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ABSTRACT

Anthropogenetic disturbances, such as habitat loss and fragmentation, overexploitation,
and climate change have diminished population sizes of many species, increasing risks of
population extirpation or species extinction. Consequently, conservation of genetic variability, to
preserve and maintain rare species’ evolutionary potential and avoid within-population
inbreeding, is a major goal of conservation biology. For plants, various approaches and
guidelines have been developed to preserve species’ genetic diversity ex Situ (“off-site”).
However, effective methods to guide conservation and management decisions without relying on
the availability of genetic data or knowledge about population size and population genetic
structure are lacking. With the first two chapters of my dissertation, | aimed to complement
existing ex situ strategies by investigating surrogates for estimating genetic variation to optimize
conservation of rare species’ evolutionary potential when access to genetic data is limited. My
results demonstrated that guiding population sampling using environmental and geographic
distances, as opposed to randomly selecting source populations, can increase genetic diversity
and differentiation captured in simulated ex situ collections. Likewise, my research showed that
for species with largely heritable seed traits, morphological variation estimated from
contemporary seed collections can be used as a proxy for standing genetic variation and help
inform sampling efforts aiming to optimize genetic diversity preserved ex situ. Although
strategies targeted to conserve rare species’ evolutionary potential where genetic data may be
lacking are needed, the increasing affordability of next-generation sequencing technologies is
increasing access to genomic data for rare species. With my third chapter, I investigated whether
inferring rare species’ evolutionary history from genomic data may help inform conservation

practices. My results demonstrated that teasing apart spatial and temporal effects of stochastic



and deterministic processes on population genetic structure may be used to estimate past and
contemporary changes in populations’ evolutionary potential, as well as to evaluate risks and
benefits of genetic rescue as a management strategy. Overall, my PhD research establishes tools
and approaches to preserve genetic variation for rare species using different types of data. As
world’s biodiversity continue to decline, tool development to accommodate species-specific data

availability for preservation of genetic variation is crucial.
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1. GENERAL INTRODUCTION TO CONSERVATION GENETICS
1.1. Consequences of demographic rarity: the extinction vortex

Human-mediated disturbances, including habitat loss and fragmentation (Fahrig 1997),
overexploitation (Rosser and Mainka 2002), introduction of alien species (Coblentz 1990), and
climate change (Thomas et al. 2004; Keith et al. 2008) contribute to the decline of world’s
biodiversity. Combined, these factors can have a substantial impact on species demography,
increasing populations’ susceptibility to stochastic processes. Environmental stochasticity (small
and moderate environmental perturbations; Lande 1988; 1993), random catastrophic events
(sudden and extreme environmental perturbations; Lande 1993), and demographic stochasticity
(variance in individuals’ vital rates; Lande 1988; 1993) may considerably reduce species’
survival and long-term persistence. Indeed, Lande (1993) showed that under each stochastic
scenario, time to extinction increases with increasing population size. Consequently, while
impacts of stochastic factors may be negligible in large, widespread populations, they can be
devastating in small, isolated populations.

In addition to increased population susceptibility to environmental, demographic, and
catastrophic stochasticity, demographic rarity may also exacerbate the loss of genetic diversity
within populations due to genetic stochasticity (Ellstrand and Elam 1993). Genetic stochasticity
is defined as the stochastic change in allele frequencies within populations due to genetic drift
(random sampling of alleles during sexual reproduction or because of environmental and
demographic stochasticity). In small, isolated populations, effects of genetic drift and inbreeding
(reproduction among genetically related individuals) on genetic variability are often enhanced,
resulting in increased allelic fixation and probability of homozygosity. When homozygosity and

fixation is increased for deleterious alleles, fitness of individuals within these populations may be



reduced, a phenomenon known as inbreeding depression (Crnokrak and Roff 1999; L. F. Keller
and Waller 2002). Ultimately, the combined action of environmental, demographic, and genetic
stochasticity could trap rare species in a feedback loop called ‘the extinction vortex’ (Gilpin and
Soulé 1986). For species entering the extinction vortex, environmental and demographic
stochasticity reduce the size of populations, exacerbating the effect of both genetic drift and
inbreeding. The subsequent loss of genetic variation decreases individuals’ fitness (via
inbreeding depression) and adaptability, reducing population sizes even more. In the absence of
conservation actions to mitigate this loop, populations are likely to keep shrinking until they
become extinct (Frankham, Briscoe, and Ballou 2002; Fagan and Holmes 2006).
1.2. The relationship between population size and genetic diversity

Genetic diversity is the raw material for natural selection to act upon, enabling adaptation
(Carlson, Cunningham, and Westley 2014; R. D. H. Barrett and Schluter 2008; Gomulkiewicz
and Holt 1995; Bell 2013). Genetic diversity is therefore crucial for species long-term
persistence under rapidly changing environments. Characterized by small populations sizes
(Frankham 1999), rare species may harbor reduced genetic variation relative to their widespread
counterparts (Frankham 1995) and could thus be more susceptible to the extinction vortex
(Gilpin and Soulé 1986; Fagan and Holmes 2006). In plants, multiple studies have evaluated the
relationship between population size and genetic diversity, which often exhibits a positive
relationship (reviewed by Leimu et al. 2006; llves et al. 2013). The strength and direction of this
relationship was identified by Leimu et al. (2006) as depending on certain species features,
including species’ mating system and, potentially, species rarity. However, these studies have
mostly looked at short-lived, insect pollinated plant species, limiting our current understanding

of the relationship in long-lived, wind pollinated tree species (but see Tamaki et al. 2018;



Chybicki, Oleksa, and Kowalkowska 2012; Del Castillo et al. 2011). Features associated with
such life history traits could mitigate the loss of genetic diversity within rare species. For
instance, wind pollination may allow long distance pollen dispersal within and between remnant
populations, allowing them to remain genetically connected and alleviating the loss of genetic
diversity (Lowe et al. 2005), while a long lifespan may increase the time necessary for the loss of
genetic diversity to become perceptible. Therefore, genetic diversity loss associated with
reductions in population size may be less predominant in long-lived, wind-pollinated tree species
(Victory et al. 2006).

1.3. How can plant genetic diversity be conserved?

For a range of species, plant populations can be conserved in their native ecosystem
(termed in situ conservation) or samples representing plant populations’ genetic diversity can be
conserved outside the species native habitat (termed ex situ conservation) (Cohen et al. 1991;
Potter et al. 2017; Schoen and Brown 2001; D.-Z. Li and Pritchard 2009; Volis and Blecher
2010; Ledig 1988).

1.3.1. In situ conservation

Species conserved in situ are often preserved on protected lands, including national parks,
state parks, research natural areas, wildlife refuges, or private natural areas such as those owned
by The Nature Conservancy (Ledig 1988). Conservation of rare species within their native
habitat offers the advantage of preserving both natural standing genetic variation and
evolutionary processes in response to local abiotic and biotic conditions (Potter et al. 2017,
Ledig, Vargas-Hernandez, and Johnsen 1998). In situ conservation efforts have focused on
species of conservation concern. US national parks currently protect multiple plants listed as

“endangered” under the Federal Endangered Species Act with, for instance, 8 and 12 endangered



plants preserved at Point Reyes National Seashore, CA and Channel Islands National Park, CA,
respectively (https://irma.nps.gov/NPSpecies/Search/SpeciesList). In addition to plants of
conservation concern, in situ conservation actions have also been undertaken worldwide for
economically important species, including crop wild relatives valuable for the improvement of
major crops (Harlan 1976; Meilleur and Hodgkin 2004). For example, relatives of wild cereals,
wheat, rice, barley, lentil, fruit plants (e.g. apples, peaches, apricots, bananas, mangos), or seed
plants (e.g. pistachios, almonds, nuts) are targeted for in situ conservation (Meilleur and Hodgkin
2004).
1.3.2. Ex situ conservation

Although in situ conservation offers many benefits such as the conservation of
evolutionary processes, genetic diversity and interactions between groups of species within a
protected area (Potter et al. 2017; Ledig 1988; M. B. Hamilton 1994), it also has an important
limitation: if natural genetic diversity is lost in the wild, it is lost permanently. Preserving the
germplasm of a species outside its native range of occurrence via ex situ conservation ensures
that at least part of the species’ genetic diversity is conserved. Seed, pollen, tissue or whole
plants of a targeted species may be stored ex situ either in seed banks, clone banks, botanical
gardens, arboreta, or through tissue culture (Volis and Blecher 2010; Potter et al. 2017; Ledig
1986; Brown and Briggs 1991; Ledig 1988). Conservation of a species germplasm ex situ thus
provides insurance against the loss of genetic diversity in nature. Extensive efforts have been
undertaken to conserve crops (Westengen, Jeppson, and Guarino 2013), crops wild relatives
(Volk et al. 2005; Naredo et al. 2017) and threatened (Q. Li, Xu, and He 2002; Griffith, Lewis,
and Francisco-Ortega 2011) species ex situ. For example, several millions of seed accessions are

stored in 1,750 gene banks worldwide, and approximately 31,199 seed accessions for over 4,800



wild species, mostly representing plant diversity from southwest China, are preserved at the
Royal Botanic Gardens Kew and the Chinese Academy of Sciences’ Kunming Institute of
Botany (Y.-B. Fu, Ahmed, and Diederichsen 2015; D.-Z. Li and Pritchard 2009).
1.4. Optimizing genetic diversity captured ex situ

If in situ and ex situ conservation are conceptually different, they share a common
objective: the conservation of plant genetic diversity (Ledig 1988; Griffith et al. 2014; Guerrant
Jr, Havens, and Vitt 2014; Hausman et al. 2014, Potter et al. 2017; Ledig, Vargas-Hernandez,
and Johnsen 1998; Volis and Blecher 2010). Consequently, collection strategies to optimize
sampling effort and maximize plant genetic diversity captured ex situ are needed. Such
guidelines will aid in limiting either over- or under-sampling targeted species. Over-sampling
may result in a waste of limited resources (e.g. time, money), whereas under-sampling may result
in collections capturing a sub-optimal proportion of a species’ genetic diversity (Hoban and
Schlarbaum 2014). Over the years, several sampling methods have been proposed to guide
threatened species’ collection efforts. Commonly used methods include probability-based
methods (Brown and Marshall 1995; Lawrence, Marshall, and Davies 1995; Marshall and Brown
1975; Yonezawa 1985) and the resampling method (Caujapé-Castells and Pedrola-Monfort 2004;
Gapare, Yanchuk, and Aitken 2008; Namoff et al. 2010). More recently, simulation-based
approaches have also been developed to inform ex situ collections (Hoban and Schlarbaum 2014;
Hoban 2019).
1.4.1. Probability-based strategy

Probability methods rely on probabilistic equations to calculate the minimum number of
individuals required to ensure, with high probability, that at least one copy of alleles occurring in

a targeted population at specific frequencies is captured. For example, Brown and Marshall



(1995) developed a model to calculate the number of individuals needed to capture 95% of
alleles present in a population at frequency greater than 0.05. Using the equation S =
—3/log.[1 — p] (1), which calculates the number of random unrelated gametes S required to
capture, with 95% probability, at least one copy of alleles occurring in a population at a
frequency p. Based on equation (1), they recommended, as a benchmark criterion, to sample 50
individuals per population and 50 populations per ecoregion. Other probability-based models, in
addition to Brown and Marshall’s, have been developed (Lawrence, Marshall, and Davies 1995).
While they share the same objective, capturing at least one copy of alleles occurring at specific
frequencies with high probability, they differ in the model used to calculate allelic capture
probability (Lockwood, Richards, and VVolk 2007; Hoban and Schlarbaum 2014). For instance,
Brown and Marshall (1995) treat populations as independent sampling units (Lockwood,
Richards, and Volk 2007), and therefore assume no inter-population gene flow. Contrastingly,
Lawrence, Marshall, and Davies (1995) assume all populations are similar. Biologically, this
implies populations are genetically similar, and that there is substantial gene flow among
populations. Based on their assumptions, Lawrence, Marshall, and Davies (1995) recommended
to sample approximately 170 individuals in total, spread over all populations. As they do not
require prior information on the ecology, reproductive biology or genetic structure of the targeted
species (Lockwood, Richards, and VVolk 2007), probability-based methods are easy and fast to
implement. This ease and the wide applicability across taxa of these models have pushed
governmental agencies, such as the US Forest Service and the Bureau of Land Management, to
base their sampling strategies on probabilistic models (Rogers and Montalvo 2004; BLM 2012;

Engels et al. 2008).



Nonetheless, probability-based methods make non-generalizable assumptions about the
distribution of genetic diversity among populations. For instance, Brown and Marshall (1995)
assume no overlap of genetic diversity among populations, while Lawrence, Marshall, and
Davies (1995) assume complete overlap of genetic diversity among populations. However,
population genetic differentiation results from the interplay between life history and
demographic factors (Loveless and Hamrick 1984; Hamrick and Godt 1996; Heuertz et al. 2003),
that is most likely to produce a continuum of genetic divergence across populations. Limitations
of probabilistic models may thus include overestimation of the amount of total genetic diversity
captured in a collection using Lawrence, Marshall, and Davies (1995)’s guidelines, whereas
recommendations based on Brown and Marshall (1995)’s model may advise for more sampling
effort than may be necessary to capture the desired amount of genetic diversity (Hoban and
Schlarbaum 2014).

1.4.2. Resampling-based strategy

Formally, the resampling method uses either informed or stochastic resampling of genetic
datasets to estimate genetic diversity that is, or would be captured in an ex situ collection
(Caujapé-Castells and Pedrola-Monfort 2004; Gapare, Yanchuk, and Aitken 2008; Namoff et al.
2010). As the resampling strategy leverages genetic data, both within- and between-population
genetic structure can be evaluated to optimize sampling efforts. For example, using a previously
published genetic dataset on core and peripheral populations of Sitka spruce (Picea stichensis),
Gapare, Yanchuk, and Aitken (2008) designed a sampling strategy aiming at capturing at least
95% of the species’ genetic diversity. They found that sampling 150 trees over an area of 144 ha
(core populations) and 180 trees over an area of 324 ha (peripheral populations) would be

enough to meet their objective. For peripheral populations, sampling of more individuals over an



extended area was necessary to capture equivalent amounts of genetic diversity, as shifts in the
mating system, resulting in increased inbreeding, contributed to variance in within-population
genetic structure. An important caveat associated with the resampling method is that genetic
datasets used must be representative of genetic variation found within natural populations. If not,
some alleles (especially rare ones) present within populations may be absent from the dataset. In
such a case, expectations of genetic diversity captured in collections would likely be
overestimated, resulting in suboptimal sampling recommendations (Hoban and Schlarbaum
2014). Biases in genetic datasets may occur, for example, when individuals collected to generate
a dataset are spatially or ecologically biased (Bamberg et al. 2010).
1.4.3. Simulation-based strategy

Hoban and Schlarbaum (2014) developed a simulation-based approach capable of
estimating genetic diversity captured in ex situ collections when estimates of genetic connectivity
(i.e., migration rates) and population sizes are available for modelling. First, genetic variation
within and among populations is simulated using SimCoal2 (Laval and Excoffier 2004). Then,
genetic diversity captured in a potential collection is calculated by stochastically resampling
different numbers of individuals within populations using three distinct sampling strategies: (1)
All populations within a region [constrained sampling strategy], (2) one population per region
[dispersed sampling strategy], and (3) all populations in all regions [complete sampling strategy].
In summary, Hoban and Schlarbaum’s model simulates the distribution of genetic variation
within and among populations using species-specific estimates of genetic connectivity and
population size, and leverages that information to estimate the number of individuals and
populations needed to optimize sampling efforts. When applied to an endangered North

American tree, butternut (Juglans cinerea), the model estimated that sampling 25 individuals per



population, and one population per region (dispersed sampling strategy) should suffice to
optimize genetic diversity preserved.

More recently, another study by Hoban (2019) not only exploited genetic simulations to
include realistic population structure in ex situ conservation planning using genetic connectivity
and population size estimates, but also considered a fundamental aspect of conservation
collections maintenance: the loss of plant material. Plant material may be lost via multiple
processes following collection, including loss of viability in storage over time and active use for
research (Walters, Wheeler, and Grotenhuis 2005; Way 2003). Consequently, population
sampling should aim to capture multiple copies of each allele in collections, which would
eventually lead to recommending additional sampling efforts. Using the coalescent simulator
fastsimcoal, they generated genetic diversity for hypothetical species with various migration
rates, population sizes, number of populations, and bottleneck histories. Then, given observed
patterns, they determined the number of individuals to sample within each population to capture
95% of alleles occurring at specific frequencies (i.e., all alleles [no frequency threshold], low
frequency alleles [0.01-0.10], alleles occurring locally at frequency > 0.05, alleles occurring
species-wide at frequency > 0.05). Sampling guidelines are provided for various categories of
population sizes (many populations [10-20], few populations [2-7]), targeted allele frequencies
(low frequency [0.01-0.10], locally > 0.05, range-wide > 0.05), and desired number of copies for
each allele (1, 5, 25). Overall, this study provides “rules of thumb” recommendations without a
priori data requirements, although general information on population size, genetic connectivity,
and demographic history may be used to refine recommendations when available. Alternatively,
if estimates for these parameters are known, the approach described by Hoban (2019) may be

used to simulate targeted population systems and tailor species-specific recommendations.



1.5. Components of phenotypic variance: implication for plant ex situ conservation

Multiple factors underlie trait determination in plants, including environmental conditions
experienced by the plant, its genetic background, as well as the interaction between environment
and genetic background. Variation in phenotypic traits (Ve) can therefore be split into three
different variance components: an environmental component (Ve), a genetic component (V) and
an interaction component (Vexe). The genetic component (V) represents the heritable proportion
of phenotypic variance, or the fraction of the variance passed on to the next generation.
Consequently, it denotes the raw material upon which natural selection can act to promote plant
adaptive evolution (Santiso et al. 2015; Zeng et al. 2017) and may be targeted for conservation of
species’ evolutionary potential.

Traditionally, heritable genetic variation (Vg) and heritability of quantitative traits
(Va/Vp) have been assessed using common garden experiments (J. A. Hamilton et al. 2017;
Toker 2004; Camas and Esendal 2006). Common garden experiments establish individuals
sampled from different populations in a shared common environment to control for phenotypic
variation associated with the environment of origin and, to a lesser extent, genotype by
environment interactions so that trait differences observed underlie genetic variability (de
Villemereuil et al. 2016). In conservation, such an approach has commonly been used to study
local adaptation and fitness consequences of population admixture, as well as to approximate the
distribution of heritable genetic variation within and across species’ populations (J. A. Hamilton
et al. 2017; McKay et al. 2001; Goto et al. 2011; M. Keller, Kollmann, and Edwards 2000;
Montalvo and Ellstrand 2001; 2000). Trait variation estimated from common garden-grown
individuals may thus provide a valuable means to determine where and how to conserve genetic

variation to optimize preservation of rare species’ evolutionary potential ex situ.
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Nonetheless, establishment of common garden experiments is logistically and financially
demanding, and may not be well suited to long-lived, slow growing plant species if short-term
conservation actions are needed. Where implementation of common garden experiments is not
feasible, an alternative approach leveraging natural phenotypic variance in traits previously
recognized as largely heritable may still provide a valuable proxy for Vg, and help inform ex situ
conservation decisions.

1.6. Ex situ conservation strategies: synthesis and limitations

To optimize genetic diversity captured in ex situ collections, multiple population
sampling strategies have been proposed. Each of these strategies require the availability of select
types of data or parameters and rely on different sets of assumptions. Determining which
approach to use to conserve threatened species ex situ necessitate the consideration of several
factors. When genetic data or funding to generate genetic data are available, the resampling
approach can be used to evaluate the optimal sampling strategy without making any assumptions
on population structure (Caujape-Castells and Pedrola-Monfort 2004; Gapare, Yanchuk, and
Aitken 2008; Namoff et al. 2010). When genetic data is unavailable or limited, but connectivity
and population size parameters exist or can be estimated, a simulation-based approach would
allow simulation and inclusion of population structure into sampling strategies (Hoban and
Schlarbaum 2014; Hoban 2019). When no genetic nor connectivity parameters are available,
general guidelines established using probability- or simulation-based models provide a means to
inform population sampling practices (Lockwood, Richards, and Volk 2007; Hoban 2019).
However, these methods come with serious limitations. Probability-based models rely on non-
generalizable assumptions about population structure, possibly resulting in under or over-

sampling of the targeted species (Hoban and Schlarbaum 2014). Collections prepared in such

11



conditions may thus either fail to capture the desired level of genetic diversity or waste valued
resources. Simulation-based guidelines, although improved relative to those established using
probabilistic approaches to include realistic population structure and ex situ collection attrition,
may only be tailored to specific species if general information on population sizes, migration
rates, or demographic history is available. Consequently, risks of under or over-sampling the
target species may still exist. Sampling strategies to guide conservation efforts without relying on
the availability of genetic data or parameters, for example those that leverage natural variation in
heritable quantitative traits provide a potentially valuable metric that remains to be assessed.

1.7. What if conservation of genetic diversity is not enough?

To help species avoid the extinction vortex, conservationists have focused on the
conservation and restoration of rare species standing genetic diversity to both preserve their
adaptive potential and prevent inbreeding depression. A commonly used approach has been to
conserve wild species through habitat protection, habitat restoration, or habitat expansion
(Stowell, Pinzone, and Martin 2017). The rationale behind protected areas is providing species
with suitable conditions for population size to increase and fitness recovery. Yet, simple
protection may sometimes be insufficient. Low standing genetic diversity and low mutation rate
may prevent population adaptation and subsequent recovery, a process called ‘evolutionary
rescue’ (Carlson, Cunningham, and Westley 2014).

Where evolutionary rescue seems improbable (i.e., low genetic diversity), actions to
augment the size of a population, standing genetic diversity within populations, or both should be
considered. A possible action would be to increase the size of the population with genetically
similar individuals (demographic rescue). The addition of individuals to populations may help

buffer against stochastic processes (e.g. demographic stochasticity) and reduce the Allee effect,
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which may provide species with additional time to adapt to environmental changes and increase
their fitness (Hufbauer et al. 2015). Alternatively, gene flow among differentiated populations
could be artificially increased to promote admixture and increase genetic diversity (genetic
rescue). To date, genetic rescue has had multiple designations, including facilitated migration,
intentional hybridization or introgression, or admixture rescue (Stowell, Pinzone, and Martin
2017). The main difference between demographic and genetic rescue is that genetic rescue
directly contributes to fitness and evolutionary advantages (Whiteley et al. 2015; Hufbauer et al.
2015). Translocating genetically distinct individuals increases genetic variability within rescued
populations and may both alleviate inbreeding depression and increase their adaptive potential.
1.7.1. Genetic rescue: a debated conservation strategy

Although genetic rescue may be used to mitigate fitness and evolutionary consequences
of severely diminished within-population genetic variation (W. E. Johnson et al. 2010;
Westemeier et al. 1998; Madsen et al. 1999; Bossuyt 2007; Willi et al. 2007; Willi and Fischer
2005; Hufbauer et al. 2015), its use remains debated. Current reluctance towards using genetic
rescue as a management strategy includes both cultural and biological barriers (Stowell, Pinzone,
and Martin 2017; Ralls et al. 2018). Cultural barriers to genetic rescue include the concept of
species “integrity” and “purity”. That is, the fear of disrupting species genetic “identity”
following admixture. Stowell, Pinzone, and Martin (2017) and Ralls et al. (2017) both identified
this fear as stemming from the fact that species are often seen as fixed objects instead of
continuously evolving organisms.

The main biological barrier to genetic rescue is the possibility of outbreeding depression.
Outbreeding depression is defined as the reduction in mean population fitness following

admixture between genetically divergent lineages (Hufford and Mazer 2003). Two mechanisms
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may explain this observable loss of fitness in admixed individuals: Dilution of adapted genotypes
(also called underdominance) (Montalvo and Ellstrand 2001; Waser and Price 1994) or hybrid
breakdown (loss of fitness resulting from the disruption of epistatic interactions following
recombination) (M. Keller, Kollmann, and Edwards 2000). Outbreeding depression may pose a
serious threat to genetic rescue attempts, and risks associated with inter-population gene flow
should be examined. Current guidelines aiming to inform best practices for genetic rescue
emphasize the importance of evaluating evolutionary mechanisms underlying populations
genetic differentiation (Ralls et al. 2018; Frankham et al. 2011). Genetic rescue applied to
endangered populations without this knowledge could be as much beneficial (increasing genetic
variability of targeted populations and alleviating inbreeding depression) as deleterious
(outbreeding depression). Consequently, understanding evolutionary processes driving
population genetic differentiation is crucial when considering genetic rescue as a potential
conservation strategy.
1.8. Study system: Pinus torreyana Parry ex Carriére

1.8.1. Taxonomy and distribution

Pinus torreyana Parry ex Carriere, commonly named Torrey pine, is a yellow pine
(subgenus Pinus) belonging to subsection Sabinianae, also including Pinus sabiniana Douglas
(Grey pine) and Pinus coulteri D. Don (Coulter pine) (Critchfield and Little 1966). Endemic to
south-western California, Torrey pine is distributed in two disjunct populations sometimes
referred to as two different subspecies - Pinus torreyana subsp. torreyana and Pinus torreyana
subsp. insularis (J. R. Haller 1986). One population (Pinus torreyana subsp. torreyana) located
in La Jolla, CA, at the Torrey Pine State Reserve (TPSR) extends over an area of approximately

9.6 km? along the mainland coast. Trees typically occur at elevations between 30 m and 125 m
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on rapidly eroding slopes and ravines, and are surrounded by a diverse plant life, including
coastal dunes, Diegan sage, wide-ranging chaparral, more restricted southern chaparral, desert,
and woodland species (J. R. Haller 1986).

The other population (Pinus torreyana spp. insularis) is located on the north-eastern
shore of Santa Rosa Island (SRI), one of the Channel Islands, 57 km southwest of Santa Barbara.
Trees typically grow between 30 to 180 m above sea level, in ravines and low ridges of a north-
facing slope, and are surrounded by a similar plant life to that found at TPSR, including for
examples wide-ranging chaparral and woodland species. However, vegetation flourishing under
drier conditions are absent from island Torrey pine stands, and mesic as well as endemic species
are more abundant (J. R. Haller 1986).

With approximately 3,000 and 4,000 reproductively mature trees within island (SRI) and
mainland (TPSR) populations respectively (J. Franklin and Santos 2011; Hall and Brinkman
2015), Torrey pine is considered one of the rarest pine species in North America (Dusek 1985;
Critchfield and Little 1966). In addition, low genetic diversity observed within the species
indicates populations may suffer from reduced evolutionary potential, threatening it long-term
persistence (Ledig and Conkle 1983; Whittall et al. 2010). Listed as critically endangered based
on the IUCN Red List of Threatened Species (IUCN 2021b), extensive conservation efforts have
been undertaken to preserve this iconic Californian endemic pine both in situ and ex situ.

