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Chapter 1:

Introduction

1.1 Thesis overview and aims

My thesis aimed at developing an adequate conceptual and methodological framework for
studying the dispersal of potentially adaptive genes, i.e. adaptive gene flow, among forest tree
populations along ecological gradients.

According to theoretical expectations, gene flow can prevent genetic population divergence
by homogenizing allele frequencies. In forest trees, this expectation has been confirmed by
many experimental studies based on neutral molecular markers, showing that gene flow can
be effective in maintaining genetic connectivity over large distances (Bacles et al. 2005,
O’Connell et al. 2006, Lander et al. 2010). As a consequence, forest trees usually show high
within-population genetic variation and weak geographical structure (Hamrick 2004).
Nonetheless, population differentiation may arise also in forest trees, especially in widely
distributed species, due to isolation by distance, abrupt geographical barriers, or as a
consequence of heterogeneous environmental conditions (Gram and Sork 2001, Grivet et al.
2011).

Environmental heterogeneity (in particular linked to temperature, precipitation, and aridity)
has been shown to influence genetic differentiation among tree populations and to create
geographic genetic patterns consistent with adaptive traits (Savolainen et al. 2007, Eckert et
al. 2010, Sork et al. 2010, Grivet et al. 2011), even in species with high potential for gene
flow (Ortego et al. 2012, Temunovic et al. 2012). In heterogeneous environments, or along
ecological gradients, different populations are likely to experience contrasting environmental
challenges and selective pressures. Spatial variation in the strength and direction of selective
factors may influence the distribution of genetic variation among populations, leading to
population differentiation through local adaptation (Lenormand 2002, Jump and Penuelas
2005). Populations are locally adapted when they have their highest relative fitness at their
home sites (Savolainen et al. 2007). In order for populations to respond to environmental
selective pressure through local adaptation sufficient genetic variation should be available
(Hamrick 2004).

In the case of species occupying a wide range of distinct ecological conditions, the

homogenizing action of gene flow can have contrasting effects on the adaptive potential of
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populations. Gene flow, by introducing gametes adapted to a different environment, may have
a maladaptive effect and decrease the fitness of individuals. On the other hand, gene flow can
also increase within-population genetic variation and spread advantageous alleles,
contributing to increasing the local adaptive potential. Gene flow is expected to have a
beneficial effect especially in the case of populations genetically impoverished, where the
adaptive potential is particularly low. Whether gene flow enhances or counteracts adaptation
of forest trees populations is an extremely complex question to answer, because it depends on
many factors such as the rate of gene flow, intensity of selection, population size and
structure, demographic history, and species-specific life history traits (Krutovsky et al. 2012).
With the currently ongoing climate warming, individuals able to perform well in warmer and
drier conditions can be expected to be selectively advantaged, both in local persistence and in
latitudinal and altitudinal migration/colonization. Although it is not easy task to define when
gene flow has an adaptive value, the concept of ‘adaptive gene flow’ during forest trees’ range
shifts has been touched upon several times in recent literature. Davis and Shaw (2001), in
their pivotal paper on the adaptive responses of forest trees to quaternary climate change,
stated that “the arrival of seeds that are somewhat “preadapted” to the novel climate (e.g.,
seeds from more southerly populations during periods of climate warming) may contribute to
adaptation, yet selection would also promote new genetic combinations, for example, of
photoperiod and temperature responses suited to the novel growing season”. Then, it has
been stressed that directional gene flow via-pollen can contribute in a “more pervasive and
faster way” to this process (Robledo-Arnuncio 2011). If not by directly introducing
advantageous genetic variants, gene flow can increase the adaptive potential of a population
by incrementing its additive genetic variance (Yeaman and Jarvis 2006). Although few
experiments have been aimed at quantifying gene flow along environmental gradients,
Gauzere et al. (2013) have recently shown that high altitude forest tree populations
experienced a larger gamete immigration than lower altitude ones along an altitudinal gradient
(Gauzere et al. 2013). The Authors noted how “directional pollen flow carrying preadapted
genes to warmer conditions should thus be particularly favourable for emhancing the
adaptation of population (their upper population) fo future climatic conditions”. Despite the
relevance of potentially adaptive gene flow among forest tree populations for predicting their
ability to respond to environmental changes, this is still a scarcely explored issue (Kremer et
al. 2012) and whether the velocity of plant movement will cope with the velocity of climate
change is still debated (Corlett and Wescott 2013).

Paternity and parentage analysis allow careful and direct estimation of gene flow in natural
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populations. Paternity analysis aims at estimating effective gene flow via pollen, i.e. the rate
of local seeds successfully pollinated by external pollen donors (Smouse ef al. 2004). On the
other hand, parentage analysis aims at assessing the rate of seed and pollen immigration by
investigating the parentage of established seedlings. Paternity and parentage analysis have
been generally carried out using neutral molecular markers, thus providing very useful
information but restricted to the investigation of demographic patterns and mating systems.
The increasing availability of potentially adaptive markers (i.e. candidate genes, SNPs linked
to particular phenotypic or physiological traits) may allow investigation of the rate and
direction of gene flow also for loci potentially under selection. Therefore, my thesis aimed at
providing the main elements needed to set up an experiment for studying potentially adaptive
gene flow in a widespread and economically important tree species, silver fir (4bies alba
Mill.).

In order to do this, I focused on the following crucial aspects:

e First of all, when using paternity and parentage analyses it is important to choose an
adequate sampling design in order to achieve robust estimates. | investigated this
aspect by reviewing published paternity studies and by using computer simulations to
test the effect of sampling effort on dispersal estimates (in particular on pollen
immigration estimates obtained from paternity experiments). This simulation study
resulted in practical guidelines for performing future paternity studies (Chapters 2 and

3).

e Second, an ad hoc set of molecular markers suitable for both biogeographical and
gene flow studies should be developed. In order to study adaptive processes it is
important to disentangle the effects of demography and past migration on population
structure from selection signatures. For doing this, both neutral (i.e. SSRs) and
potentially adaptive (i.e. SNPs) markers should be available. Since SNP markers for
silver fir have just been developed in a parallel project (Roschanski et al. 2013), in my
thesis a large set of new microsatellite markers was developed (Chapter 4). Until now,

only few, null allele prone, molecular markers were available for silver fir.

e Third, in order to maximize the probability of observing adaptive gene flow, transects
in areas characterized by steep ecological gradients should be considered. For this

reason, I focused on silver fir (4bies alba Mill.) populations along the Apennine chain.
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These populations represent an ideal system to study adaptive gene flow because they
are a hotspot of genetic diversity for the species, besides being highly genetically and
ecologically differentiated (Terhurne-Berson et al., 2004, Liepelt et al. 2009,
Zieghenhagen et al. 2005, Piovani et al. 2010, Carrer et al. 2010). Some evidences of
genetic distinctiveness among groups of populations have been previously found, but
the relationship among genetic structure, different eco-physiological responses, and
the complex evolutionary history of these populations has not been clarified yet

(Chapter 5).
Chapters 2 and 4 resulted in articles published in peer reviewed journals:

Leonarduzzi C, Leonardi S, Menozzi P, Piotti A (2012) Towards an optimal sampling effort

for paternity analysis in forest trees: what do the raw numbers tell us? iForest, 5: 18-25.

Postolache D, Leonarduzzi C, Piotti A, Spanu I, Roig A, Fady B, Roschanski A, Liepelt S,
Vendramin GG (2014) Transcriptome versus genomic microsatellite markers: Highly
informative multiplexes for genotyping Abies alba Mill. and congeneric species. Plant

Molecular Biology Reporter, in press.
Chapter 3 resulted in a manuscript submitted to a peer reviewed journal.

In the following paragraphs the main themes developed in my dissertation are introduced.

1.2 Dispersal and gene flow in forest trees

Dispersal is the unidirectional movement of an organism away from its place of birth (Levin
et al. 2003) and it is one of the most important life-history traits in species persistence
(Clobert et al. 2001). In plants, it is defined as the phase between separation from the parent
until the propagules (i.e. pollen and seeds) come to the final rest (Cousens et al. 2008).
Although dispersal is mostly a passive process in plants, plants have evolved structures to
increase the chances that propagules are transported over long distances by wind (e.g. winged
seeds, plumed pappus) and/or by animals (e.g. spines, hooks to attach to animals’ coats)
(Begon et al. 2006, Hintze et al. 2013). The probability of propagule dispersal often follows a
decreasing curve, with most propagules travelling relatively short distances from the parent

plant and their density decreasing more or less steeply with distance (Cousens ef al. 2008).



Dispersal heavily affects ecological and demographic dynamics of local populations,
meta-populations and communities (Silvertown 1991, Levin et al. 2003, Nathan et al. 2008,
Clobert et al. 2012). At the population level, it determines the spatial structure of populations,
and regulates the population density. In meta-populations, it affects the connectivity and
distribution of individuals among different patches and the persistence of the species in the
whole meta-population (Levin et al. 2003). At the community level, dispersal increases
species richness and allows to escape from competition, and it is involved in stabilizing
species coexistence.

Gene flow is the genetic outcome of the dispersal process, and it is defined as the movement
and integration of alleles from one population into another that determines a change in the
allele frequencies of populations (Slatkin 1987). Gene flow rate into a population depends
both on the dispersal ability of the species and on the probability that migrants successfully
mate with local individuals and produce viable offspring able to successfully transmit
immigrant gametes. Mechanisms of reproductive isolation, such as assortative mating or
lower fitness of hybrids, can determine low gene flow despite high dispersal (Endler 1977).
Pollen and seed dispersal are two critical and independent vectors of gene flow in forest trees
(Ennos 1994, Tarazi et al. 2013). Many studies on forest species have shown that pollen can
travel very long distances (hundreds of kilometres) and still be viable, especially for
wind-pollinated species (e.g. Robledo-Arnuncio 2011, Williams 2010, reviewed in Kremer et
al. 2012). Therefore, pollen dispersal is considered the main vector responsible for
reproductive connectivity among populations and for maintenance of genetic variation within
populations. On the other hand, seeds generally reach shorter distances due to their larger size
(Bittencourt and Sebben 2007, but see Bacles ef al. 2006 and Piotti et al. 2010), but their role
is crucial 7) because they are the main determinants of the recruitment pattern, i) because they
carry twice as genetic information compared to pollen, iii) for ecological processes such as the
colonization of unoccupied habitats and range shifting, and iv) for the demographic balance

(density regulation) of populations and meta-populations of forest trees (Clobert et al. 2012).

1.3 Genetic and evolutionary relevance of dispersal

Dispersal and gene flow have marked effects on the spatial distribution of genetic variation
within and among populations. Within population, dispersal affects population structure and
mating patterns. If dispersal is restricted there is an increased probability of mating among

related individuals, leading to inbreeding, which in turn can reduce the genetic diversity of the
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population and decreases individual fitness (inbreeding depression). Among populations, gene
flow tends to homogenize allele frequencies over populations, lowering their differentiation
and limiting the loss of genetic variation (Slatkin 1987).

The role of gene flow is critical in small and fragmented populations, that are usually found in
peripheral areas of species’ distributions and in areas heavily impacted by human exploitation.
Fragmented populations are more prone to genetic diversity loss since inbreeding and genetic
drift effects become stronger as the population size decreases (Ellstrand and Elam 1993). The
loss of genetic variation increases the extinction risk of the populations (Spielman 2004).
Genetic variation is important to ensure long-term evolutionary potential to populations and
aid population persistence (Hoffmann and Sgro 2011). Gene flow can provide a “genetic
rescue” by introducing new genotypes through recombination, and counteracting the loss of
genetic variation by promoting the spread and establishment of new alleles in the population
gene pool. In addition, seed immigration acts also as a “demographic rescue” by reducing the
negative effects of small population size and peripherality (Garant et al. 2007, Sexton et al.
2011).

Similarly, gene flow can counteract the negative effects of fragmentation (Bacles et al. 2005,
Lander ef al. 2010, Leonardi et al. 2012). Habitat fragmentation disrupts populations in small
separated units (Young et al. 1996; Fahrig 2003) that are expected to become more and more
differentiated and to undergo a depauperation of genetic variation. Many studies on the effects
of habitat fragmentation have highlighted a genetic diversity reduction in fragmented plant
populations (reviewed by Aguilar et al. 2008). Nevertheless, most of these studies were based
on short-lived herbaceous plant species. When considering forest trees separately, scarce
empirical evidence of the expected effects of habitat fragmentation has been found (aka "the
paradox of forest fragmentation genetics", Kramer et al. 2008). An increasing number of
studies, based on indirect (Fsr-based) as well as direct (parentage and paternity analysis)
methods, have shown that forest trees have high dispersal abilities, and that gene flow among
fragmented stands can be effective in contrasting the negative consequences of habitat
fragmentation (Aldrich and Hamrick 1998, Bacles et al. 2005, 2006; but see Jump and
Penuelas 2006 for an exception). The high dispersal ability of forest trees has been suggested
as the most likely explanation for their observed “genetic resilience” to perturbations
(Hamrick 2004, Kramer et al. 2008). Due to their high potential for extensive gene flow,
forest tree species have been often considered a wunique reproductive unit (i.e.
meta-population) over their whole bio-geographical range, rather than a set of separate

populations (Nathan 2006). This could overcome, or at least limit, fragmentation effects
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related to anthropogenic or selective factors (Hamrick 2004, Kremer ef al. 2012). On the other
hand, it could also be too early for the genetic effects of fragmentation to be currently visible,
due to the long generation times of forest trees. It is not clear to what extent gene flow
prevails over reduced population size in limiting or delaying fragmentation effects in forest
trees. Ecological consequences of fragmentation, such as reduced pollen and seed production
or recruitment failure, could appear earlier and be more reliable signals of the consequences
of fragmentation. However, they have been rarely investigated and studies investigating both
ecological and genetic effects are extremely rare (Knapp et al. 2001, O'Connell et al. 2006).
Dispersal is often described in terms of dispersal kernel, which is defined as the probability
density function of dispersal distances from individual plants (Nathan and Muller-Landau
2000, Oddou-Muratorio et al. 2005). Most of the dispersed propagules travels short distances
and lands close to their source (i.e. parental tree), but a fraction of them are able to reach
extensive distances, resulting in long distance dispersal events (LDD) (Nathan 2002). LDD
represents the tail of the propagules’ dispersal kernel. The characterization of the tail of the
dispersal kernel is a complex task as LDD events are difficult to track, due to their rarity and
the spatial scale at which they occur. LDD events have great evolutionary, ecological and
conservation value. In fact, LDD can keep highly distant populations connected, and
determine the rate of spread of expanding populations and the species’ ability to track climate
change by dispersing into suitable habitats (Nathan ef al. 2012). On the other hand, LDD can
also increase the risk from invasive species and genetically modified plants. For these reasons,
the accurate characterization of the dispersal kernel, and -in particular- of its tail has an
extreme relevance. Many efforts have been devoted to accurately describe dispersal kernels
using several modelling approaches (from empirical to mechanistic and semi-mechanistic
models, Katul et al. 2005, Stoyan and Wagner 2001, Nathan et al. 2001, see Nathan et al.
2012 for a general overview on dispersal kernels). An increasing number of studies has shown
that the kernel’s tail is fatter than what was thought after early seed and pollen trapping
experiments (Nathan et al. 2002, 2003, Nathan et al. 2005) and that the near- and far-
components of dispersal are likely to be ruled by different factors (Clark 1998, Goto et al.
2006, Kuparinen et al. 2009, Williams 2013).
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1.4 Gene flow and adaptation in changing environments

The tendency of gene flow to homogenize allele frequencies over long distances can have
contrasting effects on the evolution of populations, especially when divergent selection acts in
opposite directions (Garant et al. 2007, Robledo-Arnuncio 2011, Kremer ef al. 2012). When
the environment is largely heterogeneous, populations can become differentiated, despite
having large within-population genetic variability. In these cases, extensive gene flow among
populations can lead to migration load, which is defined as a change in allele frequencies in
the opposite direction of natural selection (Lenormand 2002, Lopez et al. 2008). The
introduction of genotypes adapted to different environments hampers local adaptation, and the
mating among local and immigrant individuals can result in low-fitness offspring
(outbreeding depression). An “intermediate level” of gene flow has been suggested to be the
optimum for local adaptation because it increases additive genetic variance providing the
basis for adaptive divergence without swamping allele frequencies (Alleaume-Benharira et al.
2006). The “optimal” gene flow level depends on many factors such as the population size,
the degree of habitat heterogeneity and the strength of selection (Garant ef al. 2007, Schiffers
et al. 2013).

Also in this case, small and fragmented populations are the most sensitive to the effects of
maladaptation. The risk is particularly intense for peripheral populations. These populations
are characterized by small population size, high fragmentation and low density (Eckert et al.
2008), and they are threatened by highly asymmetric gene flow from larger central population
(Lenormand 2002, Sork and Smouse 2006). It is important to preserve these populations
because they are genetically unique since they can harbor rare alleles well suited to face
changing environmental conditions (Hampe and Petit 2005). Furthermore, the rear edge
populations of temperate tree species are strongly affected by climate change.

The interplay between the effects of gene flow and adaptation has a prominent role in the
current global warming scenario (Kremer ef al. 2012). Dispersal to a more suitable
environment is probably the most effective mechanism to cope with large scale and rapid
environmental modifications, especially for long-lived organisms (Clobert et al. 2012).
Dispersal abilities of forest trees place maximum limits on the ability to track suitable
environments. Gene flow estimates have usually been carried out using only neutral genetic
markers but, in the global warming scenario, investigating how potentially adaptive genes
(e.g. linked to drought or frost tolerance) move across the landscape could be crucial for

12



predicting the populations’ fate, as dispersal along steep climatic gradients can have marked
adaptive or maladaptive effect depending on the amount and direction of gene flow
(Savolainen et al. 2007, Aitken et al. 2008, Robledo-Arnuncio 2011). The recent development
of potentially adaptive molecular markers (SNPs linked to adaptive genes, Gonzalez-Martinez
et al. 2006, Grivet et al. 2011, Neale et al. 20078) provides promising tools for estimating

potentially adaptive gene flow from warmer to colder regions in future studies.

1.5 How to measure dispersal and gene flow

The number of empirical studies on dispersal and gene flow is increasing in recent literature.
However, measuring dispersal is still a challenging task in plants, especially in natural
populations, because it involves the quantitative characterization of the distribution of
propagules with distance from the source plant (Ouborg 1999, Levin ef al. 2003, Bullock et
al. 2006, Jordano 2007)..

The first approaches to measure dispersal have generally been ecological methods. They are
based on tracking (i.e. tracking the trajectories of marked propagules from known source-
parents to deposition points) or trapping (i.e. inferring the propagule source from the observed
pattern of trapped propagules in the study area) (Skarpaas et al. 2011). These methods are
difficult to apply to large stands with multiple propagule sources, and have been shown to
lead to LDD underestimation (Ouborg 1999).

