods and generalized additive models, and a
non-spatial generalized linear model with interactions). The same logio scale color gradient is used in all maps.
For comparisons across all spatial and non-spatial models and data download, see https:/gift.uni-
goettingen.de/shiny/predictions/. Projection: Eckert IV. GLM = generalized linear model, GAM = generalized
additive model, XGBoost = extreme gradient boosting.
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Figure S1.21 Phylogenetic richness of vascular plants predicted across an equal area grid of 7,774 km? hexagons
based on different models (i.e. spatial models using machine learning methods and generalized additive models,
and a non-spatial generalized linear model with interactions). The same logio scale color gradient is used in all
maps. For comparisons across all spatial and non-spatial models and data download, see https://gift.uni-
goettingen.de/shiny/predictions/. Projection: Eckert IV. GLM = generalized linear model, GAM = generalized
additive model, XGBoost = extreme gradient boosting.

92



Supporting Information for Chapter 1

Predicted species richness in 23322 km? hexagons
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Figure S1.22 Species richness of vascular plants based on ensemble predictions across different grid sizes (i.e.
spatial models using machine learning methods and generalized additive models, and a non-spatial generalized
linear model with interactions). Grid sizes used for maps are: a, 7774 km?; b, 23322 km?; ¢, 69967 km?; d, 209903
km?. For comparisons across all spatial and non-spatial models and data download, see https://gift.uni-
goettingen.de/shiny/predictions/. Projection: Eckert IV.
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Figure S1.23 Phylogenetic richness of vascular plants based on ensemble predictions across different grid sizes
(i.e. spatial models using machine learning methods and generalized additive models, and a non-spatial generalized
linear model with interactions). Grid sizes used for maps are: a, 7774 km?; b, 23322 km?; ¢, 69967 km?; d, 209903
km?. For comparisons across all spatial and non-spatial models and data download, see https://gift.uni-
goettingen.de/shiny/predictions/. Projection: Eckert IV.
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Figure S1.24 Residuals (deviation) from the linear regression between species richness and phylogenetic richness
based on Ensemble predictions (phylogenetic richness = 22.1 * species richness, R?= 0.947, p < 0.0001). Negative
residuals indicate lower phylogenetic richness than expected based on species richness. Projection: Eckert IV.
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Figure S1.25 Comparison between vascular plant species richness based on Ensemble predictions produced in the
scope of this paper (SR.Ensemble) and species richness extracted from Kreft and Jetz’s predictions (Kreft & Jetz,
2007) (SR.Kreft) (a, SR.Kreft = 1.01 SR.Ensemble, R*= 0.76, p < 0.0001). Species richness was log-transformed.
b, global patterns of residuals from the linear regression between species richness based on the ensemble
predictions and species richness extracted from Kreft and Jetz’s predictions (Kreft & Jetz, 2007). Positive residuals
indicate higher values of SR.Kreft. Projection: Eckert I'V.
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Figure S1.26 Vascular plant diversity based on ensemble predictions across an equal area grid of 7774 km?
hexagons and mountain regions. Black lines delineate mountainous regions worldwide based on Komer et al.
(2017). Projection: Eckert IV.
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Figure S1.27 Uncertainty in predicted species richness from the five models used for the ensemble predictions
(i.e. spatial models using machine learning methods and generalized additive models, and a non-spatial generalized
linear model with interactions). Prediction variation is measured as standard errors of predicted values in
generalized additive models, generalized linear models and random forests, and predicted residuals in extreme
gradient boosting and neural networks based on models fitting the relationship between residuals of trained models
and predictors from the raw datasets. For comparisons across all spatial and non-spatial models and data download,
see https://gift.uni-goettingen.de/shiny/predictions/. Projection: Eckert IV.
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Figure S1.28 Uncertainty in predicted phylogenetic richness from the five models used for the ensemble
predictions (i.e. spatial models using machine learning methods and generalized additive models, and a non-spatial
generalized linear model with interactions). Prediction variation is measured as standard errors of predicted values
in generalized additive models, generalized linear models and random forests, and predicted residuals in extreme
gradient boosting and neural networks based on models fitting the relationship between the residuals of trained
models and predictors from the raw datasets. For comparisons across all spatial and non-spatial models and data
download, see https:/gift.uni-goettingen.de/shiny/predictions/. Projection: Eckert I'V.
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Methods S1.1 Sensitivity analyses of phylogenetic richness

A recent study (Qian & Jin, 2021) showed that phylogenetic richness derived from a phylogeny resolved only at
the genus level was nearly perfectly correlated with phylogenetic richness derived from a phylogeny resolved fully
at the species level (Pearson’s r: 0.997-1). This suggests that patterns of phylogenetic richness would be similar
regardless of whether the phylogeny used to calculate phylogenetic richness is resolved at the genus or species
level. As a sensitivity analysis assessing a potential effect of adding missing genera to the phylogeny on
phylogenetic richness, we disregarded species from genera that were absent from the phylogenetic backbone and
constructed a tree only for the remaining species. We found that phylogenetic richness calculated from the tree
resolved at the genus level was nearly perfectly correlated to phylogenetic richness based on the tree with missing
genera added (Pearson’s r = 0.998).

Methods S1.2 Past environmental variables

To determine the contribution of past environmental conditions to modern diversity patterns, we calculated biome
area variation since the Pliocene and the Middle Miocene, temperature anomaly since the mid-Pliocene warm
period, temperature stability since the last glacial maximum (LGM) and velocity of temperature change since the
LGM. Terrestrial biomes are affected by multiple drivers containing atmospheric circulation, precipitation and
temperature patterns, and thus changes in biome distributions represent major environmental changes through
geological time. To calculate biome area variation, we used biome distribution maps at present (Olson et al., 2001),
the LGM (c. 25 — 15 ka) (Ray & Adams, 2001), the mid-Pliocene warm period (mid-Piacenzian, c. 3.264 —3.025
Ma) (Dowsett ef al., 2016) and the Middle Miocene (c. 17 — 15 Ma) (Henrot et al., 2010). The three past periods
represent particularly different climates compared to present-day conditions, and showed distinct biome
distributions which are hypothesized to have left imprints on current plant diversity (Svenning et al., 2015; Sandel
et al., 2020). The LGM represents a cooler period compared to present-day conditions, characterized by large
glaciated areas, expanded dry deserts and reduced forest biome areas. In contrast, the mid-Pliocene and the Middle
Miocene were two relatively warm periods compared to present-day climate, characterized by decreased ice
loadings of the continents and expanded forest biomes at the expense of deserts (Henrot ef al., 2010; Dowsett et
al., 2016). Since biome definitions differed across the four datasets, we defined six broad biome categories, namely
tropical forest, temperate forest, boreal forest, savanna and grassland, tundra and deserts, and regrouped the biomes
of each dataset to match the new biome classification (Table S1.3). We extracted each biome’s area inside each
region at each time slice and standardized it by dividing it by the area of the region. Then we calculated Euclidean
distances of biome area change between every two adjacent time-slices for each region and averaged the distance
across all time-slice periods.