1.8.2. A model to study island-mainland evolutionary dynamics

Island and mainland populations present an ideal system to study impacts complex
evolutionary processes have had on phenotypic and genetic structure. First, foundation of island
populations by small numbers of immigrants and possible geographic isolation following

colonization suggests that loss of genetic diversity and phenotypic differentiation on islands may

15



be driven by stochastic processes, including founder effects, genetic drift, and inbreeding (S. C.
H. Barrett 1996; Frankham 1996). However, ecological differences between island and mainland
populations may be considerable, indicating that natural selection and adaptations to local
environments may represent important drivers of island-mainland evolution. Various
morphological changes in island plants have been recorded and hypothesized to result from
differential selective pressures among island and mainland environments (Lens et al. 2013;
Burns, Herold, and Wallace 2012; Burns 2016). For instance, larger seed size on islands may
have evolved to reduce seed loss via dispersal beyond island limits or increase seedling
competitive abilities (Kavanagh and Burns 2014; Burns 2016), and larger leaves may have
evolved following released from mainland herbivores (Burns, Herold, and Wallace 2012).
Geological deposits on SRI dating from the Eocene to Miocene epochs suggest the island
likely uplifted from ocean floors following tectonic movements during the Tertiary age (Muhs et
al. 2014; Schumann et al. 2014). Consequently, it has never been part of the North American
continent and establishment of Torrey pine on the island required its colonization. This indicates
that neutral evolutionary processes could potentially play a role in driving island and mainland
population differentiation. However, data exist suggesting that SRI may have been closer to the
coast of San Diego during the mid-Miocene than it currently is (approximately 280 kms) (Ledig
and Conkle 1983). Combined with elevated pollen dispersal known in pines (Campbell et al.
1999; Varis et al. 2009; Williams 2010), opportunities for gene flow between populations may
have existed and may still exist, hindering population divergence through neutral evolution.
Nonetheless, phenotypic differences have repeatedly been observed between island and mainland
trees (J. R. Haller 1986; J. A. Hamilton et al. 2017). Natural selection and adaptation to differing

island and mainland environments may thus also contribute to population divergence. For

16



example, differences in biotic selective pressures, including release in seed predators on the
island and the presence of the California fivespined ips beetle (Ips paraconfusus Lanier) on the
mainland (Shea and Neustein 1995; M. Johnson, Vander Wall, and Borchert 2003) may have
promoted differentiation.

Overall, Torrey pine represents a valuable model to study the impact stochastic and
deterministic process have had on rare species’ population structure, and more broadly, evolution
across island-mainland systems.

1.9. Research objectives
1.9.1. Objective 1: Investigating environmental and geographic distances as potential
surrogates for estimating genetic variation and inform ex situ sampling (Chapter 2)

Theory suggests environmental and geographic variation structure genetic diversity
among species’ populations. Environmental variation by prompting individuals’ adaptation to
their local environment, and geographic variation by reducing inter-population gene flow and
promoting genetic differentiation via genetic drift or founding colonization events (Slatkin 1993;
I. J. Wang and Bradburd 2014; Ledig 2000). Consequently, when nothing but the distribution of
a rare species is known, environmental and geographic distances may provide the ability to
prioritize sampling of genetically divergent populations, optimizing genetic diversity captured in
ex situ collections. Environmental distance was defined as pairwise Euclidean distances among
source populations’ climates, and geographic distance as the pairwise Euclidean distance among
populations’ coordinates (latitude, longitude). Combining a simulation framework with
previously published genetic data, | tested the hypothesis that ex situ collections prioritized using
distance-informed population sampling capture more genetic diversity than ex situ collections

formed from randomly selected populations, as they would preferably be established from
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genetically differentiated populations. Furthermore, | predicted that (i) environmental distance-
based sampling would optimize preservation of adaptive genetic diversity by capturing adaptive
processes influencing population genetic structure, and (ii) geographic distance-based sampling
would optimize preservation of standing genetic variation by capturing neutral processes driving
population differentiation.

1.9.2. Objective 2: Evaluating morphological variation in existing seed collections as a tool
to provide sampling guidance for future ex situ conservation efforts (Chapter 3)

Millions of seed accessions have been stored worldwide (Y.-B. Fu, Ahmed, and
Diederichsen 2015; D.-Z. Li and Pritchard 2009), representing a large, yet underexploited,
conservation resource. Previous research has shown that seed morphology in conifers is
primarily genetically determined (Roy, Thapliyal, and Phartyal 2004; Carles et al. 2009; Zas and
Sampedro 2015), as opposed to environmentally controlled. Largely heritable, seed trait variation
may thus provide a good proxy for estimating the distribution of genetic variation within and
among populations. When existing ex situ seed collections are available, morphological variation
evaluated from stored seeds may thus potentially be used to tailor species-specific guidelines to
optimize genetic diversity captured in future conservation collection. Combining morphological
variation estimated from wild-collected seeds of Torrey pine with resampling simulations, this
study evaluates the potential use of trait variation within and among seed populations as a tool to

establish optimal sampling guidance for future ex situ conservation efforts.
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1.9.3. Objective 3: Determining whether an understanding of species’ evolutionary potential
gained from genomic data can be used to help optimize conservation of genetic variation
(Chapter 4)

Determining appropriate management strategies to preserve and maintain rare species’
genetic diversity is a primary objective in conservation biology. Within this context, knowledge
on spatial and temporal changes in effective population sizes is needed to evaluate past and
current variation in rare species’ adaptive potential, as both inbreeding and loss of genetic
diversity negatively correlate with populations’ effective sizes. For species suffering from
severely low effective population sizes, genetic rescue may represent a potential management
strategy to increase both genetic variation and fitness of populations (Whiteley et al. 2015).
Nonetheless, outcomes of genetic rescue may vary depending on how different evolutionary
processes interact to drive population genetic differentiation. While this strategy may restore
gene flow between small, isolated populations, mitigating inbreeding depression and increasing
populations’ performance, it may also have the opposite effect by introducing maladapted
variation within targeted populations (Hufford and Mazer 2003). With this study, | teased apart
the respective roles neutral and adaptive processes have had on population genetic variation in
Torrey pine and evaluated whether rare species’ evolutionary history inferred from genomics
data can be used to inform conservation management decisions.

1.9.4. Objective 4: Providing conclusive remarks and future directions (Chapter 5)

With the last chapter of this dissertation, | synthesized my most significant results and

discussed future work that could complement and build upon past and present research aiming to

conserve species’ evolutionary potential.
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2. USING ENVIRONMENTAL AND GEOGRAPHIC DATA TO OPTIMIZE EX SITU
COLLECTIONS AND PRESERVE EVOLUTIONARY POTENTIAL!
2.1. Abstract
Maintenance of biodiversity through seed banks and botanical gardens, where the wealth

of species’ genetic variation may be preserved ex situ, is a major goal of conservation. However,
challenges can persist in optimizing ex situ collections where trade-offs exist between expense,
effort, and conserving species evolutionary potential, particularly when genetic data is not
available. Within this context, we evaluate the genetic consequences of guiding population
preservation using geographic (isolation-by-distance, IBD) and/or environmental (isolation-by-
environment, IBE) distance for ex situ collections where population provenance is available. We
use 19 genetic and genomic datasets from 15 plant species to (i) assess the proportion of
population genetic differentiation explained by geographic, environmental or both factors, and
(i) simulate ex situ collections prioritizing source populations using pairwise geographic
distance, environmental distance, or both. Specifically, we test the impact prioritizing sampling
based on these distances may have on capturing neutral, functional, or putatively adaptive
genetic diversity and differentiation. Individually, IBD and IBE alone explain limited population
genetic differences across all three genetic marker classes (IBD: 10%-16%, IBE: 1%-5.5%).
However, together, they explain a substantial proportion of population genetic differences for

functional (45%) and adaptive (71%) variation. Consistent with these results, simulated ex situ

! The material presented in this chapter was co-authored by Lionel N. Di Santo and Jill A. Hamilton. Lionel Di
Santo had primary responsibility for collecting the data, performing statistical analysis, and developing conclusions
advanced here. Lionel Di Santo also drafted and revised all versions of this chapter. Jill Hamilton served as
proofreader and contributed to writing and improving all versions of this chapter. A modified version of this chapter
is published in Conservation Biology: Di Santo, Lionel N, and Jill A Hamilton. 2020. “Using Environmental and
Geographic Data to Optimize Ex Situ Collections and Preserve Evolutionary Potential.” Conservation Biology 35
(2): 733-44. https://doi.org/10.1111/cobi.13568.
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collections reveal that inclusion of IBD and/or IBE increases both allelic diversity and genetic
differentiation captured among populations, particularly for loci that may be important for
adaptation. Thus, prioritizing population collections using environmental and/or geographic
distance data can optimize genetic variation captured ex situ. For the vast majority of plant
species for which we have no genetic information, these data are invaluable to conservation,
guiding preservation of genetic variation needed to maintain evolutionary potential within
collections.
2.2. Introduction

Genetic variation is fundamentally a prerequisite for adaptive evolution (Carlson,
Cunningham, and Westley 2014). Consequently, to maintain species’ evolutionary potential,
conservation often focuses on the preservation and maintenance of genetic variation. Ex situ
collections provide one approach to preserve genetic diversity outside species’ native ranges.
This includes extensive efforts to collect, preserve, and maintain variation across the range of
different crop species, wild relatives, and rare or threatened species (Q. Li, Xu, and He 2002;
Westengen, Jeppson, and Guarino 2013; Naredo et al. 2017). The Global Strategy for Plant
Conservation (GSPC) aims to have at least 75% of endangered plant species preserved ex situ by
2020 and available for use in recovery or restoration (Target 8; https://plants2020.net/). While
significant progress has been made, major gaps remain in the maintenance of genetic variation
within collections (Sharrock, Hoft, and Dias 2018). Consequently, ex situ programs designed to
maintain genetic diversity are yet needed.

Traditionally, ex situ methods rely on either probabilistic equations (Brown and Marshall
1995; Lawrence, Marshall, and Davies 1995), or stochastic resampling using pre-existing genetic

datasets to optimize sampling efforts (Caujapé-Castells and Pedrola-Monfort 2004; Gapare,
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Yanchuk, and Aitken 2008). However, these approaches have limitations as they require either
the availability of genetic data (population resampling strategy) or make ungeneralizable
assumptions of within species population structure (probability-based strategy; Lockwood,
Richards, and Volk 2007). More recently, simulation-based strategies have been developed and
tested to guide sampling practices (Hoban and Schlarbaum 2014; Hoban 2019). Simulation-
based approaches do not require previously published genetic datasets but enable realistic
simulations of population structure using available estimates of population size and genetic
connectivity. To overcome challenges associated with a priori data requirements, the use of
surrogate data, such as environmental or spatial data to estimate neutral and nonneutral genetic
variation has received considerable attention (Guerrant Jr, Havens, and Vitt 2014; R. Whitlock et
al. 2016; Hanson et al. 2017). Empirical work has focused mainly on testing these data
surrogates in preserving genetic diversity in situ or in wild populations (R. Whitlock et al. 2016;
Hanson et al. 2017). However, using environmental and geographic data to optimize ex situ
sampling could have substantial value to conservation.

Evolutionary processes have predictable impacts on the distribution of standing genetic
variation, which may be used to guide ex situ collections. IBD or “isolation-by-distance” (Wright
1943) arises when gene flow between geographically distant populations is not enough to
counteract the accumulation of genetic differences via genetic drift or following successive
founder events during colonization (Slatkin 1993; Ledig 2000). In this way, IBD is a proxy for
the relationship between pairwise population geographic and genetic distances associated with
spatial structure and serial colonization across a landscape. Likewise, IBE or “isolation-by-
environment” (I. J. Wang and Summers 2010) describes the accumulation of genetic differences

between environmentally distinct populations. IBE predicts that environmental differences are
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correlated with genetic differences (I. J. Wang and Bradburd 2014), as selection differs across
environments (M. Keller, Kollmann, and Edwards 2000; McBride and Singer 2010), providing a
proxy for the relationship between genetic and environmental distance. The influence of
geographic and environmental variation in structuring patterns of genetic variation, either
independently or collectively, has received extensive support across taxa (Sexton, Hangartner,
and Hoffmann 2014). Given these observations, spatial and environmental data may provide
valuable proxies in designing ex situ conservation collections that optimize the preservation of
neutral and nonneutral evolutionary processes.

The impact of IBD and IBE on population genetic structure is expected to differ for
neutral and adaptive genetic variation (Table 1). This includes the prediction that IBD will have a
greater influence at neutral loci relative to IBE. IBD reflects past and current demographic
history, as well as the interplay between drift and gene flow in structuring genetic variation,
whereas IBE is influenced by natural selection, largely reflecting adaptive genetic variation.
Cumulatively, we predict that IBD and IBE will explain the greatest proportion of genetic
differences among populations for nonneutral loci. Finally, for those genetic markers underlying
functional genetic diversity, including polymorphisms within genes or expressed sequences, we
predict patterns of IBE and IBD will be intermediate as they may reflect a combination of
adaptive and neutrally evolving loci.

The explosion of genetic and genomic datasets publicly available provides a timely
opportunity to compare the contribution of IBD and IBE to genetic structure. In the present
study, we compare the influence of genetic marker type on IBD and IBE. We classify single-
sequence repeats (SSRs) and genome-wide single-nucleotide polymorphisms (SNPs) as neutral

genetic variation (neutral class), SNPs identified previously as candidate loci for selection using
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statistical or empirical methods as underlying adaptive genetic diversity (adaptive class), and
genetic markers within known genes or expressed sequences (genic SNPs or expressed sequence
tag SSRs) as a functional class. We distinguish functional polymorphisms from neutral and
adaptive classes as these markers estimate quantitative genetic variation and likely represent a
combination of neutral and adaptive processes.

Table 1. Evolutionary processes ? contributing to genetic structure across neutral and adaptive

genetic markers and their predicted weight ® on expected patterns of among-population genetic
differentiation (Random, IBD and IBE).

Neutral genetic markers Random IBD IBE
Stochastic processes (e.g., genetic drift, inbreeding) ++ - -
Demographic history (e.g., founder events) ++ + -
Genetic drift combined with gene flow - +++ -
Natural selection - - +
Adaptive genetic markers Random IBD IBE

Stochastic processes (e.g., genetic drift, inbreeding) - (+) - -
Demographic history (e.g., founder events) - - -
Genetic drift combined with gene flow - + -
Natural selection - - +++

& Here genetic drift alone is a stochastic evolutionary force and genetic drift combined with gene
flow is a process leading to a pattern of IBD.

b Influence of the evolutionary forces on the specified pattern; -: no, +: small, ++: intermediate,
and +++: important.

To optimize sampling of genetic variation and differentiation ex situ, we have re-
analyzed existing genetic and genomic datasets to (i) quantify the impact of IBD and IBE have
on population genetic structure across neutral, functional, and putatively adaptive genetic
datasets, and (ii) to evaluate whether inclusion of IBD and IBE during population sampling
influences genetic diversity captured at neutral, functional, and adaptive loci using simulated ex
situ collections. We use variation partitioning to disentangle the effect of IBD, IBE, their
intersection, and union on population genetic structure and then simulate ex situ collections using
geographic and environmental distance metrics to optimize genetic variation and differentiation
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conserved. This study seeks to advance understanding of the role non-genetic factors play in the
distribution of genetic variation across natural populations, and to provide new parameters to
optimize ex situ sampling designs where genomic data may be limited or non-existent.

2.3. Materials and methods
2.3.1. Source of genetic and geographic data

We searched the Dryad Digital Repository (https://datadryad.org/) to identify genetic or
genomics datasets for plant species using three discrete search categories: “Population structure
plant”, “SSR population structure” and “SNP population structure”. Following this, for inclusion
in our study, a dataset or a subset of a dataset had to meet the following criteria:

e Populations were collected range-wide or were sampled across an isolated
fraction of a species’ distribution.

e Geographic coordinates (latitude, longitude) were available for each population
sampled.

e Genetic data, categorized as SSRs (single-sequence repeats), EST-SSRs
(expressed sequence tag SSRs) or SNPs (single-nucleotide polymorphism), were
available.

Range-wide sampling or sampling of populations spanning a large, isolated fraction of a
species’ distribution were required to ensure the majority of a species’ ecological niche space
was captured. In addition, sampling a broad range of environmental and geographic distances
can reduce the likelihood of covariance between environmental and geographic factors (1. J.
Wang and Bradburd 2014). Using publicly available databases, population-specific latitude and
longitude were used to model climatic variation associated with geographic provenance. These

data were used in variation partitioning analyses and to calculate pairwise population
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environmental and geographic distances for each species. To calculate genetic distances, we
included studies using SSRs, SNPs or EST-SSRs. SNP genotyping varied across studies,
therefore we divided SNP datasets into two categories: SNPs assessed genome-wide (SNPs) and
SNPs assessed within genes (Gen-SNPs). If specific SNPs were identified as being under
selection based on previous work, we included a fifth category, SEL-SNPs. Finally, genetic
markers were broadly classified as either putatively neutral (neutral class: SSRs, SNPs),
underlying functional variation (functional class: EST-SSRs, Gen-SNPs) or putatively adaptive
(adaptive class: SEL-SNPs).

Overall, we gathered 17 genetic or genomic datasets, in addition to two genomic datasets
received directly from Holliday et al. (2010) (Table 2; Table Al). To meet the above criteria,
datasets associated with seven of the 15 studied species were sub-sampled and individual
geographic coordinates for one study were averaged to create population-scale coordinates
(Table 2; Appendix B).

2.3.2. Environmental data

We used latitude, longitude and elevation associated with population provenance to
extract annual, seasonal, and monthly climate variables using ClimateNA (North America),
ClimateSA (South America), ClimateEU (Europe) or ClimateAP (Asia Pacific)
(https://sites.ualberta.ca/~ahamann/data.html) (Table A2). Where elevation was not provided,
GPS Visualizer (http://www.gpsvisualizer.com/elevation) was used to assign population
elevation values. In total, 80 environmental variables were assigned to each population,
including 79 climate-related variables and elevation. For each of the species, all environmental

variables associated with population origin were filtered, standardized, and transformed to
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Table 2. Proportion of genetic differentiation explained by environmental and geographic variables ? obtained using variation
partitioning analyses and correlation coefficients estimated between pairwise geographic and environmental Euclidean distances for
all 19 genetic and genomic datasets.

LZ

Study system Data Results
Species Distribution Number of Genetic IBD IBE IBDNIBE IBDUIBE  Corr.
Populations  Marker ° (Adj. R2) (Adj.R2) (Adj.R2) (Adj.R2) (V)
Betwla Japan 48 EST-SSRs 0.02 0.02 0.42 0.46° 0.48°
maximowiczlana
Centaurea Eurasia 25 SNPs 0.14° 0.33° 0 0.47° -0.02
solstitialis
Helianthus North 15 SNPs 0.1° 008 002 0.2¢ 0.93°
annuus America
Helianthus = o o 51 Gen-SNPs 0.02 0.04¢ 032 0.38° 0.9°
argophyllus
Mimulus United 14 SNPs 0.14 0.09 0 0.23 0.56°
guttatus Kingdom
Mimulus California 23 SSRs 0.01 0.03 0.04 0.08f 0.35¢
lacinatus
Narcissus Spain and 26 SSRs 0.12f 0.03 0.02 0.17° 0.08
papyraceus Morocco
Nothofagus Chile 12 SSRs 0 0 0.18 0.18 0.49°
alpina
Nothofagus Chile 8 SSRs 0.75¢ 0.05 0.06 0.86¢ 0.2
glauca
Nothofagus Chile 20 SSRs 0.17°  0.06 0.39 0.62¢ 0.31¢
obliqua
Picea North 10 Gen-SNPs 0.07 0 0.37 0.44 0.44°
sitchensis America
10 SEL-SNPs 0.15 0 0.56 0.71f 0.44¢
Populus — — North 31 Gen-SNPs 035 001 0.3 0.66° 0.42°
balsamifera America
31 SEL-SNPs 0.32¢ 0.01 0.42 0.75¢ 0.42¢




8¢

Table 2. Proportion of genetic differentiation explained by environmental and geographic variables ? obtained using variation
partitioning analyses and correlation coefficients estimated between pairwise geographic and environmental Euclidean distances for
all 19 genetic and genomic datasets. (continued)

Study system Data Results
Species Distribution Number of Genetic IBD IBE IBDNIBE IBDUIBE  Corr.
Populations ~ Marker ® (Adj. R2) (Adj.R2) (Adj.R2) (Adj.R2) ()
Populus Sweden 12 Gen-SNPs 0.02 0 0.02 0.04 0.71°
tremula [control set]
12 Gen-SNPs 0.15 0.05 0.33 0.53° 0.71°
[defense set]
12 SEL-SNPs 0.16 0.07 0.25 0.48° 0.71°
Rhododendron 18 EST-SSRs 0.1 005 0.24 0.42° 0.29°
oldhamii
Shorea South-East EST-SSRs 024° 003 0.25 0.52° 0.27°
leprosula Asia

& Proportion of population genetic differentiation explained by pure geographic factors (IBD), pure environmental factors (IBE), the
shared variation between environmental and geographic factors (IBDNIBE), and both environmental and geographic factors combined
(IBDUIBE). Note that negative adjusted-R? values are listed and interpreted as zeros.

b SSR: single-sequence repeat (neutral class), EST-SSR: expressed sequence tag single-sequence repeat (functional class), SNPs:
genome-wide single-nucleotide polymorphism (neutral class), Gen-SNPs: genic single-nucleotide polymorphism (functional class),
and SEL-SNPs: single-nucleotide polymorphism identified as potentially under selection (adaptive class).

¢ Subsampled genetic or genomic datasets.

d Adjusted geographical coordinates.

¢ Fractions of variation explained and correlation coefficients are significant at 0=0.05.

" Fractions of variation explained and correlation coefficients are significant at 0=0.1.



summarize environmental differences among populations. First, dataset-specific environmental
variables exhibiting no population-level variation were excluded from analyses. Environmental
variables were then standardized and used to conduct a principal component analysis (PCA).
PCA was used to reduce the overall number of environmental variables by summarizing
environmental differences across two major axes of differentiation, which together explain more
than 70% (range = 73.9-93%) of the environmental variation observed among populations (Table
A3). These two major PC axes were considered as predictor variables for variation partitioning
and used to calculate population pairwise environmental distances in simulations. Although two
environmental PC axes are used here to summarize major environmental differences between
populations, the inclusion of additional axes may capture subtler environmental differences.
Therefore, if the objective of a collection is to preserve fine-scale adaptive genetic variation,
increasing the number of PC axes may capture subtler environmental variation important for
adaptation.
2.3.3. Variation partitioning analysis

To quantify the contribution of IBD and IBE to genetic divergence within each of the 19
datasets, we conducted a variation partitioning analysis in R (R core Team 2018) using the
“vegan” package (Oksanen et al. 2007). We used standard estimates of population genetic
differentiation re-calculated for all population pairs within each dataset as our response variable.
To account for variation in genetic markers, we used Nei’s Fst (Nei 1987), as this metric can
provide comparable estimates of population genetic differentiation for both biallelic (e.g. SNPs)
and multi-allelic (e.g. SSRs) loci. For each dataset, population divergence was partitioned
between two sets of predictor variables, including the geographic coordinates (latitude,

longitude) and the two major environmental PC axes (PC1, PC2) associated with each population
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within a dataset. Following variation partitioning, we conducted a partial distance-based
redundancy analysis (dbrda) on each dataset to test the significance of (i) variance explained by
each set of predictor variables alone (IBD, IBE; Table 2), and (ii) the variance explained by the
union of predictor variables — that is the total variance explained by geographic and
environmental factors - (IBDUIBE; Table 2). We did not evaluate the significance of the
variance explained by the intersection of predictor variables — or the variance explained by the
shared variation between geographic and environmental factors — (IBDNIBE; Table 2), as this
variance fraction is not testable using dbrda.
2.3.4. Quantifying the correlation between genetic, environmental, and geographic distances

Geographic and environmental distance between population pairs was measured as the
Euclidean distance between populations’ geographic coordinates (latitude, longitude) or between
populations’ two major environmental PC axes (PC1, PC2), respectively. To visualize and
evaluate the covariance structure between genetic, environmental, and geographic distance
matrices, we graphed and estimated the correlation between all distance metrics (Table 2; Figure
Al). Correlation coefficients were estimated using the nonparametric mantel test implemented in
the R package “adegenet” (Jombart 2008) for each dataset separately.
2.3.5. Simulating an ex situ collection: an idealized framework

We simulated an idealized ex situ conservation collection for each dataset using a
customized R script relying on R packages “adegenet” (Jombart 2008), “hierfstat” (Goudet 2005)
and “data.table” (Dowle and Srinivasan 2019). This simulation measured the amount of genetic
differentiation and the proportion of allelic diversity captured in ex situ collections that prioritize
population sampling based on environmental and geographic distances. We simulated ex situ

collections using four different population sampling strategies. This included random sampling,
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as well as sampling prioritized based on distances between populations’ two major
environmental PC axes (Euclidean environmental distance), sampling based on distances

between populations’ geographic coordinates (Euclidean geographic distance) or both (Figure 1).

Genetic or genomic dataset - : -
Environmental distance
(SSRs, SNPs, EST-SSRs, Geographic distance ;
matrix matrix

Gen-SNPs, SEL-SNPs) l/

Sampling of Np source
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Using environmental Using geographic Using environmental and Random -
distance matrix distance matrix geographic distance matrices Sampling of Np S
Sampling of the Np most Sampling of the Np Sampling of the Np most populations (without a8
environmentally distant most geographically environmentally and replacement) from the pool a
populations distant populations geographically distant populations of available populations e
e 3
Idealized Realistic S
Sampling of all individuals Random sampling of N, 3
within sourced populations individuals within sourced 3
populations £
@
=
‘ Simulated ex situ collection ‘ 5

Estimation of differentiation and diversity

genetic parameters: Nei’s Fsr, AJ/Aq

Figure 1. Simulation framework used to estimate genetic variation and differentiation
parameters in ex situ collections simulated under two different within-population sampling
scenarios (realistic and idealized) and four distinct population prioritization strategies (random,
based on environmental distance, based on geographic distance, and based on both
environmental and geographic distance combined). Simulations using this framework were
conducted on each dataset independently. Computation proceeds from top to bottom.

Ex situ collections were simulated using between two and the total number of populations
available for each dataset (Np, Figure 1). Randomized sampling sampled populations without
replacement from the pool of available populations. Environmentally or geographically
prioritized simulations sampled population pairs with the greatest pairwise distances in

decreasing order. Collections simulated using the combination of environmental and geographic

distances sampled population pairs that exhibited the greatest sum of environmental and
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geographic distances following standardization, prioritized in decreasing order. All individuals
within each population were sampled as part of the idealized simulation.