Later on, with the advent of molecular tools, approaches based on the population genetics
consequences of dispersal have started to be used (Silvertown 1991, Ouborg 1999). There are
two main categories of population genetics approaches to measure dispersal: indirect and
direct methods. Indirect methods estimate historical gene flow rate from the amount of
differentiation among populations (e.g. Fst). Direct methods (i.e. paternity and parentage
analysis) estimate contemporary gene flow by reconstructing parent-offspring relationships
and consequently detecting immigration events. Focusing on paternity analysis, the
reconstruction of parent-offspring relationships is based on the comparison among the
genotypes of all adults (potential pollen donors) in the studied population (sampled area) with
a representative sample of seeds collected from selected mother trees (acting as pollen traps).
For each seed, the compatibility of its genotype with the adult genotype is investigated. If the
adult genotype is not compatible with the seed genotype then that adult is excluded from the
potential parents (Jones and Ardren 2003). Highly polymorphic molecular markers are needed

to have an exclusion probability that allows identification of one and only one true parent.
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Once the parent has been identified, it is possible to estimate parent-offspring distances and to
infer the dispersal curve. If no compatible parent is found within the sampled population the
seed is considered pollinated from immigrant pollen. So far, microsatellites are considered the
best type of molecular marker for this purpose because they are codominant, hypervariable,
selectively neutral and very frequent (Ashley 2010, Jones et al. 2010).

Paternity and parentage analysis are probably the most used methods to estimate gene flow
rates and to characterize pollen and seed dispersal kernels. These methods also provide
information on mating patterns, reproductive success and population structure. The ideal
situation to perform parentage/paternity analysis is to sample all potential parents in the
population studied (usually easier in small and isolated populations) and to have a set of
molecular markers with high exclusion probability. If this is the case the identification of the
true parent can be done using the exclusion method (all candidate parents are excluded except
one, which is considered the true parent, Dow and Ashley 1996). If the resolution of the
marker set is too low and/or the number of candidate parents is large, maximum-likelihood
(categorical and fractional allocation) or Bayesian methods can be used (Jones ef al. 2010,
Klein and Oddou-Muratorio 2011.). Alternatively, when the focus is on dispersal parameters
rather than on parental identification, the so-called “full-probability methods” can be used
(Hadfield et al. 2006). These methods use a modelling approach to estimate simultaneously
parentage and other population-level variables of interest (e.g. fecundity, traits linked to
reproductive success) (e.g. Neighbourhood model, SEMM, Adams and Birkes 1991, Oddou-
Muratorio et al. 2005, Goto et al. 2006, Hadfield et al. 2006, Chybicki and Burczyk 2010).
Full-probability methods can provide an accurate assessment of confidence in estimates of
variables of interest (Oddou-Muratorio et al. 2005). Also uncertainty due to the genetic
marker set can be included (Moran and Clark 2011).

As pointed out by Jones et al. (2010), there are mainly two key elements that make the results
of a paternity/parentage study robust: an adequate sampling design and a set of highly
polymorphic markers. An adequate sampling design is crucial to obtain reliable estimates,
although the impact of sampling design on paternity results has received relatively little
attention so far (Jones et al. 2010, Leonarduzzi et al. 2012, Nathan et al. 2012). Estimates of
gene flow and dispersal kernel obtained through paternity analysis are dependent on the
experimental design (Robledo-Arnuncio et al. 2007, Jones and Muller-Landau 2008, Moran
and Clark 2011, Leonarduzzi et al. submitted). Just mentioning the most obvious cause of
bias, the spatial distribution of chosen mother trees (i.e. pollen traps) sampled within a

population may cause some dispersal distances to be over-represented with respect to others.
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Unless the relative position of sampled mother trees with respect to potential pollen donors is
taken into account, this can generate a bias in the inferred dispersal kernel and in gene flow
estimates.

More effort has been devoted to uncertainty linked to genetic data. When the exclusion
probability of the marker set is low the probability of misassignments increases, leading to
unreliable gene flow estimates. Issues linked to the exclusion probability of the marker set and
genotyping errors have been carefully investigated (e.g. Dakin and Avise 2004, Slavov et al.
2005, Burczyk et al. 2006). Some recently developed Bayesian methods can also take into
account weaknesses due to the genetic data in parentage estimates (Klein and Oddou-
Muratorio 2011, Moran and Clark 2011). In addition, the advent of next-generation
sequencing promises to provide a virtually unlimited number of molecular markers and to
open up the possibility of monitoring gene flow at the genomic level by scanning genome-

wide nucleotide variation (Krutovsky et al. 2012).
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Chapter 2:

The effect of sampling design on the estimate of
pollen dispersal patterns in paternity studies:
a literature survey

2.1 Introduction

Paternity analysis, based on the evaluation of the compatibility between the genotypes of
adult male individuals and the male genotypic contribution to seeds, is the preferred method
for estimating pollen-mediated gene flow in natural plant populations. The tracking of pollen
movements that lead to the successful fertilization of ovules provides an estimate of the
‘realized’ gene flow. Paternity analysis requires the sampling of all males (hereafter referred
to as ‘potential pollen donors’) within a defined area and a sample of seeds collected from
fruiting trees acting as pollen traps (hereafter ‘mother trees’) from the same area. In
monoecious species, mother trees are also potential pollen donors. After genotyping all
potential pollen donors, mother trees and collected seeds, the assignment of paternity can be
carried out with various analytical methods whose pros and cons have recently been reviewed
by Jones et al. (2010). The main aim of paternity analysis is to correctly identify the true
father of any collected seed (or to detect immigrant pollen when no local pollen donor is
compatible with seed genotype). Results from paternity analysis (pollen immigration rate,
distribution of male reproductive success and estimates of pollen dispersal kernel parameters)
are thought to be affected by the resolution of the marker set used and by genotyping errors
(Burczyk et al. 2006, Bacles and Ennos 2008).

Paternity analysis is a powerful tool for the study of within-population pollen dispersal
patterns. The short distance component of the dispersal pattern has strong influence in shaping
fine-scale genetic structure, that in turn determines the rate and direction of microevolutionary
changes at the population level (Pluess et al. 2009). In isolated and low density populations,
paternity analysis allows one to trace pollination events at a larger scale (the long distance
component of the dispersal pattern). It is well-established that forest tree pollen is able to
travel hundreds of kilometres and evidence is accumulating that after such long distance
dispersal events pollen is viable and can successfully fertilize seeds (Williams 2010, Robledo-

Arnuncio 2010, Buschbom et al. 2011). The possibility of quantifying effective pollination
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over long distance has profound consequences on the study of how genes have travelled in
past and ongoing tree migrations, and contributes to the sound forecasting of tree responses to
anthropogenic and natural global changes (Savolainen et al. 2007). In addition, risk
assessment of pollen escape from GM plantation and predictions on the spread of invasive
alien species strongly depend on an accurate estimate of the long distance component of
pollen dispersal kernel (Williams 2005).

The impact of sampling scheme on the results from paternity analysis has received relatively
little attention. A few studies assessed the effects of location and number of seed traps and
number of seeds collected in each trap in classical seed trapping experiments. Data from these
studies are usually analyzed following a backward approach (so-called ‘inverse modeling’)
aimed at reconstructing the dispersal kernel from the spatial location and the fecundity of
potential parents and the spatial pattern of seeds collected from traps (Ribbens et al. 1994).
Skarpaas et al. (2005) used a simulation approach to optimize seed trap sampling design
around a point source. They showed how traps arranged in transects and sectors provide a
better kernel estimation than other sampling schemes. Annuli and grid arrays outcompeted
other schemes only when the anisotropy of dispersal was unknown. Pielaat et al. (2005) found
that a trade-off between nearby and distant sampling is needed to accurately characterize the
tail of the dispersal kernel. It is also well known that a random placement of traps within a
rectangular or circular area determines an uneven sampling of distance classes, leading to the
over-representation of the intermediated ones (Ghosh 1951).

So far, the most relevant study whose results on sampling effort can be easily extended to the
case of paternity analysis is the one by Robledo-Arnuncio and Garcia (2007). They proposed
a maximum-likelithood procedure to estimate the seed dispersal kernel from the exact
identification of seed sources, as in the case of parentage assignment based on genetic
compatibility. This method (Competing Sources Model, CSM) works out the problem of the
uneven distribution of mother-trap potential distances by taking into account the spatial
arrangement of seed traps relative to source plants. It provides better estimates of seed
dispersal kernel parameters compared to standard maximum likelihood fitting used in inverse
modeling (Robledo-Arnuncio and Garcia 2007). Jones and Muller-Landau (2008) compared
different approaches to estimate dispersal kernel parameters and confirmed that CSM is
among the most accurate and robust methods. From the results of simulations on different
sampling scenarios in Robledo-Arnuncio and Garcia (2007) some practical recommendations
on sampling effort emerged. For example, it was shown that fewer seeds are required to

properly estimate the average dispersal distance (hereafter ‘0’) with respect to the shape
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parameter (hereafter ‘b’) of the exponential power kernel (a widely used and flexible curve to
describe seed and pollen dispersal), and that for a fixed total number of seeds increasing the
number of traps is more useful than collecting more seeds per trap for reducing estimation
uncertainty.

Sampling for paternity analysis differs substantially in the number of traps from the one for
inverse modelling. In paternity analysis a large number of mother trees per population is
rarely sampled (see for instance Schuster and Mitton 2000 and Oddou-Muratorio et al. 2005
for some exceptions), whereas in inverse modelling 10 to 300 traps are usually placed
(Stoyan and Wagner 2001, Pairon et al. 2006, Jones et al. 2008). However, quantitative
assessments or qualitative indications about the spatial arrangement of mother trees and the
total number of seeds, mother trees, and seeds per mother tree can seldom be found in the
literature on paternity analysis. An inadequate or insufficient sampling effort (too few
sampled seeds and/or mother trees) can lead to a biased estimation of the within-population
pollination patterns. In addition, the lack of standard sampling methods limits the comparison
among studies to draw general conclusions.

In the present work I review 92 paternity analysis papers to provide a quantitative assessment
of the sampling strategy upon which the estimate of pollen-mediated gene flow rate, the
reconstruction of pollen dispersal kernel and the description of male reproductive success
distribution are based. I report data on the sampling effort (the total number of sampled seeds,
the number of mother trees and the number of seeds per mother tree) and discuss possible

consequences of limitations in the sampling scheme on paternity analysis results.

2.2 Materials and methods

I searched for published studies that used paternity analysis to estimate pollen-mediated gene
flow in forest trees. I used 3 different databases (Google scholar'™, ISI Web of Science™ and
Scopus' ™) for surveying the literature. The key-words used were: paternity analysis, tree*,
pollen, genetic* and gene flow. I also tracked references within the articles found, from
review papers on gene flow in forest trees (Burczyk et al. 2004, Ashley 2010), from Table 4 in
Bittencourt and Sebbenn (2007) and Appendix A-1 in Wang et al. (2010a). I did not include
studies based on mating models (as MLTR, Ritland 2002) and on pollen pool heterogeneity
(as KINDIST, Robledo-Arnuncio et al. 2007) because they require only to genotype seeds
(and mother trees), and studies based on indirect methods for the estimation of gene flow, in

which gene flow is inferred from the spatial genetic structure or Fsr. I did not consider a few
18



studies for which I was unable to obtain the full-text. Since the focus of our paper is on the

sampling strategy, studies based on previously published data were also excluded in order to

avoid duplicates. I included paternity studies carried out in seed orchards and studies
investigating gene flow among closely related species (e.g Quercus spp).

From each paper I recorded:

- information on sampling strategy: the total number of sampled seeds, the number of mother
trees and the average number of seeds per mother tree;

- characteristics of the studied population: number of potential pollen donors, number of
potential pollen traps (female individuals in the population for dioecious species), area, tree
density;

- the studied species, its family and taxonomic group, breeding system and primary
pollination vector;

- the method and molecular markers used for paternity assignment.
In monoecious species the number of male individuals is equal to the number of female
individuals. Whenever life history traits could not be found in the text, I tried to gather them
from other sources (e.g. on-line databases), in some cases from personal communications with
the Authors. When density was not available in the text it was estimated dividing the number
of individuals within the study population for the stand area. Papers that provided a poor
description of the sampling design or, in general, that lacked many essential data, were
excluded from our dataset.

In papers where more than one stand was sampled and/or described, as it is typically done

when a system of several forest fragments is studied, I collected data for every stand when at

least one seed was genotyped in order to estimate the pollen-mediated gene flow
characterizing that stand (or a group to which the specific stand belongs as, for instance, in

Lander et al. 2010). In studies where the same stand was analyzed in two or more consecutive

years, if data on sampling effort were reported for each year and they differed, I considered

each year as a data point.

When the studied stand was a seed orchard and when the studied species reproduced

vegetatively the number of individuals was the number of ramets rather than the number of

genets, since each ramet represents a spatially distinct pollen source.
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2.3  Results and Discussion

General contents and sources

I collected data from 92 papers published from 1992 to September 2011. Among them 14
were also present in Burczyk et al. (2004) and 27 in Ashley (2010). In the latter, the literature
search was only on native plants (cultivated trees and crops were excluded) and
microsatellite-based studies, but experiments based on parentage analysis were also taken into
account. The author specified that her search was not exhaustive, but “broadly inclusive and
representative”.

The number of papers published per year increased until 2008. This gradual increment was
followed by a slight decrease in the following years. The general growing trend seems related
to the increasing availability of microsatellite markers and to the development of methods
based on maximum likelihood assignment of paternities (Fig. 2.1). The most used methods
(simple exclusion, neighbourhood model, and maximum likelihood) have similar sampling
requirements. The main difference is that in simple exclusion and maximum likelihood
paternity studies all potential pollen donors within the sampling area must be sampled
whereas in neighbourhood model-based paternity studies all potential pollen donors within
circular areas of a given radius surrounding » mother trees must be sampled. Few studies
performed paternity analysis using multiple analytical methods (n=8, 9%). The use of
different approaches for the estimation of gene flow rates has been recently proposed to
overcome possible drawbacks related to specific methods and/or weaknesses due to low-

resolution marker sets (Bacles and Ennos 2008, Jones et al. 2010).
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Figure 2.1: Number of published studies per year. Different colors represent (a) different methods in the

analysis of paternity data, and (b) different molecular markers. In papers based on maximum likelihood

methods, data analysis was usually performed by the CERVUS (Kalinowski et al. 2007) and FaMoz

(Gerber et al. 2003) programs. In papers based on the neighbourhood model, data analysis was usually

performed according to the methods presented in Burczyk ef al. (2002) (implemented in the NM+
program by Chybicki and Burczyk (2010a)) and Oddou-Muratorio et al. (2005).

Almost half the papers (47%) were published in only 4 journals, with Heredity and Molecular

Ecology clearly representing the preferred landing place for gene flow studies based on

paternity analysis (respectively, 15% and 14%), followed by Forest Ecology and Management

and Conservation Genetics (Fig. 2.2).
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Figure 2.2: Number of studies published per journal. Journals with only 1 published study were excluded.

Studied species and sampling areas

The collected papers investigated gene flow in a total of 81 different species. Most studies
(n=75, 81%) were conducted on Angiosperms whereas only 17 studies focused on
Gymnosperms. Fagaceae (16) and Pinaceae (12) were the most sampled families and, together
with Fabaceae and Dipterocarpaceae, represented the studied species in almost half of the
collected papers. Overall, species from 30 different families were studied. The large number
of gene flow papers on Fagaceae was also reported by Ashley (2010). With regard to the
primary pollination vector, there were 46 studies on insect-pollinated species (50%), 38 on
wind-pollinated species (41%) while in the remaining 8 articles the studied species relies on
mammals, birds, or multiple vectors for pollination.

I obtained 187 data points from the 92 collected papers (see Appendix 1). Fifty-eight papers
(63%) investigated a single stand providing a single data point. Papers with more than one
data point were fairly frequent (n=34, 37%). In general, this is due to the analysis of multiple
stands within the same article. Wang et al. (2010b) studied pollen-mediated gene flow in 28

fragments of Pinus tabulaeformis in an urban landscape. According to our criteria I retained
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25 data points, the highest number of data points from a single study in our dataset. Also
Lander et al. (2010) sampled a large number of forest fragments to estimate pollen
immigration, but only a half of them matched our criteria, providing 13 data points. On the
other hand, 11 papers investigated gene flow in the same stand but in multiple years (usually,
in 2 or 3 consecutive years). [rwin et al. (2003) highlighted that single-season studies may not
capture temporal variability in pollen exchange, especially in perennial plants where
flowering does not occur every year. Therefore, multi-year analyses were advocated for
obtaining accurate estimates of pollen-mediated gene flow patterns.

In general, our knowledge on pollen-mediated gene flow for a species is based on a single
study. Only 14 species were the subject of more than one paper. Quercus robur was
investigated in three papers, while Araucaria angustifolia, Cryptomeria japonica, Eucalyptus
grandis, Eurycorymbus cavaleriei, Fagus sylvatica, Picea abies, Populus nigra, Prunus
avium, Pseudotsuga menziesii, Q. macrocarpa, Q. salicina, Shorea leprosula and Sorbus
torminalis were studied twice. The lack of independent estimates together with the usually
low degree of comparability among pollen-mediated gene flow studies makes generalization
on single estimates far-fetched. Studies designed for allowing meaningful comparisons among
gene flow rates estimated in different ecological conditions are also rare. The importance of
such comparative studies in characterizing the pollen dispersal capability of a species is
discussed in Piotti et al. (2012).

The median area of the 118 stands for which I found sufficient information was 7.42 ha. Small
stands (< 1 ha) are common (24%). Two thirds were smaller than 20 ha, whereas larger stands
(= 100 ha) are rare (8%). This pattern is likely determined by the rapid increase with the
studied area in sampling and genotyping effort. Studies on large areas are ideal to detect rare
long distance dispersal events, but they are feasible only when species are present at low
density. However, Hardy (2009) pointed out that, despite their great importance, the measures
of dispersal obtained in such studies might not be representative of species with similar
pollination syndrome at higher densities. Studying two natural Populus trichocarpa stands
that dramatically differed in density (993 vs. 0.2 males/km?®) and area (19.6 vs. 31400 ha),
Slavov et al. (2009) found large differences in pollination patterns, although the authors
themselves warned about the difficulty of comparing such different areas. Piotti et al. (2012)
compared two close Fagus sylvatica stands with regular densities characterized by different
management regimes. They found a more skewed pollen dispersal distance distribution in the
managed area whose density is about one-third of the unmanaged one (57 vs. 163 trees/ha).