In addition, we calculated temperature stability from two paleo-time periods until present, i.e. the LGM and the
mid-Pliocene warm period. Paleoclimate estimates for calculating temperature stability since the LGM were
derived from the TRaCE21ka experiment, based on the Community Climate System Model version 3 (CCSM3)
(Owens & Guralnick, 2019). CCSM3 is a global, coupled ocean-atmosphere-sea ice-land surface climate model
without flux adjustment (Collins ef al., 2006). To calculate temperature anomaly since the mid-Pliocene, we took
mean annual temperature of the mid-Pliocene warm period from PaleoClim, simulated following the PlioMIP
protocols (Brown et al., 2018). Additionally, we took mean annual temperature for the LGM for calculating the
velocity of temperature change since the LGM from the Paleoclimate Modeling Intercomparison Project Phase II,
which was averaged from hindcasts of two past climate models (CCSM3 and MIROC3.2) (Braconnot et al., 2007;
Weigelt et al., 2013).

Methods S1.3 Statistical models

For each random forest model, we fitted 500 regression trees. After tuning the hyperparameters, we used 8
variables randomly sampled as candidates at each split and each node contained at least 4 samples (minimal node
size) for species richness, while 6 variables were randomly sampled at each split and each node contained at least
4 samples for phylogenetic richness.

In Extreme Gradient Boosting (XGBoost), three types of parameters have to be set: general parameters, task
parameters and booster parameters. General parameters are related to which booster is used, and here we selected
tree-based models. For task parameters, we chose regression with squared loss for ranking tasks. Booster
parameters define how to build the tree models. In our resulting XGBoost model for species richness, we used the
booster parameters max_depth = 4, eta = 0.1, gamma = 0, colsample bytree = 0.8, min_child weight = 1 and
subsample = 0.7. In the XGBoost model for phylogenetic richness, we used the booster parameters max_depth =
4, eta= 0.1, gamma = 0, colsample bytree = 0.7, min_child weight =1 and subsample = 0.8. Further, we set the
maximum number of boosting iterations to 200. Both random forests and XGBoost control for overfitting by
utilizing ensemble strategies, i.e. bagging and gradient boosting. While column (feature) sampling is used by both
methods to further prevent overfitting, XGBoost utilizes two additional techniques, regularization and shrinkage
(Chen & Guestrin, 2016).

We applied feed-forward neural networks with three hidden layers between the input and output layer. We used
resilient backpropagation with the weight backtracking algorithm to compute the neural networks. Compared with
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traditional backpropagation algorithms, this algorithm applies a separate learning rate, which can be changed
during the training process (Giinther & Fritsch, 2010). Moreover, we applied logistic activation. We scaled the
response after log-transformation and all predictors to fall within a range of 0 to 1 to improve neural network
stability and modeling performance. For every hidden layer, we trained the number of neurons, and the architecture
of the final networks for prediction was (8,4,8) in the species richness model and (8,4,10) in the phylogenetic
richness model.

We used partial dependence plots from the R package pdp to visualize the relationships between diversity metrics
and the single predictors across models. Partial dependence plots visualize the relationship between a subset of the
predictors (typically 1-3) and the response while accounting for the average effect of all other predictors in the
model (Greenwell, 2017). To identify and visualize important two-way interactions between predictor variables,
we followed Lucas (Lucas, 2020). We first calculated the interaction importance for each covariate by
decomposition of the prediction models (Friedman & Popescu, 2008). Then we calculated the two-way interaction
strengths between the covariates of interest and all other covariates. Finally, we visualized important two-way
interactions using two-predictors partial dependence plots.

Methods S1.4 Cross-validation

To assess the accuracy of model predictions across all different model types, we used random 10-fold cross-
validation and spatial 68-fold cross-validation. In random cross-validation, the observations in the dataset were
randomly partitioned into 10 nearly equally-sized sets. Nine sets were used to train the model, which was then
used to make predictions for the remaining set. The predictions were then compared to observed values. This
process was repeated until all 10 sets were predicted. For spatial cross-validations, observations were grouped into
spatially homogeneous clusters if their pairwise geographic distances were smaller than the threshold of spatial
autocorrelation to remove potentially spatial dependence between training and test data (Ploton et al., 2020).
Spatial clusters were generated using a hierarchical cluster analysis (complete linkage method) of the distance
matrix of observed geographical coordinates and a clustering height (i.e. the threshold of spatial autocorrelation).
The threshold of spatial autocorrelation (i.e. the maximum distance between regions within each cluster) was
defined here as 2,000 km based on the spatial correlograms of raw observed species and phylogenetic richness,
where the Moran’s I almost reached zero (Figure S1.3).

Methods S1.5 Handling of missing values in predictor variables for predicting and calculating predictions in raster
format

Seven predictors (i.e. surrounding landmass proportion, gross primary productivity, mean temperature of growing
season, biome area variation since Pliocene, temperature stability since LGM and temperature anomaly since the
mid-Pliocene warm period in all resolutions; precipitation seasonality in 7,774 and 23,322 km? resolution) had
missing values in a small number of hexagons at northern Africa, Greenland and the margins of continents.
XGBoost can handle missing data when it is used for predicting. An optimal default direction in each tree node is
learned from the trained data in the model constructing process. When there are missing values in predictor data,
the observation is classified into the default branch. Random forests, neural networks, GLMs and GAMs cannot
deal with missing values. We therefore interpolated predictor values for hexagons from their neighbors. To
interpolate biome area change, we defined the biome type of each hexagon where missing values occurred in the
Pliocene map according to their neighboring cells.