To compare genetic diversity captured across simulated collections, we estimated two
genetic parameters: Nei’s Fstand allelic diversity captured (Ac/Ad). These indices were chosen
as they quantify different aspects of population genetic diversity. Nei's Fst provides an estimate
of genetic differentiation across sampled populations and Ac/Aq provides an estimate of the
number of alleles captured in collections (Ac) relative to the total number of alleles present
within a dataset (Ad). All genetic parameters were estimated in R using the “hierfstat” package.

Population sampling and associated genetic summary statistics were simulated 500 times
for each dataset to account for the variance introduced through randomly sampling across
populations. Summary statistics were estimated based on average values across all 500
simulations. No replication was used for environmental and/or geographic distance-based
population sampling, as neither provenance of source populations nor genetic summary statistics
would have changed with repeated iterations.

For these idealized simulations, all individuals were sampled within each target
population (equivalent to protecting the entire population), regardless of collection strategy,
assuming 100% of the standing genetic variation was captured. However, monetary, or logistical
constraints usually impact the number of individuals that could be sampled within a target
population. Given this, we predict that genetic diversity captured within source populations will
vary. To assess whether insights gained from idealized simulations were maintained under more
realistic conditions, we conducted additional simulations, introducing differences in the amount
of genetic diversity captured between populations (hereafter referred to as realistic simulations,

see below).
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2.3.6. Simulating an ex situ collection: a realistic framework

To simulate a realistic ex situ collection, a subset of individuals was sampled within each
population. This provides the opportunity to evaluate the impact varying genetic diversity
captured within populations may have on total genetic diversity and differentiation captured
across populations collected. We assume that ex situ collections aim to preserve as much genetic
variation as possible within each population. Within this framework, we postulated that at least
80% of within-population allelic diversity would be captured ex situ. Therefore, for each dataset,
we assessed the number of individuals (Nsow) that when sampled captures between 80%-100% of
allelic diversity within each population, stochastically introducing variation in genetic diversity
captured across populations.

An additional simulation was used to determine the value of Ngos for each dataset (Figure
2). For every population, N individuals (ranging from one up to the size of the smallest
population within the assessed dataset) were randomly sampled without replacement. Following
this, the number of alleles captured for N individuals (As) divided by the total number of alleles
in the population (Ap) was quantified for each population. Sampling of individuals and
quantification of allelic diversity captured was replicated 500 times for each population and
value of N to calculate confidence intervals around As/A, ratios. The number of individuals
required to capture 80% or more (As/Ap >0.8) of allelic diversity in every population (Nsow) Was
visually assessed for each dataset independently (Figure A2) and used to parametrize realistic
simulations (Figure 1). Ex situ collections were simulated 500 times using the realistic scenario
to estimate genetic summary statistics regardless of the population sampling strategy used

(Figure 1). For these simulations, Ngo% were often much lower than the existing size of most
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populations and performing repeated iterations accounted for the variation in genetic summary

statistics introduced by small values of Ngos.
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Figure 2. Simulation framework used to estimate the number of individuals required to capture
between 80-100% of allelic diversity in each population of a dataset (Nso%). Simulations using
this framework were conducted on each dataset independently. Computation proceeds from top
to bottom.

Maintaining the range of As/A, ratios across datasets is crucial as unbalanced variance
may confound the influence of prioritization strategies in downstream analyses. Four of the 19
datasets (H. argophyllus (Gen-SNPs), M. lacinatus (SSRs), R. oldhamii (EST-SSRs), and S.
leprosula (EST-SSRs)) were discarded from realistic simulations, as Nso values were not
reached for these datasets (Figure A2). These same datasets were also removed from idealized
simulations to ensure that differences in summary statistics between idealized and realistic
simulations originated solely from variation in allelic diversity captured across populations

introduced in the latter. See Table A4 for a complete list of parameters tested and used for

simulations.
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2.3.7. Analysis of simulated data

We tested whether prioritizing source population collection using environmental and/or
geographic distance data influences genetic variation and differentiation captured ex situ. For
every number of populations sampled (Np), genetic summary statistics simulated using random
sampling were subtracted from values based on prioritization strategies using environmental
distances, geographic distances, or both. Summary statistics were averaged for each dataset
following repeated iterations, grouped by distance-based strategies, genetic marker class, and
simulation framework (idealized or realistic) (Figure 4). Differences in genetic summary
statistics are provided based on the proportion of populations sampled as the number of
populations sampled for analysis varied across studies. For each dataset, we selected four
numbers of populations sampled (Np) representing between 30-40%, 50-60%, 70-80%, and 90-
100% of populations present in a dataset (Table A4).

Finally, we fitted a linear model between proportions of populations sampled and
differences in genetic summary statistics for every combination of genetic marker class,
distance-based prioritization strategy, and simulation framework (Figure 4). A negative
relationship indicates that a given distance-informed sampling generally increases the genetic
summary statistics relative to random sampling while a positive relationship would suggest the
opposite. In addition, it is important to note that a significant relationship (positive or negative)
will always be approaching zero as the proportion of populations sampled increases. This is
because with additional populations sourced, the probability that identical populations are
sampled randomly or via distance-based strategies increases and will reach one when all
populations are sampled. As the number of shared populations between sampling strategies

increases, the difference in genetic summary statistics decreases.
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2.4. Results

2.4.1. Relative contributions of IBD and IBE to population genetic differentiation

Variation partitioning revealed that IBD explained significantly more among-population
genetic differences (13%) than IBE alone (5.5%) or IBDNIBE (3%) for neutral genetic datasets
(Figure 3A). This contrasts with functional and adaptive datasets, where a significantly higher
proportion of among-population genetic differences was explained by geographically structured
environmental variables relative to environmental or geographic factors alone (Figure 3A).
Overall, 31% and 42% of population genetic differences were explained by IBDNIBE for
functional and adaptive datasets, respectively, while only a small proportion was explained by
IBD (functional: 10%, adaptive: 16%) and IBE alone (functional: 2.5%, adaptive:1%).

A Neutral Functional Adaptive

o
=)

=
@
®

Proportion of genetic differentiation
S N
fo—
>
(e
@
F—
w
>
g
>
—
>
[
>

IBD IBE IBDNIBE IBD BE IBDNIBE IBD IBE BDNBE
B
BD IBE IBDNIBE IBDUIBE
c
9o
k]
g 0.75 c
£
©
o 0.50 IB
3 B
5 {e
0.25
5 I A A
s A IA I IA
£ A A
5 0.00 x TA I
Q
[
a

Neutral Functional Adaptive Neutral Functional Adaptive Neutral Functional Adaptive Neutral Functional Adaptive

Figure 3. Median proportion of population genetic differentiation explained by (A) purely
geographic factors (IBD), purely environmental factors (IBE), and the shared variation between
environmental and geographic factors (IBDNIBE) across genetic marker classes (neutral,
functional, adaptive) and (B) IBD, IBE, IBDNIBE, and both environmental and geographic
factors combined (IBDUIBE) across genetic marker classes. Error bars represent 95% confidence
intervals obtained by bootstrapping (2,000 bootstrap replicates). Two medians are significantly
different (a=0.05) if their confidence intervals do not overlap. Significant difference between
medians is notified by nonmatching capital letters (A, B, C).
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While significant differences in the proportion of genetic differentiation explained were
observed across genetic marker classes for IBDNIBE and IBDUIBE, no significant differences
were observed in the individual contribution of IBD and IBE (Figure 3B). IBDUIBE explained
the greatest proportion of genetic differences for adaptive genetic markers (71%), followed by
functional (45%) and neutral (21.5%) genetic markers, respectively. Interestingly, IBDNIBE
explained substantial among-population genetic differences for both functional and adaptive
datasets but explained limited variation for neutral datasets (Figure 3B). The contribution of
IBDNIBE to population genetic differentiation for adaptive and functional datasets likely reflect
high correlations observed between environmental and geographic distance matrices (Table 2;
Figure Al). Therefore, the relative contribution of geography and environment should be
interpreted with caution for these genetic marker classes, as population genetic differentiation
could not be partitioned solely by IBD or IBE.

2.4.2. Genetic diversity and differentiation captured in simulated ex situ collections
2.4.2.1. Genetic differentiation (Nei’s Fsr)

Significant negative relationships were observed between proportions of populations
sampled and changes in genetic differences (Fst) captured for collections simulated using both
adaptive and functional datasets, but not neutral genetic datasets (Figure 4A). This suggests that
using environmental and/or geographic distance to prioritize population sampling may
potentially increase adaptive and functional genetic variation captured in ex situ collections.
Simulations revealed that using all three distance-based population sampling strategies increased
genetic differentiation captured among adaptive loci (Figure 4A). This contrasts with the results
obtained for functional datasets, where sampling prioritizing source populations using

environmental distance, or the combination of both environmental and geographic distances
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increased genetic differences captured. For both adaptive and functional genetic makers classes,
simulations based on realistic and idealized within-population sampling scenarios led to similar
slopes, regardless of the distance-based population sampling strategy used (Figure 4A; Table
ADb). This indicates that the ability of distance-based population sampling strategies to increase
Fst among functional and adaptive loci was not impacted by the within-population sampling
scenarios simulated.

2.4.2.2. Proportion of allelic diversity captured (Ac/Adq)

Both realistic and idealized ex situ collection simulations using functional and adaptive
genetic datasets indicated allelic diversity captured (Ac/Aq) is likely sensitive to within-
population sampling. Prioritizing population sampling using environmental distances increased
allelic diversity captured at functional loci under realistic within-population sampling conditions
but had no impact using idealized within-population sampling scenario (Figure 4B). This
contrasts with results obtained for adaptive datasets, where the opposite pattern was observed.
Prioritizing population sampling using environmental or the combination of environmental and
geographic distances increased Ac/Aq under idealized within-population sampling conditions
(Figure 4B). For neutral genetic datasets no consistent change in allelic diversity was observed in
response to varying proportions of population sampled, regardless of population prioritization
strategy tested or within-population sampling scenario simulated (Figure 4B). Together, these
results suggest that incorporating environmental and/or geographic distances to prioritize
collections may increase allelic diversity captured at both functional and adaptive loci.
Nonetheless, simulations also indicate that increasing allelic diversity captured in ex situ
collections is dependent on within-population sampling scenarios and may thus only be achieved

under specific sampling conditions.
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Figure 4. Average differences (+SE) across datasets in (A) population genetic differentiation
(Nei’s Fst) and (B) allelic diversity (Ac/Aq) estimated from ex situ collections simulated using
distance-informed (Env: environmental, Geo: geographic, and Env & Geo: environmental and
geographic) and random (Rand) population sampling strategies separated by genetic marker
classes (functional, neutral, and adaptive). Differences in genetic summary statistics were
estimated for different proportions of populations sampled. ns: non-significant.
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2.5. Discussion

Optimizing efforts to conserve genetic variation relies upon an understanding for how
non-genetic factors, geographic and environmental variation, contribute to population genetic
structure. Here, we leverage population provenance and environmental data to optimize genetic
differences captured in simulated conservation collections. Environmental and geographic
factors explain genetic differences observed among populations, although the extent differs by
genetic marker class. The proportion of genetic differentiation explained by IBDUIBE was
significantly higher for adaptive and functional datasets relative to neutral datasets (Figure 3B).
This suggests that geographic and environmental data may provide a useful guide when
designing ex situ population sampling, particularly where the goal is to conserve adaptive and
functional genetic variation. We simulated ex situ sampling and found that, as predicted,
strategies that included environmental, geographic, or both distances to prioritize population
sampling increased genetic differences and diversity captured at functional and adaptive loci.
Overall, we suggest inclusion of IBD and IBE in guiding ex situ sampling can ensure adaptive
and functional genetic variation is conserved, crucial for long-term preservation and maintenance
of species’ evolutionary potential. Although optimizing ex situ collections likely requires a
comprehensive cost-effectiveness analysis (Griffith and Husby 2010; Griffith, Lewis, and
Francisco-Ortega 2011), leveraging these existing data to prioritize collections provides an
economical and timely means to achieve conservation goals.

Consistent with previous studies, our results demonstrate that genetic differentiation
across neutral, functional, and adaptive loci can, at least partly, be explained by environmental
and geographic factors (Sexton, Hangartner, and Hoffmann 2014; Nadeau et al. 2016; Xia et al.

2018) (Table 2). Interestingly, limited genetic differentiation was explained by IBD or IBE alone
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across all three genetic marker classes. For functional and adaptive datasets, this is likely due to
the fact that substantial genetic structure is explained by their intersection (Figure 3A). Indeed,
IBDNIBE reflects covariance between geographic and environmental factors that cannot be
teased apart. Additional empirical work minimizing this covariance would be required to
completely disentangle these factors. Nonetheless, when combined, environmental and
geographic factors explained a substantial proportion of population genetic differentiation for
functional and adaptive datasets (IBDUIBE; Figure 3B). This suggests that geographic and
environmental differences contribute largely to genetic divergence at nonneutral loci (Huang et
al. 2016; Xia et al. 2018). Consequently, the inclusion of IBD and IBE may provide a means to
capture adaptive and functional genetic variation ex situ. For neutral datasets, geographic and
environmental factors, either individually (IBD, IBE) or cumulatively (IBDUIBE), explained
very small proportions of among-population genetic differences (Figure 3). This indicates that
stochastic processes, such as genetic drift, bottlenecks or founding events (Stern and Orgogozo
2009; Maruyama and Fuerst 1985; Gavrilets and Hastings 1996), likely influence neutral genetic
structure. Overall, our findings suggest that environmental and geographic distance metrics can
be used to target genetic differences that likely reflect adaptive or functional genetic variation
over neutral genetic variation.

Ex situ strategies have previously optimized variation captured in collections relying on
existing genetic datasets (Caujapé-Castells and Pedrola-Monfort 2004; Gapare, Yanchuk, and
Aitken 2008) or genetic simulations (Hoban and Schlarbaum 2014; Hoban 2019). These
approaches require substantial a priori information and target neutral genetic variation. Where
knowledge of population location is available, pairwise geographic and environmental distances

may be leveraged to extend previous sampling to conserve adaptive and functional genetic
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variation. Our simulations demonstrate that ex situ collections prioritized using environmental or
the combination of environmental and geographic distances increase both Nei’s Fst and Ac/Aq
captured for adaptive and functional datasets relative to random sampling (Figure 4). This
suggests that divergent selection contributes to genetic differentiation at nonneutral loci
(Hancock et al. 2011; T. Wang et al. 2016). Interestingly, IBE-based prioritization strategies
indicate that part of additional functional and adaptive genetic differences captured in collections
consist of environmentally or spatially restricted alleles (Figure 4B). However, simulations also
revealed that increasing allelic diversity captured in collections using distance-based
prioritization strategies depends on within-population sampling conditions (realistic or
idealized). These results have important applications to applied conservation efforts. While a
realistic sampling scenario was sufficient to increase Nei’s Fst at adaptive and functional loci,
only an idealized sampling scenario increased Ac/Aq captured at adaptive loci (Figure 4). This
suggests that IBD- and IBE-based sampling strategies can likely increase genetic differences
captured among populations by sampling only a subset of their individuals, whereas extensive
within-population sampling may be needed to increase adaptive allelic diversity captured in
collections. Overall, simulations demonstrate that inclusion of IBD and IBE in population
prioritization provides a means to target genetic variation that may be needed to maintain
adaptive potential within collections, without the need for prior genetic data.

Despite the fact conservation has long valued environmental and geographic data (Brown
and Marshall 1995; Guerrant, Havens-Young, and Maunder 2004; Guerrant Jr, Havens, and Vitt
2014), use of these data for conservation planning have only emerged during the past decade
(Vinceti et al. 2013; Hanson et al. 2017; R. Whitlock et al. 2016). Consistent with previous work,

we observe inconsistent benefits of leveraging geography for the preservation of neutral genetic
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diversity (Figure 4). This could be due to the fact that gene flow between populations may be
disturbed by landscape characteristics (Dudaniec et al. 2016), or some species may exhibit
greater gene flow between geographically distant populations (O’Connell, Mosseler, and Rajora
2007). Our results, however, do provide further empirical support for inclusion of environmental
and geographic data in conservation planning to target and increase adaptive variation conserved
(Hanson et al. 2017) (Figure 4). In addition, this study is the first to provide evidence that
distance-based population prioritization strategies may increase genetic differentiation and
diversity captured at functional loci. This indicates that using environmental and geographic
surrogates may not only preserve current adaptive genetic variation but may also secure variation
crucial for future evolution.

Although simulations are a powerful inferential tool, they can include a number of
assumptions. Here, we assumed that maternal plants used in realistic and idealized simulations
were collected for storage ex situ. However, the progeny of these plants more accurately reflects
those likely to be included in collections (FAO 2010). Future studies will need to consider
empirical or simulated progeny data to evaluate whether strategies leveraging environmental or
geographic data capture genetic variation across generations. In addition, by estimating
environmental differentiation between populations using principal component analysis, we made
two assumptions: linearity between environmental variables and low dimensionality of species’
environmental space. To test the susceptibility of our results to these assumptions, we re-ran
idealized and realistic simulations using non-metric multidimensional scaling (NMDS) instead of
PCA, and three instead of two environmental PC axes to estimate environmental distances
(Figure A3; Figure A4). Despite minor quantitative changes in the outcome of individual

simulations, these re-analyses lead to the same broad conclusions. Finally, we grouped different
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genetic markers into genetic diversity classes to test the effect of prioritizing population
sampling using environmental data, geographic data, or both at a broader scale. However, allelic
distributions and mutation models largely differ between these genetic markers. Thus, future
work should evaluate marker-specific patterns associated with IBD- and IBE-based prioritization
strategies.

Anthropogenic changes have had substantial impacts on biodiversity, resulting in a global
call for its preservation. While the cost of genotyping and sequencing continues to drop, genetic
testing of ex situ collections still remains largely prohibitive due to cost and effort required. This
research expands existing ex situ population sampling strategies, leveraging geographic
provenance and environmental distance to increase functional and adaptive genetic differences
conserved in collections. Incorporating our understanding of evolutionary and ecological
processes influencing population structure for collections provides a low cost and timely method
to meet conservation objectives, particularly critical for species at risk where limited genetic
information may be available.
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3. SEED MORPHOLOGICAL TRAITS AS ATOOL TO QUANTIFY VARIATION
MAINTAINED IN EX SITU COLLECTIONS: A CASE STUDY IN PINUS TORREYANA?
(PARRY)

3.1. Abstract

Understanding the within- and among-population distribution of trait variation within
seed collections may provide a means to approximate standing genetic variation and inform plant
conservation. This study aimed to estimate population- and family-level seed trait variability for
existing seed collections of Torrey pine (Pinus torreyana), and to use these data to guide
sampling of future collections. We quantified variation in 14 seed morphological traits and
seedling emergence within and among Torrey pine populations. Using a simulation-based
approach, we used estimates of within-population variance to assess the number of maternal
families required to capture 95% of trait variation within each existing seed collection.
Substantial structure was observed both within and among Torrey pine populations, with island
and mainland seeds varying in seed size and seed coat thickness. Despite morphological
differences, seedling emergence was similar across populations. Simulations revealed that 83%
and 71% of all maternal families within island and mainland seed collections respectively needed
to be resampled to capture 95% of seed trait variation within existing collections. From a

conservation perspective, our results indicate that to optimize genetic diversity captured in

2 The material presented in this chapter was co-authored by Lionel N. Di Santo, Monica Polgar, Storm Nies, Paul
Hodgkiss, Courtney A. Canning, Jessica W. Wright, and Jill A. Hamilton. Lionel Di Santo had primary
responsibility for collecting the data, performing statistical analysis, and developing conclusions advanced here.
Lionel Di Santo also drafted and revised all versions of this chapter. Monica Polgar contributed to collecting the data
and conducting statistical analyses. Storm Nies, Paul Hodgkiss, and Courtney Canning contributed to collecting the
data. Jessica Wright contributed to collecting the data, designing the research, and editing final versions of this
chapter. Jill Hamilton contributed to collecting the data, designing the research, as well as writing and improving all
versions of this chapter. A modified version of this chapter is published in AoB PLANTS: Di Santo, Lionel N,
Monica Polgar, Storm Nies, Paul Hodgskiss, Courtney A Canning, Jessica W Wright, and Jill A Hamilton. 2021.
“Seed Morphological Traits as a Tool to Quantify Variation Maintained in Ex Situ Collections: A Case Study in
Pinus Torreyana (Parry).” AoB PLANTS 13 (5): plab058. https://doi.org/10.1093/aobpla/plab058.
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Torrey pine seed collections, maximizing the number of maternal families sampled within each
population will be necessary.
3.2. Introduction

Ex situ seed collections preserve species genetic diversity outside of their native range,
providing the raw material for species reintroductions and germplasm to augment restoration
(Potter et al. 2017; Guerrant Jr, Havens, and Vitt 2014). Ensuring ex situ collections represent
genetic variation found in natural populations is critical to both contemporary conservation and
potential future restoration efforts (Schaal and Leverich 2004; Basey, Fant, and Kramer 2015).
An invaluable conservation resource, particularly for rare species, ex situ collections protect
against biodiversity loss in the wild, while preserving species’ evolutionary potential. However,
the cost and logistical constraints associated with seed collection pose a significant challenge.
Given this challenge, means are needed to optimize ex situ sampling efforts (Di Santo and
Hamilton 2020; Hoban and Schlarbaum 2014).

One approach may be to use the distribution of trait variation existing within
contemporary ex situ seed collections as a proxy for quantifying standing genetic variation
within and among populations. Although multiple factors influence plant phenotypes (Monty et
al. 2013; Villellas et al. 2014), seed morphological variation is often considered highly heritable.
For example, seed length, seed width, and seed mass have a heritability (or repeatability)
estimated between 0.33 and 0.98 in conifers, including maritime pine (Pinus pinaster), chir pine
(Pinus roxburghii), and white spruce (Picea glauca) (Roy, Thapliyal, and Phartyal 2004; Carles
et al. 2009; Zas and Sampedro 2015). In addition, traits such as seed shape, seed coat thickness,
or embryo length also exhibit high heritability, with values estimated between 0.59 and 0.96 for

agronomic species, including soybean (Glycine max), narrow-leafed lupin (Lupinus
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angustifolius) and rice (Oryza sativa) (Cober, VVoldeng, and Fregeau-Reid 1997; Hakim and
Suyamto 2017; Pandey, Seshu, and Akbar 1994; Mera et al. 2004). Given these observations,
variation in seed morphological traits likely has a genetic basis and may reflect standing genetic
variation within and among populations. In addition, morphological variation of seeds stored ex
situ may reflect variation attributable to the maternal environment (Platenkamp and Shaw 1993;
Singh et al. 2017). However, for rare species where existing genetic data are limited, quantifying
within and between population variation for traits largely considered heritable within existing
seed collections may be invaluable to optimizing future collections, even if estimates of genetic
variation do not control for maternal environment.

The distribution of heritable genetic variation estimated via common garden experiments
— experimental approaches used to understand the genetic contribution to phenotypic variation
under common environmental conditions — (Weber and Kolb 2014; J. A. Hamilton et al. 2017,
Yoko et al. 2020) or molecular genetic data (Tamaki et al. 2018; Hausman et al. 2014; Zhang and
Zhou 2013) can be used to quantify the distribution of standing genetic variation. However,
when common garden experiments or molecular genetic data are unavailable, quantifying trait
variation within and among ex situ seed population collections may provide a reasonable proxy
for the distribution of genetic variation. Millions of seed accessions have been stored in gene
banks internationally (FAO 2010), representing a large conservation and research resource.
Although common garden experiments are preferred when available, heritability of seed
morphological traits and ease of access to seeds through existing ex situ collections suggests that
quantifying seed morphological variation may provide a timely approach to estimating variation

preserved in collections. In addition, where the goal is to limit the loss of biodiversity and
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preserve evolutionary potential for rare species, existing seed morphological data may be
leveraged to optimize supplemental conservation collections.

Pinus torreyana Parry (Torrey pine), is one of the rarest pines in the world (Dusek 1985;
Critchfield and Little 1966), endemic to two discrete natural populations in California. Torrey
pine occupies one mainland population (Pinus torreyana subsp. torreyana) of approximately
6,000 trees at the Torrey Pine State Reserve in La Jolla, CA, and an island population (Pinus
torreyana subsp. insularis) of approximately 3,000 reproductively mature trees on Santa Rosa
Island, CA, one of the Channel Islands (J. Franklin and Santos 2011; J. R. Haller 1986; Hall and
Brinkman 2015) (Figure 5). Listed as critically endangered by the IUCN (2020), Torrey pine is
of critical conservation concern due to multiple factors, including low population size (J.
Franklin and Santos 2011; Hall and Brinkman 2015), low genetic diversity (Ledig and Conkle
1983; Whittall et al. 2010), climate change, and environmental and human-mediated disturbances
(J. Franklin and Santos 2011; J. A. Hamilton et al. 2017). While in situ conservation has
preserved the whole of the species’ range, with fewer than 10,000 reproductively mature
individuals in native populations, there are substantial risks for population-level extirpation
events. To mitigate potential losses in the wild, conservation efforts have focused on
preservation of seeds ex situ. While ex situ seed collections provide an invaluable conservation
resource, they may also be used to quantify species’ trait variation needed to inform future
conservation efforts.

In this study, we evaluate morphological trait variation in a large ex situ conservation
collection of Torrey pine seed sourced from the two native extant populations. Specifically, we
quantify the distribution of variation for 14 seed morphology traits and assess differences in

emergence between island and mainland seedlings. In addition, we use existing ex situ collection
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data to provide supplemental population sampling guidance for future Torrey pine collections.
For this latter objective, we use simulations to estimate the number of maternal families required
to capture 95% of seed morphological variation existing in contemporary ex situ collections, for
both island and mainland population independently. This study evaluates the distribution of seed
morphological variation in ex situ collections as a proxy for standing genetic diversity,
quantifying variation attributable to within and between population differences. These data are
then used to inform population sampling necessary to meet conservation objectives in future seed
collections. Although presented here using Torrey pine, our approach is broadly applicable for ex

situ collections within species with largely heritable seed trait variation.