Data on the size of sampling areas can also be useful to understand if limits in sampling scale
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may downwardly bias dispersal range estimates, even though the heterogeneity of
experimental setups and methods used for data analysis as well as variation in population
densities, pollination syndromes, pollen terminal velocity, stand isolation, etc. should be
carefully taken into account in data collection and analysis for future works on this topic.
However, methods to estimate dispersal parameters taking advantage of spatially censored
data (Jones et al. 2005) or assuming the immigration rate to be a function of dispersal kernel
(Goto et al. 2006) are already available but rarely applied. These approaches allow one to take
into account immigration events of unknown origin in the estimation of the dispersal curve
and this usually result in a substantially higher mean dispersal distance (Piotti et al. 2009,

Chybicki and Burczyk 2010b).

Sampling strategy

Among the collected papers I found neither exhaustive justifications for the sampling strategy
adopted, nor references to any guideline for sampling strategy. An exception was the paper by
Oddou-Muratorio ef al. (2005), that states that “the objectives for both years were to sample
all possible distances between mother trees, and to maximize the number of mother trees in
the middle part of the study site”. A paragraph in their discussion focused on the
methodological insights for the estimation of the dispersal kernel. Many papers reported a
map of the sampling area showing the location of adult individuals with mother trees
indicated by different symbols (e.g. Oddou-Muratorio et al. 2003, Nakanishi et al. 2004,
Curtu et al. 2009). From the visual inspection of these maps no clear patterns in the choice of
mother trees can be recognized. Their location varied from clustered in the centre of the stand
to scattered throughout the entire sampling area. I did not find any statement about a random
choice of mother trees in the collected papers. Given this lack of indications and our
experience on the difficulties in sampling seeds from forest trees, I feel that such diverse
sampling schemes might arise from practical constraints rather than from a thorough a priori
evaluation. As pointed out in methodological papers on seed dispersal modeling, intuitively
designed experiments are likely to lead to incomparable and non-representative results
(Willson 1993, Stoyan and Wagner 2001).

Besides the spatial layout of mother trees, the other crucial factor in designing a solid
sampling scheme for paternity analysis is the sampling effort, represented by the total number
of sampled seeds. This, in turn, is the product of the number of mother trees and the number
of seeds per mother tree. In the collected papers, I found a median number of 8 mother trees

(mean = 11.3 £ 13.6 SD, Fig. 2.3), 29 seeds per mother tree (mean = 45.6 + 74.7 SD, Fig. 2.3)

24



and 240 total sampled seeds (mean = 356.1 £+ 423.1 SD, Fig. 2.4a). These values are lower
than those usually found in classical seed trapping studies. This difference is likely to depend
on the need for larger samples to infer dispersal kernel’s parameters without genetic data and,
on the other hand, on the significant investment of time and resources to collect genetic data

(Jones and Muller-Landau 2008).
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Figure 2.3: Distributions of the number of mother trees (x-axis) and number of sampled seeds per mother tree (y-

axis) in log scale. White dots represent the 187 data points recorded.

As a measure of the coverage of potential pollen traps in a stand (trap coverage) the ratio of
mother trees over the total number of female trees was calculated. The median value of trap
coverage was 0.18 (mean = 0.28 + 0.27 SD, Fig. 2.4b). It is not correlated with tree density,
but it negatively depends on the total number of female trees, indicating that trap coverage is
more exhaustive in small populations. The low trap coverage in large stands can be related to
practical and economic limitations. Nevertheless, a sufficiently high trap coverage is desirable
to decrease confidence interval of parameter estimates and increase comparability among

results from different experiments.
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Figure 2.4: Distributions of (a) the total number of seeds (i.e. the product of the number of mother trees and the
number of sampled seeds per mother tree), and (b) the percentage of trap coverage (i.c. the ratio of mother trees

over the total number of female trees) characterizing the 187 data points.

My data on the distribution of sampling effort in published paternity analyses are comparable
with the ones from Robledo-Arnuncio and Garcia (2007), even though it should be stressed
that their work focused on studying seed dispersal with seed trapping and genetic data. By
using a simulation approach, they tested the performance of the CSM by randomly placing 20,
100 and 200 traps in a squared area, and sampling 1 to 50 seeds per trap (resulting in a total
number of sampled seeds between 200 and 1000). They found that the CSM performs well in
estimating the o0 parameter even for a relatively small number of seeds (200), whereas > 500
seeds are needed to obtain an accurate estimate of the b parameter of the dispersal kernel. As
the Authors noted, the b parameter is more sensitive than the J parameter to decreasing
number of total seeds and seed traps. The minimum number of traps they simulated was 20,
that is low for classical seed trapping experiments (being therefore adequate for the aims of
their paper), but almost double the mean number of mother trees in paternity studies. Among
the few indications in the literature about sampling effort in paternity analysis,

Oddou-Muratorio ef al. (2005) noted that increasing the number of mother trees from 14 to 60
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(in the same area in two consecutive years) sensibly reduces the confidence interval of the
parameters of the dispersal kernel. On the other hand, the authors pointed out that sampling a
high number of seeds per mother tree, that usually limits the number of mother trees, could be
more adequate for the estimation of individual selfing rates. This implies that sampling

strategy in paternity analysis should be fine-tuned to meet the specific aims of an experiment.

2.4 Conclusions

Although some results on the consequences of different sampling schemes are available for
seed trapping studies (with or without genetic assignment of seeds), the case of paternity
analysis, usually based on a lower sampling effort, is poorly investigated. My data collection
from the literature on paternity analysis in forest trees showed a potential lack of knowledge
about the effects of low numbers of mother trees, seeds per mother tree and total sampled
seeds on estimates usually performed to describe within-population pollination patterns: i)
pollen immigration, ii) male reproductive success, and iii) parameters of the pollen dispersal
kernel. Only in 29 out of the 187 collected data points (15%) the number of mother trees is
higher than 20, the lowest number of traps taken into account by Robledo-Arnuncio and
Garcia (2007). This means that for 85% of our collected data points we have little idea about
how accurate and precise the estimates from paternity analysis can be. From Table 2 in
Robledo-Arnuncio and Garcia (2007) we know that the relative root mean square error
(RMSE), a measurement of both accuracy and precision of an estimate normalized to the
expected value, is ~0.04 for the ¢ parameter and ~0.10 for the b parameter when 500 seeds
were sampled. RMSEs increased to ~0. 07 and ~0.17, respectively, when the total number of
seeds decreased to 200. Errors roughly increase with the inverse of the square root of the total
number of seeds sampled, as expected from classical statistical theory. Consequently, when
the sampling effort is scarce non negligible errors in estimates can be expected, in particular
for the b parameter. Leonarduzzi et al. (submitted), relying on the distribution of sampling
effort presented here, explore the consequences of realistic sampling strategies on the
reconstruction of different dispersal kernels to provide the basis for meaningful guidelines for

paternity analysis.
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Chapter 3:

The effect of sampling design on the estimate of pollen
dispersal patterns in paternity studies:
a simulation-based study

3.1 Introduction

Pollen dispersal is a major step of the reproductive cycle of plants and represents the main
mechanism for gene flow over long distances (Kremer et al., 2012). The potential for long
distance dispersal (LDD) via pollen strongly influences evolutionary processes both within
and among forest tree populations (Nathan, 2006). A detailed understanding of pollen
dispersal dynamics is key to the comprehension of genetic structure from the local to the bio-
geographic scale (Robledo-Arnuncio, 2012). The study of pollen gene flow is currently of
particular importance to track gene escape from transgenic plantations (Williams, 2007), to
monitor the spread of invasive species through cross-pollination with native ones (Brown and
Mitchell, 2001), and to evaluate the genetic consequences of habitat fragmentation (Bacles
and Jump, 2011).

Studying dispersal in plants, whether occurring by pollen or seeds, is a challenging task
especially in natural populations (Jordano, 2007). One of the main goals of dispersal studies is
to describe dispersal patterns by reconstructing seed and pollen dispersal kernels (Nathan and
Muller-Landau, 2000). A variety of methods has been developed for this purpose, which can
be grouped into two main categories: i) directly tracking the trajectory of each propagule from
the source to its final position (e.g. Van Rossum et al., 2011), ii) reconstructing the dispersal
kernel from the pattern of dispersed propagules observed arranging a number of traps in a
sampling area (e.g. Ribbens et al., 1994). The former, despite providing robust estimates
independent from sampling design, are logistically hard to set up in natural populations. The
latter are more easily implementable, but the inferred dispersal kernel might be highly
sensitive to sampling design. Scarce sampling efforts may lead to poor dispersal kernel
reconstructions, while not considering the distribution of source-trap distances may cause
some dispersal distances to be over- or undersampled. In particular, short and medium
distances are often oversampled with respect to longer ones (Jones et al., 2005). These

sampling issues can indeed lead to biased dispersal kernels (Robledo-Arnuncio and Garcia,

28



2007). In addition, estimating dispersal kernel parameters from trapped propagules originally
suffer from the difficulty of identifying their exact source.

This issue has been overcome by adopting genetic methods, where the propagule source can
be identified on the basis of genetic compatibility between trapped propagules and potential
parents (Jones et al., 2010). Paternity analysis is the preferred method to directly estimate
pollen gene flow and dispersal kernel in tree populations (Hadfield et al., 2006; Ashley,
2010). Paternity analysis can be considered a trapping experiment where pollen traps are
represented by mother trees from which seeds are sampled. Therefore, resulting estimates can
be biased by the experimental design as well (Robledo-Arnuncio and Garcia, 2007; Jones and
Muller-Landau, 2008).

Despite the increasing use of paternity analysis, little attention has been given to the effect of
sampling design (Leonarduzzi et al., 2012; Nathan et al., 2012). Few studies have explored its
consequences on gene flow and pollen dispersal kernel estimates (e.g. Klein and Laredo,
1999; Klein et al., 2006; Sharma and Khanduri, 2007). More effort has been devoted to
simulation-based studies investigating the effect of sampling design on the reconstruction of
seed dispersal kernels (Stoyan and Wagner, 2001; Skarpaas et al., 2005; Pielaat et al., 2006;
Robledo-Arnuncio and Garcia, 2007). The gathered information can be easily transferred to
experiments on pollen dispersal after taking into account the obvious differences between the
two experimental approaches (e.g. the usually lower number of traps in pollen dispersal
experiments). Among simulation-based studies, the most relevant in providing sampling
recommendations for genetic-based dispersal experiments is the one by Robledo-Arnuncio
and Garcia (2007), where the performance of different models was assessed at different
sampling efforts. They showed that the Competing Sources Model (CSM), which takes into
account the relative spatial distribution of sources and traps, is effective in estimating kernel
parameters. Interestingly, accuracy and precision of parameter estimates remained almost
constant between 1000 and 500 sampled seeds, but rapidly decreased when reducing the total
number of seeds from 500 to 200. This indicates an L-shaped relationship between errors and
the number of sampled seeds, suggesting that decreasing the sampling effort after a certain
threshold can produce large errors.

In their review on paternity studies in forest trees, Leonarduzzi et al. (2012) (i.e. Chapter 2 of
this dissertation) found that sampling effort and spatial layout were highly heterogeneous and
that the rationale behind sampling strategy was almost never explained (but see Oddou-
Muratorio et al., 2005). In the reviewed studies, the median number of total sampled seeds

was 240 (approximately 8 mother trees and 29 seeds per mother tree). Sampling effort
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allocation ranged from 874 seeds sampled from 1 single mother tree (Lian ef al., 2001) to an
average of 7.3 seeds sampled from 71 mother trees (Schuster and Mitton, 2000). This
heterogeneity is only partially justified by the different aims that paternity studies can have.
Heterogeneity in sampling design can lead to two major issues. First, studies based on
different sampling designs do not produce equally accurate results. Second, comparability
among studies (and among plots within a single study) is inevitably low. A large number of
paternity studies is based on less than 200 seeds (41%) and 20 mother trees (84%,
Leonarduzzi et al., 2012) which are, respectively, the lowest number of seeds and the lowest
number of mother trees taken into account by Robledo-Arnuncio and Garcia (2007). This
means that accuracy can be evaluated for very few paternity studies, and that in many other
studies errors are likely to be substantially larger than the ones found by Robledo-Arnuncio
and Garcia (2007).

Given the relevance of obtaining adequate estimates of pollen dispersal, this work aims at
evaluating by simulations the consequences of sampling effort on the reconstruction of pollen
dispersal patterns in a wide range of dispersal scenarios. In particular, this study addresses the
following questions: i) How precise and accurate are the estimates (i.e. pollen immigration
rate and dispersal kernel parameters) when using commonly adopted sampling efforts? ii) Are
the number of mother trees and the number of collected seeds per mother tree equally
important? Does one prevail over the other in providing adequate estimates? iii) Do the same

sampling requirements apply for species with different dispersal characteristics?

3.2 Materials and methods

Simulation of pollen dispersal and seed sampling

The effect of increasing sampling efforts on the reconstruction of pollen dispersal patterns
was tested by using the simulation approach presented in Robledo-Arnuncio and Garcia
(2007). This approach is based on the CSM and on the categorical assignment of paternity
with the assumptions of no genotyping errors and unambiguous pollen sources identification.
These assumptions allow to isolate the effect of sampling effort from other confounding
factors such as the ones related to low exclusion probabilities and genotyping errors. The
CSM is suitable for our aims because it provides accurate estimates of kernel parameters by
taking into account also the effect of the relative spatial distribution of sources and traps
(Jones and Muller-Landau, 2008). The simulation procedure was implemented in R (R

Development Core Team, 2012).
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The main steps of the simulation are:

1) Simulating the population. Ten thousand individuals are arranged within a 100 x 100 area
(mean expected density = 1 individual/squared unit) randomly drawing X and Y coordinates
from a flat distribution. A 20 x 20 central area is selected as the sampling plot, where 20 is the
plot side / (Fig. 3.1). Simulated individuals outside the sampling plot within the 100 x 100
area represent the ‘background population’.

2) Simulating pollen traps. According to the sampling scenario (see the Pollen dispersal and
sampling scenarios section), a number of mother trees (¢) acting as pollen traps is placed
within the sampling plot randomly drawing X and Y coordinates (Fig. 3.1). In
Robledo-Arnuncio and Garcia (2007), traps were 0.1 x 0.1 squared cells, whereas here traps
are simulated as dimensionless points. Pollen traps can represent either mother trees or
physical traps for pollen.

3) Simulating pollen dispersal. A number of seeds (s/f) is sampled from each pollen trap.
Following the approach used in Robledo-Arnuncio and Garcia (2007), the paternal origin of
seeds in each pollen trap is randomly drawn from a multinomial distribution. The multinomial
distribution describes the probability of each potential pollen donor to reach a specific pollen
trap according to their distance and the true dispersal kernel chosen. An isotropic dispersal
process is simulated. The same pollen dispersal kernel and fecundity are assumed for all

potential pollen donors.
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Figure 3.1: On the left, the background population (100 x 100) is shown. Individuals, represented as black dots,
are uniformly distributed. The sampling plot (20 x 20) in the centre is bordered by the black line. On the right,

the sampling plot is shown in detail. Mother trees (i.e. pollen traps) are represented as black squares, whereas
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individuals (potential pollen donors) are represented by grey dots.

Pollen dispersal and sampling scenarios

A total of 1920 pollen dispersal and sampling scenarios, resulting from the combination of 32
pollen dispersal scenarios (PDSs) and 60 sampling scenarios (SSs), were used (Fig. 3.2).
Simulations were carried out dispersing pollen according to the PDSs described below. For
each PDS, the performances of all SSs in estimating pollen dispersal parameters were
evaluated. For every combination of PDS and SS, 1000 independent simulations were run.
PDSs derive from pollen dispersal simulated using 3 families of two-dimensional dispersal
kernels generally used to describe pollen and seed dispersal curves: exponential power and
2Dt families (as formulated by Austerlitz et al., 2004), and the Weibull family (as formulated
by Goto et al., 2006) (Table 3.1). These dispersal kernels are characterized by two parameters:
the scale parameter a and the shape parameter . The shape parameter is usually thought to
determine the fatness of the kernel tail (Austerlitz et al., 2004; Nathan et al., 2012). The
values of a and b are specific for each family of dispersal kernel, so they are not directly
comparable among different families. In contrast, the 1% moment (d, mean dispersal distance)
and the 99™ percentile (pgo) of the dispersal kernel can be compared among different families.
The latter two quantities depend on both a and b (Table 3.1). The parameters a and b
characterize the mathematical properties of the dispersal kernel, while d and pyy are directly
referable to key features of the dispersal process. In particular, pgy can be used as a proxy for
describing LDD (Nathan, 2006). For each kernel family, I used different combinations of
parameters leading to 32 PDSs that span from extremely limited dispersal (i.e. pgo = 2.075,
with a ratio //d = 20 indicating that dispersal is extremely limited even when compared to
sampling area) to long distance dispersal (i.e. poo= 81.96, //d = 2) (Table 3.1). For each family
I used different b values in order to have both thin-tailed and fat-tailed curves (except for 2Dt,
which is always fat-tailed). For all kernel families, specific combinations of @ and b leading to

the same mean dispersal distances (d =1, 3, 5, 10) were used to allow comparability.
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Table 3.1: The characteristics of the 32 PDSs used to simulate pollen dispersal: the formulas for each curve

family, the shape parameter (b), the mean dispersal distance (d), the scale parameter (), the 99™ percentile of

each PDS and the rate of pollen immigration are reported.

ggth Pollen
Dispersal kernel family b d a ., | immigration
percentile rate
0.5 1 0.05 5.045 0.094
0.5 3 0.15 15.135 0.210
2d-exponential power 0.5 0.25 259925 0.309
. 0.5 10 0.5 50.451 0.486
p.(r;ab)= %exp{— (Lj ] 1 1 0.5 3.318 0.086
ZERZF(])J ¢ 1 3 1.5 9.957 0.212
1 2.5 16.595 0.324
1 10 5 33.191 0.540
4 (rrab)- a[ F(3/b)J 2 1 1.12 2.42 0.083
I(2/b) 2 3 3.38 7.263 0.213
2 5.64 12.106 0.329
2 10 11.28 24214 0.565
0.75 1 0.5 5.734 0.086
0.75 3 1.5 18.276 0.186
2d-Weibull 0.75 4.20 30.97 0.269
0.75 10 8.40 62.876 0.404
h o\ Y 1.5 1 1.11 3.065 0.068
D. (r a b) = > (—j exp(— (—j ]
2nn” \ a a 1.5 3 3.32 9.197 0.177
1.5 5.54 15.33 0.283
1.5 10 11.08 30.661 0.503
d,(r;ab)=a(l(1+1/b)) 2.5 1 1.13 2.075 0.065
2.5 3 3.38 6.227 0.179
2.5 5.63 10.379 0.289
2.5 10 11.27 20.76 0.531
2Dt 1.6 1 0.18 8.198 0.098
1.6 3 0.53 24.589 0.133
pon(rrab)=271 (1 ol j‘b 1.6 0.88 | 40.982 0.151
a a 1.6 10 1.77 81.965 0.277
2.5 1 1 4.532 0.087
2.5 3 3 13.597 0.208
d,p, (rra.b)= a[F(3/2)F(b—3/2)J 2.5 5 22.662 0313
re-1) 25 10 10 | 45325 0.514
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SSs were chosen to exhaustively cover the range of sampling efforts commonly used in
published paternity studies, according to the review by Leonarduzzi et al. (2012) (Fig. 3.2).
Overall, 60 SSs characterized by different combinations of ¢ and s/t were selected (Fig. 3.2,
Table 3.2). The total number of sampled seeds (s) ranged between 20 and 2000, which are
reliable limits for paternity studies (Leonarduzzi et al, 2012). Among the selected SSs,
different combinations of 7 and s/¢ leading to the same total number of sampled seeds (i.e. s =
40, 80, 100, 200, 500, 1000, and 2000) were present (Table 3.2). These cases are particularly
useful for investigating the relative importance of the two sampling effort components (# and
s/t). Eight scenarios from Robledo-Arnuncio and Garcia (2007) were also included for

comparison.
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Figure 3.2: Number of mother trees (x-axis, log scale) and number of sampled seeds per mother tree (y-axis, log
scale) representing: a) the 187 data points recorded in Leonarduzzi et al. (2012) summarizing the sampling effort
in 92 paternity studies on forest trees, and b) the 60 sampling scenarios (SSs) investigated in this study (black
dots). White triangles are SSs in common with Robledo-Arnuncio and Garcia (2007). In both figures, the grey

area encloses sampling efforts reviewed by Leonarduzzi ef al. (2012).
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Table 3.2: The 60 sampling scenarios (SSs) used in the simulations. s = overall number of sampled seeds, ¢ =

number of mother trees (i.e. pollen traps) from which seeds are sampled, s/ 7= average number of seeds sampled

per mother tree.