To generate plant diversity maps in raster format based on the 7,774 km? resolution hexagon polygon grids, we
applied two different approaches. First, we rasterized the values of the hexagon polygon grids using the fasterize
R package, with a CHELSA raster layer at a resolution of 30 arc seconds (c. 1 km? at the equator) (Karger e al.,
2017) as a template. These layers include “rasterized” at the end of their filenames. Second, we aggregated the
rasterized data to a resolution of 20 arc minutes (c.1600 km? at the equator) as mean values, and then resampled
the aggregated layers back to 30 arc seconds resolution using cubic interpolation. Values of these interpolated
raster layers still represent species richness and phylogenetic richness per 7,774 km? but do not follow the borders
of the initial hexagon grid cells any more. These layers include “interpolated” at the end of their filenames. When
extracted and averaged per hexagon grid cell, the interpolated values were highly correlated to the original
predicted values of the hexagon polygon grids, except for some small fractions of grid cells located on the coasts
of continents deviating more strongly from their neighboring cells due to low environmental heterogeneity (Figure
S1.4). Predictions as raster layers and hexagon polygon layers can be downloaded at https:/gift.uni-
goettingen.de/shiny/predictions/ .
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a Species richness in GIFT
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Figure S2.1 Observed species richness of seed plants for 912 geographic regions selected from (a) the Global
Inventory of Floras and Traits (GIFT; 879 regions) (Weigelt ef al., 2020) and (b) the World Checklist of Vascular
Plants (WCVP; 261 regions) (Govaerts et al., 2021), combined in (c) to estimate phylogenetic endemism at the
global scale and at a spatial grain as fine as possible. Logio scale is used for species richness and maps are shown
in Eckert I'V projection.
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Figure S2.2 Determinants of phylogenetic endemism in seed plants based on the dataset with unplaced species
added to the phylogeny and excluding apomictic taxa. Results are obtained from spatial models including
environmental factors and interactions between each environmental factor and surrounding landmass proportion.
a, standardized regression coefficients of individual environmental factors. Bars around each point show the
standard error of the coefficient estimate. b, significant interaction terms in the models visualized as effects of
environmental factors on phylogenetic endemism (model coefficients on y-axis) with varying surrounding
landmass proportion (x-axis). Lines and shadings represent 95% confidence intervals. Results are shown for
phylogenetic endemism based on two competing ways of measuring range size of species. PE.area (yellow)
indicates phylogenetic endemism calculated based on range size of species as the area of regions where a species
occurs, while PE.count (blue) is calculated based on range size of species as the count of these regions. Area =
region area; SLMP = surrounding landmass proportion; Elev = elevational range; Soildiv = number of soil types;
MAT = mean annual temperature; MAP= mean annual precipitation; LengthGrow = length of the growing season;
TS = temperature seasonality; PS = precipitation seasonality; VT LGM = velocity of temperature change since
the Last Glacial Maximum; TempStability LGM = temperature stability since the Last Glacial Maximum;
TempAnomaly Plio = temperature anomaly between the mid-Pliocene warm period and present-day.
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a Number of species missing from phylogeny
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Figure S2.3 Number (a) and proportion (b) of seed plant species in the dataset missing from the phylogeny (Smith
& Brown, 2018) that were either added to the phylogeny replacing their genera by polytomies (“merged
phylogeny”) or excluded from analyses (“matched phylogeny™).
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Figure S2.4 Global patterns of phylogenetic endemism of seed plants and its distribution along latitude based on
the dataset with unplaced species added to the phylogeny and excluding apomictic taxa. In a and b, phylogenetic
endemism is calculated based on species range size measured as the area of regions where a species occurs
(PE.area); In c and d, phylogenetic endemism is calculated based on species range size measured as the count of
regions where a species occurs (PE.count). In b and d, the fitted lines are lowess regressions, separately fitted for
islands and mainland regions. Logio scale is used for phylogenetic endemism in all panels and maps are shown in
Eckert IV projection.
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Figure S2.5 Global patterns of phylogenetic endemism of seed plants and its distribution along latitude based on
the dataset only retaining species that were included in the original phylogeny and including apomictic taxa. In a
and b, phylogenetic endemism is calculated based on species range size measured as the area of regions where a
species occurs (PE.area); In ¢ and d, phylogenetic endemism is calculated based on species range size measured
as the count of regions where a species occurs (PE.count). In b and d, the fitted lines are lowess regressions,
separately fitted for islands and mainland regions. Logio scale is used for phylogenetic endemism in all panels and

maps are shown in Eckert IV projection.
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Figure S2.6 Global patterns of phylogenetic endemism of seed plants and its distribution along latitude based on
the dataset with unplaced species added to the phylogeny and including apomictic taxa. In a and b, phylogenetic
endemism is calculated based on species range size measured as the area of regions where a species occurs
(PE.area); In c and d, phylogenetic endemism is calculated based on species range size measured as the count of
regions where a species occurs (PE.count). In b and d, the fitted lines are lowess regressions, separately fitted for
islands and mainland regions. Logio scale is used for phylogenetic endemism in all panels and maps are shown in
Eckert IV projection.
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Figure S2.7 Determinants of phylogenetic endemism in seed plants based on the datasets including apomictic taxa.
Results are obtained from spatial models including environmental factors and interactions between each
environmental factor and surrounding landmass proportion, based on the phylogenies without (a, b) and with
unplaced species added to the original phylogeny (c, d). a and c, standardized regression coefficients of individual
environmental factors. Bars around each point show the standard error of the coefficient estimate. b and d,
significant interaction terms in the models visualized as effects of environmental factors on phylogenetic
endemism (model coefficients on y-axis) with varying surrounding landmass proportion (x-axis). Lines and
shadings represent 95% confidence intervals. Results are shown for phylogenetic endemism based on two
competing ways of measuring range size of species. PE.area (yellow) indicates phylogenetic endemism calculated
based on range size of species as the area of regions where a species occurs, while PE.count (blue) is calculated
based on range size of species as the count of these regions. Area = region area; SLMP = surrounding landmass
proportion; Elev = elevational range; Soildiv = number of soil types; MAT = mean annual temperature; MAP=
mean annual precipitation; LengthGrow = length of the growing season; TS = temperature seasonality; PS =
precipitation seasonality; VI LGM = velocity of temperature change since the Last Glacial Maximum;
TempStability LGM = temperature stability since the Last Glacial Maximum; TempAnomaly Plio = temperature
anomaly between the mid-Pliocene warm period and present-day.
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Figure S2.8 Global centers of neo- and paleoendemism for seed plants. Endemism centers are identified based on
the datasets without and with unplaced species added to the phylogeny and excluding and including apomictic
taxa. Colored regions present different types of endemism centers according to a categorical analysis of neo- and
paleoendemism (CANAPE): violet, neoendemism; green, paleoendemism; yellow, mixed-endemism (i.e., neo-
and paleoendemism); and brown indicating super-endemism (i.e., centers with both extremely high neo- and
paleoendemism); beige, not significant. Patterns of neo- and paleoendemism are distinguished based on
phylogenetic endemism with two competing ways of measuring species range size. PE.area indicates phylogenetic
endemism calculated based on range size of species as the area of regions where a species occurs, while PE.count
is calculated based on range size of species as the count of these regions. Maps are shown in Eckert IV projection.
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Figure S2.9 Comparison of phylogenetic endemism for seed plants based on species distribution data including
and excluding apomictic taxa. a and b, the linear regression between phylogenetic endemism including and
excluding apomictic taxa; ¢ and d, residuals from the linear regression. Phylogenetic endemism is calculated using
the phylogeny retaining only species originally included and based on two different ways to measure range size of
each species: in a and c, as the total area of regions a species occurs in (PE.area); and in b and d, as the number of
these regions (PE.count). Positive residuals in ¢ and d indicate higher values of phylogenetic endemism based on
the data including apomictic taxa than expected based on the data excluding apomictic taxa. e, species richness of
seed plants from genera known to include apomictic species. f, percentages of species from genera known to
include apomictic species. Logio scale is used in e and all maps are shown in Eckert I'V projection.
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Figure S2.10 Determinants of neo- and paleoendemism. Standardized regression coefficients of environmental
factors are shown from spatial models of the standardized effect size of relative phylogenetic endemism of seed
plants for regions with significantly high phylogenetic endemism. A positive effect of environmental factors
represents higher paleoendemism at higher values of the environmental factor, while a negative effect represents
higher neoendemism. Results are shown for the datasets without and with unplaced species added to the original
phylogeny and excluding and including apomictic taxa. RPE.ses.area (yellow) indicates the standardized effect
size of relative phylogenetic endemism calculated based on range size of species as the area of regions where a
species occurs, while RPE.ses.count (blue) is calculated based on range size of species as the count of these regions.
The reference level of geographic type is mainland regions. LGM = Last Glacial Maximum.
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Figure S2.11 Distributions of environmental variables across regions of different endemism types based on the
dataset only retaining species that were included in the original phylogeny and excluding apomictic taxa.
Endemism types are identified using a categorical analysis of neo- and paleoendemism (CANAPE) based on
phylogenetic endemism with two competing ways of measuring species range size. PE.area indicates phylogenetic
endemism calculated based on range size of species as the area of regions where a species occurs (a, ¢, ¢ and g),
while PE.count is calculated based on range size of species as the count of these regions (b, d, fand h). Distributions
of environmental variables of the sampling regions are compared using pairwise Wilcoxon tests. Asterisks indicate
statistical significance (**: p <= 0.01; ***: p <= 0.001; ****: p <= 0.0001). For each box, the middle horizontal
line corresponds to the median; the lower and upper bounds of the box correspond to first and third quartiles,
respectively. The upper whisker extends from the upper bound of the box to the highest value of the distribution,
no further than 1.5 x interquartile range (i.e., distance between the first and third quartiles). The lower whisker
extends from the lower bound of the box to the lowest value of the distribution, no further than 1.5 x interquartile
range. Dots are values beyond the end of the whiskers ("outliers"). TempStability LGM = temperature stability
since the Last Glacial Maximum; VT LGM = velocity of temperature change since the Last Glacial Maximum;
TempAnomaly Plio = temperature anomaly between the mid-Pliocene warm period and present-day.
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Figure S2.12 Distributions of environmental variables across regions of different endemism types based on the
dataset with unplaced species added to the phylogeny and excluding apomictic taxa. Endemism types are identified
using a categorical analysis of neo- and paleoendemism (CANAPE) based on phylogenetic endemism with two
competing ways of measuring species range size. PE.area indicates phylogenetic endemism calculated based on
range size of species as the area of regions where a species occurs (a, ¢, ¢ and g), while PE.count is calculated
based on range size of species as the count of these regions (b, d, f and h). Distributions of environmental variables
of the sampling regions are compared using pairwise Wilcoxon tests. Asterisks indicate statistical significance (**:
p <=0.01; ***: p<=0.001; ****: p<=0.0001). For each box, the middle horizontal line corresponds to the median;
the lower and upper bounds of the box correspond to first and third quartiles, respectively. The upper whisker
extends from the upper bound of the box to the highest value of the distribution, no further than 1.5 x interquartile
range (i.e., distance between the first and third quartiles). The lower whisker extends from the lower bound of the
box to the lowest value of the distribution, no further than 1.5 x interquartile range. Dots are values beyond the
end of the whiskers ("outliers"). TempStability LGM = temperature stability since the Last Glacial Maximum;
VT _LGM = velocity of temperature change since the Last Glacial Maximum; TempAnomaly Plio = temperature
anomaly between the mid-Pliocene warm period and present-day.
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Figure S2.13 Comparison of phylogenetic endemism for seed plants with two competing ways of measuring
species range size. PE.area indicates phylogenetic endemism calculated based on range size of species as the area
of regions where a species occurs, while PE.count is calculated based on range size of species as the count of these
regions. Phylogenetic endemism is calculated based on the datasets without (matched phylogeny) and with
(merged phylogeny) unplaced species added to the phylogeny, and excluding and including apomictic taxa.