Latitude

120.5°W 120.0°W 119.5°W 119.0°W 118.5°W 118.0°W 117.5°W 117.0°W

Longitude

Figure 5. (A) Pinus torreyana individual. (B) Pinus torreyana distribution map, including
Torrey pine distribution on Santa Rosa Island, CA (Pinus torreyana subsp. Insularis, top left red-
shaded area) and at the Torrey Pine State Reserve, CA (Pinus torreyana subsp. torreyana,
bottom right red-shaded area). (C) Torrey pine stand on Santa Rosa Island, CA. (D) Torrey pine
stand at the Torrey Pine State Reserve, CA.
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3.3. Materials and methods

3.3.1. Cone collection and seed processing

Mature, open-pollinated Torrey pine (Pinus torreyana Parry) cones were collected from
native extant populations as part of a large ex situ conservation collection between June and July
of 2017. Cones were collected from 157 trees on Santa Rosa Island (Channel Islands National
Park), CA (island population) and 201 trees at the Torrey Pine State Reserve in La Jolla, CA
(mainland population), representing the species’ entire natural distribution (Figure 5; Figure C1).
Where possible, we collected approximately five cones per maternal tree at each location.
Sampling of reproductive maternal trees was evenly spaced; however, adjacent maternal trees
were occasionally sampled to ensure enough cones were collected. The average pairwise
distance between all maternal trees sampled was approximately 714 (range = 1 — 2,092) and 397
(range = 1 — 1,131) meters for the mainland and island population, respectively. Seeds, organized
by individual maternal tree were then extracted from cones using a combination of mallet and
pliers and processed for inclusion in a long-term ex situ conservation collection (see below).
3.3.2. Seed viability tests

Estimating viability of seeds preserved ex situ is necessary given their potential role in
restoration, reforestation, or reintroduction. Given this, the potential viability of Torrey pine
seeds was tested using two complementary approaches prior to inclusion in the final ex situ
collection. A float test was first used as a rapid, low-cost approach to assess seed viability.
Floating seeds were presumed to lack an endosperm or embryo, while seeds that sunk were
presumed filled. Seeds were dropped into water for approximately 15 seconds to differentiate
presumed non-viable, floating seeds from presumed viable, sinking seeds (Gribko and Jones

1995; Morina et al. 2017). Those seeds classed as likely viable were organized by maternal tree

50



using paper bags, and then placed in a Blue M drying oven (Thermal Product Solutions, White
Deer, Pennsylvania, USA) maintained at 37°C for 24 hours to remove potential surface moisture.
Following this, seeds from a haphazard sample of maternal families were x-rayed at the
Placerville Nursery, CA. In addition to visualizing seed morphological variation, x-ray
radiographs were used to verify viability based on float tests. Acrylic seed trays [20.3 cm x 25.4
cm x 0.48 cm], with a 9 x 11 array of wells, were used to separate and position each Torrey pine
seed over the x-ray film. Kodak x-OMAT HBT film (20.3 cm x 25.4 cm) was placed in a
lightproof x-ray film cassette which was positioned in the x-ray machine with the seed tray
centered on top of the film, with a shelf height of 55.9 cm. The x-ray was taken using a 17 k\VVP
exposure for a total of two minutes, based on standardized conditions established previously for
Pinus coulteri (Sara Wilson, USDA Forest Service, pers. comm.). X-ray radiographs were

digitized using a Nikon D40 digital camera mounted on a tripod over a light box.

Figure 6. Visual of morphological measurements taken using ImageJ for seeds collected on
Santa Rosa Island and at the Torrey pine State Reserve. (A) Seed length [cm]. (B) Seed width
[cm]. (C) Embryo length [cm]. (D) Embryo width [cm]. (E) Seed coat width [cm]. (F) Embryo
area [cm?]. (G) Endosperm area [cm?]. (H) Seed area [cm?].
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3.3.3. Morphological measurement of seed traits

Using ImageJ (Abramoff, Magalhdes, and Ram 2004), eight seed morphological traits
were measured across 80 mainland maternal families and 30 island maternal families,
representing a haphazard subset of the complete collection (Figure 6; Table 3). Although a
balanced design is ideal, logistical constraints limited the number of island maternal families
assessed. To evaluate the influence of an unbalanced design we compared analyses using all 80
mainland and 30 island maternal families with 30 island and a random subset of 30 mainland
maternal families. Overall, we found that while equalizing sample sizes across populations
impacted quantitative results, qualitative trends and patterns generally remained similar
regardless of the number of maternal families used (Table C1, Table C2, Figure C2, Figure C3,
and Figure C4). Given these observations, a sample size of 80 mainland and 30 island trees were
retained for subsequent analyses, as it is most likely to provide a better estimation of
morphological trait variation within populations, ultimately improving conservation conclusions
for the species. Each x-ray radiograph was scaled using the diameter of a seed tray well (1.87
cm) to express pixels as trait values in centimeters. Directly measured seed traits included seed
length (SL, cm), seed width (SW, cm), embryo length (EL, cm), embryo width (EW, cm), seed
coat width (SCW, cm), seed area (SA, cm?), endosperm area (ESA, cm?), and embryo area (EA,
cm?). We selected these traits as they can readily be measured from x-ray radiographs of seeds
and provide a ubiquitous means to evaluate morphological variation for plants preserved ex situ.
Using measured seed traits, six additional traits were derived (Table 3), including seed
length/width ratio (SLW), embryo length/width ratio (ELW), relative embryo size (RES),

relative endosperm size (REndS), seed coat area (SCA, cm?), and relative seed coat size (RSCS).
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Table 3. Morphological measurements of Torrey pine seeds sourced from Santa Rosa Island (Island, n=30) and Torrey Pine State
Reserve (Mainland, n=80), CA. Listed are population mean estimates (+SE) of measured (A) and derived (B) seed traits summarized
by maternal families. Measurable traits: seed length (SL), seed width (SW), embryo length (EL), embryo width (EW), seed coat width
(SCW), seed area (SA), endosperm area (ESA), and embryo area (EA). Derived traits: seed length/width ratio (SLW), embryo
length/width ratio (ELW), relative embryo size (RES), relative endosperm size (REndS), seed coat area (SCA), and relative seed coat
size (RSCS). Differences in seed morphology between mainland and island populations were significant (6=0.05) for all 14 seed traits.

A — Measured seed traits

Population  SL (cm) SW (cm) SCW (cm)  EL (cm) EW (cm) SA (cm?) ESA (cm?)  EA (cm?)
Mainland 1.415 0.768 0.089 1.082 0.155 0.887 0.548 0.169
+0.016 +0.009 +0.002 +0.012 +0.003 +0.023 +0.014 +0.004
Island 1.674 0.966 0.117 1.198 0.186 1.410 0.807 0.232
+0.020 +0.015 +0.002 +0.020 +0.004 +0.031 +0.021 +0.007
B — Derived seed traits
Population SLW ELW SCA (cm?) RES RENdS RSCS
(SL/SW) (EL/EW) (SA-ESA) (EA/ESA) (ESA/SA) (SCA/SA)
. 1.857 7.275 0.339 0.313 0.619 0.381
Mainland
+0.013 +0.094 +0.010 +0.005 +0.003 +0.003
Island 1.769 6.640 0.603 0.287 0.571 0.429
+0.037 +0.136 +0.013 +0.004 +0.004 +0.004




These traits were derived as they provide a means to relate different morphological traits to each
other and can provide a fine-scale estimate of the relative contribution of growth and size traits
within individual seeds. We measured five randomly selected seeds per maternal tree, including
three technical replicates per seed for each trait (the same seed was measured three times for any
given morphological trait). Measurements were averaged across technical replicates to
summarize the mean trait value per seed. In total, 550 seeds were measured from across 110
maternal trees spanning the two Torrey pine populations.
3.3.4. Seedling emergence test

Within a restoration or reintroduction context, concurrent seedling emergence is often
preferred for nursery plantings. To evaluate the timing and probability of seedling emergence
within Torrey pine populations, as well as test the viability of seeds in population collections, a
trial was conducted in January 2018 using a random subset of seeds preserved ex situ, including
seeds sourced from Torrey Pine State Reserve and Santa Rosa Island, CA. Following x-ray,
seeds were stored at 4°C in sealed mylar bags (USA emergency supply, Beaverton, Oregon,
USA) placed in plastic boxes; each box contained desiccant crystals to decrease ambient
moisture and reduce likelihood of mold. Seeds from eight maternal families per population were
selected for the emergence trial. Between eight to ten seeds per maternal tree were weighed and
then stratified under cold, moist conditions for 30 days (placed in plastic boxes on a moist paper
towel at 4°C). Seeds were sown directly into a 164 mL Ray Leach “Cone-tainer” ™ (Stuewe &
Sons, Tangent, Oregon, USA) filled with Sunshine® Mix #4 (Sungro horticulture, Agawam,
Massachusetts, USA), pressed halfway into the soil, and then covered with a thin layer of gravel.
For approximately one month following planting, seeds were misted for one minute at hourly

intervals over a daily eight-hour period (9am — 4pm). Following emergence, seedlings were hand
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watered to saturation weekly to biweekly as needed. Emergence was quantified across three
separate timepoints as the proportion of seeds per maternal family that successfully developed
into living seedlings from the total initially planted. Timepoints included Feb 06/2018 (32 days
since sowing), Feb 16/2018 (42 days since sowing), and Mar 07/2018 (61 days since sowing).
3.3.5. Evaluating the distribution of seed trait variation

We conducted a principal component analysis (PCA) using all 14 measured and derived
seed traits averaged by maternal family to evaluate population-specific differentiation in seed
morphology. Prior to performing the PCA, to account for differences in measurement units, all

seed traits were standardized using the scale() function in R implementing the z-score

standardization: z;; = % (1), where x;; is the non-transformed trait value, p; is the mean of a
]

given seed trait across populations, and g; the standard deviation of the same seed trait across

populations. Subsequently, to test for seed trait differences between population means, we used
either Student’s two-sample test or its non-parametric equivalent when normality was not met,
Wilcoxon’s two-sample test, within the R package “exactRankTests” (Hothorn and Hornik
2021). Normality was assessed using Shapiro-Wilk’s test of normality within each population. In
total, four of the fourteen traits were distributed normally in both Torrey pine populations,
including seed width (mainland: W =0.97, P = 0.06; island: W = 0.97, P = 0.52), embryo length
(mainland: W =0.98, P = 0.29; island: W = 0.95, P = 0.21), embryo width (mainland: W = 0.97,
P =0.09; island: W =0.93, P = 0.05), and embryo area (mainland: W = 0.98, P = 0.45; island: W
=0.96, P = 0.26).

To evaluate the distribution of morphological trait variation within and between Torrey
pine populations, we quantified the proportion of variation attributed to population and maternal

tree families using measured and derived morphological traits summarized by seeds. For each
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trait, we fit a linear mixed model using the R package “lme4” (Bates et al. 2015) with population
considered a fixed effect and maternal families within populations considered a nested random
effect: Y;; = w+m; + r;/; + e;;, where Y;; is the observed seed trait value, p is the seed trait
overall mean, 7; is the effect of population origin on the seed trait mean, r;,; is the effect of
maternal family within populations on the observed seed trait value, and e;; are the effects on the
seed trait value of any other variables unaccounted for in the model (residual error). For each
model, normality of residual errors was visually assessed and significance of fixed- and random-
effect terms was tested using the functions anova() and ranova() respectively, implemented in
the R package “stats” (R Core Team 2020) and “ImerTest” (Kuznetsova, Brockhoff, and
Christensen 2017). Proportions of seed morphological variance explained by populations
(marginal R?, R%y), both populations and maternal families (conditional R?, R?), and maternal
families alone (R% — R%m) were quantified for each model independently using the function
r.squaredGLMMY() implemented in the R package “MuMIn” (Barton 2020).
3.3.6. Assessing differences in seedling emergence across populations

To test for differences in the probability and the timing of seedling emergence in Torrey
pine, we evaluated the proportion of seeds that produced seedlings both within and between
populations across timepoints. First, we used Friedman’s rank sum test (non-parametric repeated
measures ANOVA) followed by Wilcoxon’ paired two-sample test, both implemented in the R
package “rstatix” (Kassambara 2020), to assess differences in the proportion of emerged
seedlings between timepoints within populations. We used a non-parametric approach for both
Torrey pine populations because normality could not be assumed at select timepoints due to high
frequency of zero values. We accounted for multiple testing using Benjamini and Hochberg

(1995)’s False Discovery Rate (FDR) correction implemented in the wilcox_test() function.
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Following this, we evaluated timepoint-specific population differences in seedling emergence.
We used Shapiro-Wilk’s test to assess populations’ deviation from normality at each timepoint
and either Student’s (for timepoints passing the normality test) or Wilcoxon’s two-sample test
(for timepoints failing the normality test) to evaluate differences in population emergence.
Timepoints Feb 16/2018 — 42 days since sowing — (mainland: W = 0.94, P = 0.57; island: W =
0.9, P =0.28) and Mar 07/2018 — 61 days since sowing — (mainland: W = 0.96, P = 0.85; island:
W =0.88, P = 0.21) passed the normality test, while timepoint Feb 06/2018 — 32 days since
sowing — (mainland: W = 0.52, P < 0.001; island: W = 0.73, P = 0.004) failed the normality test.
All statistical analyses were performed using R version 4.0.2 and 4.0.5 (R Core Team 2020;
2021).
3.3.7. Simulating variation captured in the ex situ collection using seed morphological traits
For each of the 14 measured and derived seed traits, we conducted a separate simulation
quantifying morphological variation captured when increasing the number of maternal families
sampled from contemporary Torrey pine seed collections. Simulations were conducted in R
version 3.6.3 (R Core Team 2020) using a customized script (Figure C5). Resampling of ex situ
collections were performed for island and mainland Torrey pine populations independently,
using between one and the total number of maternal families available within each ex situ
population collection (mainland: 80 maternal families, island: 30 maternal families) (Nsam).
Maternal trees were sampled randomly without replacement from the pool of available families.
All seeds within each selected maternal family were sampled as part of this simulation, except
those with missing values for the trait simulated. Overall, between two to five seeds per maternal

family were sampled within each population.
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To evaluate the number of maternal families needed to capture 95% of seed trait variation
in both island and mainland populations, we estimated the number of unique seed trait values
captured in a sample of Nram maternal families (N¢) relative to the total number of unique seed
trait values present in a seed population (N:). Here, we define “unique seed trait values” as the
number of non-redundant standardized measurements for the seed trait simulated rounded to the
first digit. Seed morphological measurements were rounded to the first digits as we believe that
seed trait variation estimated using additional digits is more likely to fail to capture meaningful
biological variation. Standardization of the data was performed so that all seed traits share the
same unit (the number of standard deviations a value is from the overall trait mean across
populations, see equation (1) above) and become comparable. Sampling of maternal families and
estimation of the summary statistic, defined as the proportion of total seed trait variance captured
(N¢/Ny), were repeated 500 times for each seed morphological trait and Torrey pine population.
In this way, N¢/Nt accounts for potential variation in number of seeds sampled per maternal
family or variation in maternal families included.

Finally, for each number of maternal trees sampled (Nfam), We averaged the summary
statistic across all 500 replicates. This process was repeated for each of the 14 seed
morphological traits and performed for each Torrey pine population separately. Following this,
the summary statistic was averaged across all seed traits and separated by populations (see
Results below). Proportions of total seed trait variance captured (N¢/N;) are provided based on
proportions of maternal families sampled (instead of the number of maternal families sampled)

as sample sizes varied across Torrey pine populations.
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3.4. Results

3.4.1. Island-mainland differentiation in seed morphology

A principal component analysis (PCA) using all 14 measured and derived seed traits
averaged by maternal family revealed substantial differences in seed morphology between island
and mainland populations of Torrey pine (Figure 7). The first PC axis explained 57.8% of
variation in seed morphological traits, primarily separating the island from the mainland
population. Seed length, seed width, seed area, endosperm area, and seed coat area exhibited the
five highest loadings (absolute values) on PC1 (Table C3), indicating that seed size and seed coat
thickness can largely discriminate island from mainland individuals. On average, seeds collected
on island trees were longer, wider, larger, and thicker than seeds collected on mainland trees
(Table 3). The second PC axis explained 15.9% of seed trait variation and summarizes within
population variability in seed morphology (Figure 7). Relative seed coat size, relative endosperm
size, and relative embryo size had the three highest loadings (absolute values) on PC2 (Table
C3). This suggests that once corrected for seed size, seed coat thickness, endosperm size, and
embryo size are traits contributing to within-population variation.
3.4.2. Contribution of population origin and maternal family to seed trait variation

Consistent with our principal component analysis, linear mixed models constructed for
each of the 14 measured and derived seed traits demonstrated that considerable variation in seed
morphology in Torrey pine is explained by population origin (Figure 8). On average, population
origin explained 23% (range = 0.02—0.57) of variation across the species’ distribution (Table
C4). Traits associated with seed size and seed coat thickness exhibited the highest proportion of
variance explained by population origin. These include seed coat area (0.57; F1,107.60 = 221.91, P

< 0.001), seed area (0.49; F1,107.56 = 156.45, P < 0.001), endosperm area (0.37; F1,108.07 = 100.58,
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Figure 7. Principal components analysis (PCA) using all 14 seed morphological traits measured
and derived from maternal plants collected on Santa Rosa Island (green) and at the Torrey Pine
State Reserve (orange).

P <0.001), seed width (0.36; F1,108 = 126.04, P < 0.001), seed coat width (0.32; F1,10s = 96.04, P
< 0.001), and seed length (0.30; F1,10850 = 78.92, P < 0.001). Overall, this suggests seed size and
seed coat thickness are major discriminants of island and mainland Torrey pine seeds.

While population origin explained substantial variation across populations, assessment of
maternal seed families within populations indicated substantial family structure to seed trait
variation (Figure 8). On average, maternal seed family explained 24% (range = 0.07-0.37) of
variation within populations (Table C4). Embryo length (0.37; y? = 124.82, df = 1, P < 0.001),
seed length (0.35; y2 = 180.72, df = 1, P < 0.001), endosperm area (0.34; y? = 211.87,df =1, P
< 0.001), seed area (0.31; y? = 256.71, df = 1, P < 0.001), embryo area (0.29; x? = 100.16, df =
1, P <0.001), and seed coat width (0.28; y? = 126.93, df = 1, P < 0.001) exhibited the highest
proportion of seed trait variation explained by within-population maternal families. This suggests

that there is substantial family-level structure to seed size, endosperm size, embryo size, and seed

coat thickness within Torrey pine populations.
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Figure 8. Proportion of variance in seed morphology explained by populations (green), maternal
families within populations (orange), and other variables not accounted for in the model
(residuals; dark red) for each of the 14 measured and derived seed traits. SL, seed length [cm];
SW, seed width [cm]; SCW, seed coat width [cm]; EL, embryo length [cm]; EW, embryo width
[cm]; SA, seed area [cm?]; ESA, endosperm area [cm?]; EA, embryo area [cm?]; SLW, seed
length/width ratio; ELW, embryo length/width ratio; SCA, seed coat area [cm?]; RES, relative
embryo size; REndS, relative endosperm size; RSCS, relative seed coat size. See Table C4 for
numerical estimates.
3.4.3. Impact of population seed trait differentiation on seedling emergence

The proportion of emerged seedlings increased over time for both island (Q = 15.5, df =
2, P <0.001) and mainland (Q = 15.2, df = 2, P < 0.001) populations (Figure 9). However, we
found no significant differences in the proportion of individuals emerging between populations
across observed timepoints. On average, 7% and 9% of mainland and island seedlings had
emerged 32 days after sowing (Feb 06/2018; W = 28, P = 0.64), 63% and 53% of mainland and
island seedlings had emerged 42 days after sowing (Feb 16/2018; t = 0.81, df = 14, P = 0.43),
and 78% of mainland and island seedlings had emerged 61 days after sowing (Mar 07/2018; t =

—0.06, df = 14, P = 0.95). Overall, this indicates that under controlled conditions, timing and
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probability of emergence may not be impacted by population differences in seed morphology for

Torrey pine seedlings.
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Figure 9. Proportion of emerged seedlings recorded at three different timepoints for seeds
sampled on Santa Rosa Island (green) and at the Torrey Pine State Reserve (orange). Significant
differences in emergence time across timepoints within populations are indicated with different
capital letters [A, B, C]. Comparisons between populations at each timepoint is indicated with
square brackets. ns, non-significant difference (a=0.05).
3.4.4. Morphological variation captured in simulated seed collections

Simulations revealed that to capture 95% of seed trait variation present in our existing ex
situ collections, on average 83% (25 out of 30) and 71% (57 out of 80) of all island and mainland
families would need to be resampled, respectively (Figure 10). This indicates that both island and
mainland populations harbor considerable within-population structure for seed morphological
traits. Interestingly, capturing equal morphological variation across seed collections always

required a higher proportion of island maternal families to be collected relative to the mainland

population.
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Figure 10. Phenotypic variation captured across seed traits in simulated collections (N¢) relative
to total phenotypic variation present in seed populations (Nt). Average proportion of phenotypic
variation captured (N¢/Nt) was estimated for various proportions of maternal families sampled.
Pisiand @and Pmainland represent the proportion of maternal families required to capture 95% of
morphological variation (horizontal dashed line) present in island (green) and mainland (orange)
ex situ seed populations, respectively.
3.5. Discussion

Evaluating between- and within-population morphological variation in contemporary ex
situ seed collections may aid in understanding the distribution of variation needed to guide future
conservation efforts. Here, we quantified the distribution of trait variation within an ex situ
collection of Torrey pine seeds, with an aim to optimize future supplemental collections.
Morphologically, island and mainland seeds were significantly different from each other. Island
seeds were larger on average with thicker seed coats relative to their mainland counterparts.
These morphological differences may be explained by a combination of stochastic and

deterministic factors associated with population origin, including genetic bottlenecks following

colonization, genetic drift, and selection associated with unique biotic pressures. Interestingly,
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despite substantial morphological differentiation, seedling emergence did not vary among
populations, suggesting that either the probability and timing of emergence under controlled
conditions is not impacted by differences in seed morphology, or that island and mainland seeds
respond similarly to an artificial germination protocol. In addition to population origin, a
considerable proportion of seed trait variation within each population was explained by maternal
family. This suggests that there is substantial within-population variation that will be important
to conserve and maintain populations’ evolutionary potential. Finally, simulations demonstrated
that 83% and 71% of all maternal families within island and mainland seed collection,
respectively, were necessary to capture 95% of morphological variation within the existing
collections. To ensure we maintain representative levels of trait variation in future seed
collections, our results suggest that the number of maternal families sampled within natural
populations should be maximized, with the island population potentially requiring additional
sampling efforts.

Species distributed between island and mainland origins often exhibit marked among-
population phenotypic differentiation, including differentiation in seed morphology (Burns,
Herold, and Wallace 2012; Lens et al. 2013; Kavanagh and Burns 2014; Burns 2016). Our results
revealed considerable seed morphological differences between Torrey pine populations (Figure
7), primarily in seed size and seed coat thickness (Figure 8; Table C3). On average, islands seeds
were larger and had thicker seed coats than seeds collected on the mainland (Table 3). These
results are consistent with previous studies of island-mainland systems that noted island
populations exhibited larger seeds relative to mainland populations (Kavanagh and Burns 2014;

Burns 2016; Biddick, Hendriks, and Burns 2019). A combination of different factors could
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contribute to morphological variation among seed populations, including both stochastic and
deterministic forces.

On islands, seed traits associated with long-distance dispersal may be selected against as
they can increase the probability an individual would disperse beyond an island’s limits (Cody
and Overton 1996; Kavanagh and Burns 2014; Ottaviani et al. 2020, but see Burns 2018). For
Torrey pine, increased seed size on the island may have evolved to limit potential seed losses via
wind-dispersal, as seed mass negatively correlates with dispersal distance in pines (Greene and
Johnson 1993; Debain, Curt, and Lepart 2003, but see Wyse and Hulme 2021). Nonetheless,
Torrey pine seeds possess degenerated wings (Ledig and Conkle 1983), suggesting that other
mechanisms likely contribute to seed dispersal in this species. Rodents and birds both feed on
Torrey pine, suggesting that seeds may undergo animal-mediated dispersal (M. Johnson, Vander
Wall, and Borchert 2003). Thus, seed predation may contribute to differences in seed size
observed between populations. On the island, Peromyscus maniculatus (Deer mouse) is the only
rodent present to predate on Torrey pine seeds (M. Johnson, Vander Wall, and Borchert 2003).
This contrasts with the mainland, where multiple seed predators have been documented,
including Peromyscus boylei (Brush mice), Peromyscus maniculatus (Deer mice), Peromyscus
eremicus (Cactus mice), Chaetodipus californicus (California pocket mice), Spermophilus
beecheyi (California ground squirrels), or Aphelocoma californica (Scrub jays) (M. Johnson,
Vander Wall, and Borchert 2003). If large seeds are preferentially targeted by seed predators
(Reader 1993; Gomez 2004), reduced seed size on the mainland may have evolved as a
consequence of the trade-off between attracting predators to promote seed dispersal and

mitigating fitness loss due to seed consumption.
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While selection may contribute to population differences, differentiation in seed
morphology may result from stochastic evolutionary forces. Founder effects associated with the
colonization of Santa Rosa island by mainland individuals, and genetic drift in the face of limited
gene flow, may have led to morphological differentiation between Torrey pine populations
(Ledig and Conkle 1983). Alternatively, more complex demographic histories of the two
populations, including colonization, extinction, and recolonization events, or divergence of
island and mainland populations from an ancestral population following tectonic movement may
have led to the differences observed between populations (J. R. Haller 1986; Di Santo, Hoban, et
al. 2021). While both stochastic and deterministic factors may contribute to population
differences in seed morphology, additional experiments are required to test mechanistic
hypotheses. Seeds evaluated in this manuscript were collected from natural populations. To tease
apart the contribution of environment and genetics to seed trait differences observed among
populations, a common garden experiment is required. Furthermore, a reciprocal transplant
experiment would be the most effective test of the action of natural selection in shaping
morphological differences between island and mainland seeds.

Despite significant differences in seed morphology between populations, timing and
probability of emergence was similar across populations (Figure 9). Emergence rates were high
throughout the trial, with 78% of island and mainland seedlings emerging 61 days after sowing.
The absence of differences in seedling emergence between populations was surprising, as seed
size often negatively correlates with time to germination (Daws, Garwood, and Pritchard 2005;
Tanveer et al. 2013). However, seed coat thickness can also influence rates of emergence. Seeds
with thick seed coats relative to their mass often germinate later than seeds with thinner seed

coats (Daws, Garwood, and Pritchard 2005; K. N. Hamilton et al. 2013). For Torrey pine, J. A.
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Hamilton et al. (2017) found that island seeds germinate on average two days after mainland
seeds. Interestingly, island seeds were not only larger, but also had thicker seed coats relative to
mainland seeds (Table 3). Even after correcting for differences in seed size, seed coat thickness
(relative seed coat size; RSCS) remained moderately higher in island seeds. Together, these
results predict that island seedlings should emerge at similar or later timepoints relative to
mainland seedlings, which is consistent with current and previous observations.