s t s/t
20 2 10
40 2 20
40 4 10
60 6 10
80 4 20
80 8 10
100 2 50
100 4 25
100 10 10
120 6 20
150 15 10
160 8 20
200 2 100
200 4 50
200 8 25
200 10 20
200 20 10
200 100 2
200 200 1
250 2 125
250 5 50
250 10 25
250 25 10
300 6 50
300 15 20
400 2 200
400 4 100
400 8 50
400 10 40
400 20 20
400 40 10
400 200 2
500 4 125
500 5 100
500 10 50
500 20 25
500 25 20
500 50 10
500 100 5
600 6 100
750 15 50
800 4 200
800 8 100
800 40 20

1000 4 250
1000 5 200
1000 10 100
1000 20 50
1000 50 20
1000 100 10
1000 200 5
1200 6 200
1500 15 100
1600 8 200
2000 10 200
2000 20 100
2000 40 50
2000 50 40
2000 100 20
2000 200 10
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Reconstruction of pollen dispersal parameters

After each simulation, kernel parameters were estimated by maximum likelihood using the

CSM and the optim function in R. For each pair of a and b values the corresponding d

and p,, were calculated. Pollen immigration rate was estimated as the proportion of seeds

pollinated by the background population over the total number of sampled seeds.

For each PDS-SS combination, accuracy and precision of estimated parameters were assessed
by computing the relative bias and root mean squared error (RMSE). To avoid possible
inconsistencies introduced by outlier values I chose the winsorized mean and the median over
1000 simulations as robust statistics to represent central values. Winsorized means were
calculated by trimming estimates at the 5™ and 95™ quantiles using the psych package in R.
The relative mean (and median) bias was therefore computed as the winsorized mean (and
median) of the differences between the point estimate and the true value, divided by the true
value. Therefore, a relative bias of -0.5 is equal to an underestimation of 50% of the true
value. The relative RMSE was computed as the squared root of the winsorized mean (and
median) of the square difference between the point estimate and the true value, divided by the
true value. Confidence intervals around median values were calculated using a bootstrap
procedure with 1000 replicates. In the Results, relative median bias and RMSE instead of
relative mean bias and RMSE are presented because in some PDS-SS combinations the
misleading effect of outliers was not removed completely by trimming mean values (see also
the “Assessment of methodological reliability” paragraph).

For each PDS, an additional set of simulations was carried out to precisely detect all
immigrant gametes by sampling high numbers of mother trees (¢ = 500) and seeds per mother
tree (s/t = 500). The mean pollen immigration rate over 1000 replicates was taken as the

expected value and used to calculate the bias.
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3.3 Results

Effect of sampling effort on kernel fitting

In the following, only results of the exponential power PDSs are reported. The main
differences with other kernel families are outlined in the “Notable differences in Weibull and
2Dt PDSs” paragraph and in the Supporting Information.

The accuracy and precision of estimated dispersal kernels were strongly related to the total
number of sampled seeds s. When s is low the global shape of the estimated dispersal kernel
can be highly different from the true one and the probability of distances in the tail of the

curve can be biased by several orders of magnitude (Fig. 3.3).

s/t=10 s/t=20 s/t=50
004 %] — truea,b| 1%
5e-05 — ML é\ 6‘\ 5e-05 —
0.03 1@ 2% y te0s 3
5e-06 N 96:00 = S =4
0.02 4 . T . T i
10 20 30 10 20 30
S, 0017
=
= 0.00
©  0.04A el
_8 505 ]
= 003+ e o
o 5¢-06 — =
“— 002 - T =il
(@] 10 20 30
__,? 0.01 4
(7))
c 000
)
A 0049 5] food
5e-05 — Be-05 -~
0.03 - 2e-05 — 2e-05 —
0.02
0.01 -
0.00

I
2 4 6 8 10 2 4 6 8
Distance

Figure 3.3: Comparison between true and inferred dispersal kernels obtained with 9 different sampling efforts
characterized by increasing numbers of seeds sampled per mother tree (s/#, ranging from 10 to 50 along the
columns) and increasing number of mother trees (¢, ranging from 4 to 20) along the rows). In each panel,
dispersal kernels inferred from 1000 simulations (grey lines) are reported and compared with the true one (black

line, exponential power with b = 0.5 and d = 5). Inner windows focus on the curve tails (y-axes in log scale).
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Bias and RMSE for all estimated parameters (a, b, d, Doy ) decreased non-linearly as s

increased (Fig. 3.4). When the bias for a and b was significantly different from 0 (i.e.
confidence interval not overlapping 0: 36% of all cases for a and 48% for I;), bias was
virtually always positive (99% for a and 100% for Z;). In most PDSs, overestimation was

low (< 0.1) until s drops below 200, while a and b were nearly unbiased for high values of s

(Fig. 3.4).
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Figure 3.4: Relative bias (a) and RMSE (b) of dispersal kernel parameters (d , I; , d,and [399 ) with increasing

total number of seeds (s, x-axis in log scale). The results for 4 different exponential power PDSs are reported
with different combinations of colors and symbols as indicated in the legend. Filled-triangles and circles indicate
biases significantly higher than 0.1 or lower than -0.1, whereas empty symbols correspond to values not

significantly higher than 0.1 or lower than -0.1. Bias values outside the [-0.5;1] range and RMSE values outside

the [0;1.5] range are not shown.

Errors in the estimation of a and b determined parameters d and pgy being underestimated in
most PDS-SSs. Mean dispersal distance d was markedly underestimated (i.e. relative median
bias significantly lower than -0.1) in 19% of cases while overestimated in only 1% of cases.

The 99" percentile (pg9) was markedly underestimated in 49% of cases while overestimated in
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only 1 PDS-SS combination. Similarly to a and b, d and Dy, Were almost unbiased when

s> 100, while the bias exponentially increased for lower sampling efforts (Fig. 3.4). Most

cases where bias for p,, was significantly lower than -0.1 and RMSE was high (> 0.25) are
characterized by low sampling effort (s < 100) and high mean dispersal distance (d = 10).

Errors in 4 and b seem to compensate each other when calculating d and Do » Tesulting in

RMSE for d always lower than 0.25 except when s was extremely low and dispersal was

extensive.

Effect of simulated dispersal on kernel fitting

In general, the comparison of estimates obtained with different PDSs showed that both bias
and RMSE increased with increasing d and decreasing b. Since high d and low b indicate long
dispersal PDSs, relative bias and RMSE for dispersal kernel parameters were generally higher

when simulated dispersal was long. Both precision and accuracy for a were more sensitive to
b. On the other hand, b was better estimated when d was low. This caused d and Doy to be

markedly underestimated (i.e. relative median bias significantly lower than -0.1) only for
PDSs with large mean dispersal distances (d = 10) (Fig. 3.4). RMSE and bias behaved
similarly, even though differences among PDSs were generally more evident for the former

(Fig. 3.4).

Effect of sampling effort allocation on kernel fitting
For testing the relative importance of ¢ and s/t on bias and RMSE, sampling scenarios with
constant total number of seeds (s) were compared. For a given value of s, no clear effect of

increasing ¢ to the detriment of s/#, and vice versa, was detected. The error trend with
increasing ¢ keeping constant s is flat for all parameters (a, l;, c;?, Doy ) meaning that the

same level of accuracy and precision is achieved when using different sampling allocations

(Fig. 3.5).
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Figure 3.5: Relative RMSE of dispersal kernel parameters (a, b, d, and ]399 ) with increasing number of

sampled mother trees (¢, x-axis in log scale) in SSs characterized by constant total number of seeds (s). Each line
links different combinations of ¢ and s/f within SSs characterized by the same sampling effort (exponential power
with b =1 and d = 3).

Effect of sampling effort on pollen immigration rate

The expected pollen immigration rates from the background population to the sampling area
were much more dependent on mean dispersal distance (d) than on the shape parameter (b)
(Table 3.1). Pollen immigration increased proportionally to d, spanning from ~0.08 when
d=11t0~0.50 when d = 10.

Both precision and accuracy in pollen immigration estimates generally increased together
with d (Fig. 3.6). Contrary to what was found for dispersal kernel parameters, accuracy and
precision in pollen immigration estimates were more sensitive to the number of traps (¢) rather
than total number of sampled seeds (s). Pollen immigration was always underestimated, and
biases were significantly lower than -0.1 in 58% of cases. Bias and RMSE easily exceed -0.5
and 0.5, respectively, when pollen dispersal was spatially limited (4 = 1) and the number of
mother trees sampled was low (¢ < 10). For PDSs characterized by low d, accuracy and
precision reached a plateau at ¢ ~ 20, regardless of 5. On the other hand, when pollen dispersal
was extensive (d = 10), pollen immigration estimates were almost unaffected by sampling

efforts, even when s was as low as 40 and ¢ as low as 2 (Fig. 3.6).

40



b=0.5, d=1 b=0.5, d=10

a) 0.0 ol w
() : é’:’::ﬁlﬁf‘g}{%b&gﬂ;gi‘bg
RS o o
i Yl A _no
g -2 'i uﬂ—‘-quxo ,
= s e °T R o-- s=40
—_ LI O — TR =
2 04 i A 52100
© -0~ §=200
e —o— $=500
g —A—  5=1000
-08-4 & —— s=2000
b) 1.04 o
LLJ EN
U) 08_ I:\::\:\o
= ~a
0C 0.6 -
) .
> 0
= 0.4- N
oc 0.2 a™~g—"0 8=z,
“Besafifassiz=ga
0'0_ | | | | | | | | | | I I | |
Al 0w o O o o O (&Y 0w o O o O O
— n o o — 0w o O
- — «
Number of mother trees (f)

Figure 3.6: Relative bias (a) and RMSE (b) of pollen immigration estimates with increasing number of sampled
mother trees (¢, x-axis in log scale) in SSs characterized by constant total number of seeds (s). Each line links
SSs characterized by equal s and different combinations of ¢ and s/¢. The first column reports results for an
exponential power dispersal kernel with b = 0.5 and d = 1, the second the ones for an exponential power

dispersal kernel with b = 0.5 and d = 10.

Notable differences in Weibull and 2Dt PDSs

A non-linear negative relationship between errors and s was also found for Weibull and 2Dt
PDSs. Compared to monotonically decreasing dispersal curves (i.e. exponential power), PDSs
characterized by curves with a peak (i.e. Weibull for some parameter combinations) generally
required a higher sampling effort for a correct reconstruction of curve characteristics near the
origin (shape, peak presence and position). As an example, when dispersal was simulated
according to a peaked Weibull PDS (d = 3 and b = 2.5), in 21% of simulations the

reconstructed kernel was monotonically decreasing. Such drastic change was due to an
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underestimation of b larger than -0.2 (Fig. 3.7). In general, parameter biases were lower for

Weibull PDSs than for exponential power ones. On the other hand, moderate RMSE for a

and b produced large RMSEs for d and Doy When dispersal was highest (b = 0.75, d = 10)

(Fig. 3.8).
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Figure 3.7: Comparison between true and inferred dispersal kernels obtained with 9 different sampling efforts

characterized by increasing numbers of seeds sampled per mother tree (s/4, ranging from 10 to 50 along the

columns) and increasing number of mother trees (¢, ranging from 4 to 20 along the rows). In each panel,

dispersal kernels inferred from 1000 simulations (grey lines) are reported and compared with the true one (black

line, Weibull with » =2.5 and d = 3). Inner windows focus on the curve tails (y-axes in log scale).
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lower than -0.1. Bias values outside the [-0.5;1] range and RMSE values outside the [0;1.5] range are not shown.

Contrary to what was found for exponential power PDSs, errors in a and b did not

compensate in 2Dt PDSs. In fact, even small biases in @ and b (< 0.1) led to high biases in

d and Doy (Fig. 3.9). As for the other families of curves, d was always underestimated.

When b = 1.6, such underestimation can be severe even with our largest sampling effort

(s = 2000) (Fig. 3.9).
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Figure 3.9: Relative Bias (a) and RMSE (b) of dispersal kernel parameters (& , l; , d,and f?99 ) with increasing

total number of seeds (s, x-axis in log scale). The results for 4 different 2Dt PDSs are reported with different
colors and symbols as indicated in the legend. Filled-triangles and circles indicate biases significantly higher
than 0.1 or lower than -0.1, whereas empty symbols correspond to values to not significantly higher than 0.1 or
lower than -0.1. Bias values outside the [-0.85;1] range and RMSE values outside the [0;1.5] range are not

shown.

Unique among the investigated PDSs, the 2Dt characterized by short mean dispersal distance
but an extremely fat tail (b = 1.6, d = 1) determined a substantial overestimation of p,, when
the sampling effort was low (s < 100). On the contrary, p,, was markedly underestimated

when mean dispersal distance was long (d = 10). As for exponential power and Weibull,
RMSE in 2Dt was generally high in long distance scenarios, though a non negligible RMSE
was also found when d = 1. This caused d and Do, to be imprecisely estimated even when
dispersal was relatively limited.

In all PDSs belonging to Weibull and 2Dt curve families, different sampling allocations

provided the same level of accuracy and precision confirming what was found for exponential

power PDSs (Fig. 3.10, Fig. 3.11, Fig. 3.12, Fig. 3.13).
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Figure 3.10: Comparison between true and inferred dispersal kernels obtained with 9 different sampling efforts

characterized by increasing numbers of seeds sampled per mother tree (s/, ranging from 10 to 50 along the

columns) and increasing number of mother trees (¢, ranging from 4 to 20 along the rows). In each panel,

dispersal kernels inferred from 1000 simulations (grey lines) are reported and compared with the true one (black

line, Weibull with 5 = 0.75 and d = 5). Inner windows focus on the curve tails (y-axes in log scale).
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Figure 3.11: Comparison between true and inferred dispersal kernels obtained with 9 different sampling efforts
characterized by increasing numbers of seeds sampled per mother tree (s/, ranging from 10 to 50 along the
columns) and increasing number of mother trees (¢, ranging from 4 to 20 along the rows). In each panel,
dispersal kernels inferred from 1000 simulations (grey lines) are reported and compared with the true one (black

line, 2Dt with b = 1.6 and d = 5). Inner windows focus on the curve tails (y-axes in log scale).
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Figure 3.13: Relative RMSE of dispersal kernel parameters (@, b, d , and }399 ) with increasing number of

sampled mother trees (¢, x-axis in log scale) in SSs characterized by constant total number of seeds (s). Each line

links different combinations of ¢ and s/¢ within SSs characterized by the same sampling effort (2Dt with b = 2.5
and d =3).

In accordance with results from exponential power, bias and RMSE for pollen immigration
estimates in Weibull and 2Dt PDSs improved with increasing ¢, and were virtually unbiased
when d was high (Fig. 3.14, Fig. 3.15). Pollen immigration in 2Dt was generally
underestimated, with 61% of cases significantly lower than -0.1 (Fig. 3.15). In Weibull PDSs,
pollen immigration rate was in general accurately estimated, underestimation only occurred
when d = 1 (Fig. 3.14). This is the only curve family where in few PDS-SS combinations (2%

of cases) pollen immigration rate was slightly overestimated (up to 0.2).
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Figure 3.14: Relative bias (a) and RMSE (b) of pollen immigration estimates with increasing number of sampled
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and d = 10.
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Figure 3.15: Relative bias (a) and RMSE (b) of pollen immigration estimates with increasing number of sampled
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dispersal kernel with b = 1.6 and d = 1, the second the ones for a 2Dt dispersal kernel with » = 1.6 and d = 10.

Assessment of methodological reliability

The fitting procedure converged in 99.85% of the 1,920,000 simulations. Lack of convergence
reached a maximum of 13% when s = 20 and dispersal was simulated according to an
exponential power with low b (0.5) and high d (10). The percentage of convergence was
positively related to the percentage of realized father-trap connections (Spearman correlation:
p =0.182, P <0.001). The percentage of realized father-trap connections is computed as the
ratio between the number of father-trap connections with at least one realized pollination and
the total number of possible father-trap connections. Basically, it is the ratio between non-zero
cells and total cells in the x; matrix of observed data used for the computation of likelihood in
the CSM (Robledo-Arnuncio and Garcia, 2007). The percentage of realized father-trap
connections was mainly dependent on the number of propagules sampled in each trap. In fact,

s/t alone explained 73% of the variability in the percentage of realized father-trap
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connections. When this percentage was low, successful fitting often produced outliers in a

and b distributions that in turn determine non-robust estimates of d, poy and pollen
immigration rate. Because in most cases a clear cut rationale to discard outliers could not be
defined, I decided to rely on the median over 1000 simulations, instead of the trimmed mean,

as a robust statistic to represent central values.

Estimates of bias and RMSE of 4 and d in the 8 PDS-SS combinations shared with
Robledo-Arnuncio and Garcia (2007) were highly correlated with their results (intercept =

-0.008, t = -4.18, P < 0.001; slope = 0.92, t = 33.08, P < 0.001, df = 30, R* = 0.97). The
comparison among pollen immigration estimates showed very similar results as well

(intercept = 0.04, t = 4.54, P < 0.01; slope = 1.07, t =41.34, P <0.001, df = 10, R?= 0.97).