117



Area Elev Soildiv MAT MAP TS PS LengthGrow SLMP VT_LGM || TempS_LGM || TempA_Pli
0.5
8‘3‘2 Corr: Corr: Corr: Corr: Corr: Corr: Corr: Corr: Corr: Corr: Corr: >
3
gf: 0.454** || 0.791** -0.060. -0.261*** || 0.337*** || 0.258*** [|-0.316™** || 0.673*** || 0.174*** -0.074* 0.408** | ®
0.0+
2+ >
(1). w Corr: Corr: Corr: Corr: Corr: Corr: Corr: Corr: Corr: Corr:  |m
=14 o o
; 0.474*> 11-0.201*** || -0.046 0.027 0.297*** [| -0.103** || 0.235"** ||-0.438*** 0.043 0.253*** [=
34 %
3 T 3
14 ¥ ¥ Corr: Corr: Corr: Corr: Corr: Corr: Corr: Corr: Corr: |8
? " 0.135"** || -0.319*** || 0.134*** || 0.442*** ||-0.359*** || 0.483*** 0.030 0.157*** || 0.230** [&
o [T | | SE |
& y O
O'M oo o Corr: Corr: Corr: Corr: Corr: Corr: Corr: Corr: z
- . - .
TR JH PR L Sl B e 0.312*** ||-0.646*** | | 0.330*** || 0.231*** | [-0.131*** || -0.154*** | | 0.655*** | | -0.245*** | =
44 . * .
Corr: Corr: Corr: Corr: Corr: Corr: Corr: z
-0.594*** | | -0.298*** | | 0.784*** | |-0.304*** || -0.238*** || 0.301*** | | -0.193*** | ®
Corr: Corr: Corr: Corr: Corr: Corr: |
-0.121%* || -0.404** | | 0.441** || 0.448** ||-0.649* || 0.198** |©
Corr: Corr: Corr: Corr: Corr:
-0.350*** | | 0.170*** | |-0.215*** || 0.357*** || 0.128***
&
Corr: Corr: Corr: Corr: @
-0.268*** | | -0.120*** 0.058. -0.257*** | &
=
Corr: Corr: Corr:  |@
0.210*** || -0.224*** | | 0.485*** 3
Corr: Corr: ,5
E
-0.433*** 0.068. |2
] L @
A |5 Corr: |3
3 JAY - ’ L
° N o c -0.198 =
. K . =
o o . R T e . ] 4
4 £ ° . sy 3 )
i Ll - STAY
b ;:.' v E R f‘ t""-"z RS E
PESRnRRREAeMReNAeR s he S R TSI A S SR G

Figure S2.14 Correlations among all predictors and their density distributions after transformation. Numbers are
Pearson correlation coefficients. Some predictors (i.e., Area, Elev, Soildiv, MAP, TS, PS, VT LGM,
TempS LGM; TempA_Pli) are shown in log-scale as they were log-transformed for models owing to their skewed
distributions. Area = region area; SLMP = surrounding landmass proportion; Elev = elevational range; Soildiv =
number of soil types; MAT = mean annual temperature; MAP = mean annual precipitation; LengthGrow = length
of the growing season; TS = temperature seasonality; PS = precipitation seasonality; VT LGM = velocity of
temperature change since the Last Glacial Maximum; TempS LGM = temperature stability since the Last Glacial
Maximum; TempA Pli = temperature anomaly since the mid-Pliocene.
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Figure S2.15 Spatial correlograms of raw phylogenetic endemism data (a), residuals from linear regression models
for plant phylogenetic endemism (b) and from residual autocovariate models (c). Full symbols indicate a
significant Moran’s I at a given lag distance (P < 0.01). Phylogenetic endemism is calculated based on the datasets
without (matched phylogeny) and with (merged phylogeny) unplaced species added to the phylogeny, and
excluding and including apomictic taxa. PE.area indicates phylogenetic endemism calculated based on species

range size as the area of regions where a species occurs, while PE.count is calculated based on species range size
as the count of these regions.
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Figure S2.16 Spatial correlograms of residuals from linear regression models of the standardized effect size of
relative phylogenetic endemism (a) and from residual autocovariate models (b). Full symbols indicate a significant
Moran’s I at a given lag distance (P < 0.01). Standardized effect size of relative phylogenetic endemism is
calculated based on the datasets without (matched phylogeny) and with (merged phylogeny) unplaced species
added to the phylogeny, and excluding and including apomictic taxa. RPE.ses.area indicates standardized effect
size of relative phylogenetic endemism calculated based on range size of species as the area of regions where a
species occurs, while RPE.ses.count is calculated based on range size of species as the count of these regions.
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Table S2.1 Hypotheses and related predictors of phylogenetic endemism in plants. ) represents effects on
phylogenetic endemism hypothesized to be positive, while | represents negative effects.