Similar emergence rates may also result from our experimental design. Abe and
Matsunaga (2011), in a mainland-island comparison study, observed that cold stratification
attenuates differences in germination rates between populations of Rhaphiolepis umbellata.
Additionally, complete and rapid germination of pine seeds is generally observed when
pretreated under cold and moist conditions (Krugman and Jenkinson 2008). Overall, this
suggests that cold stratification may mask population-specific differences in seedling emergence.
Concurrent seedling emergence from both Torrey pine populations coupled with high emergence
success suggests a cold stratification protocol is valuable for Torrey pine, particularly where
simultaneous emergence for nursery-grown seedlings is desired. Note, however, that variation in
the proportion of emerged seedlings within populations across timepoints may have concealed
population-specific differences in emergence rates. Consequently, weak differences in the timing
and probability of seedling emergence observed between island and mainland populations may
be an artifact of small numbers of seeds and maternal families used during emergence trials.

Although population origin explained a substantial proportion of seed trait variation,
linear mixed models demonstrated that maternal seed families within populations explained as
much variation (Figure 8; Table C4). Given generally high heritability for seed morphological

traits and the half-sib design of our collection (Cober, Voldeng, and Fregeau-Reid 1997; Hakim
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and Suyamto 2017; Mera et al. 2004; Pandey, Seshu, and Akbar 1994; Roy, Thapliyal, and
Phartyal 2004; Carles et al. 2009; Zas and Sampedro 2015), family-level seed trait variation
likely provides a useful proxy for assessing within-population genetic diversity. With nearly 25%
of variation explained on average by maternal families (Table C4), this suggests there is
substantial genetic structure within Torrey pine populations. These results were notable as
previous studies using allozymes and chloroplast DNA indicated that the species exhibits little to
no within-population genetic variability (Ledig and Conkle 1983; Waters and Schaal 1991,
Whittall et al. 2010). However, the common garden experiment initiated by Thomas Ledig
indicated substantial family-level variation in tree height within both island and mainland
populations (J. A. Hamilton et al. 2017). Overall, these results indicate that Torrey pine
populations may possess within-population genetic variation necessary for natural selection to
act upon. From a conservation perspective, these findings suggest that a strategy maximizing the
number of maternal families sampled would optimize genetic diversity preserved in future ex situ
seed collections and increased distance among individuals may limit relatedness among maternal
trees.

Generally, ex situ seed collections aim to capture 95% of genetic diversity present
throughout a species’ distribution (Brown and Marshall 1995; Marshall and Brown 1975;
Gapare, Yanchuk, and Aitken 2008; Q. Li, Xu, and He 2002). Simulations revealed that, to
capture 95% of morphological variation currently maintained ex situ, 25 (83% of island
collection) and 57 (71% of mainland collection) maternal families within each seed collection
would need to be sampled (Figure 10). These data indicate that sampling more maternal families
from the island population may be necessary to achieve the same level of representation of

morphological variation. Assuming increased phenotypic variation observed on the island
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results from higher allelic diversity, capturing 95% of genetic variation within the island
population will always require more maternal families relative to the mainland population. For
these simulations, we assumed that contemporary ex situ collections captured all morphological
variation both within and between populations, including seed phenotype frequencies. However,
if this is not the case, these conclusions may result in suboptimal sampling of standing variation
within targeted populations. This caveat is important because the number of x-rayed maternal
families differed between island (30 maternal families) and mainland (80 maternal families) seed
collections. To address this caveat, it will be important to have a general understanding of the
fraction of natural morphological variation captured across ex situ seed populations and adapt
sampling efforts accordingly.

Practical and cost-effective, long-term storage of seeds ex situ is widely used to capture
and maintain rare species genetic diversity. These seed collections represent an invaluable
resource to quantify within and between population trait variation that may be used to guide
future ex situ sampling efforts. Using Torrey pine as a model, we demonstrate that incorporating
existing information from ex situ collections offers a unique opportunity to monitor and optimize
conservation objectives, particularly important for rare species. While our results and
conclusions may be specific to Torrey pine, the empirical, statistical, and simulation-based
approaches presented here are broadly applicable to heritable traits across ex situ seed
collections. Nonetheless, although our approach offers a powerful tool to guide and inform
conservation decisions across a wide variety of plant taxa, its applicability to other species needs

to be tested.
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4. REDUCED REPRESENTATION SEQUENCING TO UNDERSTAND THE
EVOLUTIONARY HISTORY OF TORREY PINE (PINUS TORREYANA PARRY) WITH
IMPLICATIONS FOR RARE SPECIES CONSERVATION?

4.1. Abstract

Understanding the contribution of neutral and adaptive evolutionary processes to
population differences is often necessary for better informed management and conservation of
rare species. In this study, we focused on Pinus torreyana Parry (Torrey pine), one of the world’s
rarest pines, endemic to one island and one mainland population in California. Small population
size, low genetic diversity, and susceptibility to abiotic and biotic stresses suggest Torrey pine
may benefit from inter-population genetic rescue to preserve the species’ evolutionary potential.
We leveraged reduced representation sequencing to tease apart the respective contributions of
stochastic and deterministic evolutionary processes to population differentiation. We applied
these data to model spatial and temporal demographic changes in effective population sizes and
genetic connectivity, to assess loci possibly under selection, and evaluate genetic rescue as a
potential conservation strategy. Overall, we observed exceedingly low standing variation
reflecting consistently low effective population sizes across time and limited genetic
differentiation suggesting maintenance of gene flow following divergence. However, genome

scans identified more than 2000 SNPs candidates for divergent selection. Combined with

3 The material presented in this chapter was co-authored by Lionel N. Di Santo, Sean Hoban, Thomas L. Parchman,
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editing final versions of this chapter. Jill Hamilton contributed to collecting the data, designing the study, as well as
writing and improving all versions of this chapter. A modified version of this chapter is available on BioRxiv: Di
Santo, Lionel N, Sean Hoban, Thomas L Parchman, Jessica W Wright, and Jill A Hamilton. 2021. “Reduced
Representation Sequencing to Understand the Evolutionary History of Torrey Pine (Pinus Torreyana Parry) with
Implications for Rare Species Conservation.” BioRxiv. https://doi.org/10.1101/2021.07.02.4509309.
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previous observations indicating population phenotypic differentiation, this indicates that natural
selection has likely contributed to population genetic differences. Thus, while reduced genetic
diversity, small effective population size, and genetic connectivity between populations suggest
genetic rescue could mitigate the adverse effect of rarity, divergent selection between
populations indicates that genetic mixing could disrupt adaptation. Further work evaluating the
fitness consequences of inter-population admixture is necessary to empirically evaluate the trade-
offs associated with genetic rescue in Torrey pine.
4.2. Introduction

Conservation biology aims to preserve rare species and determine the appropriate
management strategies necessary for long-term persistence and maintenance of evolutionary
potential (Young, Brown, and Zich 1999; Swarts et al. 2009; Ralls et al. 2018; Di Santo and
Hamilton 2020). Rare species may have reduced effective population sizes (Ne), impeding
populations’ ability to adapt to change (e.g., Ne < 1000) or increasing probability of inbreeding
(e.g., Ne < 100) (Frankham, Bradshaw, and Brook 2014), ultimately increasing the risk of local
extirpation. Combined, rarity and isolation are often associated with stochastic loss of genetic
variation (Young, Boyle, and Brown 1996; Aguilar et al. 2008; Hague and Routman 2016).
Genetic rescue is one conservation strategy that could be used in both animals and plants to
mitigate consequences of severely reduced genetic diversity (Westemeier et al. 1998; Madsen et
al. 1999; Bossuyt 2007; Willi et al. 2007; W. E. Johnson et al. 2010; Hedrick et al. 2014).
Genetic rescue introduces or restores gene flow between populations to alleviate the fitness
consequences of inbreeding through the introduction of genetic variation. However, while rare
species may exhibit small effective population sizes and reduced adaptive potential, disruption of

local adaptation may lead to outbreeding depression, or reduced fitness of progeny following
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admixture between genetically differentiated lineages (Hufford and Mazer 2003). Thus, the
contribution of natural selection to the evolution of population genetic differences is a
consideration for genetic rescue, as it may ultimately lead to migrants or translocated individuals
being maladapted (Nosil, Vines, and Funk 2005; Lowry, Rockwood, and Willis 2008). For rare
species conservation, an understanding of contemporary effective population size is therefore
required to assess immediate genetic threats to population persistence. Following these threats,
however, understanding the history of population connectivity, the distribution of genetic
variation within and among populations, and the role of selection in shaping population
differences will be critical to informed management decisions.

In addition to guiding conservation management strategies, understanding rare species’
demographic and evolutionary history may prove valuable to optimizing strategies necessary to
preserve neutral and nonneutral genetic diversity ex situ. Ex situ conservation collections, or the
preservation of species outside their natural range of occurrence, can complement in situ
conservation strategies (Pritchard et al. 2012; Cavender et al. 2015; Potter et al. 2017), providing
a critical resource for the preservation of genetic variation, restoration or reintroduction
(Guerrant Jr, Havens, and Vitt 2014; Potter et al. 2017). Ex situ sampling designs traditionally
rely on neutral population genetic structure to guide sampling decisions (Caujapé-Castells and
Pedrola-Monfort 2004; Gapare, Yanchuk, and Aitken 2008; Hoban and Schlarbaum 2014;
Hoban 2019). However, concerns exist regarding the sole use of neutral genetic variability for
species conservation, as variation at neutral loci is unlikely to reflect adaptive genetic diversity
(McKay and Latta 2002; Holderegger, Kamm, and Gugerli 2006; Bonin et al. 2007; Teixeira and
Huber 2021). Ex situ population sampling may need to evaluate the impact different evolutionary

processes have had on population genetic structure to optimize neutral and adaptive variation
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collected. Thus, an understanding of population connectivity and the impact of selection across
populations can inform ex situ collection design. If empirical or simulated data suggest
populations are genetically connected and genetic differentiation is low, then most neutral
genetic variation may be captured within one or a few populations. However, if selection
overcomes the homogenizing effects of gene flow, ensuring adaptive genetic differences are
preserved for all populations will require the inclusion of diverse population origins, separation
of such populations ex situ, and consideration of population origin in breeding programs.

With the advent of next-generation sequencing (NGS) and the ever-decreasing costs
associated with these technologies, genome-wide estimates of genetic diversity can be readily
assessed and used to guide conservation management strategies. Combined with statistical and
simulation-based tools, these data provide a powerful and timely means to evaluate aspects of
population genetic variation and spatial genetic structure critical to informing genetic rescue and
ex situ conservation plans, including both populations’ demographic and adaptive history
(Abebe, Naz, and Léon 2015; Xia et al. 2018; Liu et al. 2020; X. Wang, Bernhardsson, and
Ingvarsson 2020). However, in conifers, despite extensive use in characterizing genomes as well
as neutral and adaptive variation (Namroud et al. 2008; Eckert et al. 2010; Nystedt et al. 2013;
Stevens et al. 2016; Tyrmi et al. 2020; X. Wang, Bernhardsson, and Ingvarsson 2020), these data
have only rarely been used to inform conservation management decisions.

Torrey pine (Pinus torreyana Parry) is a critically endangered pine (IUCN 2021a),
endemic to California. One of the rarest pine species in the world (Critchfield and Little 1966;
Dusek 1985), Torrey pine’s distribution spans one island population (Pinus torreyana subsp.
insularis) of approximately 3,000 reproductive individuals (Santa Rosa Island, CA), and one

mainland population (Pinus torreyana subsp. torreyana) of approximately 4,000 reproductive
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individuals (Torrey Pine State Reserve in La Jolla, CA) (J. Franklin and Santos 2011; Hall and
Brinkman 2015). In addition to low population size, and despite current in situ and ex situ
conservation efforts, Torrey pine suffers from exceedingly low genetic variation and faces both
anthropogenic and environmental disturbances (Ledig and Conkle 1983; Waters and Schaal
1991; Whittall et al. 2010; J. Franklin and Santos 2011; J. A. Hamilton et al. 2017). For these
reasons, the species may be at imminent risk for population-scale extirpation events and thus a
potential candidate for genetic rescue. Inter-population admixture may increase population
genetic diversity, alleviating potential fitness consequences associated with Torrey pine’s low
genetic diversity (J. A. Hamilton et al. 2017), and increase evolutionary potential necessary to
respond to current and future ecological challenges (Carlson, Cunningham, and Westley 2014).
Previous research observed heterosis following one generation of admixture between island and
mainland individuals, suggesting that genetic rescue may alleviate fitness consequences
associated with reduce genetic variation (J. A. Hamilton et al. 2017). However, if adaptive
genetic differences have evolved between island and mainland populations, fitness consequences
following the disruption of co-adapted gene complexes may not be observed in the first
generation cross. Thus, although the combination of exceedingly low genetic diversity and
conservation status suggest Torrey pine may be a candidate for genetic rescue, evaluation of the
species’ demographic and adaptive evolutionary history will be necessary prior to inform
conservation management decisions.

With this study, we use genomic data to quantify and model aspects of populations’
demographic and evolutionary history necessary to preserve rare species’ evolutionary potential.
Specifically, we delineate the contribution of stochastic and deterministic processes to genomic

differentiation in Pinus torreyana, asking three questions: (i) what are current effective
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population sizes and how have they changed over time, (ii) have populations remained
genetically connected following isolation, and (iii) is there evidence of adaptive divergence
between populations that may indicate distinct evolutionary trajectories? We identify the most
probable demographic scenario for Torrey pine using Approximate Bayesian Computing (ABC)
and coalescent simulations. To evaluate the role of selection, we identify loci that may be
important to adaptation using various Fst outlier methods and assess the functional significance
of these loci by annotating candidates with the gene ontology (GO) resource. Using this
knowledge, we discuss conservation strategies for Torrey pine, including ex situ sampling to
preserve neutral and nonneutral processes within species collections, and possible risks
associated with genetic rescue. This study demonstrates the benefits and necessity of
understanding the demographic and adaptive history of rare species to guide conservation.
4.3. Materials and methods

4.3.1. Population sampling and DNA extraction

Between June and July 2017, needle tissue was collected from individuals spanning the
entire natural distribution of Pinus torreyana (Torrey pine; Figure 11). A total of 286 individuals
were sampled, including 146 individuals from the mainland population at the Torrey Pine State
Reserve (TPSR) near La Jolla, CA and 140 individuals from the island population on Santa Rosa
Island, CA (SRI), one of the Channel Islands. Needles were dried in silica gel following which
genomic DNA was extracted using between 25-30 mg of dry needle tissue and a modified CTAB
protocol (Doyle and Doyle 1987). To reduce DNA shearing, slow manual shaking of tubes was
used. Following extraction, the concentration and purity of DNA extracted was quantified for

each sample using a NanoDrop 1000 Spectrophotometer (Thermo scientific) to ensure all
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samples had a concentration of at least 85 ng/ul and purity ratios of 1.4 and above (average

across samples; 260/280 = 1.85, 260/230 = 1.96).
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Figure 11. (A) Distribution of the last two remanent populations of Torrey pine (dark grey
shades). Top left: Santa Rosa Island, Channel Islands, CA. Bottom right: Torrey Pine State
Reserve, La Jolla, CA. (B-C) Population-specific distribution of Torrey pine (dark grey shades)

and trees sampled for needle tissue (circles) at the Torrey Pine State Reserve (TPSR, B) and on
Santa Rosa Island (SR, C).

4.3.2. Genomic library preparation and ddRAD sequencing

Genomic libraries were prepared for all 286 individuals following the protocol of
Parchman et al. (2012). Briefly, 510 ng (6 pl at 85 ng/ul) of DNA was digested using
endonucleases EcoRI and Msel (New England BioLabs, Inc.) after which barcoded (EcoRI cut
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site) and non-barcoded (Msel cut site) adapters compatible with Illumina sequencing were
ligated to each end of DNA fragments using T4 ligase (New England BioLabs, Inc.). A different
barcode sequence was used for each of the 286 samples. Due to the large, highly repetitive nature
of pines’ genome (Stevens et al. 2016), we used the methylation-sensitive enzyme EcoRl, as it
effectively reduces the presence of repetitive and non-coding DNA sequences in genomic
libraries (Parchman et al. 2012). Restriction-ligation products were amplified using two
successive PCR reactions to produce genomic libraries with concentrations necessary for
sequencing (> 2nM). All PCR-amplified genomic libraries were subsequently pooled and sent to
the Genomic Sequencing and Analysis Facility (GSAF; Austin, TX) for size selection of
fragments within the range of 450-500 bp and sequenced on 5 lanes of an Illumina HiSeq 2500
using the 100 bp single-end sequencing protocol (1 x 100 bp).
4.3.3. De novo assembly and SNP calling

Demultiplexing of sequence files was performed using IPYRAD v0.9.12 (Eaton and
Overcast 2020) allowing one mismatch in the barcode sequence. Reads were filtered, assembled
de novo, and used to call SNPs within the dDocent v2.7.8 pipeline (Puritz, Hollenbeck, and Gold
2014; Puritz et al. 2014). Reads were filtered by removing low-quality bases at the beginning and
end of reads (PHRED score < 20), lllumina adapters, and trimmed when the average PHRED
score fell below 10 within a 5 bp window using the program TRIMMOMATIC (Bolger, Lohse,
and Usadel 2014). As a contiguous genome assembly for P. torreyana is not available, we first
generated a reference of genomic regions sampled with our sequencing design using a de novo
approach. Reads were clustered based on sequence similarity and assembled into a reference
assembly using the program CD-HIT (W. Li and Godzik 2006; L. Fu et al. 2012). To be included

in de novo assembly, reads had to have a minimum of 3x within-individual coverage and be
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present in at least 5 individuals. To form a cluster (locus), reads had to have a minimum of 86%
sequence similarity, a cutoff previously used in pines (Menon et al. 2018). This threshold was
chosen as a tradeoff to avoid the clustering of paralogous loci while still accounting for the
presence of missing bases, errors, or polymorphisms between true homologous sequences.
Finally, reads were mapped onto de novo assembled loci using BWA MEM (H. Li 2013) and
genetic variants were called using the software FREEBAYES (Garrison and Marth 2012). Read
mapping was performed using BWA default parameters, including a match value of 1, a
mismatch penalty of 4 and a gap penalty of 6. This yielded a set of 652,492 genetic variants that
were subjected to downstream filtering. Variants with genotype quality (GQ) < 20 and genotype
depth (DP) < 3 were first marked as missing. Then, variants with PHRED scores (QUAL) < 30,
minor allele counts < 3, minor allele frequencies < 0.01, call rate across all individuals < 0.95,
mean depth across samples > 57 (based on the equation: d + 4Vd, where d is the average read
depth across variants, H. Li (2014)), Fis estimates < -0.5 or > 0.5, and linkage score (r?) > 0.5
within a 95 bp window were removed from the raw dataset. Additionally, insertion/deletion
polymorphisms (INDELs) and SNPs with more than two alleles were discarded. Following
filtering, a total of 93,085 biallelic SNPs were kept and used for analysis (hereafter referred to as
the full dataset). Note that 16 individuals with > 40% missing data were also discarded, leaving
270 genotyped individuals (SRI: 130 individuals, TPSR: 140 individuals) for inclusion in
analyses.
4.3.4. Population structure and genetic diversity analyses

To describe and quantify contemporary genetic differences between Torrey pine
populations, we first assessed genetic structure of populations using principal component

analysis (PCA) implemented in the R package “adegenet” (Jombart 2008; Jombart and Ahmed
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2011). Unless otherwise stated, analyses were performed in R version 3.6.2 and 4.0.2 (R Core
Team 2019; 2020). To quantify genetic differences between island and mainland populations, we
calculated Nei’s Fst statistic (Nei 1987) for each SNP using the “hierfstat” R package (Goudet
and Jombart 2020) and averaged estimates across loci. A 95% confidence interval around the
mean was constructed by bootstrapping the empirical Fst distribution 10,000 times using R
packages “boot” (Canty and Ripley 2021; Davison and Hinkley 1997) and “simpleboot” (Peng
2019).

To determine the extent of contemporary within-population genetic structure, the most
likely number of genetic clusters was independently evaluated for SRI and TPSR using the
function find.clusters() implemented in the R package “adegenet”. This function transforms
genomic data using principal component analysis and performs successive K-means clustering
with an increasing number of clusters (k). For each successive value of k, the Bayesian
Information Criterion (BIC) is computed and was used to assess the optimal number of clusters
(k). For each population, we assessed between 1 to 10 clusters while retaining principal
components necessary to explain 90% of the variation after ordination (SRI: 114, TPSR: 122).
For TPSR, two individuals (TPSR5107, TPSR3189) clustered distantly from the population,
which may mask subtle within-population genetic structure. Consequently, we re-ran the analysis
excluding the two individuals while maintaining the same range for k (1 to 10) and retaining 121
principal components (90.38% of variation explained after ordination).

To evaluate Torrey pine evolutionary potential, contemporary standing genetic variation
within the species was estimated by calculating expected heterozygosity (He), inbreeding
coefficients (Fis), and coancestry coefficients (@) for both island and mainland populations

independently. Values of He and Fis were calculated for each SNP separately using the R
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package “adegenet” and averaged across loci to provide population-level estimates. To evaluate
6, we used the R package “related” (Pew et al. 2015) that estimates genetic relatedness between
all possible pairs of individuals within a population. Specifically, we used the triadic likelihood
(TrioML) estimate of relatedness assuming no inbreeding within populations. Averaging
pairwise @ values across all individuals within TPSR and SRI provided population estimates of
genetic relatedness. To build 95% confidence intervals around He, Fis and @ averages, the
empirical distribution for each parameter within each population was bootstrapped 10,000 times
in R using the “boot” and “simpleboot” packages.
4.3.5. ABC demographic modeling
4.3.5.1. Demographic models

To evaluate the impact genetic drift and gene flow have had to patterns of neutral genetic
variation in Torrey pine, we quantified changes in effective population size over time,
interpopulation migration rate, and time since population divergence. To do so, we tested six
distinct demographic models that were classified into two broad categories: (1) isolation
with/without migration (Figure 12A), and (2) two-population demic expansion (Figure 12B, C).

Models of isolation with or without migration (RPM1, RPM2) were developed to test a
hypothesis formulated by Ledig and Conkle (1983). This hypothesis predicts that there was once
a single ancestral population of Torrey pine that diverged to form one island and one mainland
population following tectonic movement (Figure 12A). These models assume that an ancestral
population with an effective size Na diverged Tpiv generations before present to form two
populations with current effective sizes N (island, SRI) and Nm (mainland, TPSR). Following

divergence, to assess whether gene flow has occurred between populations, bidirectional
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migration was either prevented (RPM1, mm=mmi=0) or permitted (RPM2, mm=mm;>0). Both

models assume constant island and mainland effective population size following divergence.
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Figure 12. Schematics of demographic scenarios simulated. Rectangles represent current or
ancestral populations, dashed arrows represent migration between population, and solid arrows
represent time. (A) Scenarios of isolation without (RPM1) or with (RPM2) migration between
populations. (B) Island colonization scenarios without (CM1) or with (CM2) subsequent
migration between populations. (C) Mainland colonization scenarios without (CM3) or with
(CM4) subsequent migration between populations. Na, ancestral effective population size; N,
island effective population size; N, mainland effective population size; Nc initial effective
population size following migration (number of migrants); mm, migration probability from
island to mainland; mwmi, migration probability from mainland to island; Toiv, time of population
divergence; r,, island (exponential) growth rate; rm, mainland (exponential) growth rate.

The remaining four models (CM1, CM2, CM3, CM4) tested two different hypotheses of
land colonization where one population was founded by the other (Figure 12B, C). Models CM1
and CM2 specifically test the hypothesis that Santa Rosa Island was colonized by a subset of
mainland individuals (Ledig and Conkle 1983). In this scenario, SRI was founded by N¢c

effective migrants from TPSR Tpiv generations ago and grew exponentially at arate r, (r; =

log (IIVV—‘I:)/TDW) to form a population with an effective size Ni. TPSR effective population size

(Nwm) was assumed constant. As above, bidirectional migration between populations was either
prevented (CM1, mm=mmi=0) or permitted (CM2, mim=mmi>0) to evaluate whether gene flow
has occurred between populations following colonization. Models CM3 and CM4 test the

hypothesis that the mainland population was founded by a subset of island individuals (J. R.
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Haller 1986). This scenario assumes TPSR was founded by Nc effective migrants from SRI Tpiv
generations before present. SRI effective population size (N;) was assumed constant while TPSR

effective population size (Nwm) grew exponentially at rate rv (1, = log (:}'—C) /Thi). ONce again,
M

to test whether gene flow has occurred between populations since colonization, exchange of
migrants between population was either prevented (CM3, mim=mmi=0) or permitted (CM4,
mim=mmi>0).

For all six models, uniform priors were used except for Tpiv, Nc, and Na for which we
used log-uniform priors. Priors on a logarithmic scale increases the weight given to small values
and is recommended when parameters’ ranges span several orders of magnitude (Wegmann,
Leuenberger, and Excoffier 2009). Details on demographic parameters and their prior
distributions are provided in Table 4.
4.3.5.2. Additional filtering and down-sampling of genetic variants

Accurate estimation of demographic parameters using coalescence simulations requires
the use of neutrally evolving genetic markers. To ensure neutrality of SNPs, we filtered the full
dataset for SNPs that did not deviate significantly from Hardy-Weinberg equilibrium (HWE).
Since population structure may create departures from HWE, we applied this filter to island and
mainland populations independently and removed SNPs that deviated significantly from HWE (P
< 0.05) in both populations. This was performed using a customized R function relying on R
packages “adegenet” and “pegas” (Paradis 2010). In total, 73,928 SNPs were retained following
filtering for use in demographic modelling (hereafter referred to as the HWE-filtered dataset).

For computational efficiency, we down sampled the HWE-filtered dataset from 73,928 to
9,795 variants first by generating bivariate bins based on observed heterozygosity and Nei’s Fst

(0.05-interval bins), and then by subsampling each bin proportionally to the number of SNPs

83



they contained. In this way, each bin is subsampled to reflect its contribution to the HWE-filtered
dataset (Figure D1). Following subsampling, we conducted a principal component analysis using
the down-sampled dataset to ensure patterns of genetic diversity and population structure were
maintained between datasets (Figure D2).

Table 4. Demographic parameters with their prior distributions and occurrence in each of the six
models simulated.

Present in models  Parameter Symbol Prior distribution Unit

RPM1, RPM2 Ancestral effective population N,2 logU(100:100,000) ind.
size

All Island effective population size  N,° U(100:6,000) ind.

All Mainland effective population  N,," U(100:6,000) ind.
size

CM1, CM2, CM3, Initial effective population size c ) .

CM4 following colonization Ne logU(2:300) ind.

All Time of population divergence T, logU(400:50,000)  gen.