3.4 Discussion

In this work, the effect of sampling effort on the estimation of pollen dispersal parameters in
paternity studies was investigated through a simulation approach. The aim was to provide the
first evaluation of sampling efforts reported in published paternity studies. I found that:
i) scale and shape parameters of the dispersal kernel were generally overestimated, causing
mean dispersal distances and 99™ percentiles in the tail of the curve to be underestimated;
ii) except for rare exceptions, pollen immigration from outside the sampling plot was
generally underestimated; ii7) pollen immigration estimates were highly sensitive to the
number of sampled mother trees, whereas precision and accuracy of dispersal kernel
parameters only depended on the total number of sampled seeds; and iv) errors in pollen
immigration estimates were high when simulated dispersal was restricted, whereas the
opposite was found for dispersal kernel parameter estimates. Our findings show that, when
sampling effort is constrained, as in most paternity experiments, it should be fine-tuned to the

specific aims of the study.

Estimation of dispersal kernel parameters

Assessing uncertainty in dispersal kernel estimation has emerged as an urgent need in recent
literature (Robledo-Arnuncio and Garcia, 2007; Jones and Muller-Landau, 2008; Niggemann
et al., 2012; Nathan ef al., 2012). Errors in such estimates are mainly dependent on sampling
design (sampling effort and trap spatial arrangement) and, when genetic tools are adopted, on

marker resolution and frequency of genotyping errors (e.g. Moran and Clark, 2011). Focusing
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on the sampling effort, I quantified the accuracy and precision in estimating shape and scale
parameters describing curves commonly used in paternity studies.

Diminishing accuracy and precision of parameter estimates as the total number of sampled
seeds (s) decreases is an obvious result and confirms what was found in Robledo-Arnuncio
and Garcia (2007). However, I showed that s ~ 200 is a turning point below which both bias

and RMSE can reach warning levels, especially for long distance pollen dispersal scenarios
(PDSs). When sampling effort is low, positive biases in estimated scale (&) and shape (5)
parameters determine negative biases in mean dispersal distance (aA’ ) and 99" percentile
(Do ); d can be ~70% and Doy ~50% of the true ones when simulated pollen dispersal was

extensive with respect to the plot size (//d = 2). Contrary to what previously thought, d can be
severely underestimated unless an adequately high sampling effort is adopted, even when
using the Competing Sources Model (CSM). Therefore, published paternity studies in which d
is estimated solely from the observed distribution of pollination distances are likely to be
doubly biased: once for the sampling artifact worked out by CSM (the effect of competing
pollen sources) and once for inadequate sampling. Together with results for the pyo, this
indicates that, when dispersal is high, kernel fitting on within-population data depicts
dispersal as being shorter than it actually is.

Underestimation of long dispersal distances is due to several sampling limitations. First, the
curve tail is truncated by plot boundaries, although CSM lowers this sampling artifact
(Robledo-Arnuncio and Garcia, 2007). Second, no spatial data regarding immigrant pollen are
available, even though information from censored data could be included (Jones et al., 2005).
Finally, the number of traps near the plot boundaries is rarely adequate when a random spatial
distribution of traps is adopted, thus preventing within-plot long distances to be properly
sampled. A precise characterization of long distance dispersal (LDD) provides information on
relevant biological and ecological processes, such as species invasions, hybridization and
contamination events, conservation of genetic diversity, population responses to habitat
fragmentation and climate change (Bullock and Clarke, 2000). The quantitative description of
LDD is considered the most challenging task in dispersal studies because it requires tracking
of rare dispersal events occurring at high distance from the source (Nathan, 2006, Hardy,
2009). The characterization of the tail of the kernel can be improved by including minimum
dispersal distance for censored data (i.e. the distance from propagule source to the nearest plot
boundary). Few studies have included censored data in kernel estimation (e.g. Jones et al.,
2005; Goto et al., 2006; Piotti et al., 2009; Chybicki and Burczyk, 2010a). In a simulation

study, Hirsch et al. (2012) showed that unbiased estimates of seed dispersal kernel can be
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achieved by including censored data if the study area includes at least 40-50% of total
dispersed seeds. Robledo-Arnuncio and Garcia (2007) showed that accounting for the
immigration rate in the CSM did not significantly improve kernel estimation for s > 200.
According to my findings, this might not hold true when dispersal is high.

The spatial arrangement of traps is relevant for estimating dispersal kernel parameters. A
number of studies have focused on optimizing the arrangement of traps in space and the
number of traps at different distances from the source (e.g. Klein and Laredo, 1999; Bullock
and Clarke, 2000; Stoyan and Wagner, 2001; Skarpaas et al., 2005; Skarpaas and Shea, 2007).
These studies generally highlighted that a number of traps should be placed far from the
source in order to characterize the tail of the curve, and that trap spatial arrangement should
allow an even sampling of as many dispersal distances as possible. Nonetheless, these results
are difficult to apply to paternity studies, because they are based on a single source of
propagules (but see Stoyan and Wagner (2001) for an exception), on extremely high numbers
of traps and on the possibility to decide the location of traps. Therefore, future simulation
studies should focus on the combined effect of the number and criteria to choose mother trees,
considering multiple sources with a non-random spatial distribution, as in the case of natural
populations.

This study also showed that, under the simplistic assumptions upon which it is based,
adequate estimates of both d and Dy can be generally achieved with manageable sampling

effort (100 < s < 200). It should also be stressed that in the explored scenarios dispersal is
mainly local, since pgy is at most 4 times the side of the plot (/). Recent findings have shown
that pollen is still viable after traveling much longer distances, resulting in LDD being more
frequent than previously thought (Williams, 2010; Kremer et al., 2012). In addition, LDD is
governed by more complex laws than those used to model local dispersal, and depends more
on stochastic processes linked to meteorological conditions than on distance itself (Nathan,
2006; Hardy, 2009). Therefore, LDD by pollen requires new approaches for its tracing
(Kremer et al, 2012). The disparity between local distance-controlled vs.
distance-independent meteorology-controlled pollination patterns should also be carefully
taken into account in future practical and theoretical work on the reconstruction of the

dispersal kernel.

Estimation of pollen immigration rate
Negative biases were also generally found in estimates of pollen immigration from outside.
Underestimation became substantial when dispersal was short (low d) and the number of
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mother trees was low (z < 10). In these cases, estimated pollen immigration rate can be as low
as ~50% of the true one. It should be noted that a 50% underestimation can have different
relevance depending on the actual pollen immigration. However, even a small absolute
difference between the actual and estimated pollen immigration rates might affect biological
processes (e.g. population differentiation) besides being relevant when addressing debatable
issues such as quantifying GM pollen contamination.

The effect of d on pollen immigration estimates has a rather simple explanation: when d is
low pollen immigration is detectable only near plot boundaries. Consequently, studies on
species characterized by low pollen dispersal capability may suffer from sampling flaws if
plot boundaries are inadequately sampled. In my simulations, this happens when ¢ is low. This
argument holds true also when the //d ratio is high, i.e. when the sampling area is
disproportionately large with respect to mean dispersal distance. Thus, enlarging the sampling
area can produce a large underestimation of pollen immigration rates if ¢ is not properly
adjusted. On the other hand, when d is high (or //d is low), estimation is less affected by
sampling effort and allocation. Species’ dispersal characteristics and study-specific sampling
designs should indeed be carefully considered when comparing results from different studies.
My results indicate that different sampling strategies should be used depending on whether
the aim is to estimate pollen immigration rate or kernel parameters. Sampling allocation (i.e.
the combination of mother trees and seeds per mother tree) has a marginal effect on kernel
parameters’ estimation. On the contrary, ¢ is much more important than s/¢ for both precision
and accuracy of pollen immigration estimates when simulated dispersal is low. This is again
related to trap coverage of plot boundaries and to the heterogeneity of immigration rates
among mother trees. Published pollen immigration estimates based on low ¢ (<10) are
common (64% of cases in Leonarduzzi et al., 2012). In these cases there may be a significant
underestimation of pollen immigration if the study species is characterized by short dispersal
and the spatial arrangement of traps is inappropriate.

When studying pollen immigration, it becomes of particular interest that pgo and pollen
immigration rate should not be considered as interchangeable measures of LDD. In fact, for
constant d, pollen immigration rate may counter-intuitively decrease as pgo increases (see
Table 3.1, Fig. 3.16). This is because the pollen immigration rate quantifies the proportion of
propagules coming from outside the study plot, regardless of the distance they traveled. Even
when pollen immigration rate is high, all immigrant pollen can originate from a tree just
outside the study plot. Obviously, the association between pollen immigration rate and long

distance dispersal holds when highly isolated populations are exhaustively sampled in a
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paternity experiment.
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Figure 3.16: Relationship between the tail of the dispersal kernel (99" percentile) and the rate of pollen

immigration in the exponential power PDSs.

Considerations of sampling effort in published paternity studies

Robledo-Arnuncio and Garcia (2007) found that a relatively small s (200) seems sufficient to
estimate a kernel’s mean accurately (bias ~ 0.01), but reducing the RMSE of the kernel’s
shape estimates to low levels (< 0.10) will require higher s (500). I found that further
decreasing s, in particular when ¢ < 10, may drastically reduce robustness of estimates from
paternity studies aimed at exploring simultaneously different components of pollen dispersal.
The positive relationship between sampling effort and precision was also experimentally
determined by doubling s and quadruplicating ¢ in one of the rare cases in which two paternity
experiments were conducted in the same plot (Oddou-Muratorio et al., 2005).

The median values of s and ¢ in paternity studies reviewed by Leonarduzzi et al. (2012) were
240 and 8, respectively. When a sampling scenario (SS) with comparable sampling effort and
allocation (s = 250, ¢ = 10, s/t = 25) was simulated, I found a severe underestimation of d
(~50%) if pollen dispersal was extensive (the PDS with highest po), and a substantial
underestimation of pollen immigration rate (~ 30%) if pollen dispersal was limited (e.g.
exponential power PDSs with d = 1). Higher errors are expected for lower sampling efforts.
Such errors can lead to misinterpretation of results and low comparability among studies. This

should be carefully taken into account in future reviews on pollen and seed dispersal results
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obtained by parentage analysis. Finally, it should be noted that sampling efforts recorded in
Leonarduzzi et al. (2012) could be downwardly biased because in multi-plot studies (where
many small stands are sampled with low sampling effort) the sampling effort for each single
stand was considered as a data point.

Given the increasing number of paternity studies comparing several plots (e.g. Oddou-
Muratorio et al., 2010; Craft and Ashley, 2010; Piotti ef al., 2012), my results showed that the
effectiveness of such comparisons can be greatly improved through sound sampling designs.
For instance, when a large number of plots is sampled to investigate the effect of habitat
fragmentation on pollen dispersal patterns (e.g. Lander et al., 2010; Wang et al., 2010)
particular attention should be paid to sampling strategy in large fragments. In fact, when //d
becomes high, concentrating a limited number of traps far from plot boundaries can introduce
large errors in pollen immigration rate. This holds true also for single plot experiments, in
particular when sampling allocation is unbalanced towards s/¢ (e.g. Lian et al., 2001; Hanaoka
et al., 2007). On the other hand, since evidence is accumulating about pollen dispersal being
extensive in forest trees at the local scale, values of I/d are likely to be low, and the most

severe bias might occur for d and pyy (see below).

Sampling guidelines

My findings stress the relevance of carefully planning the sampling design and offer a piece
of advice for future paternity studies. Considerations of optimal sampling design will
inevitably have to cope with natural constraints posed by the study population and with
limited resources.

If a robust estimation of dispersal kernel parameters is the goal of a paternity study, the total
number of sampled seeds (s) is the key factor to control. Conversely, when the focus is on
pollen immigration from outside, increasing the number of mother trees (¢) to the detriment of
the number of seeds per mother tree (s/f) is the advisable strategy. Estimation of pollen
dispersal parameters can also benefit from a priori knowledge of the study species’ dispersal
capability:

1)  For forest species whose dispersal is characterized by high d, or in cases where //d is
low, minimum requirements for dispersal kernel parameters depend on simulated
dispersal curve families. When studying a species usually characterized by large tail
fatness (as in 2Dt kernel), lowering bias to acceptable levels may require at least 1000
and 200 seeds for d and pyy, respectively, whereas even a large sampling effort (s = 2000)

is not sufficient to provide precise estimates of d and pyy. On the contrary, lower sampling
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efforts (100 <s <200) can provide unbiased estimates for d and pg9 when dispersal is less
fat-tailed, whereas s > 500 is needed for achieving good precision in parameters’
estimates. With regard to the estimation of pollen immigration rate, a limited number of
seeds and mother trees (s ~ 200 and # ~ 5) can be sufficient to achieve robust estimates,
regardless of the simulated dispersal curve family.
2)  For forest species whose dispersal is characterized by low d, or in cases where //d is
high, a small sampling effort (s ~ 200) is generally sufficient to obtain adequate accuracy
and precision in dispersal kernel parameters. On the other hand, a high ¢ (at least 20-50
depending on the specific PDS and on the curve family) should be used for obtaining
adequate estimates of pollen immigration rate. In these cases, the robustness of pollen
immigration estimates will also benefit from carefully choosing the spatial distribution of
mother trees (e.g., avoiding placing all traps in the centre of the plot). As previously
mentioned, ad hoc mother tree arrangements are likely to markedly improve pollen
immigration and kernel parameter estimates. To this end, it will be important to asses the
combined effect of sampling effort and trap arrangement on pollen dispersal parameters.
When using these guidelines, it is important to note that my simulations are based on many
simplifying assumptions which could impact our results. Assumptions are mainly linked to:
i) the randomness of spatial population structure, ii) the complexity of dispersal processes,
and ii7) the correctness of paternity assignment. With regard to spatial population structure, I
assumed that trees are randomly distributed and that tree density does not hamper pollen
dispersal, whereas in natural populations trees are more likely to be clumped, the landscape is
heterogeneous and high tree density can limit dispersal (Hardy, 2009). Moreover, I described
a simplified dispersal process assuming that all trees disperse according to the same isotropic
dispersal kernel and have equal fecundity. Variation in tree fecundity was shown to have
negligible effect on kernel reconstruction when the total number of sampled seeds is > 200
and trees are randomly placed in space (Robledo-Arnuncio and Garcia, 2007; Robledo-
Arnuncio, 2008). However, high variation in tree fecundity combined with a scarce sampling
effort can produce misrepresented dispersal distances, especially when the number of traps is
low, and further investigation is needed. Also including complex spatial patterns and more
realistic dispersal characteristics (e.g. by introducing flowering phenology) in future ad hoc
simulation studies will improve the usefulness of these sampling guidelines.
Finally, paternity was reconstructed using categorical allocation and assuming no genotyping
error, but genotyping errors are know to highly affect paternity assignments (Jones et al.,

2010). Dealing with uncertainty associated with genotyping errors has become increasingly

57



important in parentage analysis. In fact, recently developed methods enable simultaneous
estimation of the dispersal kernel and mating patterns, explicitly taking into account possible
genotyping errors (Chybicki and Burczyk, 2010b). Bayesian approaches are the most
promising tools to achieve a thorough description of dispersal patterns (Klein and
Oddou-Muratorio, 2011; Moran and Clark, 2011) and could benefit from a careful description
of how sampling design can affect dispersal estimates. This would enhance our knowledge on
the evolutionary dynamics of populations in changing environments and provide sound

information for management and conservation actions.
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Chapter 4:

Development of polymorphic microsatellites from
transcriptome and genomic data for Abies alba Mill.
and congeneric species

4.1 Introduction

Silver fir (4bies alba Mill.) is a widespread European conifer. It is a keystone species of many
mountain forest ecosystems with high ecological and economic value and is also found at low
density associated with other widespread European species such as beech (Fagus sylvatica L.)
and spruce (Picea abies Karst.) (Wolf 2003). Despite being tolerant of a relatively broad range
of environmental conditions (e.g. it is cold-hardy and shade-tolerant), silver fir is more
sensitive than other conifers to changes in temperature, water availability and air pollution. In
particular, showing lower water-use efficiency compared to other fir species from more xeric
areas, it is expected to be severely affected by drought under a changing climate (Guehl et al.
1991; Aussenac 2002; Macias et al. 2006; Linares and Camarero 2012). In the last 200 years,
its range has significantly decreased due to both environmental changes and human impact
through deforestation, overexploitation, silvicultural choices in favor of faster growing
conifers, improper management and air pollution (Wolf 2003). In other parts of its range,
particularly at the upper tree limit, its distribution has increased over the same period due to
land use changes, i.e. natural recolonization of abandoned agricultural and low productivity
lands (Chauchard et al. 2007, 2010). Peripheral A. alba populations, in particular at the
southern edge of the distribution, are expected to be the most affected by climate change due
to their small population size, fragmented distribution and bio-geographical position (Piovani
et al. 2010; Maiorano et al. 2013).

Its relevance for European forest ecosystems has made A. alba the object of several genetic
surveys using terpenes, isozymes, mitochondrial DNA markers, chloroplast and nuclear
microsatellites (SSRs) (e.g. Konnert and Bergmann 1995; Vendramin et al. 1999; Liepelt et
al. 2002; Sagnard et al. 2002; Liepelt et al. 2009; Piovani et al. 2010; Gomory et al. 2012),
providing important information on the species’ postglacial recolonization history and on the
spatial distribution of its genetic diversity at different scales. There is now an urgent need for

conservation-oriented population genetic studies with increased resolution to assess current
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dynamics and future evolutionary trajectories of 4. alba populations strongly exposed to
environmental change and to evaluate current conservation strategies in Europe (Lefévre et al.
2013). The set of currently available SSRs for 4. alba is not suitable for this task due to their
limited number and the presence of null alleles (Cremer et al. 2012; GOmory et al. 2012). For
this reason, I developed and characterized in natural populations new SSRs using both
transcriptomic and genomic resources.

Transcriptome sequencing using next-generation sequencing (NGS) is an effective tool for
generating genomic resources and identifying polymorphic molecular markers for non-model
organisms, particularly for species characterized by large and repetitive genomes such as
conifers (Parchman et al. 2010; Roschanski et al. 2013). Developing SSRs from
transcriptome sequences (EST-SSRs hereafter) is labor- and cost-effective compared to the
conventional procedure for the identification of genomic SSRs (i.e. screening of cloned
libraries by Sanger sequencing, Schoebel et al. 2013). Moreover, EST-SSRs are easily
transferable to other species due to the higher level of sequence conservation of transcribed
DNA across species (Varshney et al. 2005; Zalapa et al. 2012; Fan et al. 2013). They are
expected to be less polymorphic than genomic SSRs (gSSRs hereafter), but also less prone to
null alleles, making them ideal for genetic studies in which genotyping errors should be
strictly avoided, e.g. fine-scale population genetic studies and parentage studies (Kim et al.
2008; Oddou-Muratorio et al. 2009).