Factor category

Variables

Hypothesis

Surrounding landmass proportion (). A
higher surrounding landmass proportion
indicates a lower degree of isolation

Isolation fosters allopatric speciation and limits range expansion

Isolation . due to limited gene flow and dispersal, which in turn promotes
E\I?fii;gcigrig;eljf}ft;212\}v3s)ﬁirscl)?1?1(fisir?;e endemism (Kier et al., 2009; Sandel et al., 2020).
landmass proportion.
Heterogeneous regions include small habitats supporting more
Environmental Elevational range (T) number of soil narrow-ranged species, allowing for geographic isolation
heterogeneity ( T) ’ promoting specialization, and serving as refugia during
types

unfavorable climate change periods (Stein et al., 2014;
McFadden et al., 2019).

Energy and water

Mean annual temperature (T); mean
annual precipitation (T); length of the

Warm and humid climates are hypothesized to support larger
populations in small regions by offering sufficient resources,
which promotes long-term survival of spatially restricted species
and their accumulation over long timescales (Jetz et al., 2004).

availability growing season (T) Additionally, high energy availability may increase the
opportunity for speciation, which promotes endemism (Rohde,
1992; Mittelbach et al., 2007).
Climatic Temperature seasonality (¥); High climatic seasonality selects for species with broader
seasonality precipitation seasonality (3) climatic tolerances and larger ranges (Stevens, 1989).
Temperature stability since the Last L limati NP for th - ¢
Glacial Maximum (LGM) (T); velocity ong:-term climatic stability a OWS lor t € evolution of narrow
Long-term physiological tolerances and specialization, and reduces

climatic stability

of temperature change since the LGM
(¥); temperature anomaly since the mid-
Pliocene warm period ({)

extinction risk of small-ranged species (Jansson, 2003; Sandel et
al.,2011; Enquist et al., 2019)

Table S2.2 Hypotheses and related predictors of neo- and paleoendemism in plants.

Factor category

Variables

Hypotheses

Geologic origin

Geographic type of a region based
on its geologic origins, i.e.,
continental shelf islands,
continental fragments, oceanic
islands, or mainland regions.

Oceanic islands host higher neoendemism, while continental
fragments are centers of paleoendemism (Gillespie & Roderick,
2002).

Mountain regions

Elevational range

On the one hand, mountain regions are centers of neoendemism,
due to high speciation rates that are driven by long-term
orogenic and climatic dynamics in mountains (Antonelli et al.,
2018; Rahbek et al., 2019); on the other hand, mountain regions
foster paleoendemism, because mountain regions promote the
persistence of ancient lineages during unfavorable climate
change periods (Bennett ef al., 1991). The two processes may be
not mutually exclusive, leading to mountain regions as centers of
both neo- and paleoendemism (Dagallier et al., 2020).

Past climate change

Temperature stability since the Last
Glacial Maximum (LGM); velocity
of temperature change since the
LGM; temperature anomaly since
the mid-Pliocene warm period

Regions with stable climates have suffered less severe
environmental changes across space and may have acted as
refugia where plants could persist over time, and host higher
paleoendemism (Jump e? al., 2009).
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Table S2.3 Top ten regions of phylogenetic endemism for seed plants based on the dataset only retaining species
that were included in the original phylogeny and excluding apomictic taxa. Phylogenetic endemism is calculated
based on two different ways to measure range size of each species: (i) as the total area of regions a species occurs
in (PE.area) and (ii) as the number of these regions (PE.count).

PE.area PE.count
Mainland pg  SPnd>10 e Island>100 e Island>1000 - pp | Nginland  PE Island PE

km' km' km'
L Lord .
Pichincha, o 57 Howe 30.80 Mahé 303  Caroline 270 | Peru 82911 Madagascar 91364
Ecuador Islands

Island
Carchi, 046 lubuai 997  Caroline 2,70  Mauritius 137 | Venezuela 55027  PaPuaNew g
Ecuador Island Islands Guinea
Cost N Western
osta 0.46 Masatierra 973  St.Helena  2.02 wo 126 | Cape, 49783  Bormneo 76619
Rica Caledonia

South
Africa
. L. Minas .

Panama 0.38 Masafuera  7.12 Raiatea 1.59 Tahiti 1.08 Gerais 37719  Philippines 54356
Western Norfolk Indonesian
Cape, 0.36 5.06 Rodrigues 1.56 La Réunion 0.97 Vietnam 35438  New 44115

Island .
South Guinea
Africa
Antioquia, 41 G ouette 356 Mauritius 137  Samoa 0.80 | Thailand 34041  Sumatra 33862
Colombia
Imbabura, = 31 \fane 303 New 126  Kauali 0.74 | Yunnan 30380 Cuba 27411
Ecuador Caledonia
Valle del .
Cauca, 0.2g Caroline 270 HivaOa 120 Jamaica 071 | Turkey 20485 New 24061

. Islands asiatic Caledonia

Colombia
Qumdlo', 0.28  Rarotonga  2.54 Tahiti 1.08 Comoros 0.68 Tanzania 28554  Hispaniola 20486
Colombia
Rio de Tristan d
Janeiro, 027 'S@NGE 515 Principe 1.00  Tenerife 0.62 | India 28054  Sulawesi 19821
Brazil Cunha
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Table S2.4 Summary statistics of spatial models showing the effects of environmental factors on phylogenetic endemism of seed plants. Models are fitted for phylogenetic endemism based on
two competing ways of measuring range size of species and the datasets without (matched phylogeny) and with (merged phylogeny) unplaced species added to the phylogeny and excluding and
including apomictic taxa. PE.area indicates phylogenetic endemism calculated based on range size of species as the total area of regions where a species occurs, while PE.count is calculated based
on range size of species as the count of these regions. Area = region area; SLMP = surrounding landmass proportion; Elev = elevational range; Soildiv = number of soil types; MAT = mean
annual temperature; MAP = mean annual precipitation; LengthGrow = length of the growing season; TS = temperature seasonality; PS = precipitation seasonality; VT LGM = velocity of
temperature change since the Last Glacial Maximum; TempStability LGM = temperature stability since the Last Glacial Maximum; TempAnomaly Plio = temperature anomaly between the

mid-Pliocene warm period and present-day; RAC= spatial autocovariate. Combinations of predictors separated by “:” indicate interactions between each predictor and SLMP. std. Error = Standard
error. Sig = statistical significance (NS: P>0.05; *: p <= 0.05; **: p <= 0.01; ***: p <= 0.001).