RPM2, CM2, Migration from island to e _

CM4 mainland and vice-versa. myy, My © U(0.001:0.01) -

All Minor allele frequency maff 0.01 -

& A wide prior range for Torrey pine ancestral effective population size was used to enable the
simulation of complex demographic histories, including population size expansion, population
size reduction or a combination of both.

b Census size of reproductively mature trees is of approximately 3,000 to 4,000 individuals in
island and mainland population respectively (Hall and Brinkman 2015; J. Franklin and Santos
2011). We selected a wide prior range around those estimates to account for the fact that
effective and not census population sizes were simulated.

¢ Number of potential effective migrants were chosen based on seed capacity of a Torrey pine
cone, which can hold up to several hundred seeds (unpublished data).

4 Time since populations’ isolation was estimated between 4,300 and 430,000 years ago (Ledig
and Conkle 1983). Generation time for Torrey pine being approximately 10 years, this translates
into a time since divergence between 430 and 43,000 generations.

¢ Low genome-wide differentiation observed between populations in this study (Fst = 0.013)
suggest that gene flow may have occurred between populations of Torrey pine. We believe a
probability of migration between 0.001 and 0.01 should appropriately reflect low to moderate
gene exchange expected between geographically distant populations (approximately 280 km) of
this wind-pollinated, long-lived, and primarily outcrossing pine species (Fis = -0.127 and -0.124
for island and mainland population respectively).

P Minor allele frequency of 0.01 was chosen to reflect empirical genetic data, filtered for variants
with frequencies of or above 0.01 (see Material and methods).
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4.3.5.3. Generating coalescent simulations and estimating summary statistics

To evaluate and compare demographic scenarios, a set of 200,000 simulations was
generated using ABCSAMPLER for each model, a wrapper program included in the package
ABCTOOLBOX (Wegmann et al. 2010). For each simulation, ABCSAMPLER samples prior
ranges of demographic parameters and uses these values as inputs for coalescence simulations
within a user-defined simulation program. We used FASTSIMCOAL version 2.6.0.3 (Excoffier
and Foll 2011; Excoffier et al. 2013) to simulate 9,795 unlinked SNPs with a minor allele
frequency of 0.01, reflecting the composition of the down-sampled genetic dataset. For each
model, simulated data were output as genotypes and fed to a user-defined program by
ABCSAMPLER to estimate population genetic summary statistics. ARLEQUIN version 3.5.2.2
(Excoffier and Lischer 2010) was used to calculate ten distinct population genetic summary
statistics, specifically aiming at quantifying genetic variation and divergence within and between
Torrey pine populations. These included genetic diversity (i.e., population-specific
heterozygosity and number of alleles, average heterozygosity and number of alleles over loci and
populations, and mean total heterozygosity), genetic differentiation (i.e., pairwise Fst), and
variance (i.e., standard deviation over populations of the average heterozygosity and number of
alleles) statistics. Finally, to obtain observed population genetic summary statistics, ARLEQUIN
version 3.5.2.2 was rerun using the down-sampled dataset. Characterizing and summarizing the
amount and distribution of genetic variation within each dataset, these statistics were used to
calculate posterior probabilities and identify the demographic model with greatest support, as

well as estimate demographic parameters associated with that model (see below).
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4.3.5.4. ABC parameter estimation

Demographic parameters were estimated in R using the “abc” package (Csilléry,
Francois, and Blum 2012). Cross-validation simulations were conducted first to evaluate the
ability of summary statistics to distinguish between demographic models (Figure D3). We
performed leave-one-out cross-validations, consisting of selecting one simulation of a
demographic scenario and then assigning it to one of the six models using posterior probabilities
estimated from all remaining simulations. This was repeated one hundred times for each
demographic model, generating a confusion matrix. If misclassification rates (proportions of
simulations incorrectly assigned to a model) are low, then computed summary statistics can
distinguish between our different demographic scenarios. The posterior probability of each
demographic model was approximated as the proportion of accepted simulations and used to
select the best model following cross-validation. To ensure the best model provided a good fit to
the data, we performed a goodness-of-fit test as implemented in the function gfit(). Finally,
demographic parameters associated with the best model were estimated as the weighted medians
of posterior distributions using the weighted.median() function implemented in the R package
“spatstat” (Baddeley, Rubak, and Turner 2015). Posterior distributions were created from the set
of accepted simulations using a non-linear postsampling regression adjustment conducted on log-
transformed data (Blum and Francgois 2010). Ninety-five percent confidence intervals around
weighted medians were estimated using 10,000 bootstrap replicates of posterior distributions in
R, using “boot”, “simpleboot” and “spatstat” packages. The validity and accuracy of each
estimated parameter were tested using additional, yet distinct, 100-fold leave-one-out cross-
validation simulations (Figure D4). The cross-validation process begins with the random

selection of one simulation generated by the best demographic model. Summary statistics
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associated with that simulation are considered as pseudo-observed data and its demographic
parameters are estimated using remaining simulations for the model. If pseudo-observed
parameters can accurately be predicted, then inferred demographic parameters from true
observed data can be considered valid and accurate. Cross-validation simulations, model
selection, model validation, and parameters estimation were conducted using a tolerance
threshold of 0.01, a tradeoff between retaining a reasonable number of simulations to estimate
posterior distributions and keeping the tolerance value as low as possible (S. Li and Jakobsson
2012). Finally, as census sizes for Torrey pine populations are available (J. Franklin and Santos
2011; Hall and Brinkman 2015), we calculated the proportion of the census size (N) to effective
population size (Ne) for each population separately. Of all reproductive trees present within a
population (census size), this ratio estimated the proportion contributing to the next generation
(effective size).
4.3.6. Simulating the null Fst distribution

To evaluate the influence natural selection may have had on the genomic structure of
Torrey pine populations, we compared the distribution of Nei’s Fst estimated from the full SNP
dataset with a simulated distribution based on 93,085 independent SNPs from 270 individuals
generated using SIMCOALZ2 version 12.09.07 (Laval and Excoffier 2004). We used weighted
medians estimated from posterior distributions borrowed from the best demographic model (see
Results) as input parameters for neutral simulations. For each simulated SNP, the minimum
allele frequency was set to 0.01 to reflect filters applied to the full dataset. Locus-specific Nei’s
Fst values were estimated for both full and simulated datasets in R using the “hierfstat” package

(Figure D5).
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4.3.7. Outlier detection analyses

To estimate the potential contribution of local adaptation to genomic differentiation
between Torrey pine populations, we used the full dataset of 93,085 SNPs to identify loci
putatively under selection using three distinct methods: the software BAYESCAN version 2.1
(Foll and Gaggiotti 2008), and R packages “OutFLANK” (M. C. Whitlock and Lotterhos 2014)
and “pcadapt” (Privé et al. 2020). These three approaches were selected for their ability to
account for neutral population structure (BAYESCAN, OutFLANK) and to handle genetic
admixture between individuals (pcadapt). For both BAYESCAN and OutFLANK, we grouped
all 270 individuals by populations (mainland: 140 individuals, island: 130 individuals). Below is
a brief description of all three methods used to identify candidate SNPs.

The first approach we used was BAYESCAN. For each locus, BAYESCAN uses a
Bayesian approach to decompose Fst coefficients into population- and locus-specific
components using a logistic regression. Loci are identified as putatively under selection if the
locus-specific component is needed to explain the observed distribution of genetic diversity. Our
analysis was conducted using BAYESCAN default parameters. Results were visualized and
analyzed in R. Only SNPs with a false discovery rate of 1% or below were retained and
considered as candidate loci. The second approach we used was OutFLANK, an R package
which identifies outliers by inferring a null Fst distribution approximated from empirical Fst
values. This distribution was produced by removing loci with an expected heterozygosity below
0.1 (Hmin = 0.1), trimming 5% of lowest and highest empirical Fst values (RightTrimFraction =
LeftTrimFraction = 0.05), and retaining only loci passing a built-in neutrality test with a false
discovery rate of 0.1% (qgthreshold = 0.001). Using the latter threshold provided a conservative

estimate for neutral Fst. Outlier loci were identified by comparing the empirical Fsr distribution
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to the inferred null Fsr distribution using a built-in chi-squared test with a false discovery rate of
1% (qgthreshold = 0.01). Note that loci with He < 0.1 were excluded while conducting the chi-
squared test and therefore could not be identified as potential outliers (Hmin = 0.1). The third
and last approach we used was pcadapt. Also implemented in R, pcadapt is a package that
assesses population structure using PCA. Consequently, this approach does not require
individuals to be grouped into populations. Following PCA, candidate loci are identified as those
substantially correlating with population structure. We ran pcadapt retaining the first axis of
differentiation (K = 1) and SNPs with a minor allele frequency of 0.01 (min.maf = 0.01). We
only considered the first principal component to calculate the test statistic, as additional axes did
not ascertain population structure (Figure D6). Candidate loci were identified as the set of SNPs
with a false discovery rate of 1% or below. To minimize the presence of false positives within
our dataset, only outlier SNPs common to all three approaches were considered as candidate loci
and included in subsequent analyses. Finally, to both visualize and quantify genetic structure at
putatively adaptive loci, we conducted a principal component analysis based only on candidate
SNPs shared by all three methods using the R package “adegenet”.
4.3.8. Functional categorization of candidate loci

To identify biological processes or molecular functions that may play a role in adaptation
to mainland or island environments, de novo assembled sequences containing candidate SNPs
common to all genome scans were first extracted and then annotated using BLASTX version
2.6.0+. Sequences were blasted against the UniProt protein database filtered for sequences from
species within the Pinaceae family (Taxon identifier 3318). Sequence similarity was assessed

using BLASTXx default parameters, an e-value hit filter of 102 (-evalue 0.001), and a number of
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database hits to retain of 1 (-max_target_seqgs 1). Gene ontology terms were mapped onto

annotated sequences in R using the “UniprotR” package (Soudy et al. 2020).
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Figure 13. Principal component analysis using 93,085 SNPs for 270 Torrey pine individuals,
including individuals from both mainland (black) and island (grey) populations. Variation
explained by the first two principal components is provided in parentheses.
4.4. Results

4.4.1. Population genetic structure and variation

Using all 93,085 SNP markers, the principal component analysis revealed little genome-
wide differentiation in Torrey pine with the first two principal components (PC1, PC2)
explaining only 1.9 and 0.6% of observed genetic differences, respectively (Figure 13).
Nonetheless, PC1 unambiguously separated island from mainland individuals, suggesting some
level of genetic structure exists between populations. These results were further supported by the
low average coefficient of genetic differentiation found across loci (Nei’s Fsr), estimated at
0.013 (95% CI: 0.012 - 0.013). In addition to population-scale genetic differentiation, within-

population genetic differentiation was estimated to evaluate whether local inbreeding, possibly

increased in small populations, could have contributed to fine-scale genetic structure in Torrey
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pine. For both island and mainland populations, we found no evidence of within-population
genetic structure. Population-specific principal component analyses identified no clear genetic
clusters and revealed that, combined, the first two axes of differentiation (PC1, PC2) only
explained approximately 1.9% and 2.2% of mainland and island within-population genetic
differences, respectively (Figure 14). In addition, evaluating the likelihood between 1 to 10
genetic clusters (k) within each population using BIC indicated that populations appear largely
homogeneous (most likely k = 1) (Figure D7). Interestingly, average estimates of inbreeding and
coancestry coefficients across loci were low for both the island and the mainland population
(Table 5). While low inbreeding coefficients support the lack of observable within-population
genetic structure, this also indicates that reproduction among relatives or unequal reproductive
success among individuals is unlikely to have contributed to low expected heterozygosity
observed within populations (Table 5). Combined, our results indicate that Torrey pine exhibits
exceedingly low genetic diversity, with the majority of variation distributed within genetically

unstructured populations.
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Figure 14. Population-specific principal component analysis based on 93,085 SNP variants. (A)
Mainland population (TPSR, n = 138). Note that two individuals were removed from analysis to
visualize within-population structure on a finer scale (see Material and methods). (B) Island
population (SRI, n = 130).
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Table 5. Average genetic summary statistics across loci, including expected heterozygosity (Hg),
inbreeding coefficient (Fis), and coancestry (relatedness) coefficient (6) for island (SRI) and
mainland (TPSR) Torrey pine populations. Ninety-five percent confidence interval (95% CI)
around mean estimates were obtained by bootstrapping.

Population He Fis 0

(95% CI) (95% ClI) (95% ClI)
Island 0.185 -0.127 0.023

(0.184, 0.186) (-0.128, -0.126) (0.023, 0.024)
Mainland 0.184 -0.124 0.022

(0.183,0.184) (-0.125, -0.124) (0.022, 0.023)

4.4.2. Demographic history of Torrey pine

Of the six demographic models evaluated (Figure 12), the isolation with migration model
(RPM2) received the most support with a posterior probability of 92.18%. The remaining five
models exhibited lower posterior probabilities ranging from 0% to 3.98%. With low
misclassification rates, cross-validations indicated that simulated summary statistics were able to
confidently distinguish between different demographic scenarios (Figure D3). The goodness-of-
fit test revealed that simulated summary statistics did not significantly differ from observed ones
(P =0.76), providing a good fit to the data.

Based on RPM2, an ancestral Torrey pine population with an effective size of
approximately 1,124 individuals (95% CI: 939 - 1,213) diverged during the early Pleistocene
approximately 1.2 million YBP (95% CI: 1,195,367 - 1,296,186, assuming a generation time of
ten years) to form one island and one mainland population with effective sizes of approximately
2,305 (95% CI: 2,166 - 2,338) and 1,715 (95% CI: 1,616 - 1,759) individuals, respectively
(Figure 15). This resulted in a 0.75 (N//N = 2,305/3,063) proportion of the census to effective
population size on the island, and a 0.45 (Nm/N = 1,715/3,806) proportion of the census to
effective population size on the mainland. Following divergence, some gene flow was

maintained between populations with an estimated migration rate of 8.34 x 10 (95% CI: 8.15 x
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107 - 8.76 x 10°%) per generation. In general, cross-validation simulations indicated low
prediction errors (Figure D4), suggesting high accuracy of inferred parameters. Nonetheless, note

that for Toiv, the associated prediction error was higher than for other parameters.
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Figure 15. (A) Demographic parameters (weighted medians) and 95% confidence intervals (in
parentheses) estimated using RPM2. Each rectangle represents a population, either contemporary
or ancestral. The solid arrow represents time, while the dashed arrow indicates gene flow
between populations. (B-F) Posterior distribution of each demographic parameter inferred using
a tolerance rate of 0.01. N, ancestral effective population size; Ny, island effective population
size; N, mainland effective population size; mim, migration probability from island to mainland;
mwi, migration probability from mainland to island; Tpiv, time of population divergence.

4.4.3. Divergent selection between island and mainland populations
Despite limited genetic variation within populations, we found some evidence for the
evolution of genetic differences among populations at a subset of loci. We compared the neutral

Fst distribution generated from the simulated RPM2 demographic model with the empirical
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distribution based on our full dataset of SNP variants (Figure D5). For select SNPs, moderate to
high empirical Fst values (from approximately 0.2 to 0.65) could not be generated through
neutral simulations, suggesting they may be candidate for selection. Pcadapt, BAYESCAN, and
OutFLANK identified 3,138 (3.37%), 2,163 (2.32%), and 3,942 (4.23%) outlier SNPs,
respectively (Figure 16A). Of these outlier loci, 2,053 (2.21%) were common to all three
methods and contribute to genomic structure between Torrey pine populations (Figure 16B).
Indeed, the principal component analysis revealed that the first axis of differentiation (PC1)
unambiguously differentiated island from mainland populations based on common outlier SNPs,
explaining over 20% of observed genetic differences. Consistent with these results, Fst values
for putatively adaptive loci ranged between 0.1 and 0.63 and either could not be generated or
could only be generated at low frequency through neutral simulations, representing only 0.078%

of all simulated Fst values.
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Figure 16. (A)Venn diagram showing the number of putatively unique and shared adaptive
SNPs detected by BAYESCAN, pcadapt, and OutFLANK. (B) Principal component analysis
based on all 2,053 shared candidate SNPs for Torrey pine individuals, including individuals from
both mainland (black, n = 140) and island (grey, n = 130) populations. Variation explained by
the first two principal components is provided in parentheses.
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Functional categorization of common outlier loci was performed by blasting de novo
assembled contigs carrying outlier SNPs against the Pinaceae UniProt protein database and
retrieving each hit’s Gene Ontology terms. Overall, 110 (7.51%) contigs were annotated. After
accounting for redundancy in the data (i.e., different contigs aligning to the same locus), we
identified a total of 80 putative adaptive genes with homologous sequences in Larix, Picea, or
Pinus species (Table D1) that may be targets of selection. Functionally, these genes are primarily
encoded in mitochondria, involved in the process of DNA integration, or with processes
associated with molecular functions such as RNA-directed DNA polymerase activity or nucleic
acid binding (Table 6).

4.5. Discussion

An understanding of demographic and adaptive evolutionary history is invaluable for rare
species of conservation concern, particularly when management decisions impact populations at
risk of extinction. Teasing apart the contribution of both stochastic and deterministic
evolutionary processes to population genomic differentiation over time and space can be used to
inform species conservation decisions, including potential consequences of genetic rescue
(Hufford and Mazer 2003; Frankham et al. 2011; Ralls et al. 2018). Here, we evaluated the
genomics of Torrey pine, a critically endangered endemic isolated to two populations in
California. We modeled demographic change and connectivity over time and tested the influence
of neutral and selective processes have had on contemporary population genomic structure. We
observed that Torrey pine populations exhibited exceedingly low genetic variation, particularly
for a conifer (see below), with little within- or among-population structure. Although some
connectivity has been maintained between island and mainland populations, demographic

modeling indicates that Torrey pine has consistently suffered from low effective population size.
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Table 6. Functional categorization of 80 putatively adaptive genes between Torrey pine
populations. Listed are the ten most frequent GO terms within each of the three GO classes

(Biological Process, Molecular Function, Cellular Component).

GO class GO term Frequency (%)
DNA integration 6.2
Methylation 2.5
Actin filament polymerization 1.2
Arp2/3 complex-mediated actin nucleation 1.2
. . Carbohydrate metabolic process 1.2
Biological Process
Carbohydrate transport 1.2
Cell differentiation 1.2
Defense response to bacterium 1.2
Defense response to fungus 1.2
Gene silencing by RNA 1.2
RNA-directed DNA polymerase activity 11.2
Nucleic acid binding 7.5
ATP binding 3.8
ADP binding 2.5
. Magnesium ion binding 2.5
Molecular Function -
O-methyltransferase activity 2.5
Oxidoreductase activity 2.5
Protein kinase activity 2.5
4-lactone oxidase activity 1.2
Actin binding 1.2
Mitochondrion 38.8
Integral component of membrane 7.5
Arp2/3 protein complex 1.2
Cell wall 1.2
Chloroplast 1.2
Cellular Component .
Chloroplast thylakoid membrane 1.2
Cytoplasm 1.2
Extracellular region 1.2
Membrane 1.2
Nucleus 1.2
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Genome scans revealed over 2000 loci that were candidates for selection. Consistent with
previous observations indicating phenotypic differences between island and mainland
populations, these data suggest adaptive genetic differences have evolved among populations (J.
R. Haller 1986; J. A. Hamilton et al. 2017; Di Santo, Polgar, et al. 2021). From a conservation
standpoint, these results lead to contrasting recommendations with respect to genetic rescue. A
history of reduced effective population size and low genome-wide differentiation at neutral loci
indicate little genetic differentiation among populations that may impact a genetic rescue
program. However, previous observations of phenotypic differences paired with loci associated
with divergent selection point towards the importance of adaptive evolution among Torrey pine
populations. These results suggest increased genetic variation via inter-population crosses may
be needed in this species, but admixture should be evaluated first to quantify its fitness impact.
Torrey pine populations exhibited extremely low genetic variation in comparison with
other conifers which often exhibit an expected heterozygosity around 0.3 within populations
(Namroud et al. 2008; Tsumura et al. 2012). Average expected heterozygosity (He) and
contemporary effective population size (Ne) were estimated at 0.185 and 2,305 individuals for
the island population, and 0.184 and 1,715 individuals for the mainland population, respectively
(Table 5; Figure 15). Although low, this study is the first to find genetic variability within island
and mainland populations of Torrey pine. While previous genetic analyses using allozymes and
chloroplast DNA markers identified fixed genetic differences between populations, they failed to
observe genetic variation within populations (Ledig and Conkle 1983; Whittall et al. 2010).
Ledig and Conkle (1983) hypothesized reduced genetic diversity was attributable to drastically
reduced mainland and island populations in the recent geological past. They suggested that

Torrey pine populations declined to fewer than 50 individuals, following which a recovery led to
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approximately 3,000 to 4,000 reproductively mature trees (J. Franklin and Santos 2011; Hall and
Brinkman 2015). Demographic models herein, however, suggest that effective population size
has always been low for Torrey pine (Figure 15). The best fit demographic model predicted an
ancestral effective population size (Na) of 1,124 and only limited change following population
divergence. Long-term reduced effective population size has thus likely exacerbated the
consequences of genetic drift within Torrey pine populations, eventually leading to an extreme
lack of genetic variability.

Despite extremely low genetic variation and small effective population sizes, there was
no evidence for inbreeding (Fis) or excessive relatedness (@) within populations (Table 5). These
findings support high ratios between effective and census population size (Ne/N) found in both
Torrey pine populations (island = 0.75, mainland = 0.45) and may, at least partly, explain why
these estimates were higher than ratio averages of 0.1 to 0.2 typically recommended for
conservation management (Frankham, Bradshaw, and Brook 2014). Indeed, it is not uncommon
for plants to exhibit Ne/N ratios greater than 0.2 (Waples et al. 2013; Hoban et al. 2020).
Combined with a lack of within population genetic structure (Figure 14, Figure D7), these results
also indicate that neither reproduction among relatives nor unequal reproductive success has
likely contributed to reduced genetic variation within populations. Wind pollination and
zoochorous seed dispersal have likely contributed to homogenizing the gene pool within
populations (Loveless and Hamrick 1984; M. Johnson, Vander Wall, and Borchert 2003). Pines
also possess mechanisms that can reduce the probability of self-fertilization, including the
embryo lethal system (Williams, Zhou, and Hall 2001; Williams 2009). This self-incompatibility
system selectively induces death in embryos resulting from self-fertilization (Bramlett and

Popham 1971; Williams, Barnes, and Nyoka 1999). Consequently, increased dispersal potential
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paired with post-zygotic barriers limiting the probability of mating among relatives have likely
reduced within-population genetic structure in Torrey pine.

Demographic modelling using neutral genomic variation supports the maintenance of
some genetic connectivity following population divergence approximately 1.2 MYA (Figure 15),
estimating the probability of gene exchange at 8.34x10 per generation. Despite geographic
isolation among populations and reduced potential for inter-population gene flow, contemporary
estimates of Fst=0.013 indicate only subtle genome-wide differentiation between island and
mainland populations. Reduced genetic differentiation is typical of many conifers (Tyrmi et al.
2020; Eckert et al. 2010; Namroud et al. 2008), as pollen may maintain connectivity over very
long distances (Campbell et al. 1999; Varis et al. 2009; Williams 2010). Gene flow between
populations may also have been maintained via seed dispersal. Birds represent potential seed
dispersers for Torrey pine and may play a prominent role in long-distance seed dispersal (M.
Johnson, Vander Wall, and Borchert 2003; Pesendorfer et al. 2016; Viana et al. 2016).
Interestingly, higher estimates of contemporary effective population size (Ni, Nm) relative to the
ancestral population size (Na) suggest that island and mainland populations have experienced
genetic bottlenecks following one or multiple moderate population expansion events (Figure 15).
Overall, our findings indicate that despite the increased probability of genetic drift due to genetic
bottlenecks and low population sizes, gene flow maintained between island and mainland
populations may have been sufficient to prevent extensive genomic differentiation at neutral loci
following population isolation. Note, however, that coalescent simulations assume non-
overlapping generations, which may limit their ability to accurately estimate demographic
parameters in long-lived species, including conifers. Consequently, gene flow estimated between

island and mainland populations may have been overestimated or may possibly be an artefact
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resulting from an attempt of the demographic model to account for shared ancestral genetic
variation among populations.

Phenotypic monitoring using common garden experiments or in situ morphological
observations for cone, seed, and needle morphology have previously suggested genetically-based
phenotypic divergence among Torrey pine populations (J. R. Haller 1986; J. A. Hamilton et al.
2017; Di Santo, Polgar, et al. 2021). To test for the role of selection across loci, we simulated a
null Fst distribution to compare with our empirical Fsr distribution, which indicated that a few
thousand loci may be under divergent selection (Figure D5). Genome scans further supported
this observation, identifying 2,053 (2.21%) candidate SNPs with accentuated divergence
between island and mainland populations (Figure 16). Annotation of sequences containing these
outliers SNPs suggested that adaptive evolution in Torrey pine may not only result from genetic
differentiation at the nuclear level, but also at the mitochondrial level (Table 6). This could be
consistent with previous observations of the importance of cytoplasmic genetic differences as a
factor contributing to local adaptation in plants (Leinonen, Remington, and Savolainen 2011;
Leinonen et al. 2013; J. A. Hamilton and Aitken 2013; for a review see Bock, Andrew, and
Rieseberg 2014). For example, Leinonen, Remington, and Savolainen (2011) found using a
reciprocal transplant experiment that individuals of Arabidopsis lyrata harboring the local
cytoplasmic genome had higher fitness than individuals harboring the non-local cytoplasmic
genome, suggesting that cytoplasmic genetic variation may contribute to local adaptation.

Overall, GO annotation indicated that genes important for mechanisms such as DNA
integration, methylation, gene silencing, carbohydrate transport and metabolic processes, and
defense against pathogens (bacteria and fungi) were candidates for selection (Table 6). This

suggests that between the island and mainland environments, modification of genetic
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composition and architecture following DNA integration, changes in gene expression or protein
function following methylation and gene silencing, and direct or indirect selection against
pathogens may have played an important role in population divergence following isolation. For
example, a candidate gene associated with defense against bacteria and fungi (UniProt accession:
B8LLJ5, GO terms: GO:0042742, GO:0050832, GO:0031640) suggests that phenotypic
differentiation may have evolved in response to pests or pathogens. Indeed, the mainland
population of Torrey pine may have faced substantial selection associated with the recent
outbreak of the California five-spined ips (Ips paraconfusus Lanier) (Shea and Neustein 1995; J.
Franklin and Santos 2011), whereas the island population may not have been exposed to that
selective pressure. Noteworthy with these results is the fact that pine genomes are enormous
(Stevens et al. 2016; Grotkopp et al. 2004), and our sequencing approach (reduced representation
sequencing; see Material and methods) represents only a fraction of the Torrey pine genome.
This suggests that, despite differences observed, some variation playing a critical role in local
adaptation for this species has most likely been overlooked.