In this work, I introduce two sets of new multiplexed EST-SSRs for high-resolution and cost-
effective genetic analyses in A. alba and several congeneric taxa. To do this, I took advantage
of available transcriptome data (Roschanski et al. 2013). In addition, two new gSSRs were
developed and multiplexed with previously available gSSRs displaying high amplification
quality (Hansen et al. 2005; Cremer et al. 2006). I describe the procedure to identify and
optimise the new EST-SSRs and to design multiplex sets, paying particular attention to quality
controls (e.g. null-allele detection). I compared the performance of EST-SSRs and gSSRs and
tested the transferability of EST-SSRs to 17 congeneric taxa from the Mediterranean, Asia and

North-America.

4.2 Materials and methods

Plant material
Plant material was collected from four populations: Northern (Abetone, 44°8728"N,

10°40'3"E, coded as ABE) and Southern (Sila, 39°7'57"N, 16°38'19"E, SIL) Apennines
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(Italy), Bulgaria (Bansko, Pirin mountains, 41°50'35" N, 23°23'7" E, BL) and Romania
(Arges, Fagaras mountains, 45°26'28"N, 24°41'40"E, RH) (Fig. 4.1). Forty-eight adult trees
(pair-wise minimum distance between trees >20 m) were sampled in each population (total
N=192 individuals). Fresh needles were dried in silica gel and then stored at -80°C until DNA
extraction. Abies spp. samples used for transferability tests were collected either in situ, in

provenance trials or in the arboretum of the botanical garden at the University of Marburg

(Germany).
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Figure 4.1: Map of the 4 populations sampled (see text for details) and results of clustering analysis using
STRUCTURE (K=3). For each population, upper barplots refer to tSSRs and lower barplots to gSSRs.
Population code names: ABE (Abetone, Northern Italy), SIL (Sila, Southern Italy), RH (Arges, Romania) and BL
(Bansko, Bulgaria). Green colored areas indicate the distribution range of Abies alba (Wolf 2003).

DNA isolation

DNA extraction was performed from 50 mg of frozen needles with the DNeasy 96 Plant Kit
(Qiagen) following the manufacturer’s instructions. For disruption of plant material I added a
3-mm diameter tungsten bead to each well of the 96-well plates. Plates were frozen in liquid
nitrogen for 30 seconds before two cycles of 1 min disruption at 25 Hz using a Mixer Mill

MM300 (Retsch, Germany). DNA quality was estimated on a 1% agarose gel stained with
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GelRed (Biotium, USA). DNA concentration was measured using a spectrophotometer

NanoDrop ND-1000 (Thermo Scientific, Wilmington, USA).

Multiplex PCR optimization

SSRs from the transcriptome (EST-SSRs). EST-SSR discovery was carried out based on the
analysis of assembled contigs from a transcriptome of A. alba (Accession numbers:
JV134525-JV157085; Roschanski et al. 2013) wusing the SPUTNIK software
(http://espressosoftware.com/sputnik/index.html). SPUTNIK finds perfect, compound and
imperfect repeats using a recursive algorithm (Duran et al. 2009). The minimum number of
repeats was set to six for di-SSRs and five for tri-, tetra- and penta-SSRs.

Sequence output from SPUTNIK was subsequently analyzed using Websat
(http://www.wsmartins.net/websat/) to identify candidates with appropriate flanking regions
suitable for primer design. Primers were designed using PRIMER3 (Rozen and Skaletsky
2000) applying the following parameters: product size between 100 and 500 bp, annealing
temperature (T,) between 57°C and 62°C, optimum GC content = 50, maximum self-
complementarity = 4.00, maximum 3' self-complementarity = 2.00, maximum Poly-X = 4.

A total of 67 EST-SSR primer pairs were designed and tested on a set of eight samples (four
samples from ABE and four samples from BL) by PCR amplification. The PCR thermal
profile was: denaturation at 94°C for 4 min, followed by 10 cycles at 94° C for 30 s, 63°C for
30 s (decreasing 1°C/cycle), and 72°C for 30 s, followed by 27 cycles at 94°C for 30 s, 53°C
for 30 s, and 72°C for 40 s, with a final 10 min extension step at 72°C. PCR products were
quality-checked on 2% agarose gels stained with GelRed (Biotium, USA).

The quality and polymorphism of all 67 EST-SSRs were first checked using the M13-tail
labeling technique (Schuelke 2000). PCR products were analyzed on an ABI 3500 automatic
sequencer (Applied Biosystems, USA) using LIZ-500 as internal size standard. To evaluate
EST-SSR polymorphism, 48 samples (24 samples from ABE and 24 samples from BL), were
genotyped with 24 EST-SSRs that exhibited high quality amplification and clear
microsatellite peaks at the expected size. Excluding monomorphic loci, 16 EST-SSRs were
finally selected and subsequently multiplexed by taking into account size ranges (Table 4.1).
Mendelian segregation and the possible presence of null alleles were tested by progeny tests
(Gillet and Hattemer 1989; Tarazi et al. 2010) on six open-pollinated progenies. For each
progeny, six to 28 offsprings were genotyped using simplex PCR and the M13 tail labeling
technique and their multi-locus genotype was compared to that of their seed-parent.

The Type-it Microsatellite PCR kit (Qiagen, Germany) was used to carry out multiplex
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reactions. The final volume of PCR was optimized to 6 pl to reduce costs. The PCR mix for
both multiplexes was: 3 pl Type-it Microsatellite Buffer, 2 pul of primers premix and 1 pl of
DNA (~20 ng/ul). Concentrations and fluorescent dyes for each primer pair in the primer
premix are presented in Table 1. Both EST-SSR multiplex sets had the same PCR thermal
profile: an initial step at 95°C for 5 min, followed by 32 cycles at 95°C for 30 s, 57°C for 90 s
and 72°C for 30 s, with a final 30 min extension step at 60°C. PCR products were run on an
ABI 3500 automatic sequencer (Applied Biosystems, USA), with LIZ-500 as internal size
standard. The match between simplex and multiplex profiles of all 192 samples was also
checked to control for allele amplification competition and possible allelic drop-out.
Chromatograms were analyzed using GeneMapper v4.1 (Applied Biosystems, USA).

Using the same PCR conditions as above, I tested the transferability of the newly developed
EST-SSRs to ten Mediterranean, three North-American and four Asian Abies species and sub-

species and one to seven individuals per taxon (Table 4.2).

SSRs from genomic DNA. In this panel, I included six gSSRs developed by Hansen et al.
(2005) and Cremer et al. (2006), some of which had already been multiplexed (Hansen et al.
2008; Cremer et al. 2012; Gomory et al. 2012), and two gSSRs developed from an Abies alba
enriched library (Malausa et al. 2011). They were selected from two sets of 12 and six gSSRs,
respectively, according to their quality and polymorphism tested on eight samples (four
samples from ABE, and four samples from BL). The PCR thermal profile was: denaturation at
94°C for 4 min, followed by 10 cycles at 94° C for 30 s, 61°C for 40 s (decreasing 1°C/cycle),
and 72°C for 40 s, followed by 29 cycles at 94°C for 30 s, 51°C for 40 s, and 72°C for 45 s,
with a final 10-min extension step at 72°C. The quality-check of PCR products followed the
same procedure as for EST-SSRs.

All gSSRs were first validated using M13-tail labeling technique and then multiplexed
according to their size range.(Table 1). The multiplex reactions, PCR amplification and sizing
of PCR products were carried out as for EST-SSRs above, except that in the PCR thermal

profile the annealing temperature was 59°C for 60 s.

Genotype scoring and data analyses

All population genetic analyses were carried out on the whole dataset using both the EST-SSR
and gSSR multiplexes. To estimate the error rates, the 192 samples screened with the 16 EST-
SSRs and eight gSSRs were scored by two readers and Type A and B errors were estimated.

Type A error refers to the case when a heterozygote is mistaken for a homozygote, or vice
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versa. Type B error refers to a wrongly scored allele. In such cases, a final decision was made
by joint agreement.

The software GenAlEx v6.5 (Peakall and Smouse 2012) was used to assess genetic diversity
of the four A. alba populations. For each population, the total number of alleles (4), observed
(Ho) and expected heterozygosity (Hg) and the fixation index (Fis) were calculated at each
locus. The program INEst (Chybicki and Burczyk 2009) was used to estimate the frequencies
of null alleles in the dataset, running the individual inbreeding model (IIM) with a Gibbs
sampler of 10° iterations. Computation of allelic richness (4r) was carried out using the
program HP Rare (Kalinowski 2005) in order to make it independent from sample size.
Rarefaction was carried out with a common total sample size of 64 genes (32 diploid
individuals). The software GENEPOP v4.2.1 was used to test for genotypic disequilibrium
among loci using log likelihood ratio statistics (Rousset 2008) and Markov chain parameters
provided by default.

Single parent and parent pair exclusion probabilities were calculated from allele frequencies
according to the formula by Jamieson and Taylor (1997) using FaMoz (Gerber et al. 2003).
Differentiation indices (Jost’s D and Weir and Cockerham Fgr) were estimated using the
diveRsity package in R (Keenan ef al. 2013) and GenAlEx v6.5 (Peakall and Smouse 2012),
respectively.

A Bayesian clustering approach was used to detect population genetic structure using the
software STRUCTURE v2.3 (Pritchard et al. 2000; Falush et al. 2003). The admixture model
was used, in which the fraction of ancestry from each cluster is estimated for each individual
and allowed for correlated allele frequencies, as well as the “locprior” option when population
identity is used as a priori information for clustering. Five independent runs for each K value
ranging from 1 to 7 were performed after a burn-in period of 10* steps followed by 5x10*
Markov Chain Monte Carlo replicates. To identify the number of cluster (K) that best
explained the data, the rate of change of L(K) (AK) between successive K values was
calculated following Evanno et al. (2005) using the web application “StructureHarvester”

(Earl and von Holdt 2012).

Functional annotation EST-SSRs

Accurate functional annotation of silver fir EST-SSRs is a difficult task due to the limited
availability of reference genome/gene sequences in public databases for conifer species. In
order to maximize successful annotation, assembled contigs containing EST-SSRs were

compared against four different databases (ConGenlE; GenBank (Benson et al. 2013);
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UniProtK B/TTEMBL and UniProtKB/Swiss-Prot (The UniProt Consortium, 2012)) by using
BLASTX (E-value cut-off: < 107), and they were searched for protein family.

4.3 Results and Discussion

Multiplex PCR optimization

I detected 2150 putative EST-SSRs. This relatively low number is in agreement with previous
studies where a negative correlation between SSR frequencies and the genome size was
found, suggesting that it may be challenging to develop a large number EST-SSRs for conifers
(Ueno et al. 2012). Based on the Websat analysis, I selected and tested 67 EST-SSRs with
single non-interrupted, non-compound motifs and with the highest number of repeats, which
are expected to display high polymorphism (Petit e al. 2005).

From the original set of 67 EST-SSRs tested in simplex reactions, 16 were retained, which
amplified seven di- and nine tri-nucleotide SSRs. In this selection process, I removed 41
markers because of no or very poor PCR amplification, five because of multi-banding
patterns, and five because of no polymorphism. This rather low success rate (24%) is
comparable to those observed in other conifer species (e.g. Pfeiffer et al. 1997; Pinzauti et al.
2012; Sebastiani et al. 2012; Wagner et al. 2012), which are characterized by large genomes,
partly due to large gene families and abundance of pseudo-genes and partly due to a very high
content of repetitive DNA such as transposable elements (Kovach et al. 2010). The primer
sequences of the 16 selected markers and their main characteristics are reported in Table 4.1.
In addition to high quality allele binning, the 16 EST-SSRs were selected because progeny
tests confirmed their Mendelian segregation and the very low number of mother-offspring
mismatches indicated a low frequency of null alleles.

The 16 EST-SSRs were assembled in two 8-plexes (multiplexes A and B). I limited the
number of loci included in multiplexes to avoid possible overlap of alleles from different loci
due to their high size ranges. Electropherograms and marker size ranges for the two

multiplexes are shown in Fig. 4.2.
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Figure 4.2: Examples of an individual electropherogram for multiplexes A and B (panels a and c, respectively)

and marker ranges for multiplexes A and B (panel b and d, respectively).

Both multiplexes had high amplification quality and ample polymorphism. The comparison
between single- and multi-plex amplification did not reveal allele dropout. In addition,
combining already available and newly developed gSSRs, an 8-plex, showing high quality

amplification and high polymorphism, was also successfully designed for gSSRs (multiplex
C, Table 4.1).
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Table 4.1 Characteristics of multiplexes A, B and C based on 192 A. alba individuals from the four populations sampled.

Locus Reference Primer sequences (5’—3") Motif Dye Size(bp) [C] A4 Ho Hg Fis Accession No.
EST-SSRs

Multiplex A

Aat01 Thisstudy b o O« (GCG)y FAM 103127 020 7 0581 0517 0125  KF304594
Aat02 This study E:: ﬁ‘ééféﬁ&%%%ii?ﬁ?& (CAG), VIC 123-129 006 3 0312 0331 0057  KF304595
Aat03 This study IF{:: E%%G‘fffgég%gééig (AT)y PET  149-161 0.0 6 0476 0515 0075  KF304596
Aat04 This study g (é(éﬁgiﬁgglgiiiﬁffA (CAG), FAM 158-191 027 9 0423 0404 -0.046  KF304597
Aat05 This study Eﬁﬁ%ﬁ%ﬁ%ﬁgﬁg&i%&%%&% (GCA), VIC  177-192 006 3 0280 0247 -0.135  KF304598
Aat06 This study IF{:: %ﬁg@?ggg&?ﬁggéﬂ% (GCA)s NED 196-214 020 5 0.115 0.113 -0.019  KF304599
Aat07 Thisstudy b O oA o (AT), PET 219241 010 10 0556 0656 0.154  KF304600
Aat08 This study E:: ‘é%%i%‘%i‘é%%%ﬁﬁ%ﬁ% (AT)y NED 302312 008 3 0171 0163 -0048  KF304601
Multiplex B

Aat09 This study f{:: %éi‘ézgg%i%‘fﬁ:fgéﬁfc (TCA)y NED  150-156 005 3 0032 0031 -0016  KF304602
Aat10 This study E:: iiii%%ggg%gggggﬁ?“ (AT), FAM  226-250 025 13 0625 0656 0047  KF304603
Aatll This study Eﬁéii%%&%%?f&%ﬁ%ﬂg (AAC), VIC  255-270 008 5 0561 0535 -0.048  KF304604
Aat12 Thisstudy b A L G (AG),  PET 303349 021 19 0610 0600 -0016  KF304605
Aatl3 This study E:: ?gzi‘?‘:‘:gi%:‘égggi%‘?gﬁ (AG); FAM 326342 030 4 0.163 0180 0093  KF304606
Aatl4 This study IF{:: i‘éig%i%%%&cgggggfggg (TA)y VIC  358-394 0.3 16 0734 0749 0020  KF304607
Aatl5 This study E‘: ‘é(T"gGACGTGCAT%(%E}&CCAC%i%TT(;EC (AGA)s NED 361373 008 4 0133 0.132 -0.006  KF304608
Aatl6 This study E:: gﬁ%ﬁ?ggg&iﬁgﬁgggﬁ% (GAA), PET  427-430 020 2 0269 0288 0067  KF304609
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gSSRs

Multiplex C

SFg6 Cremer et al. 2006
SF324 Cremer et al. 2006
NFF7 Hansen et al. 2005
SFb5 Cremer et al. 2006
SFb4 Cremer et al. 2006
Aag01 This study
SF1 Cremer et al. 2006
Aag02 This study

F: GTAACAATAAAAGGAAGCTACG
R: TGTGACACATTGGACACC

F: TTTGAACGGAAATCAAATTCC
R: AAGAACGACACCATTCTCAC
F: CCCAAACTGGAAGATTGGAC
R: ATCGCCATCCATCATCAGA

F: AAAAAGCATCACTTTTCTCG
R: AAGAGGAGGGGAGTTACAAG
F: GCCTTTGCAACATAATTGG

R: TCACAATTGTTATGTGTGTGG
F: GCTTATTCTCACTGCTCGCC
R: ATGACTTGAAGGTGGATGCC
F: TTGACGTGATTAACAATCCA
R: AAGAACGACACCATTCTCAC
F: TATTCCTCCACTTGGGTGCT
R: GGTGGAGATCCGTATGCAAT

(AC)9
(CCG)s
(GA)s3
(CT)is
(G
(CTT)ss
(CCG)y

(GA)13

VIC

PET

VIC

FAM

NED

PET

VIC

FAM

103-111

105-120

116-174

138-160

149-205

193-250

208-229

208-250

0.11

0.24

0.13

0.20

0.30

0.15

0.17

0.37

13

6

19

0.332

0.296

0.857

0.373

0.667

0.804

0.555

0.363

0.577

0.473

0.896

0.713

0.865

0.768

0.511

0.855

0.425

0.374

0.043

0.477

0.229

-0.046

-0.086

0.575

DQ218456
DQ218461
AY 966495
DQ218455
DQ218454
KF304592
DQ218453

KF304593

[C], final concentration in each primer premix [uM]; A, number of alleles; Hy and H, observed and expected heterozygosities; Fis, inbreeding coefficient.
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Genotype scoring and analysis

Binning of alleles was consistent across the whole dataset, indicating that loci display allele
sizes according to the expected di- and tri-nucleotide repeat variation. Two loci, Aat07 and
Aat08, showed intermediate size variants (1-bp variation) for some individuals which could
be clearly distinguished from the other size classes, thus having no impact on binning
precision. The possibility to correctly and easily score additional variants can increase the
precision of the analysis (Guichoux et al. 2011) and is an indication of the existence of
mutation types other than insertion/deletion of SSR motifs within the sequence or the flanking
regions (Barthe et al. 2012). At locus Aatl2, more than two amplification products in single
individuals (up to 4) in the 2 Italian populations were detected. This could be due to a
duplication of this locus in some populations, but further analyses are needed to confirm this
hypothesis.

Type A error ranged from 0 to 0.53 % and type B error ranged from 0 to 0.26 % across the
whole EST-SSR dataset. Mean type A error was 0.40 % for multiplex A and 0.15 % for
multiplex B, whereas mean type B error was 0.20 % for multiplex A and 0.11 % for multiplex
B. Higher type A and B error rates have been observed for the gSSR multiplex (type A error
ranged between 0 and 2.6 %, type B error ranged between 0 and 1.6 %), due to the higher
stuttering displayed by some loci which made the reading less straightforward. The error rates
were significantly reduced by adopting well-defined reading rules.