Excludi pomictic taxa and matched phylogeny Including apomictic taxa and matched phylogeny Excluding apomictic taxa and merged phylogeny Including apomictic taxa and merged phylogeny
Models PE.area PE.count PE.area PE.count PE.area PE.count PE.area PE.count

Estim std. Sig Estim std. Sig Estim std. Sig Estim std. Sig Estim std. Sig Estim std. Sig Estimate std. Sig Estimate std. Sig

ate Error ate Error ate Error ate Error ate Error ate Error
Intercept -1.85 0.02 e 2.98 0.01 e -1.67 0.02 e 3.11 0.01 e -1.80 0.02 e 3.00 0.01 e -1.65 0.02 e 3.11 0.01 e
Area -0.13 0.04 e 0.32 0.02 e -0.14 0.04 e 0.33 0.02 e -0.15 0.03 e 0.32 0.02 e -0.19 0.03 e 0.33 0.02 e
SLMP -0.22 0.02 e -0.03 0.02 NS -0.20 0.02 e -0.03 0.02 NS -0.28 0.02 e -0.05 0.01 e -0.27 0.02 e -0.06 0.01 e
Elev 0.28 0.02 e 0.16 0.02 e 0.26 0.02 e 0.15 0.02 e 0.24 0.02 e 0.15 0.01 e 0.23 0.02 e 0.15 0.01 e
Soildiv 0.11 0.03 e 0.18 0.02 e 0.13 0.03 e 0.20 0.02 e 0.12 0.03 e 0.17 0.02 e 0.14 0.03 e 0.19 0.02 e
MAT 0.22 0.03 e 0.15 0.02 e 0.19 0.03 e 0.12 0.02 e 0.20 0.03 e 0.13 0.02 e 0.16 0.03 e 0.10 0.02 e
MAP -0.07 0.03 * 0.06 0.02 w -0.16 0.03 e -0.00 0.02 NS -0.06 0.03 NS 0.05 0.02 o -0.12 0.03 e 0.00 0.02 NS
LengthGrow 0.24 0.03 e 0.16 0.02 e 0.32 0.03 e 0.21 0.02 e 0.24 0.03 e 0.16 0.02 e 0.29 0.03 e 0.21 0.02 e
TS -0.00 0.03 NS 0.06 0.02 w -0.07 0.03 * -0.00 0.02 NS 0.04 0.03 NS 0.08 0.02 e -0.01 0.03 NS 0.03 0.02 NS
PS -0.04 0.02 NS 0.00 0.01 NS -0.08 0.02 e -0.02 0.01 NS -0.04 0.02 * 0.01 0.01 NS -0.06 0.02 w -0.00 0.01 NS
VT_LGM -0.11 0.02 e -0.06 0.01 e -0.09 0.02 e -0.04 0.01 w -0.13 0.02 e -0.06 0.01 e -0.11 0.02 e -0.04 0.01 w
TempStability — 0.21 0.03 i 0.13 0.02 ek 0.09 0.03 wx 0.05 0.02 o 0.17 0.03 il 0.11 0.02 e 0.07 0.03 w 0.05 0.02 w

LGM

TempAnomal -0.01 0.02 NS -0.01 0.01 NS -0.02 0.02 NS -0.01 0.01 NS 0.02 0.02 NS -0.01 0.01 NS 0.01 0.02 NS -0.01 0.01 NS
v Plio
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RAC 0.81 0.03 i 0.88 0.04 i 0.79 0.04 i 0.86 0.04 i 0.81 0.03 i 0.90 0.04 i 0.82 0.03 i 0.88 0.04 i

Area:SLMP 0.06 0.03 NS -0.02 0.02 NS 0.01 0.03 NS -0.03 0.02 NS 0.07 0.03 * -0.03 0.02 NS 0.04 0.03 NS -0.04 0.02 NS

Elev:SLMP -0.10 0.02 i 0.00 0.02 NS -0.11 0.02 i -0.01 0.02 NS -0.06 0.02 i 0.01 0.01 NS -0.07 0.02 i 0.00 0.01 NS

Soildiv:SLM 0.06 0.03 NS -0.04 0.02 NS 0.10 0.03 w -0.03 0.02 NS 0.06 0.03 * -0.04 0.02 NS 0.08 0.03 * -0.03 0.02 NS

P

MAT:SLMP -0.12 0.03 i -0.07 0.02 i -0.14 0.03 i -0.08 0.02 i -0.15 0.03 i -0.07 0.02 i -0.16 0.03 i -0.08 0.02 i

MAP:SLMP 0.15 0.03 i -0.04 0.02 * 0.10 0.03 i -0.08 0.02 i 0.09 0.03 i -0.05 0.02 L 0.03 0.03 NS -0.07 0.02 i

LengthGrow: -0.10 0.03 e 0.03 0.02 NS -0.09 0.03 e 0.04 0.02 * -0.06 0.03 * 0.04 0.02 * -0.03 0.03 NS 0.05 0.02 i

SLMP

TS:SLMP 0.05 0.03 NS -0.05 0.02 * -0.02 0.03 NS -0.08 0.02 i -0.03 0.03 NS -0.05 0.02 L -0.08 0.03 i -0.08 0.02 i

PS:SLMP -0.07 0.03 i -0.01 0.02 NS -0.09 0.03 i -0.03 0.02 NS -0.06 0.02 L -0.01 0.02 NS -0.08 0.02 i -0.02 0.01 NS

VT_LGM:SL -0.08 0.02 e -0.06 0.01 e -0.11 0.02 e -0.08 0.01 e -0.03 0.02 NS -0.05 0.01 i -0.05 0.02 i -0.06 0.01 i

MP

TempStability ~ 0.00 0.02 NS 0.05 0.02 e -0.07 0.02 w 0.01 0.02 NS 0.00 0.02 NS 0.04 0.01 L -0.04 0.02 NS 0.02 0.01 NS
LGM:SLMP

TempAnomal 0.05 0.02 * 0.00 0.01 NS 0.04 0.02 NS 0.00 0.01 NS 0.02 0.02 NS 0.00 0.01 NS 0.02 0.02 NS 0.00 0.01 NS

y Plio:SLMP

Observations 818 818 818 818 818 818 818 818

R?/R? 0.804/0.798 0.880/0.877 0.781/0.774 0.877/0.874 0.809/ 0.803 0.885/0.881 0.794/0.788 0.884/0.880




Supporting Information for Chapter 2

Table S2.5 Top ten regions of phylogenetic endemism for seed plants based on the dataset with unplaced species
added to the phylogeny and excluding apomictic taxa. Phylogenetic endemism is calculated based on two different
ways to measure range size of each species: (i) as the total area of regions a species occurs in (PE.area) and (ii) as
the number of these regions (PE.count).

PE.area PE.count
. Island> Island >1 Island >100 Mainlan
Mainland PE 10 km? PE 00 km? PE 0 km? PE d PE Island PE
Lord .
Costa , Caroline
Rica 0.44 Howe 21.65 Mahé 2.92 Islands 1.93 Peru 77729 Madagascar 76964
Island
Pichincha,  ,  Masatie g 37§ Helena 206 NV 127 | Westem 55197 Bomeo 69591
Ecuador rra Caledonia Cape
Western 0.40 Tubuai 6.16 Caroline 1.93 Mauritius 110 Venezuel 47547 Papua New 49859
Cape Island Islands a Guinea
Masafu . . . e
Panama 0.40 era 5.34 Raiatea 1.37 Kaua'i 0.96 Vietnam 34535 Philippines 45383
Carchi, 030  Norfolk s¢ Rodrigues 127 Tahiti 0.83 | Thailand 32192 ~ [ndomesian 5,9
Ecuador Island New Guinea
Valle del . .
Cauca 024 Sithoue 5o, New 0 aRéuion 077 | Minas 30592 Sumatra 27187
> tte Caledonia Gerais
Colombia
Antioquia New
0.24 Mahé 2.92 Mauritius 1.10 O'ahu Island  0.66 India 30181 . 24092
i . Caledonia
Colombia
Rio de
Hender o
Janeiro, 0.23 son 2.24 Principe 1.08 Samoa 0.60 Panama 29108 Cuba 23675
Brazil
fmbabura, - ) Fulanga 2.09  SaoTomé 1.02  Tenerife 056 | Yunnan 28127  Japan 16511
Ecuador
Cotopaxi, , ,,  Raroton o9 Madeira 096 Jamaica 0.56 | Asiatic 26746 Hispaniola 14738
Ecuador ga Turkey
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Table S2.6 Top ten regions of phylogenetic endemism for seed plants based on the dataset only retaining species
that were included in the original phylogeny and including apomictic taxa. Phylogenetic endemism is calculated
based on two different ways to measure range size of each species: (i) as the total area of regions a species occurs
in (PE.area) and (ii) as the number of these regions (PE.count).