While identification of the appropriate effective population size necessary to protect
adaptive evolutionary potential for rare species is still debated, recommendations generally range
between 500 to 5000 individuals (1. R. Franklin and Frankham 1998; Lynch and Lande 1998;
Frankham, Bradshaw, and Brook 2014). Torrey pine, critically endangered and endemic to just
two native populations, suffers from extremely low effective population size (N; = 2,305, Nm =
1,715) relative to other pines (Menon et al. 2018; Xia et al. 2018). Given historical and
contemporary estimates of effective population size as well as contemporary estimates of
expected heterozygosity, our results indicate that Torrey pine may not retain the genetic variation

within populations needed to adapt to change. Current monitoring within the mainland
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population suggests that a lack of recruitment (personal observation), infestation by Ips beetles
(personal observation), and climate warming (Diffenbaugh, Swain, and Touma 2015) may
increase extinction risk. Thus, for Torrey pine, increased Ne and greater genetic diversity may be
required for long-term persistence.

As genetic variation is extremely low within populations, one conservation strategy that
may facilitate the maintenance of genetic variation within populations at risk is a genetic rescue
program. A genetic rescue program would facilitate inter-population breeding as a means to
increase heterozygosity, increasing rates of inter-population gene flow. Indeed, demographic
modeling indicates that following population isolation some gene flow has been maintained,
resulting in low genome-wide differentiation among populations (Nei’s Fst = 0.013). However,
the combination of observed phenotypic differences and large number of genes that appear
targets of selection suggest island and mainland populations of Torrey pine have undergone
distinct evolutionary trajectories necessary for adaptation following isolation. Thus, a genetic
rescue program should be considered with caution as gene flow between populations may disrupt
local adaptation and further reduce population performance (Montalvo and Ellstrand 2001,
Hufford and Mazer 2003; Goto et al. 2011). Despite this word of caution, preliminary data
comparing mainland, island, and F1 individuals from a common garden experiment planted
outside the species natural distribution indicate that F1s exhibit increased fitness relative to
mainland and island populations (J. A. Hamilton et al. 2017). Consequently, future monitoring is
needed to empirically quantify fitness consequences of advanced-generation admixture (F2,
Backcross-Island (BC-I), Backcross-Mainland (BC-M)) following early-generation heterosis.

Given the challenge to conserve and manage rare species in a rapidly changing

environment, the use of genomic data to model evolutionary history, assess demographic change,
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and tease apart the contributions of neutral and adaptive processes will be critical. For Torrey
pine, the fact that there is low genome-wide differentiation among populations, a consistent
history of low effective population size, and indications that some gene flow is maintained
among populations may suggest that one population (island or mainland) could be targeted to
effectively preserve neutral genetic variation. However, the combination of outlier loci and
previously observed phenotypic differences suggest if the goal is to preserve adaptive genetic
variation, a strategy that favors conservation efforts across both mainland and island populations
will be needed. If a conservation strategy such as genetic rescue is considered, assessment of
multiple admixed generations within a common environment will provide the necessary
empirical test to evaluate the consequences of enhancing genetic exchange among populations.
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5. GENERAL CONCLUSIONS
5.1. Introduction

The extent of current global biodiversity loss is unparalleled: 18% of vertebrates, 22% of
invertebrates, 40% of plants, and 28% of fungi and protists are considered threatened (IUCN
2021b). This rapid loss of species diversity has led to discussions about what may arguably be
the sixth global extinction event, through which a large proportion of the world’s biodiversity is
predicted to be lost (Cannon 2017; Barnosky et al. 2011; Butchart et al. 2010). In response to this
alarming trend, extensive conservation efforts have been undertaken to conserve species’ genetic
diversity. Important for both individuals’ fitness and populations’ evolutionary potential (L. F.
Keller and Waller 2002; Carlson, Cunningham, and Westley 2014), preservation of genetic
variation is critical for the long-term persistence of rare species.

Ex situ conservation preserves genetic variability outside species’ natural distribution,
providing an important resource for restoration and reforestation should anything happen to
natural populations. Within this context, ex situ collections have traditionally aimed to capture
95% of genetic variation present within species. Various approaches have been developed over
the years to meet this objective (Gapare, Yanchuk, and Aitken 2008; Brown and Marshall 1995;
Hoban and Schlarbaum 2014; Hoban 2019; Caujapé-Castells and Pedrola-Monfort 2004).
However, effective approaches and guidelines to optimize population sampling when genetic
data may be lacking remained limited. With the first two chapters of my dissertation, | aimed to
fill this gap, examining potential surrogates for estimating genetic variation that may be used to
optimize sampling efforts in ex situ conservation planning.

Nonetheless, the advent of next-generation sequencing, and the ever-increasing

affordability of these technologies, has provided scientists with greater access to genomic data.
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As the availability of genome-wide markers (i.e., single-nucleotide polymorphisms) via reduced
representation sequencing (e.g., restriction-site-associated DNA sequencing, genotyping by
sequencing) and whole genome sequencing increased, new methods were developed to analyze
these data, including coalescent simulators (Gutenkunst et al. 2010; Excoffier and Foll 2011) and
genome scans (Foll and Gaggiotti 2008; M. C. Whitlock and Lotterhos 2014; Privé et al. 2020).
Combined, these new analytical methods provide a means to infer species’ demographic and
adaptive histories (X. Wang, Bernhardsson, and Ingvarsson 2020; Menon et al. 2018; Xia et al.
2018). Within a conservation context, access to such information may aid in establishing optimal
conservation decisions, especially when preservation of standing and adaptive genetic diversity
or genetic rescue are considered as potential management strategies. The fourth research chapter
of my dissertation focused on inferring the evolutionary history of Torrey pine and assessing
whether an understanding of species’ evolutionary history inferred from genomic data can be
leveraged to guide conservation of rare species’ genetic variation.

In a world where ecological and anthropogenic disturbances predominate, these
approaches provide timely and necessary tools to informing species’ conservation. Specifically,
this study demonstrated that where preservation of species’ evolutionary potential is desired,
strategies leveraging environmental, geographic, and genomic variation can aid in establishing
optimal conservation recommendations to preserving populations’ genetic diversity. Overall,
methods presented throughout this dissertation provide a set of new and complementary

approaches to be included within the conservation genetics toolbox.
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5.2. Guiding ex situ sampling: potential surrogates to estimate genetic variation
Tapping into ecological, evolutionary, and quantitative genetic theories, | evaluated and
proposed two potential proxies to estimate genetic variation within species that may be used to
guide and optimize conservation efforts.
5.2.1. Population provenance and environmental variation
As genetic differences may arise among populations from both adaptive (natural selection

and local adaptation) and neutral (genetic drift) evolutionary processes, | first hypothesized that a
sampling strategy prioritizing source populations based on environmental and geographic
distances would capture increased genetic diversity and differences relative to a sampling
strategy prioritizing populations randomly. Consistent with my expectations, results from chapter
2 demonstrated that population provenance and environmental variation can be used to target and
increase genetic diversity and differences captured in ex situ collections, particularly variation
and differentiation at adaptive and functional loci. Although previous studies already
demonstrated the benefits of leveraging environmental and geographic data to optimize adaptive
genetic variation preserved (Hanson et al. 2017), this study is the first to show that distance-
informed population sampling can also increase variation and differentiation captured at
functional loci. This result has important conservation implications, as it indicates that
population sampling based on environmental and geographic distances may not only capture
contemporary adaptation, but may also preserve genetic diversity critical for future adaptive
evolution. Note, however, that | assumed in this study that genetic material of maternal plants
was sampled for inclusion in ex situ collections, while plant germplasm, such as seeds, are
generally more likely to be targeted (D.-Z. Li and Pritchard 2009; Y.-B. Fu, Ahmed, and

Diederichsen 2015). Consequently, future work evaluating whether geographically- and
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environmentally-informed sampling can optimize genetic diversity captured ex situ across
generations, for example using observed or simulated offspring genetic data, is needed. In
addition, benefits of using environmental and geographic variation to optimize genetic variability
captured across broad genetic diversity categories (neutral, functional, adaptive) was tested by
pooling distinct genetic markers together (i.e., microsatellites, single-nucleotide polymorphisms).
Future work may thus consider assessing marker-specific patterns associated with environmental
and geographic distances to evaluate the ability of these distances to estimate genetic diversity at
markers with contrasting allelic and mutation models.
5.2.2. Seed morphological variation

Phenotypic variation in plants is influenced by the environment the plant is experiencing
(VE), its genetic composition (Vg), and the interaction between its genetic composition and
environment (Vexe). Traits for which genetic variability explains a considerable proportion of
phenotypic variation may be of particular interest to conservation, as they could potentially be
used as surrogates for estimating within- and among-population genetic diversity. Interestingly,
various traits underlying seed morphology in agronomically important species and coniferous
trees have been shown to be highly heritable (genetically determined) (Roy, Thapliyal, and
Phartyal 2004; Carles et al. 2009; Zas and Sampedro 2015; Pandey, Seshu, and Akbar 1994;
Cober, Voldeng, and Fregeau-Reid 1997; Mera et al. 2004; Hakim and Suyamto 2017). For plant
species conserved in seed banks, seed morphological variation could thus possibly be used to
evaluate genetic variation maintained in ex situ collections. With chapter 3, I evaluated and
described an empirical approach leveraging seed trait variation estimated from existing seed
collections to inform future ex situ sampling efforts for rare species, using Torrey pine as a

model. Torrey pine represented an ideal study system as large ex situ seed collections were
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available for morphological assessment across the range of the species and seed traits in conifers
have been found to be largely heritable. The results of this study indicated that both population
origin (island, mainland) and maternal family within populations explained a significant portion
of observed variation in seed morphology, suggesting within- and between-population genetic
structure exist within the species. From an ex situ conservation perspective, these findings have
important implications. First, population morphological differentiation indicated that optimizing
trait variation preserved ex situ would require sampling of both island and mainland populations.
Second, within-population differentiation in seed morphology suggested that to optimize
morphological variation preserved in future seed collections, a strategy maximizing the number
of maternal families sampled within populations should be favored. Third, greater morphological
variation observed within the island population indicated that, if one aim to capture equal amount
of morphological variation across populations, additional sampling efforts on the island would be
needed. Specifically, resampling simulations demonstrated that to capture 95% of trait variation
present within existing seed collections, 71% (57 individuals) and 83% (25 individuals) of
maternal families within mainland and island seed populations should be sampled, respectively.
Although providing a powerful tool to optimize seed morphological variation, and thus possibly
genetic variation, captured in future ex situ conservation collections, this approach comes with a
few caveats. Theoretically applicable to any plant species with largely heritable seed traits, this
approach has only been tested in Torrey pine, which possesses rather large seeds. Future work
evaluating this approach in species with smaller seeds would provide valuable insights into the
breadth of its applicability. In addition, as discussed in chapter 3, seed traits may often be targets
for natural selection. Depending on the strength with which natural selection shape seed

morphology, potentially reducing additive genetic variance in these traits, genetic diversity
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approximated from seed trait variation may be underestimated. Future work jointly modeling
phenotypic and genetic diversity through simulation, for example using SLiM3 (B. C. Haller and
Messer 2019), would help quantify the impact selection for fix phenotypes may have on
estimating genetic variation using selectable quantitative traits. Finally, recommendations made
using this method will always be relative to seed morphological variation captured within
existing seed collections. To extrapolate to wild populations, one would need to assume that
contemporary seed collections captured all natural seed trait variation occurring within
populations, a condition that is not likely met.
5.3. Preserving rare species’ evolutionary potential in the genomics era

Chapter 4 demonstrated that where genomic data are available, they may not only be used
to evaluate the distribution of genetic variability within species, but may also be leveraged to
infer species’ evolutionary history. Understanding a species’ evolutionary history can help
inform conservation decisions by tracking temporal changes in populations’ effective sizes (Ne),
and thus variation in populations’ evolutionary potential and probability of inbreeding across
time. Additionally, insights into populations’ migration and adaptive history gained from such
knowledge can help evaluate the contribution of neutral and nonneutral evolutionary processes to
population genetic differentiation. Inference regarding the demographic and adaptive history of
the critically endangered Torrey pine indicated that populations have consistently suffered from
low effective sizes across time, suggesting that the species may suffer from reduced evolutionary
potential. Consequently, a conservation strategy to increase genetic diversity within population,
such as genetic rescue, may be desired. However, demographic simulations and genome scans
also revealed that, despite evidence for limited gene flow between populations, a number of loci

may be targets for selection. Potential disruption of local adaptation following admixture thus
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advise consideration of risks associated with increasing inter-population gene flow within the
species. In addition, while low genome-wide differentiation and history of gene-flow between
populations suggested most of genetic variation within Torrey pine may be captured by
conserving only one population (island or mainland), patterns of divergent selection suggest that
to preserve adaptive genetic diversity, conservation of both populations is needed. Note,
however, that limitations associated with methods warrant caution when interpreting these
results. First, coalescent simulators often assume discrete, non-overlapping generations. For
long-lived species, such as Torrey pine, shared ancestral genetic variation among populations
unaccounted for in simulations may lead to biased demographic parameters, including
overestimated effective population sizes and migrations rate, as well as underestimated time of
population divergence. In addition, pines are well known for their substantial genomes, varying
between approximately 20-40 GB in size (Grotkopp et al. 2004; Stevens et al. 2016).
Consequently, the reduced representation sequencing approach (ddRAD) used in this study is
likely to have sampled only a fraction of Torrey pine’s genome. This may have reduced the
accuracy with which genetic summary statistics were estimated, as well as limited our ability to
uncover genetic variation involved in adaptations to island and mainland environments. Future
work using sequencing technologies enabling greater genomic representation, such as PacBio or
nanopore, would help evaluate the impact short-read sequencing may have on estimating genetic
summary statistics in species with large genomes, and improve our understanding of local
adaptation in Torrey pine. Finally, future collaborative efforts towards sequencing and
annotating Torrey pine’s genome will be invaluable to study the distribution of genetic variants
and their physical linkage across the genome, providing a powerful means to decipher the

genomic basis of adaptive evolution within the species.
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Although associated with limitations deserving consideration, this research revealed that
understanding species’ evolutionary history may help assess risks and benefits of inter-
population gene flow and inform conservation actions needed to preserve rare species’
evolutionary potential. Nonetheless, while this approach can caution against potential risks
associated with genetic rescue, only an advanced-generation common garden can empirically
evaluate fitness outcomes following population crossing and predict the success of genetic rescue
as a conservation strategy. Indeed, studying fitness-related traits in first- and later-generation
hybrids will help evaluate whether population crossing increases or reduces fitness in progenies,
and whether these beneficial or adverse fitness effects are maintained across generations.

5.4. Future direction

As species threatened with extinction continue to multiply, tools to effectively guide and
optimize conservation decisions are needed. This research focused on developing new and
complementary approaches to guide conservation of species’ evolutionary potential, particularly
when limited genetic information is available. I demonstrated that environmental and geographic
distances, as well as variation in seed morphology estimated from contemporary seed collections
can provide useful proxies for genetic diversity and serve as a basis for ex situ conservation
decisions making. Additionally, | showed that an understanding of rare species’ evolutionary
history gained from genomic data can be used to tease apart stochastic and deterministic forces
driving population genetic differentiation and inform conservation management strategies,
including genetic rescue. Here, | focused on approaches leveraging species’ geographic
distributions (Chapter 2), phenotypic variation (Chapter 3), and genomic variation (Chapter 4)
for conservation decision making. However, as next-generation sequencing costs continue to

decrease, availability of genomic datasets will increase, facilitating integration of genomic data
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into phenotypic studies and opening up new perspectives for the preservation of species’
adaptive potential.

Species exhibiting exceedingly low genetic variation may benefit from a conservation
strategy aiming to increase genetic diversity within populations, such as genetic rescue.
However, if reproductive barriers have evolved among populations following environmental or
geographic isolation, implementation of such a strategy may reduce the fitness of admixed
populations rather than promoting their recovery. In this study, we used demographic modeling
and genome scans as tools to infer species’ evolutionary history. However, while genome scans
can suggest the action of divergent selection in population genetic differentiation and caution
against potential risks associated with augmenting or restoring gene flow between isolated
populations, they do not allow the assessment of reproductive isolation. Although only
advanced-generation common garden experiments leveraging parent and hybrid populations can
empirically test for the evolution of reproductive barriers, combining fitness-related trait
variation with genomic ancestry from earlier-generation common gardens may provide a means
to unravel the genetic basis of reproductive isolation among species’ populations. Indeed, future
studies pairing genetic simulations with genome-wide association analyses to detect low-
admixture genomic regions associated with reduced fitness in heterozygous F1 hybrids may help
identify areas of species’ genome putatively important for reproductive isolation. Ultimately,
these data could be used to inform species’ conservation, including, for example, the delineation
of conservation units or the viability of genetic rescue as a management strategy.

5.5. Conclusion
We are currently witnessing a revolution in the availability of next-generation sequencing

technologies for non-model systems and the continuing development of new and more
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sophisticated analytical and simulation tools for application to evolutionary and ecological
questions. From a conservation perspective, combining these different approaches will advance
our understanding of the factors influencing the distribution of species’ genomic variation, will
tease apart the genomic complexity of phenotypic trait determination, and address outstanding
questions regarding the evolution of inter-specific genetic boundaries. Broadly, these advances
are providing the scientific community critical tools essential to the preservation, maintenance,

and promotion of biological diversity.
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Table Al. Reference and availability information associated with genetic and genomic datasets of all 15 plant species under study.

Species Literature reference Dryad link
Betula maximowicziana (Tsuda et al. 2015) https://doi.org/10.5061/dryad.dj17c
Centaurea solstitialis (Barker et al. 2017) https://doi.org/10.5061/dryad.pf550
Helianthus annuus (McAssey, Corbi, and Burke 2016)  https://doi.org/10.5061/dryad.6plc4
Helianthus argophyllus ~ (Moyers and Rieseberg 2016) https://doi.org/10.5061/dryad.3c769
Mimulus guttatus (Pantoja et al. 2017) https://doi.org/10.5061/dryad.91v3n
Mimulus lacinatus (Sexton et al. 2016) https://doi.org/10.5061/dryad.8qc40
Narcissus papyraceus g%llrg;n'l)orcar’ Picd, and Arroyo https://doi.org/10.5061/dryad.jh21r
Nothofagus alpina (Vergara et al. 2014) https://doi.org/10.5061/dryad.h3d26
Nothofagus glauca (Vergara et al. 2014) https://doi.org/10.5061/dryad.h3d26
Nothofagus obliqua (Vergara et al. 2014) https://doi.org/10.5061/dryad.h3d26

. . . (Holliday, Ritland, and Aitken a
Picea sitchensis 2010) See note

. (S. R. Keller, Chhatre, and -

Populus balsamifera Fitzpatrick 2017) https://doi.org/10.5061/dryad.gp78p
Populus tremula (Z%irzr;hardsson and Ingvarsson https://doi.org/10.5061/dryad.0vrém66t
Rhododendron oldhamii  (Hsieh et al. 2013) https://doi.org/10.5061/dryad.nc221
Shorea leprosula (Ohtani et al. 2013) https://doi.org/10.5061/dryad.1mt1h

& Datasets received directly from the authors.
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Table A2. Raw set of climatic variables assigned to populations of every genetic and genomic dataset using ClimateNA, SA, EU, or
AP (https://sites.ualberta.ca/~ahamann/data.html).

Annual variables Seasonal variables Monthly variables

Mean Annual Temperature ("C) Winter mean maximum Temperature ("C)  January — December mean

Mean Warmest Month Temperature (°C) Spring mean maximum Temperature (|C) ~ Temperatures (°C)

Mean Coldest Month Temperature (°C) Summer mean maximum Temperature ("C) January — December maximum

Continentality (°C) Autumn mean maximum Temperature ("C) Temperatures (*C) o

Mean Annual Precipitation (mm) Winter mean minimum Temperature (°C) January — Dececm ber minimum

Annual Heat-Moisture index Spring mean minimum Temperature ("C) Temperatures (C) o
o January — December Precipitation

Degree-Days below 0°C Summer mean minimum Temperature (°C) (mm)

Degree-Days above 5°C Autumn mean minimum Temperature (°C)

Degree-Days below 18°C Winter mean Temperature ("C)

Degree-Days above 18°C Spring mean Temperature ("C)

Number of frost-free days Summer mean Temperature (°C)

Precipitation as snow (mm) Autumn mean Temperature ("C)

Extreme Minimum Temperature over past 30 Winter Precipitation (mm)

years (°C) Spring Precipitation (mm)

Hargreaves reference evaporation (mm) Summer Precipitation (mm)

Hargreaves climatic moisture deficit (mm) Autumn Precipitation (mm)
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Table A3. Proportion of environmental differences among populations explained by the first PC axis (PC1), the second PC axis
(PC2), and the combination of both PC axes (PC1 and PC2) for all 15 plant species.

Variance explained by

Species Variance explained by PC1 (%)  Variance explained by PC2 (%) PC1 and PC2 (%)
Betula maximowicziana 62.5 20.7 83.2
Centaurea solstitialis 52.9 21.8 74.7
Helianthus annuus 77.7 12.8 90.5
Helianthus argophyllus 53.6 38.6 92.2
Mimulus guttatus 65.7 21.7 87.4
Mimulus lacinatus 80.2 11.6 91.8
Narcissuspapyraceus 53 28.7 81.7
Nothofagus alpina 65 24.1 89.1
Nothofagus glauca 54.7 27.4 82.1
Nothofagus obliqua 59.8 28.7 88.5
Picea sitchensis 75 18 93
Populus balsamifera 61.8 20.2 82
Populus tremula 75.7 16.1 91.8
Rhododendron oldhamii 66.1 19.4 85.5

Shorea leprosula 54.7 19.2 73.9
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Table A4. List of parameters tested and used for realistic and idealized simulations given per dataset.

Species Genetic marker Number of Number of individuals N N
P (Number of loci) populations  per population 80% P
. 30- 50- 70- 90-
Min  Max - Mean (SD) 40% 60% 80% 100%
Betula
fa EST-SSRs (12) 48 21 49 295 (4.8) 11 15 24 36 48
maximowiczlana
Centaurea SNPs (747) 25 2 19 9(6.2) 2 8 13 19 25
solstitialis
Helianthus SNPs (246) 15 12 20 19.1(2.3) 3 5 8 11 15
annuus
Helianthus Gen-SNPs (68) 51 1 29 10.9(9.7) NA NA NA NA NA
argophyllus
Mimulus SNPs (62) 14 10 21 18.6(2.6) 3 5 7 11 14
guttatus
:V'”.““'“S SSRs (8) 23 30 49 413 (55) NA NA NA NA NA
acinatus
Narcissus SSRs (8) 26 13 20 162(2.2) 13 8 13 20 26
papyraceus
Nothofagus SSRs (7) 12 16 16 16 (0) 0 4 6 9 12
alpina
Nothofagus SSRs (7) 8 16 16 16 (0) 10 3 4 6 8
glauca
Nothofagus SSRs (6) 20 16 16 16 (0) 0 6 10 15 20
obliqua
Ficea Gen-SNPs (339) 10 12 46  28.6(13.2) 4 3 5 8 10
sitchensis

SEL-SNPs (34) 10 12 46  28.6 (13.2) 5 3 5 8 10




Table A4. List of parameters tested and used for realistic and idealized simulations given per dataset. (continued)

Species Genetic marker Number of Number of individuals

(Number of loci) populations per population Neow  Np

30- 50- 70- 90-

Min Max  Mean (SD) 40% 60% 80% 100%

avT

Populus Gen-SNPs (284) 31 10 18  14.3(L4) 3 10 16 23 31
balsamifera
SEL-SNPs (33) 31 10 18 143 (1.4) 4 10 16 23 31
Populus Gen-SNPs (93)
12 1 6 (1.2 2 4 12
tremula [control set] 6 0 9602 y o
-SNPs (71
Gen-SNPs (71) 12 6 10 92(L1) 3 4 6 9 12
[defense set]
SEL-SNPs (10) 12 6 10 9.2(L1) 3 4 6 9 12
Rhododendron o gope (26) 18 8 31 187(6.9) NA NA NA NA NA
oldhamii
Shorea
EST-SSRs (27) 24 10 59 3025(161) NA NA NA NA NA

leprosula
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Table A5. Regression statistics of genetic parameters assessed (Fst and Ac/Aq ; see Figure 4 for details) separated first by comparisons
(Env-Rand, Geo-Rand, Env & Geo-Rand) and then by within-population sampling scenarios (realistic vs idealized). For each genetic
parameter, slopes and SEs are given per genetic marker class.

Genetic Env-Rand Geo-Rand Env & Geo-Rand

marker realistic idealized realistic idealized realistic idealized

class slope (SE) slope (SE) slope (SE) slope (SE) slope (SE) slope (SE)

Fst

Neutral -0.005(0.004)  -0.006(0.004) 0.003(0.007)  0.002(0.007) -0.001(0.005)  -0.001(0.005)
Functional  -0.004(0.002)* -0.004(0.002)? -0.008(0.004)  -0.008(0.004) -0.006(0.003)* -0.006(0.003)?
Adaptive -0.024(0.006)* -0.023(0.006)* -0.035(0.006)* -0.035(0.006)? -0.023(0.001)* -0.022(0.002)?
Ac/Ad

Neutral -0.001(0.007)  0.001(0.007) 0(0.006) 0.001(0.007) -0.005(0.005)  -0.005(0.006)
Functional ~ -0.003(0.001)* -0.006(0.004) 0.001(0.003)  0.005(0.004) -0.001(0.002)  -0.003(0.004)
Adaptive -0.008(0.004)  -0.006(0.002)* -0.005(0.005)  0(0.005) -0.01(0.005) -0.006(0.002)*

& Indicates that observed slopes are significantly different from zero (0=0.05).
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Figure Al. Scatterplots of the relationship between genetic differentiation, based on Nei’s Fsr,
and environmental distance (red), genetic differentiation and geographic distance (blue) as well
as between environmental distance and geographic distance (black) for all 19 genetic and
genomic datasets considered in this study. Geographic distances were measured as the Euclidean
distance between GPS coordinates of sampled populations (latitude, longitude), whereas
environmental distances were measured as the Euclidean distance between the two major
environmental principal components associated with populations. At the top of each plot figure
the correlation coefficient (r) between distances assessed and its significance statistic (P), both
estimated using a mantel test.
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Figure Al. Scatterplots of the relationship between genetic differentiation, based on Nei’s Fsr,
and environmental distance (red), genetic differentiation and geographic distance (blue) as well
as between environmental distance and geographic distance (black) for all 19 genetic and
genomic datasets considered in this study (continued). Geographic distances were measured as
the Euclidean distance between GPS coordinates of sampled populations (latitude, longitude),
whereas environmental distances were measured as the Euclidean distance between the two
major environmental principal components associated with populations. At the top of each plot
figure the correlation coefficient (r) between distances assessed and its significance statistic (P),
both estimated using a mantel test.