The 16 EST-SSRs selected were all polymorphic and displayed a low to moderate level of
diversity. Observed (Hp) and expected (Hg) heterozygosity and inbreeding coefficient (Fis)
per locus are reported in Table 1. Hp ranged between 0.115 and 0.581 for multiplex A, and
0.133 and 0.734 for multiplex B. Hg was between 0.113 and 0.656 for multiplex A and
between 0.031 and 0.749 for multiplex B. The number of alleles per locus ranged from 2 to 19
and the mean number of alleles was 5.75 and 8.25 for multiplex A and B, respectively. Allelic
richness varied between 1.75 (Aat08) and 5.81 (Aat07), and between 1.90 (Aat09) and 9.10
(Aat12), for multiplex A and B respectively (see Fig. 3). By contrast, gSSRs exhibited higher
Ho and Hg values, with a maximum up to 0.857 and 0.896 respectively, as well as a higher
number of alleles per locus (Table 4.1) and a higher allelic richness (Fig. 4.3), a result already
reported in other studies (e.g. Sullivan et al. 2013). Lower diversity at EST-SSR than gSSR
loci can be explained by the higher degree of conservation of the transcribed regions of the
genome.

Out of the possible 120 combinations involving the EST-SSR loci, no significant linkage

disequilibrium was detected among loci (P<0.05). When linkage disequilibrium analysis was
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performed on the total number of SSRs (16 EST-SSRs + 8 gSSRs), out of the possible 276
combinations, only three (about 1%) were significant (P < 0.05).

Weir and Cockerham’s Fig values at EST-SSR loci were generally low or slightly negative.
This suggests a low frequency of null alleles, which was confirmed by the non-significant null
allele frequencies estimated at all loci in the 4 populations (Fig. 4.3). When inbreeding
coefficients were estimated taking into account null allele frequencies by INEST, I found no
Fis significantly different from 0 at the population level. Therefore, positive and high Weir
and Cockerham’s Fis values estimated at some gSSRs (Table 4.1) are likely to be the
consequences of a high frequency (>20%) of null alleles (Fig. 4.3). Discarding the most null
allele prone loci or making adjustments for the presence of null alleles will thus be necessary
when using gSSRs for estimating diversity and differentiation parameters (Chapuis and
Estoup 2007) or for paternity and parentage analyses (Oddou-Muratorio et al. 2009; Piotti et
al. 2012). The higher mutation rate expected for the non-coding portion of the genome,
affecting also the annealing sites, is possibly the main reason for the higher frequency of null
alleles at gSSR than EST-SSR loci (Kovach et al. 2010).

The estimates of differentiation among populations were generally slightly higher for EST-
SSRs (Fst up to 0.243 for locus Aae08) than for gSSRs (Fsr up to 0.120 for SFg6; on average
Fsr=0.087 and 0.065 at EST-SSRs and gSSRs, respectively). Lower differentiation estimates
for gSSRs are expected due to the lower frequency of the most frequent alleles and the higher
within-population genetic diversity (Jakobsson et al. 2012). However, when polymorphism
within locus was taken into account, population differentiation measured using Jost’s D was

smaller for EST-SSRs than for gSSRs (Fig. 4.3).
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Figure 4.3: Null allele frequencies, allelic richness, and paternity exclusion probabilities for the 16 EST-SSRs

and the 8 gSSRs analyzed in each population. In the bottom panel, a comparison between Weir and Cockerham

Fsr and Jost’s D in presented for each marker analyzed.

The Bayesian clustering approach revealed a clear geographic pattern, with a best grouping at
K=3 (Fig. 4.1). There was a clear separation between the Italian and Balkan gene pools as
well as within the Italian gene pool, reflecting different quaternary histories (see Cheddadi et
al. 2013 for a recent synthesis). Interestingly, gSSRs showed a very similar pattern, although
with a slightly higher degree of admixture (Fig. 4.1).

The exclusion probability was higher for gSSRs than for EST-SSRs (Fig. 4.3), as a result of a
greater number of alleles at genomic loci. However, assignment biases related to null alleles
suggest the use of a large enough set of EST-SSRs or a carefully selected set of EST-SSRs and
gSSRs not affected by the presence of null alleles for population genetic studies. As an

example, in the SIL population paternity exclusion probabilities > 0.999 can be achieved by
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using only 6 markers (NFF7, SFb4, Aag01, Aatl2, Aatl0, Aatl4) seemingly not affected by
null alleles.

The 16 EST-SSRs selected have been also tested for possible outliers using the Bayesian test
of Foll and Gaggiotti (2008), setting the parameters as in Soto-Cerda and Cloutier (2013), and
using the software BayeScan v2.1 (http://cmpg.unibe.ch/software/bayescan/). BayeScan,
which is based on what is recognized as the best approach to avoid detection of false positives

(Pérez-Figueroa et al. 2010; Narum and Hess 2011), did not identify any outliers.

Functional annotation of EST-SSRs
Functional annotation of contigs containing 16 4. alba EST-SSRs revealed that seven contigs

had homology with known proteins and five contigs had homology with putative proteins, as

shown in Table 4.3.
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Table 4.2 Transferability of 16 4. alba EST-SSRs into 17 congeneric taxa from the Mediterranean (first 10 taxa, sections Abies and Piceaster), Asia (taxa 11 to 14, sections Momi and

Balsamea) and America (last 3 taxa, sections Balsamea and Grandis). (-): no amplification; (+/-): some amplification, but optimization is needed; (+): successful high quality

amplification; (++): successful high quality amplification and locus is polymorphic. N: number of samples analyzed per taxon. Taxonomic reference: USDA, ARS, National Genetic
p gh quality amp polymorp p yzed p

Resources Program, Germplasm Resources Information Network - (GRIN), except 4. borisii-regis (IUCN Red List of Threatened Taxa)

transfer
Species Aat01 Aat02 Aat03 Aat04 Aat05 Aat06 Aat07 Aat08 Aat09 Aatl0 Aatll Aatl2 Aatl3 Aatl4 Aatl5 Aatl6 ability

rate
A. borisii-regis Mattf. + ++ ++ ++ + + ++ + + ++ ++ + + + ++ + 1
A. cephalonica Loudon ++ ++ ++ ++ ++ + + ++ + ++ ++ ++ + + 1
A. nordmanniana (Steven) Spach ++ ++ + ++ ++ ++ ++ ++ ++ ++ ++ ++ ++ ++ 1
A. nordmanniana subsp. equi-trojani
(Asch. and Sint. ex Boiss.) Coode +/- + ++ + + + +/- + + ++ + ++ ++ ++ + + 1
and Cullen
A. nordmanniana subsp.
bornmuelleriana (Mattf.) Coode and ~ ++ ++ ++ ++ + + ++ + ++ ++ ++ ++ ++ ++ + + 1
Cullen
A. nebrodensis (Lojac.) Mattei ++ ++ ++ ++ ++ ++ ++ ++ ++ ++ ++ ++ ++ ++ ++ ++ 1
4, ci?z"cica (Antoine and Kotschy) 4 + ++ ++ ++ + +/- ++ ++ +/- ++ ++ + ++ + + 1
Carricre
A. pinsapo Boiss. ++ ++ ++ + + + +/- +/- 4 ++ ++ +/- ++ ++ + + 1
A. pinsapo var. marocana (Trab.) - - i n i " +/- n n " + T+ T+t 4/ + + 1
Ceballos and Bolafos
A. numidica de Lannoy ex Carricre + ++ ++ ++ ++ ++ + ++ ++ ++ + + 1
A. recurvata Mast. ++ + + + + + ++ ++ + + 1
A. sibirica Ledeb. - ++ ++ - + ++ ++ ++ - ++ + + + 0.81
A. veitchii Lindl. ++ - ++ ++ ++ - + ++ +/- - + + 0.81
A. koreana E. H. Wilson ++ - + - + - - + + 0.75
A. lasiocarpa (Hook.) Nutt. + ++ - ++ - ++ ++ ++ + - + + 0.81
A. concolor (Gordon and Glend.)

++ ++ - ++ ++ + - + + + + ++ ++ + + +

Lindl. ex Hildebr. 0.88
A. grandis (Douglas ex D.Don)
Lindl. + ++ - + + + - + + ++ + ++ - + + + 0.81

73



Table 4.3. Functional annotation of assembled contigs containing 16 A. alba EST-SSRs using BLASTx. (PF) : Protein Family (-) No hit

Protein name UniProtKB/ NCBI .
Locus Swiss-Prot E-value Conserved E-value UniProtkB E-value ConGenlE E-value
Domains
EST-SSRs
Multiplex A
Aat01 Indole-3-acetic acid-induced protein ARG7 PF02519 8.0E-15 PF02519 1.20E-14 PF02519 1.0E-42 PF02519 2.7E-29
Aat02 Putative uncharacterized protein - - - - BR00Z0 6.0E-38 dillbicy 2.79E-34
Aat03 - - - - - - - -
Aat04 - - - - - - - -
Aat05 Putative uncharacterized protein - - - - PF03479 2.0E-14 - -
. PF08879 PF08879 PF08879

Aat06 Growth-regulating factor 3 PF03380 5.0E-12 PF08880 1.33Ee-06 PF0S880 2.0E-14 PF03380 7.03E-62
Aat07 Protochlorophyllide reductase, chloroplastic PF00106 7.0E-23 PF00106 0E+00 PF00106 2.0E-25 PF00106 5.71E-23
Aat08 - - - - - - - -
Multiplex B
Aat09 Putative uncharacterized protein - - - - PF00096 8.0E-36 PF00096 1.33E-28
Aatl0 Putative uncharacterized protein - - - - PF00892 6.0E-21 PF00892 1.67E-17
Aatll B2 protein PF10539 1.0E-14 PF10539 4.93E-03 PF10539 6.0E-52 PF10539 4.96E-12
Aat12 - - - - - - - -
Aatl3 30S ribosomal protein 3-1, chloroplastic PF04839 9.0E-42 PF04839 5.79E-26 PF04839 7.0E-47 PF04839 1.24E-40
Aatl4 Putative uncharacterized protein - - - - PF00304 1.0E-20 PF02493 5.04E-28
Aatl5 31 kDa ribonucleoprotein, chloroplastic PF00076 6.0E-6 PF00076 4.85E-03 PF00076 7.0E-60 PF00076 1.28E-55
Aatl6 17.7 kDa class II heat shock protein PF00011 2.0E-21 PF00011 6.28E-09 PF00011 1.0E-24 PF00011 3.36E-34
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EST-SSR transferability

The cross-transferability of the newly developed EST-SSRs was high and reflected the degree
of relatedness among taxa (Table 4.2). In particular, the amplification rate was 100% for the
eight Mediterranean Abies taxa belonging to section Abies (same as A. alba) but also for A.
numidica and A. pinsapo (section Piceaster) and the Asian fir 4. recurvata (section Momi). It
ranged from 75% to 81% for North American firs (sections Balsamea and Grandis) and Asian
firs (section Balsamea). Most of the markers appeared to be polymorphic across the different
taxa when sample sizes were large enough for tests to be made. Some amplifications were of
poor quality (+/- in Table 4.2). This could be due either to low DNA quality or a need for
optimization. Although Mendelian segregation analysis and additional amplifications still
need to be performed on a larger sample size, our pilot transferability and polymorphism
results across the genus Abies are very promising and suggest the usefulness of the EST-SSRs

I developed for population genetic studies in this genus.

4.4 Conclusion and perspectives

The two EST-SSR multiplexes designed for A. alba allow fast, cost-effective and accurate
genotyping of a large number of individuals and populations. The time spent for their
optimization is significantly compensated by the accuracy of allele binning which allows for
rapid and efficient screening of large sample sizes. The two newly developed EST-SSR
multiplexes are currently applied on a range-wide sample of 28 Italian populations (each
represented by 50 individuals) to resolve in detail their past population dynamics, which is
expected to be more complex than previously hypothesized (Cheddadi et al. 2013). The
comparison of two EST-SSR multiplexes to a control set of gSSRs revealed their lower
diversity and frequency of null alleles, as expected considering the lower mutation rates
assumed in the coding portion of the genome (Kovach et al. 2010). Careful selection of
markers from the three multiplexes will facilitate the identification of the best combination to
get the highest possible exclusion probability in gene flow studies. In general, these newly
developed SSRs will be useful for conservation genetic studies and to improve our knowledge
about population dynamics of 4Abies species.

The EST-SSR markers developed here showed a high transferability rate across the genus
Abies, even for phylogenetically distant species. Although additional optimization should be
performed and polymorphism should be assessed in a larger sample, these first results look

very promising for population genetic studies within the genus A4bies.
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It should also be stressed that these EST-SSRs, being less prone to homoplasy (due to their
putative lower mutation rates) and highly transferable across species, could also be used for
phylogenetic analysis, as already shown in the genus Epimedium (Zeng et al. 2010).
Moreover, considering the BLASTx results (Table 4.3), some of the EST-SSRs might be
linked to genes involved in controlling important traits, thus providing a potentially powerful

tool for genetic mapping.
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Chapter 5:

Biogeographical patterns of silver fir (4bies alba Mill.)
in the Apennines

5.1 Introduction

Silver fir (Abies alba Mill.) is one of the most important forest species in Europe and several
articles aiming at describing his Quaternary history have been published. Contrasting results
from available palaeobotanical and genetic studies (e.g. Huntley and Birks 1983, Liepelt et al.
2009, Linares 2011, Cheddadi et al. 2013) showed how the biogeographical patterns of silver
fir in the Apennines are highly complex and peculiar, a likely outcome of a complex
evolutionary history shaped by several interacting factors. The paucity of adequate data from
this geographic area (generally only few populations per study were sampled and analyzed)
adds further uncertainty to the different hypotheses put forward so far. It is urgent to unravel
the evolutionary history of fragmented silver fir populations in the Italian peninsula because
this refugial area has pivotal evolutionary, ecological and conservation value due to its genetic
and eco-physiological peculiarity (Hansen and Larsen 2004, Carrer et al. 2010, Cheddadi et
al. 2013).

One major factor in determining the present distribution of forest tree genetic diversity is
constituted by the Quaternary cycles of range retraction and expansion following glaciations
(Petit et al. 2003). Paleoecological and genetic studies have indicated the presence of putative
glacial refugia for silver fir in the Apennines, and that these refugia may have acted as starting
point of the post-glacial expansion from the Italian Peninsula towards Central Europe
(Konnert and Bergman 1995, Terhurne-Berson et al. 2004, Liepelt et al. 2009, Cheddadi et al.
2013). Despite many hypotheses have been formulated, the clear identification and location of
refugial areas in the Apennines is still uncertain (Cheddadi et al. 2013). In particular, one
important point that still needs to be clarified is the distinction between isolated refugia (i.e.
refugia that did not expand after the Ice Ages) and refugia that acted as starting points during
the recolonization process. While the latters contributed to the current genetic diversity
pattern throughout Europe, isolated refugia did not, but they may now represent valuable
reservoirs of genetic diversity (Petit et al. 2003, Liepelt 2009, Cheddadi et al. 2013).

Another factor that makes the reconstruction of the evolutionary history of silver fir in this
area a complex task is that the Apennines have been historically affected by human activities

that might have markedly altered the natural dynamics of forest tree populations. Silver fir has
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been greatly affected by human exploitation. Historical data indicate that monastic orders
have intensively managed conifer forests since 1000 AD in the Central Apennines (Urbinati
and Romano 2012). Forest management through coppicing has also favoured beech, causing
the substitution of former mixed stands with pure beech forests. In addition, forest
management also led to the plantation and spread of material of unknown origin (e.g. one of
the largest silver fir forests in Northern Apennines, Foreste Casentinesi, which is currently
used as a seed source for reafforestation, is partly of Boemian origin, Cavagna and Cian
2003). In some areas of the Apennines (e.g. North-Western Apennines) only small relic
autochthonous populations exist nowadays. These populations are highly fragmented and
located in remote areas characterized by harsh environmental conditions, often surrounded by
silver fir plantations (Piovani ef al. 2010).

Apennine populations represent the rear-edge of the current silver fir distribution. These
populations show genetic peculiarity (Vendramin et al. 1999, Parducci et al. 2001) and they
are likely to be long-term stores of the species genetic diversity, especially for genes linked to
warm- and drought-adaptation (e.g. Larsen and Mekic 1991, Grivet et al. 2011). Populations
from Southern Apennine have been shown to have high genetic diversity and to be genetically
distinct compared to populations from Central Europe (Vendramin et al. 1999, Parducci ef al.
2001). Using a set of chloroplastic microsatellites, Parducci et al. (2001) found an F'st among
Calabrian and German populations equal to 0.19, confirming previous results (Vendramin et
al. 1999). On the other hand, rear-edge populations often suffer from to the negative
consequences of habitat fragmentation (Eckert 2008, Aguilar et al. 2008), i.e. genetic drift-
related effects, increased inbreeding effect, demographic contraction, population isolation,
making these populations more vulnerable (Piovani et al. 2010; Maiorano et al. 2013). In
addition, peripheral populations may also suffer from the negative effect of maladaptive
asymmetric gene flow from the centre of the species distribution (Davis and Shaw 2001).
With the current climate change, gene flow from central populations to the southernmost ones
could lead to the introduction of unfit alleles, not suitable for facing increasingly warmer or
drier conditions, thus reducing their fitness and increasing the risk of extinction of the
population.

The geography itself makes the Apennines a hotspot of diversity. The Apennines are a
mountain chain with a 1000 km long latitudinal span. This broad latitudinal gradient includes
a wide variety of ecological, environmental and climatic conditions, with many clines but also
abrupt changes. Silver fir populations growing along the Apennines face different conditions
(e.g. from montane to mediterranean environments, from pure to mixed stands, Carrer et al.
2010) and are likely to experience different selective pressure. In addition, mountain peaks
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and sudden changes in soil composition (from sandstone to limestone and granite) may also
have acted as post-glacial barriers to gene flow and massive migration, leading to population
isolation and differentiation.

Genetic studies based on a variety of molecular markers (from allozyme to mitochondrial and
chloroplast sequences) and carried out at the biogeographical scale have shown marked
differences among populations along the Italian peninsula (Konnert and Bergmann 1995,
Liepelt et al. 2002, Liepelt et al. 2009, Piovani et al. 2010). Such differentiation has also been
confirmed by eco-physiological and dendrochronological studies (Larsen and Mekic 1991,
Hansen and Larsen 2004, Carrer et al. 2010), where populations belonging to different
“latitudinal” regions were shown to have different eco-physiological responses in common
environments. These findings suggest the existence of putative “eco-genetic” clusters (i.e.
groups of nearby populations characterized by peculiar genetic and/or eco-physiological
profiles) for silver fir along the Apennines. Nonetheless, the exact boundaries of these
putative distinct clusters and the causes that led to their differentiation have not been clearly
identified yet. The relatively high differentiation found in previous studies between relatively
close populations (e.g. Konnert and Bergmann 1995, Vicario et al. 1995, Liepelt ef al. 2009)
is unusual for a forest tree species with high dispersal potential, where extensive gene flow -
especially by pollen - is expected to homogenize allele frequencies at the biogeographical
scale (Kremer et al. 2012). It is not clear whether these groups originated as the results of
post-glacial recolonization events, due to drift following population fragmentation and
isolation, due to more recent adaptation to local conditions, or to a mix of these putative
causes.