PE.area PE.count
Mainlanda pg  S1and>10 - pp Island>100pp Island >1000 o Mainland ~ PE Island PE
km km km
o Lord i
Pichincha, , Caroline
Ecuador 0.61  Howe 32.79 Mahé 3.23 Islands 2.97 Peru 93046 Madagascar 103183
Island
Costa . Caroline ..
. 0.54  Masatierra 10.30 2.97 Mauritius 1.83 Venezuela 61270 Borneo 91674
Rica Islands
Carchi, 0.4g Lubuai 1002 St Helena 236 LaRéunion 150 | "oSlem  sps50  Papua New g5
Ecuador Island Cape Guinea
L. New . e
Panama 0.47 Masafuera  7.17 Mauritius 1.83 . 1.45 Vietnam 45382 Philippines 68921
Caledonia
Western Norfolk Indonesian
0.36 6.96 Rodrigues 1.68  Tahiti 1.09 Thailand 40724 New 49085
Cape Island .
Guinea
Antioquia, . . Minas
. 0.33  Silhouette 3.77 Raiatea 1.63  Samoa 1.07 . 40136 Sumatra 39141
Colombia Gerais
Valle del Turke
Cauca, 0.33  Mahé 3.23 La Réunion 1.50  Comoros 0.89 asiaticy 37637 Cuba 33527
Colombia
Imbabura, New . New
Ecuador 0.33  Rarotonga 3.00 Caledonia 1.45  Jamaica 0.88 Yunnan 37157 Caledonia 27592
Rio de Caroline
Janeiro, 0.31 Islands 2.97 Hiva Oa 1.23  Kaua'i 0.85 Panama 33685 Hispaniola 24531
Brazil
Loja, 029 StHelena 236  CHUSHMES 0 Vi evy 067 | India 33420 Sulawesi 21988
Ecuador Island

126



Supporting Information for Chapter 2

Table S2.7 Top ten regions of phylogenetic endemism for seed plants based on the dataset with unplaced species
added to the phylogeny and including apomictic taxa. Phylogenetic endemism is calculated based on two different
ways to measure range size of each species: (i) as the total area of regions a species occurs in (PE.area) and (ii) as
the number of these regions (PE.count).

PE.area PE.count
Mainlana pg  S1and>10 pp  Island>100 -, Island>1000 - pp )y piniand PE Island PE
km km km
Lord .
Costa , Caroline
Rica 0.49  Howe 26.56 Mahé 3.03 Islands 2.10 Peru 86902 Madagascar 90040
Island
Pichincha, " 17 Masatierra  10.13  St.Helena 2.3 Mauritius 144 | WeSMm 56603 Bomeo 76810
Ecuador Cape
Tubuai Caroline New Papua New
Panama 0.43 Island 6.21 Islands 2.10 Caledonia 1.43 Venezuela 51928 Guinea 55351
Western -, ,; Norfolk 6.01  Mauritius 144 LaRéunion 140 | Vietham 37975  Philippines 51794
Cape Island
Carchi New Indonesian
? 0.32 Masafuera 5.64 R 1.43  Kaua'i 1.05 Thailand 34753 New 31787
Ecuador Caledonia .
Guinea
Valle del
Cauca, 0.26  Silhouette 4.04 Raiatea 1.40  Tahiti 0.84 India 34545 Sumatra 29958
Colombia
Rio de Asiatic
Janeiro, 0.26 Mahé 3.03 La Réunion 1.40  Samoa 0.75 Turke 34509 Cuba 27660
Brazil Y
Antioquia, . ’ New
. 0.25 Rarotonga  2.54 Rodrigues 1.36  O'ahu Island 0.75 Yunnan 33386 . 27282
Colombia Caledonia
Quindio, ()5 i Helena 233 Madeira 1.13  Comoros 073 | Minas 32888  Japan 21096
Colombia Gerais
E;’z i 024 Henderson 230 Principe 1.08  Tenerife 0.67 | Panama 31249  Hispaniola 17330
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Table S2.8 Summary statistics of spatial models showing the effects of environmental factors on the standardized effect size of relative phylogenetic endemism (RPE.ses) of seed plants for regions with
significantly high phylogenetic endemism. Models are fitted for RPE.ses based on two competing ways of measuring range size of species and the datasets without (matched phylogeny) and with (merged
phylogeny) unplaced species added to the phylogeny and excluding and including apomictic taxa. RPE.ses.area indicates the standardized effect size of relative phylogenetic endemism calculated based on
range size of species as the area of regions where a species occurs, while RPE.ses.count is calculated based on range size of species as the count of these regions. Geographic type of each region distinguishes
between mainland regions, continental shelf islands, continental fragments and oceanic islands. The reference level of geographic type is mainland regions. TempStability LGM = temperature stability
since the Last Glacial Maximum; RAC= spatial autocovariate. std. E = Standard error. Sig = statistical significance (NS: P>0.05; *: p <= 0.05; **: p <= 0.01; ***: p <= 0.001).

Excluding apomictic taxa and matched phylogeny Including apomictic taxa and matched phylogeny Excluding apomictic taxa and merged phylogeny Including apomictic taxa and merged phylogeny

Models PE.area PE.count PE.area PE.count PE.area PE.count PE.area PE.count

Estimate std. E Sig  Estimate std. E Sig  Estimate std. E Sig  Estimate std. E Sig  Estimate std. E Sig  Estimate std. E Sig  Estimate std. E Sig  Estimate std. E Sig

Intercept -0.07 0.43 NS 1.25 0.36 ok 0.92 0.67 NS 1.60 0.60 o 0.84 0.35 * 1.37 0.35 ok 0.61 0.53 NS 1.20 0.55 *
Oceanic -1.79 0.91 NS -1.95 0.82 * -2.53 1.50 NS -1.20 1.39 NS -2.52 0.70 ek -3.51 0.82 ok -2.70 1.07 * -3.76 1.29 ok
Continental 0.22 1.31 NS 0.15 1.06 NS -0.50 2.07 NS -1.48 1.73 NS -0.59 0.95 NS -1.26 1.00 NS 0.08 1.49 NS -1.06 1.57 NS
Continental 2.72 1.76 NS 1.62 1.40 NS 9.83 2.60 i 9.47 222 ok 1.68 1.31 NS 1.26 1.32 NS 3.36 1.88 NS 2.98 1.96 NS
Elevational 0.20 0.37 NS 0.07 0.31 NS -1.54 0.58 o -1.29 0.51 * -0.62 0.29 * -0.86 0.30 o -1.19 0.44 o -1.34 0.46 ok
TempStabilit 1.41 0.35 ek 1.56 0.31 ok -0.75 0.57 NS -1.19 0.52 * 1.39 0.28 ek 1.76 0.31 ok 0.95 0.42 * 1.33 0.48 ok
RAC 0.26 0.03 kE 0.31 0.02 ek 0.26 0.02 i 0.34 0.03 i 0.28 0.03 ok 0.28 0.03 ek 0.24 0.03 ek 0.25 0.04 i
Observations 154 141 163 153 138 135 145 140