149



=-0.15, P=0.809 =-0.12, P=0.692 r=0.49, P=0.003

= =
o o
o |
& g
3 o w |
= o°
= 5 <
(2] [%2) —
s LS LS 5 o
5 E 21
S c
= s
= - - 2
ZQ ) ) u‘i w -
T T T T T T -I T T T T I T T T T
5 10 15 20 1 2 3 4 5 6 1 2 3 4 5 6
Environmental distance Geographic distance Geographic distance
r=0.34, P=0.008 r=0.69, P=0.001 r=0.27, P=0.001

0.20
|
0.20

30
1

0.15
0.15
25

|

0.10
20

0.10

Environmental distance
10 15

0.05

Shorea leprosula (EST-SSRS)
Fsr
0.058

T T T T T
0 5 10 20 30 0 5 10 13 0 5 10 13
Environmental distance Geographic distance Geographic distance

Figure Al. Scatterplots of the relationship between genetic differentiation, based on Nei’s Fsr,
and environmental distance (red), genetic differentiation and geographic distance (blue) as well
as between environmental distance and geographic distance (black) for all 19 genetic and
genomic datasets considered in this study (continued). Geographic distances were measured as
the Euclidean distance between GPS coordinates of sampled populations (latitude, longitude),
whereas environmental distances were measured as the Euclidean distance between the two
major environmental principal components associated with populations. At the top of each plot
figure the correlation coefficient (r) between distances assessed and its significance statistic (P),
both estimated using a mantel test.
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Figure Al. Scatterplots of the relationship between genetic differentiation, based on Nei’s Fsr,
and environmental distance (red), genetic differentiation and geographic distance (blue) as well
as between environmental distance and geographic distance (black) for all 19 genetic and
genomic datasets considered in this study (continued). Geographic distances were measured as
the Euclidean distance between GPS coordinates of sampled populations (latitude, longitude),
whereas environmental distances were measured as the Euclidean distance between the two
major environmental principal components associated with populations. At the top of each plot
figure the correlation coefficient (r) between distances assessed and its significance statistic (P),
both estimated using a mantel test.
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Figure Al. Scatterplots of the relationship between genetic differentiation, based on Nei’s Fsr,
and environmental distance (red), genetic differentiation and geographic distance (blue) as well
as between environmental distance and geographic distance (black) for all 19 genetic and
genomic datasets considered in this study (continued). Geographic distances were measured as
the Euclidean distance between GPS coordinates of sampled populations (latitude, longitude),
whereas environmental distances were measured as the Euclidean distance between the two
major environmental principal components associated with populations. At the top of each plot
figure the correlation coefficient (r) between distances assessed and its significance statistic (P),
both estimated using a mantel test.
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Figure Al. Scatterplots of the relationship between genetic differentiation, based on Nei’s Fsr,
and environmental distance (red), genetic differentiation and geographic distance (blue) as well
as between environmental distance and geographic distance (black) for all 19 genetic and
genomic datasets considered in this study (continued). Geographic distances were measured as
the Euclidean distance between GPS coordinates of sampled populations (latitude, longitude),
whereas environmental distances were measured as the Euclidean distance between the two
major environmental principal components associated with populations. At the top of each plot
figure the correlation coefficient (r) between distances assessed and its significance statistic (P),
both estimated using a mantel test.
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Figure Al. Scatterplots of the relationship between genetic differentiation, based on Nei’s Fsr,
and environmental distance (red), genetic differentiation and geographic distance (blue) as well
as between environmental distance and geographic distance (black) for all 19 genetic and
genomic datasets considered in this study (continued). Geographic distances were measured as
the Euclidean distance between GPS coordinates of sampled populations (latitude, longitude),
whereas environmental distances were measured as the Euclidean distance between the two
major environmental principal components associated with populations. At the top of each plot
figure the correlation coefficient (r) between distances assessed and its significance statistic (P),
both estimated using a mantel test.
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Figure Al. Scatterplots of the relationship between genetic differentiation, based on Nei’s Fsr,
and environmental distance (red), genetic differentiation and geographic distance (blue) as well
as between environmental distance and geographic distance (black) for all 19 genetic and
genomic datasets considered in this study (continued). Geographic distances were measured as
the Euclidean distance between GPS coordinates of sampled populations (latitude, longitude),
whereas environmental distances were measured as the Euclidean distance between the two
major environmental principal components associated with populations. At the top of each plot
figure the correlation coefficient (r) between distances assessed and its significance statistic (P),
both estimated using a mantel test.
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Figure Al. Scatterplots of the relationship between genetic differentiation, based on Nei’s Fsr,
and environmental distance (red), genetic differentiation and geographic distance (blue) as well
as between environmental distance and geographic distance (black) for all 19 genetic and
genomic datasets considered in this study (continued). Geographic distances were measured as
the Euclidean distance between GPS coordinates of sampled populations (latitude, longitude),
whereas environmental distances were measured as the Euclidean distance between the two
major environmental principal components associated with populations. At the top of each plot
figure the correlation coefficient (r) between distances assessed and its significance statistic (P),
both estimated using a mantel test.
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Figure Al. Scatterplots of the relationship between genetic differentiation, based on Nei’s Fsr,
and environmental distance (red), genetic differentiation and geographic distance (blue) as well
as between environmental distance and geographic distance (black) for all 19 genetic and
genomic datasets considered in this study (continued). Geographic distances were measured as
the Euclidean distance between GPS coordinates of sampled populations (latitude, longitude),
whereas environmental distances were measured as the Euclidean distance between the two
major environmental principal components associated with populations. At the top of each plot
figure the correlation coefficient (r) between distances assessed and its significance statistic (P),
both estimated using a mantel test.
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Figure A2. Proportion of allelic diversity captured within a population (one point illustrates one
population) when N individuals were randomly sampled. Different colors represent different
datasets. The legend indicates which color is associated with which dataset and provides the
value of N used for simulations in brackets. Dashed red lines represent the threshold above which
80% or more of allelic diversity is captured and error bars represent Student 95% confidence
intervals calculated from 500 iterations. (A) Datasets included in idealized and realistic
simulations. For each dataset, N = Ngo%. (B) Datasets discarded from idealized and realistic
simulations. N represents the size of the smallest population within each dataset.
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Figure A3. Average differences (+SE) across datasets in (A) population genetic differentiation
(Nei’s Fst) and (B) allelic diversity (Ac/Aq) estimated from ex situ collections simulated using
distance-informed (Env: environmental, Geo: geographic, and Env & Geo: environmental and
geographic) and random (Rand) population sampling strategies separated by genetic marker
classes (functional, neutral, and adaptive). Differences in genetic summary statistics were
estimated for different proportions of populations sampled. Environmental distances between
populations were estimated using the two major axes of differentiation obtained using a non-
metric multidimensional scaling analysis (NMDS). Note that for both realistic and idealized
simulations, Np=4 (proportion of population sampled = 0.5) was replaced by Np=5 (proportion
of population sampled = 0.63) for N. glauca (SSRs) because at least one distance-informed
population sampling strategy could not be simulated using the original Np value (Table A4). ns:
non-significant.
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Figure A4. Average differences (+SE) across datasets in (A) population genetic differentiation
(Nei’s Fst) and (B) allelic diversity (Ac/Aq) estimated from ex situ collections simulated using
distance-informed (Env: environmental, Geo: geographic, and Env & Geo: environmental and
geographic) and random (Rand) population sampling strategies separated by genetic marker
classes (functional, neutral, and adaptive). Differences in genetic summary statistics were
estimated for different proportions of populations sampled. Environmental distances between
populations were estimated by the three major axes of differentiation obtained using a principal
component analysis (PCA). Note that for both realistic and idealized simulations, Np=6
(proportion of population sampled = 0.3) was replaced by Np=7 (proportion of population
sampled = 0.35) for N. obliqua (SSRs) because at least one distance-informed population
sampling strategy could not be simulated using the original Np value (Table A4). ns: non-
significant.
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APPENDIX B. ADDITIONAL INFORMATION (CHAPTER 2)

Genetic and genomics datasets associated with 7 of the 15 studied species downloaded
from Dryad (https://datadryad.org/) were modified to meet selection criteria for subsequent
analysis. Modifications performed involved subsampling of original datasets through the
removal of one or several individuals, populations, or genetic markers. In addition, geographic
coordinates provided in Bernhardsson & Ingvarsson (2012) also needed to be adjusted to fully
meet the second selection criterion. Below is a detailed list of modifications made to genetic,
genomic, and geographic datasets.

Centaurea solstitialis — First, individuals belonging to another species that C. solsitialis
(Centaurea melitensis, Centaurea nicaeensis, and Centaurea pallescens) were discarded because
they did not span species geographic ranges or isolated part of their ranges and therefore violated
the first selection criterion. Second, only the individuals of C. solstitialis distributed in Eurasia
were kept because samples from the United States and South America were not representative of
the species distribution or an isolated part of its distribution in these locations, also violating the
first selection criteria. Third, individuals with the prefix “Ar-" were discarded because they could
not be associated with a unique population. Two populations in Barker et al. (2017) were named
“AR”, on located in the United States (Lat 45.696°, Long —118.871°), the other located in South
America (Lat 39.563°, Long 67.007°). Additionally, individuals labeled C1346, C1441, C1445,
and C1448 as well as individuals with the prefix “Sie-” were removed from the dataset because
they could not be assigned to any populations. Finally, individuals belonging to populations ETC
and K113 as well as individuals labeled as C1309, C1310, and C1313, all three belonging to the
same population, were discarded as they fell without the geographic range covered by

ClimateEU and could not be associated with climatic variables. This would prevent variation
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partitioning to be performed and environmental distance among populations to be estimated,
impeding downstream statistical analyses. Overall, 225 individuals from 25 populations spanning
the species native (Eurasian) distribution range met all three selection criteria and were used for
analyses.

Helianthus argophyllus — First, all individuals from another species than H. argophyllus
(Helianthus annuus and Helianthus debilis) were discarded as they were poorly sampled and
covered only a small part of species distribution ranges, violating the first selection criterion.
Second, individuals within populations labeled as ARG-1575, ARG-2623, HEL 153, P1649866,
P1490291 Moz, 448, 449 and 451 were removed from the dataset because no geographic
coordinates were available for these populations, violating the second selection criterion.
Overall, 554 individuals from 51 populations spanning the species native ancestral distribution
range (Texas; Yatabe et al. 2007), which currently represents an isolated fraction of its
distribution (Texas, Florida and North Carolina; https://plants.usda.gov) met all three selection
criteria and were used for analyses.

Mimulus guttatus — Individuals belonging to populations labeled as ALA, WLB, CPB,
HOC, HEC, ANR, LMC, WTB, DFAL and DAYV were discarded as they were not representative
of the species North American distribution nor representative of a fraction of the species range,
violating the first selection criterion. Overall, 261 individuals from 14 populations sampled
across the species British distribution met all three selection criteria and were used for
subsequent analyses.

Mimulus lacinatus — In this dataset, 3 of 11 codominant genetic markers were removed

(e617, 641, e423) as they are gene-intron-length markers and did not fall within the range of

162



genetic markers under study (SSR, EST-SSR, SNP, Gen-SNP, SEL-SNP), violating the third
selection criterion. The remaining eight microsatellite markers were used for analyses.

Narcissus papyraceus — Individuals within 5 of the 31 populations studied in Simén-
Porcar et al. (2015) (populations 1-5, region code CM) were discarded because they fell without
the geographic range covered by ClimateEU. Consequently, no climatic variable could be
retrieved for these sites, which would prevent variation partitioning to be performed and
environmental distance among populations to be estimated, impeding downstream statistical
analyses. Overall, 422 individuals from 26 populations sampled throughout most of the species
European and North African distribution range met all three selection criteria and were used for
analyses.

Picea sitchensis — First, individuals labeled with prefixes “10” and “15” were removed
from the SNPs dataset as none of these individuals were assigned to one of the populations listed
in Holliday et al. (2010). Second, of the 35 SNPs identified as putatively under selection in the
study, only 34 were considered as SEL-SNPs because one SNP (273_98 NS) was absent from
the original full genotypes’ dataset. Finally, individuals belonging to Rocky Bay and Kodiak
Island populations were discarded as no climatic data could be retrieved for these two
populations using ClimateNA, which would prevent variation partitioning to be performed and
environmental distance among populations to be estimated, impeding downstream statistical
analyses. Overall, 286 individuals from 10 populations spanning most of the species native
(North American) distribution range met all three selection criteria and were used for analyses.

Populus balsamifera — First, individuals from another species than P. balsamifera
(Populus deltoids, Populus tremula, Populus tremuloides, Populus trichocarpa, and Populus

angustifolia) were discarded as only a few individuals were sampled (1-8 individuals) per species

163



and thus neither represent whole nor part of species distribution ranges, violating the first
selection criterion. Second, 7 genetic markers (ABi1D_183, CRY11_3201, GI5 5271,

PHYB2_ 5048, GI2_10278, PIF31_1277, PIF31_2601) were removed from the genomic dataset
as they represent indel and not SNP variation, violating the third selection criterion. Finally, to
comply with the second selection criterion, only individuals belonging to the 31 populations
studied in Keller et al. (2012) were kept as geographical coordinates could only be retrieved for
these populations. Overall, the dataset we used for analyses matched the one used in Keller et al.
(2012), including 443 individuals from 31 populations spanning most of P. balsamifera
distribution range.

Populus tremula — In the study performed by Bernhardsson & Ingvarsson (2012),
geographical coordinates are given per tree sampled. However, to fully comply with the second
selection criterion and be able to both conduct variation partitioning and estimate environmental
and geographical distances among populations, geographical coordinates per population are
needed. To resolve this issue, we pooled all individuals belonging to the same population
together and averaged values of latitude, longitude, and elevation to generate geographical

coordinates and elevation data per population.
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APPENDIX C. SUPPLEMENTARY MATERIAL (CHAPTER 3)
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997

Table C1. Average estimates (+SE) of all 14 measured (A) and derived (B) seed traits summarized by maternal families for the island
(n = 30) and the mainland (n = 80 and n = 30) population. Measurable traits: seed length (SL), seed width (SW), embryo length (EL),
embryo width (EW), seed coat width (SCW), seed area (SA), endosperm area (ESA), and embryo area (EA). Derived traits: seed
length/width ratio (SLW), embryo length/width ratio (ELW), relative embryo size (RES), relative endosperm size (REndS), seed coat
area (SCA), and relative seed coat size (RSCS). Differences in seed morphology between mainland and island populations were
significant (0=0.05) for all 14 seed traits, even after the mainland population was subset to 30 randomly selected maternal families.

A — Measured seed traits

Population  SL (cm) SW (cm) SCW (cm)  EL (cm) EW (cm) SA (cm?) ESA (cm?)  EA (cm?)

Mainland 1.415 0.768 0.089 1.082 0.155 0.887 0.548 0.169

80 families +0.016 +0.009 +0.002 +0.012 +0.003 +0.023 +0.014 +0.004

Mainland 1.378 0.742 0.087 1.082 0.151 0.813 0.510 0.166

30 families  +0.022 +0.013 +0.002 +0.018 +0.003 +0.029 +0.017 +0.006

Island 1.674 0.966 0.117 1.198 0.186 1.410 0.807 0.232

+0.020 +0.015 +0.002 +0.020 +0.004 +0.031 +0.021 +0.007
B — Derived seed traits

Population SLW ELW SCA (cm?) RES RENdS RSCS
(SL/SW) (EL/EW) (SA-ESA) (EA/ESA) (ESA/SA) (SCAJSA)

Mainland 1.857 7.275 0.339 0.313 0.619 0.381

80 families +0.013 +0.094 +0.010 +0.005 +0.003 +0.003

Mainland 1.872 7.342 0.302 0.328 0.629 0.371

30 families +0.022 +0.132 +0.012 +0.005 +0.006 +0.006

Island 1.769 6.640 0.603 0.287 0.571 0.429
+0.037 +0.136 +0.013 +0.004 +0.004 +0.004




Table C2. Proportion of variance in measured and derived seed morphological traits explained
by populations (mainland, island; fixed effect), maternal families (random effect), and both
populations and maternal families when 80 and 30 (referred below as 80 families) or 30 and 30
(referred below as 30 families) mainland and island maternal plants were used for analysis. SL,
seed length [cm]; SW, seed width [cm]; EL, embryo length [cm]; EW, embryo width [cm];
SCW, seed coat width [cm]; SA, seed area [cm?]; ESA, endosperm area [cm?]; EA, embryo area
[cm?]; SLW, seed length/width ratio; ELW, embryo length/width ratio; RES, relative embryo
size; RENdS, relative endosperm size; SCA, seed coat area [cm?]; RSCS, relative seed coat size;
R2m, proportion of variance explained by fixed effects; R?, proportion of variance explained by
fixed and random effects.

Variance exp!a_lned _by_ Total variance explained
maternal families within

populations (R%-R2y)? (R?) (80 families/30
(80 families/30 families) ~ families)

Variance explained by
Seed trait  populations (R%m)? (80
families/30 families)

SL 0.30/0.48 0.35/0.22 0.65/0.70
SW 0.36/0.48 0.24/0.16 0.60/0.64
SCW 0.32/0.48 0.28/0.20 0.60/0.68
EL 0.10/0.13 0.37/0.34 0.47/0.47
EW 0.11/0.23 0.16/0.15 0.27/0.38
SA 0.49/0.68 0.31/0.16 0.80/0.84
ESA 0.37/0.54 0.34/0.22 0.71/0.76
EA 0.22/0.32 0.29/0.27 0.51/0.59
SLW 0.02/0.02 0.07/0.06 0.09/0.08
ELW 0.03/0.07 0.12/0.12 0.15/0.19
SCA 0.57/0.73 0.24/0.12 0.81/0.85
RES 0.03/0.17 0.23/0.16 0.26/0.33
RENndS 0.17/0.30 0.20/0.15 0.37/0.45
RSCS 0.17/0.30 0.20/0.15 0.37/0.45
Average  0.23/0.35 0.24/0.18 0.48/0.53

& The effect of population origin or maternal family within populations when 30 mainland
maternal plants were used remained significant at 0=0.05 for all seed traits listed, except for the
ratio between seed length and seed width (SLW, random effect; P = 0.16).
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Table C3. PC1 and PC2 loadings for all 14 measured and derived seed traits: seed length (SL,
cm), seed width (SW, cm), embryo length (EL, cm), embryo width (EW, cm), seed coat width
(SCW, cm), seed area (SA, cm?), endosperm area (ESA, cm?), embryo area (EA, cm?), seed
length/width ratio (SLW), embryo length/width ratio (ELW), relative embryo size (RES),
relative endosperm size (REndS), seed coat area (SCA, cm?), and relative seed coat size (RSCS).

Seed trait PC1 -57.8% var. explained PC2 —15.9% var. explained

SL -0.33 -0.06
SW -0.34 0.02
SCW -0.29 0.16
EL -0.27 0.17
EW -0.27 0.31

SA -0.34 -0.09
ESA -0.33 -0.01
EA -0.31 0.23
SLW 0.11 -0.15
ELW 0.13 -0.33
SCA -0.34 -0.18
RES 0.09 0.46
RENndS 0.18 0.45
RSCS -0.18 -0.45
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Table C4. Proportion of variance in measured and derived seed morphological traits explained
by populations (mainland, island; fixed effect), maternal families (random effect), and both
populations and maternal families. SL, seed length [cm]; SW, seed width [cm]; EL, embryo
length [cm]; EW, embryo width [cm]; SCW, seed coat width [cm]; SA, seed area [cm?]; ESA,
endosperm area [cm?]; EA, embryo area [cm?]; SLW, seed length/width ratio; ELW, embryo
length/width ratio; RES, relative embryo size; REndS, relative endosperm size; SCA, seed coat
area [cm?]; RSCS, relative seed coat size; R?m, proportion of variance explained by fixed effects;
R2c, proportion of variance explained by fixed and random effects.

Variance explained by

Variance explained by Total variance explained

Seed trait populations (R?%m) 2 :)noagizgggaasr?glzisRv;n:t)Tn (R%)
SL 0.30 0.35 0.65
SW 0.36 0.24 0.60
SCW 0.32 0.28 0.60
EL 0.10 0.37 0.47
EW 0.11 0.16 0.27
SA 0.49 0.31 0.80
ESA 0.37 0.34 0.71
EA 0.22 0.29 0.51
SLW 0.02 0.07 0.09
ELW 0.03 0.12 0.15
SCA 0.57 0.24 0.81
RES 0.03 0.23 0.26
RENdS 0.17 0.20 0.37
RSCS 0.17 0.20 0.37
Average  0.23 0.24 0.48

& The effect of population origin or maternal family within populations is significant at 0=0.05
for all seed traits listed.
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Figure C1. Torrey pine distribution (red shades) and position of maternal trees sampled (closed
black circles). (A) Torrey Pine State Reserve, Pinus torreyana subsp torreyana, CA. (B) Santa
Rosa Island, Pinus torreyana subsp insularis, CA.
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Endosperm area 0.33 0.31
Seed coat area 0.34 0.33
PC2
Relative seed coat size 0.45 0.44
Relative endosperm size 0.45 0.44
Relative embryo size 0.46 0.32
Embryo length 0.17 0.45

Figure C2. Principal component analysis using all 14 morphological and derived seed traits
evaluated from (A) 80 mainland (orange) and 30 island (green) maternal families, and (B) 30
randomly selected mainland (orange) and 30 island (green) maternal families. Listed in the table
are absolute values of PC1 and PC2 loadings for seed traits with highest loadings.
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Figure C3. Proportion of variance in seed morphology explained by populations (green),
maternal families within populations (orange), and other variables not accounted for in the model
(residuals; dark red) for each of the 14 measured and derived seed traits when (A) 80 and 30, and
(B) 30 random and 30 mainland and island individuals were considered for analysis,
respectively. SL, seed length [cm]; SW, seed width [cm]; SCW, seed coat width [cm]; EL,
embryo length [cm]; EW, embryo width [cm]; SA, seed area [cm?]; ESA, endosperm area [cm?];
EA, embryo area [cm?]; SLW, seed length/width ratio; ELW, embryo length/width ratio; SCA,
seed coat area [cm?]; RES, relative embryo size; REndS, relative endosperm size; RSCS, relative
seed coat size. See Table C2 for numerical estimates.
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Figure C4. Phenotypic variation captured across seed traits in simulated collections (N¢) relative

to total phen

otypic variation present in seed populations (Nt) when (A) 80 mainland maternal

families or (B) 30 randomly selected mainland maternal families were simulated. Average
proportions of phenotypic variation captured (N¢/Nt) were estimated for various proportions of
maternal families sampled. Pisiand and Pmainiand represent the proportion of maternal families
required to capture 95% of morphological variation (horizontal dashed line) present in island
(green) and mainland (orange) ex situ seed populations, respectively.
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Input Data
Standardized morphological values of a trait
measured on seeds from one Torrey pine population
(island or mainland)

\ 4

Data Processing
Remove seeds with missing value

v

Data Subsampling
Random selection of N,,, maternal families without
replacement from the available pool of maternal
families (mainland: 80, island: 30)

\ 4

Evaluation of the summary statistic
Number of unique seed trait values (rounded to one digit) captured in the subsample: N,
Total number of unique seed trait values (rounded to one digit) present in a population: N,
Summary statistic: proportion of total seed trait variance captured: N/N,

“olpr 10 anjen AJana
10} sawin QS 1eaday

Figure C5. Simulation framework used to estimate phenotypic variation in seed morphology
captured after resampling of contemporary Torrey pine ex situ seed collections. Simulations
using this framework were conducted for each seed trait and Torrey pine population
independently. Computation proceeds from top to bottom.
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APPENDIX D. SUPPLEMENTARY MATERIAL (CHAPTER 4)

Table D1. Pinaceae species represented in the set of 80 putatively adaptive genes.

Species Number of
with BLAST’s hits BLAST’s hits
Larix gmelinii 3

Larix kaempferi 1

Picea abies 3

Picea glauca 26

Picea sitchensis 25

Pinus elliottii 1

Pinus lawsonii 1

Pinus massoniana 4

Pinus monticola 1

Pinus pinaster 2

Pinus pinea 1

Pinus radiata 3

Pinus sylvestris 2

Pinus tabuliformis 2

Pinus taeda 5

Total 80
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Figure D1. Distribution of genetic summary statistics in the HWE-filtered (73,928 variants, dark
grey) and down-sampled (9,795 variants, light grey) datasets. (A, C) observed heterozygosity:
Ho. (B, D) pairwise genetic distances: Nei’s Fsr.
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Figure D2. Principal component analyses conducted on two different genetic datasets. (A)
HWE-filtered dataset, including 73,928 SNPs. (B) Down-sampled dataset, including 9,795 SNPs.
Individuals were grouped by populations, including island (SRI, grey) and mainland (TPSR,
black) populations. Variance explained by the first and second axis of differentiation are
provided in parentheses.
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Figure D3. Misclassification proportions based on 100-fold cross-validation simulations with a
tolerance rate of 0.01 for all six demographic scenarios. Different colors indicate summary
statistics simulated under different demographic scenario. The proportion of simulations
correctly assigned to their demographic model is provided above each bar. See text and Figure
12 for details on each scenario.
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Figure D4. Cross-validation (100-fold) for demographic parameters inferred from the best
model. True values (x-axis) are given against estimated values (y-axis) approximated using non-
linear postsampling regression adjustment on log-transformed parameters and a tolerance rate of
0.01. The solid line represents the 1:1 (identity) relationship between true and estimated values.
The closer to the line points are, the more accurate is the parameter inferred. Na, ancestral
effective population size; N, island effective population size; Nm, mainland effective population
size; mjv, migration probability from island to mainland; mm, migration probability from
mainland to island; Toiv, time of population divergence.
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Figure D5. Distributions of pairwise Nei’s Fst values between the island and mainland
populations estimated from the simulated (grey) and full (white) dataset. Both distributions were
estimated using 93,085 SNPs. (A) Full range of observed and simulated Fst values. (B) Right-
hand tail of observed and simulated Fst distributions. Neutral Fst estimates were obtained by
simulating the best demographic model (see Figure 15) in SIMCOALZ2.
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Figure D6. Principal component analysis conducted on the full dataset (93,085 variants) grouped
by populations (island [SRI], grey; mainland [TPSR], black). (A) Distribution of individuals on
the first and second axis of differentiation. (B) Distribution of individuals on the third and fourth
axis of differentiation. Variation explained by each axis is given in parentheses.
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Figure D7. Bayesian Information Criterion (BIC) calculated for structure models assuming from
1 to 10 genetic clusters (k) within Torrey pine populations. (A) Island (SRI) population. (B)
Mainland (TPSR) population. For both populations, k = 1 is associated with the lowest BIC
value, identifying one as the most likely number of genetic clusters within populations.
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