R?/R? 0.482/0.461 0.631/0.615 0.532/0.515 0.600/0.583 0.570/0.550 0.615/0.597 0.341/0.312 0.324/0.293

Table S2.9 Linear model results for phylogenetic endemism of seed plants including either surrounding landmass proportion or whether a region is an island or not as a covariable. Models are
fitted for phylogenetic endemism based on two different methods used to quantify species range size and the datasets without (matched phylogeny) and with (merged phylogeny) unplaced species
added to the phylogeny and excluding and including apomictic taxa. The model performances are quantified by Akaike’s information criterion (AIC) and adjusted coefficient of determination
(R?). PE.area indicates phylogenetic endemism calculated based on range size of species as the area of regions where a species occurs, while PE.count is calculated based on range size of species
as the count of these regions. Models include region area, elevational range, number of soil types, mean annual temperature, mean annual precipitation, length of the growing season, temperature
seasonality, precipitation seasonality, temperature stability since the Last Glacial Maximum, velocity of temperature change since the Last Glacial Maximum, temperature anomaly between the
mid-Pliocene warm period and present-day, and either surrounding landmass proportion (SLMP) or whether or not a region is an island (Geo_class) as predictor variables as well as all interaction
terms between SLMP or Geo_class and all other predictors.

Excluding apomictic taxa and matched phylogeny Including apomictic taxa and matched phylogeny Excluding apomictic taxa and merged phylogeny Including apomictic taxa and merged phylogeny
Models PE.area PE.count PE.area PE.count PE.area PE.count PE.area PE.count
AIC R? AIC R? AIC R? AIC R? AIC R? AIC R? AIC R? AIC R?
Isr}::li}[lld)mg 1325.7 0.652 618.4 0.783 12773 0.639 5723 0.784 11974 0.658 524.5 0.786 1169.5 0.635 460.6 0.791
Including
Geo class 13372 0.647 636.3 0.778 1290.2 0.633 601.2 0.777 1226.7 0.645 551.2 0.779 11944 0.624 490.2 0.784
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a Species richness in GIFT
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Figure S3.1 Observed species richness of seed plants for 675 geographic regions selected from (a) the Global
Inventory of Floras and Traits (GIFT; 650 regions) and (b) the World Checklist of Vascular Plants (WCVP; 228
regions, combined in (c) to estimate phylogenetic and species turnover at the global scale. Logio scale is used for
species richness and maps are shown in Eckert I'V projection.
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Figure S3.2 Comparison of local contribution to beta diversity (LCBD) for seed plants based on species
distribution data including and excluding apomictic taxa. a and b, the linear regression between LCBD including
and excluding apomictic taxa; ¢ and d, residuals from the linear regression. LCBD is calculated using the dataset
with missing species added to the phylogeny and for two dimensions of diversity: in a and c, phylogenetic turnover
(LCBD.Phy); and in b and d, species turnover (LCBD.Spe). Positive residuals in ¢ and d indicate higher values of
LCBD based on the data including apomictic taxa than expected based on the data excluding apomictic taxa. e,
species richness of seed plants from genera known to include apomictic species. f, percentages of species from
genera known to include apomictic species. Logio scale is used in e and all maps are shown in Eckert IV projection.
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a Phylogenetic turnover based on merged tree b Phylogenetic turnover b_ased on matched tree
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Figure S3.3 Local contribution to global patterns of beta diversity in seed plants based on the dataset including
apomictic taxa. Local contribution to beta diversity is calculated respectively for phylogenetic turnover based on
the dataset with (i.e. merged tree, a) and without (i.e. matched tree, b) missing species added to the phylogeny,
and species turnover (c). Maps use Eckert IV projection.
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Figure S3.4 Local contribution of each region to global patterns of beta diversity (LCBD) for phylogenetic
turnover at different phylogenetic timescales in seed plants based on the dataset including apomictic taxa and with
missing species added to the phylogeny. LCBD patterns are calculated for 10 Ma BP (a), 40 Ma BP (b), 70 Ma BP
(c), and 100 Ma BP (d), based on the given phylogenies which are obtained by cutting the original phylogeny at a
specified time period and collapsing all descendent leaves into ancestral branches. Regions included are > 10,000
km?2 and maps use Eckert IV projection.
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a Mountains b Cold deserts

Figure S3.5 Barrier cost across an equal area grid of 23,323 km? hexagons. The barrier cost of a grid cell was
respectively defined as mean elevation (a), annual mean temperature (b), aridity index (c), and the maximum
values among whether a region is covered by water, mean elevation, annual mean temperature, and aridity index
(d) to weigh in costs of crossing mountains, cold and dry deserts, and all barriers. High values indicated more cost
needed for plants to move from one region to the other.

a Greenland b Central Europe
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Figure S3.6 Climate cost across an equal area grid of 23,323 km? hexagons between a focal grid cell and all other
grid cells. For each focal grid cell, the climate cost of a grid cell was defined as the Euclidean distance of the five
climatic axes of a principal component analysis applied to 19 bioclimatic variables between the grid cell and the
focal grid cell, divided by the maximum value so that the range was linearly scaled to [0,1]. High values indicated
more cost needed for plants to move from one region to the other due to unsuitable climates. The focal grid cells
of climate cost showed are respectively located in Greenland (a), central Europe (b), Sahara Desert (c¢) and Cape

().
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Figure S3.7 Comparison between local contribution to beta diversity for phylogenetic turnover (LCBD.Phy) and
for species turnover (LCBD.Spe). a, the linear regression between LCBD.Phy and LCBD.Spe; b, residuals from
the linear regression. LCBD is calculated using the dataset with missing species added to the phylogeny and
removing apomictic taxa. Positive residuals in b indicate higher values of LCBD for phylogenetic turnover than

expected based on species turnover.
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Figure S3.8 Local contribution to global patterns of beta diversity (LCBD) for phylogenetic turnover at different
phylogenetic timescales in seed plants based on the dataset excluding apomictic taxa and without missing species
added to the phylogeny. LCBD patterns are showed for: a, 0 Ma BP; b, 10 Ma BP; ¢, 40 Ma BP; d, 70 Ma BP and
100 Ma BP. Regions included are > 10,000 km? and maps use Eckert IV projection.
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Figure S3.9 Generalized dissimilarity modelling spline functions for each predictor variable, respectively, for
phylogenetic and species turnover in seed plants among regions across the world. The maximum height of the
spline function indicates the importance of the predictor for explaining dissimilarities.
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Figure S3.10 Relative importance of predictor variables for global phylogenetic and species turnover in seed
plants based on generalized dissimilarity modelling including past climate instead of contemporary climate.
Models includes: a and c, climate in the Last Glacial Maximum (LGM); b and d, climate in the mid-Pliocene warm
period (midPlio). Two methods are used to quantify variable importance to plant phylogenetic (Phylo) and species
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km?): a and b, the height of generalized dissimilarity modelling transformation functions; ¢ and d, deviance
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