This chapter aims at identifying putative eco-genetic clusters by investigating the spatial
patterns of genetic variation. I overcome the issue of the general paucity and inadequacy of
data from the Apennine region by sampling populations of silver fir across the whole
Apennine range (i.e. from North-Western Apennine to Calabria), including populations from
all the putative eco-genetic clusters identifiable from previously published studies, and
populations from surrounding regions (i.e. the Alps and the Balkans).

This study also aims at clarifying the post-glacial history of silver fir populations in the Italian
penisisula. In particular, two main hypotheses found in previous published studies are tested:
1) the existence of a single glacial refugium in Southern Italy from where the recolonization of
the whole Italian peninsula started (as reported by Linares 2011); ii) the presence of a second
refugium in Northern Apennine and its role as a main contributor to the recolonization
towards Central Europe (Cheddadi et al. 2013). Also the role of the Balkanian refugium and

of contact zones among different migration routes will be evaluated.
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To unravel the complex biogeographical patterns of silver fir in the Apennines and identify
areas of genetic discontinuity is the starting point for the future study of the underlying
evolutionary and ecological processes using spatial patterns of adaptive genetic diversity and

for planning conservation and management actions in the Apennines.

80



5.2 Materials and methods

Plant material collection
Twenty-four putatively autochthonous populations were sampled: 16 in the Apennines (5 in
the Northern, 5 in the Central, 6 in the Southern Apennine), 5 in the Alps (3 in Western and 2
in Eastern Alps) and 3 in the Balkans (1 from Serbia, 1 from Bulgaria and 1 from Romania
(Fig. 5.1 and Tab. 5.1). Apennine populations are located along a 1000 km latitudinal stretch
and were selected in order to cover the whole Apennine distribution. I aimed at sampling at
least one population (ideally 2: one on top, one on bottom) from each of the putative different
eco-genetic clusters identifiable from previous studies (Larsen and Mekic 1991, Konnert and
Bergmann 1995, Parducci et al. 1996, Liepelt 2002, Carrer et al. 2010, Liepelt et al. 2010,
Piovani et al. 2010) in order to maximize the chances to detect discontinuity areas and
population differentiation. I included populations from the Alps and from the Balkan
peninsula as outgroups because, according to previous findings (Liepelt et al. 2002, Terhurne-
Berson et al. 2004, Liepelt et al. 2009), they should have experienced different evolutionary
histories with respect to the Apennine ones. From each population I collected young needles
from 50 adult individuals (N = 1200). Sampled trees were at least 20 meters apart. Individual
spatial coordinates were recorded using a high precision GPS device. Fresh needles were
dried with silica gel and then stored at -80°C until DNA extraction.
roc T
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Figure 5.1: Location of the sampled populations. Population codes refer to Tab. 5.1.
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Table 5.1: Location and geographical characteristics of the sampled populations

Mean altitude

Code Location Latitude (°N)  Longitude (°E) (masl) Region
ABE  Abetone (MO) 44° 08' 28" 10° 40' 02" 1391

BTR  Bocca Trabaria (PG-PU) 43°36' 03" 12°13'32" 1004

CER  Cerreto (RE) 44° 17" 16" 10° 14' 22" 1638 iggﬁf;‘e
NER  Monte Nero (PC) 44°33' 28" 9°30" 15" 1657

PIG Pigelleto, M. Amiata (GR) 42°48'43" 11°39' 25" 799

ABS Pescopennataro (IS) 41°51'31" 14°17' 16" 1481

COR  Cortino (TE) 42°37' 11" 13°29'26" 1304

CPL  Ceppo (TE) 42° 40' 10" 13°26' 10" 1416 g;ﬁ:ﬁ}ne
TOS  Tossicia (TE) 42°31' 55" 13°36'33" 1362

VCL  Valle della Corte (AP) 42°42' 19" 13°22'24" 1370

CIL Cilento (SA) 40° 28' 06" 15°26'39" 1126
GAM  Aspromonte (RC) 38°08' 37" 15° 50" 42" 1541

LAU  Laurenzana (PO) 40° 24' 20" 15°57' 33" 1115 Southern
SIL Sila Grande (CS) 39°07' 54" 16°38' 25" 1740 Apennine
SSB Serra San Bruno (VV) 38°33'42" 16°20' 59" 1089

TNP Terranova nel Pollino (PO) 39 57 34" 16° 13' 22" 1128
NOA  Val Noana (TN) 46° 07" 41" 11° 50" 52" 1129

Eastern Alps

TAR  Tarvisio (UD) 46°29' 21" 13°35'59" 897

PES Val Pesio (CN) 44°12' 40" 7° 40" 12" 1242

SAL  Valdi Susa (TO) 45°02' 55" 6° 53" 18" 1745 Western Alps
TOC  Toceno (VB) 46° 10' 05" 8227 31" 1409

BLG  Pirin mountains (Bulgaria) 41°50'41" 23°23' 04" 1213
ROM  Fagaras mountains (Romania)  45° 26' 28" 24° 41'41" 1477 Balkans
SER Tara mountains (Serbia) 43° 56' 23" 19° 18' 33" 1161

DNA isolation and SSRs amplification

DNA was extracted from 40 mg of frozen needles using the DNeasy 96 Plant Kit (Qiagen)

according to the manufacturer’s instructions. For disrupting the material, needles were first

frozen in liquid nitrogen for 30 seconds and then ground on a Mixer Mill MM300 (Retsch,

Germany) for 1 minute at 25 Hz using also one 3-mm diameter tungsten bead (Qiagen). Two

complete disruption cycles were performed. DNA quality was estimated using 1% agarose

gels stained with GelRed (Biotium, USA). DNA concentration was measured using a

spectrophotometer NanoDrop ND-1000 (Thermo Scientific, Wilmington, USA).

For each population 48-50 individuals were genotyped at 20 microsatellite loci (Tab. 5.2).
These loci include all 16 EST-SSRs and 4 gSSRs described in Chapter 4 of this thesis. From

the set of 8 gSSRs I selected the 4 loci that displayed the highest amplification success and
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the clearest band pattern: Sf324 and Sf1 from Cremer et al. (2006), NFF7 from Hansen et al.
(2005), Aag01 described in Chapter 4 (Tab. 5.2). All details regarding the multiplexing and
the amplification procedure for the 16 EST-SSRs are reported in Chapter 4 (see Tab. 4.1).
Some adjustments were made for the amplification of the 4 gSSRs. Three loci (Sf324, NFF7,
Aag01) were amplified in a 3-plex PCR, using the same primer concentration of the original
protocol described in Chapter 4. The locus Sfl was amplified in a single PCR performed in a
10-pl reaction volume containing 20 ng template DNA, 0.2 uM of each primer, 0.2 mM of
each dNTP, 1 X Buffer (Promega), 2.5 mM MgCl,, 1 U of Taq (Promega). The forward
primer of Sfl was labeled with FAM dye (previously it was labeled with VIC). For this
marker, [ used a touch-down PCR program, performed as follows: an initial step at 94°C for 3
min, followed by 10 cycles at 94°C for 30 s, 60°C for 30 s (annealing temperature decreasing
1 °C at each cycle) and 72°C for 40 s, then 25 cycles at 94°C for 30 s, 50°C for 30 s and 72°C
for 40 s with a final 7 min extension step at 72°C. The product of the single PCR was diluted
1:2 and pulled together with products of the 3-plex also diluted 1:2 to be run at the sequencer.
All PCR were performed on a GeneAmp PCR System 9700 thermal cycler (Perkin Elmer).
PCR products were run on AB 3500 (Applied Biosystems, USA), with LIZ-500 as internal
size standard. The resulting profiles were sized using GeneMarker (Softgenetics), jointly with
some of the samples used in Chapter 4 to check consistency in peak size and band pattern.
Two EST-SSRs (Aat07 and Aatl2) and one gSSR (Sf324) were not considered for further
analyses because they gave unclear amplification profiles (i.e. inconsistent repetition motif,
number of PCR products higher than 2, frequent allele drop-out). Individuals having more

than three non-amplifying loci were excluded from the dataset.

Statistical analyses

Genetic diversity parameters

Standard genetic diversity indexes were estimated in the 24 silver fir populations by GenAlEx
v6.5 (Peakall and Smouse 2012). For each population, the total number of alleles (4), the
number of private alleles (P), observed (Hp) and expected heterozygosity (Hg) and the
fixation index (Fis) were calculated at each locus. Global Fgr according to Weir and
Cockerham (1984) and Jost’s D (Jost 2008) were also calculated using GenAlEx. Allelic
richness (4r) was calculated using Fstat v2.9.3.2 (Goudet 2001), based on a minimum sample
size of 42 diploid individuals, using a rarefaction method to account for uneven sample size
(E1 Mousadik and Petit 1996). Computation of private allelic richness (PAr) was carried out

using the program HP Rare (Kalinowski 2005). Potential deviations from Hardy Weinberg
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equilibrium (HWE) were tested by GENEPOP v4.2.1 (Rousset 2008) at each locus within
each population using a modified Fisher’s exact text (Guo and Thompson 1992) with 5 x 10°
Markov chain iterations. Also linkage disequilibrium between loci across populations was
tested using log likelihood ratio statistic based on 5 x 10° Markov chain iterations in
GENEPOP.

The presence of null alleles was investigated using different approaches implemented in 3
softwares: 1) the program INEst (Chybicki and Burczyk 2009) was run using the individual
inbreeding model (IIM) with a Gibbs sampler of 10’ iterations; 2) FreeNA (Chapuis and
Estoup 2007) uses the Expectation Maximization (EM) algorithm of Dempster et al. (1977) to
estimate the frequency of null alleles. This software was also used to calculate global and
pairwise Fst refined by excluding null alleles using the ENA correction (Chapuis and Estoup
2007); and 3) MICRO-CHECKER v2.2.3 (van Oosterhout et al. 2004) was run with 1000
randomizations using the “Oosterhout” method. The presence of null alleles was predicted
when there was locus-specific significant homozygosity excess (compared to HWE) that was
evenly distributed across all allele sizes.

I tested for recent changes in the effective population size by using BOTTLENECK v.1.2.02
(Piry et al. 1999). Expected heterozygosity from Hardy-Weinberg equilibrium was compared
to the heterozygosity at mutation-drift equilibrium predicted on the basis of the observed
number of alleles through a Wilcoxon sign test (Piry ef al. 1999). The program was run under
a two-phase model of mutation (TPM) that generally fits microsatellite evolution better than
either pure stepwise or infinite allele models (Di Rienzo et al. 1994). One thousand
simulations were performed for each sample based on a TPM consisting of 80% single-step
mutations and 20% multistep changes. Positive values of BOTTLENECK statistics reflect a
gene diversity excess possibly caused by recent founder events, whereas negative values are
consistent with heterozygote advantage. I also checked for population size reductions lasting
several generations and, therefore, for “ancient” bottlenecks, estimating the M ratio (Garza
and Williamson 2001). The M ratio was calculated in R as the ratio between the number of
alleles (k) and the range of allele size divided by the repeat motif (7) for each locus in each
populations. Since the M ratio is particularly sensitive to alleles at low frequency, the
estimation was also carried out excluding alleles having frequency lower than 0.02 (M- ¢2).
Finally, all 17 loci were screened for neutrality in all 24 populations using BayeScan v1.0
(Foll and Gaggiotti 2008), an Fsr based outlier detection program. Results are not presented
here because they seem to be highly affected by the biogeographical structure. The number of
outlier loci markedly decreased when analyzing only populations geographically close to each
other, while when using the bulk of all populations the number of outliers is high. Therefore,
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further analysis that take into account the effect of population structure are required.

Genetic structure and population differentiation

Several complementary analyses were used to investigate population differentiation and
genetic structure.

Pairwise-Fst among all pairs of populations was calculated in GenAlex using AMOVA with
99 permutations to calculate the significance of P-values. Pairwise-Rsr were calculated in
GENEPOP.

Principal Component Analysis (PCA) on square root arcsin-tranformed allelic frequencies
was run using the prcomp function in R. The overall pattern was further visualized using an
UPGMA (Unweighted Pair Group Method with Arithmetic mean) dendrogram based on Nei’s
distance (1978). The UPGMA dendrogram was built by using TreeFit v1.2 (Kalinowski
2009). Bootstrap support values for each branch length were calculated using 1000
bootstrapped trees.

A Bayesian clustering approach was also used to detect population genetic structure using the
software STRUCTURE version 2.3 (Pritchard et al. 2000; Falush et al. 2003).I used the
admixture model, where the fraction of ancestry from each cluster is estimated for each
individual and allowed for correlated allele frequencies. I used no prior information on sample
geographical origin. Ten independent runs for each K value ranging from 1 to 10 were
performed after a burn-in period of 10° steps followed by 5x10° Markov Chain Monte Carlo
replicates. To identify the number of cluster (K) that best explained the data, the rate of
change of L(K) (AK) between successive K values was calculated following Evanno et al.
(2005) using the web application StructureHarvester (Earl and von Holdt 2012).

Isolation by distance was tested comparing genetic and geographic distances between each
pair of populations. Fsr /(1 — Fst) was used as genetic distances. Several analyses were
performed: including all populations, separating the populations according to the clusters
obtained the Bayesian analysis in Structure. The P-values of the Mantel test correlation
coefficients were obtained from 10 000 permutations using the mantel function in the R
package vegan.

Finally, the analysis of molecular variance (AMOVA, Excoffier et al 1992) was used to test
different hypotheses about the origin of current biogeographical structure based on clustering
results and previously published studies (e.g. Linares et al. 2011, Cheddadi et al. 2013, see
Tab. 5.5). AMOVA was used to rank different possible clustering options from the one that
showed the highest differentiation among groups and the lowest differentiation among

populations within groups. Molecular variance was partitioned:
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- among and within the 24 populations (Hp 0 = no biogeographical structure);

- among geographical groups, among populations within geographical group and within
population (Hp 1= biogeographical structure mainly coincident with geography);

- among biogeographical groups (as inferred by clustering analyses), among populations
within biogeographical group and within population. This analysis was run at different
“hierarchical” scales (Hp 3 and Hp 5);

- among groups according to what was found in previously published hypotheses on the
biogeographical structure of silver fir (Hp 2 and Hp 4 ).

All analyses were done using GenAlex, with 999 permutations.
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5.3 Results

Genetic diversity parameters

Genotypes were obtained for 1167 individuals for 17 loci (14 EST-SSRs and 3 gSSRs).
Twenty-one individuals were excluded due to amplification issues.

Standard diversity parameters are presented in Table 5.2 and 5.3. Similarly to what was
previously found in Chapter 4, values of genetic diversity were generally larger for gSSRs
compared to EST-SSRs (Tab. 5.2). Mean allelic richness per locus was 4.44 for EST-SSRs and
11.94 for gSSRs. Also Ho and Hg were higher in gSSRs (mean = 0.70 + 0.02 and
0.070 £ 0.02, respectively) compared to EST-SSRs (0.37 = 0.03 and 0.37 = 0.02).

No clear differences were found between gSSRs and EST-SSRs in terms of inbreeding
coefficient, null allele frequencies, and results about the genetic structure of investigated
populations. Deviations from Hardy Weinberg equilibrium were found only in 8 (out of 408)
locus-population pairs but were not consistent across loci within populations. Values of Fjg
per locus were low, except for loci Aat02 and Aatl3 where it reached 0.113 (£ 0.051) and
0.114 (£ 0.043), respectively. Estimates of null allele frequencies were low for all loci with all
3 approaches used. The maximum frequency for null allele was 0.047 for locus Aat02 as
estimated by FreeNA. Results from INEst and Microchecker confirmed this pattern (Tab. 5.2).
Linkage disequilibrium tests showed that all loci, except for the AatO1-Sfl pair, were
independent in every population. Loci Aat0l and Sfl showed highly significant linkage
disequilibrium across all populations. In the analysis presented here they are both included
because their presence did not bias the overall biogeographical pattern (almost identical
results were obtained by comparing results from PCA performed on the whole dataset and
excluding locus Sfl, correlation>0.99). I will consider to exclude them in future analyses
where independence among loci is assumed and it can determine large bias in the results, e.g.
paternity and parentage experiments. A large difference among Fgsr values was detected
among loci, with values ranging from 0.009 for locus Aat09 to 0.185 for locus Aat08. Values
of D were generally comparable to Fsr, except in the case of the more polymorphic loci,

where D was always larger (Tab. 5.2).
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Table 5.2: Genetic diversity parameters of the set of 14 EST-SSRs and 3 gSSRs used. 4 (mean number of alleles), Ar (allelic richness), Hy (observed heterozygosity), Hx (expected

heterozygosity), Null (INest and Microchecker: significant presence of null allele; p < 0.01), Null (FreeNA: estimated frequency of null allele). D (Jost’s D), Fsr (global

differentiation index), Fsr ENA (global differentiation index corrected for the presence of null alleles). Values in parentheses are standard errors.

Locus A Ara Ho He Fis (III\\IIlélslt) (Micrl(j;llicker) (FE:IEA) D Fst Fst ENA
Aat0l  3.96(021) 4.67 0.59(0.02) 0.56(0.01) -0.057 (0.023)  0/24 0/24 0.006  0.088  0.063  0.063
Aat02 238 (0.15) 2.64 034(0.03) 0.38(0.02)  0.113(0.051)  2/24 3/24 0.047 0032 0048  0.052
Aat09  1.75(0.11) 196  0.03(0.01) 0.03(0.01)  0.048 (0.041)  0/24 0/24 0.007  0.000  0.009  0.025
Aatd3  3.75(0.24)  4.98  0.47(0.04) 0.46(0.04)  -0.016(0.025)  0/24 1/24 0011  0.104 0106  0.106
Aat04  4.54(024)  6.15  0.41(0.03) 0.39(0.03) -0.042(0.031)  0/24 1/24 0011 0048 0068  0.066
Aat05  2.17(0.10) 297  0.18(0.03) 0.17(0.02)  0.005(0.035)  0/24 0/24 0014 0020 0.085  0.082
Aat06  3.04(0.23) 480 0.19(0.03) 0.19(0.03)  0.051(0.041)  0/24 2124 0018 0028  0.102  0.098
Aatl0  6.33(024) 773 0.66(0.02) 0.66(0.02)  0.001(0.013)  0/24 0/24 0011 0178 0079  0.079
Aatll  3.54(0.13)  3.94  0.51(0.01) 0.53(0.01)  0.044(0.022)  0/24 3/24 0024 009  0.075  0.073
Aat08  2.71(0.19)  3.98  0.38(0.05) 0.39(0.05)  0.001 (0.026)  0/24 2124 0018  0.146  0.185  0.190
Aatl3  296(02)  3.87 022(0.03) 026(0.03)  0.114(0.043)  1/24 2/24 0.037 0048  0.119  0.120
Aatl4  6.96(0.35) 978  0.70(0.02) 0.69 (0.02)  -0.006 (0.020)  0/24 1/24 0013 0210 0.081  0.079
Aatl5  225(0.11)  2.64 022(0.03) 021(0.03) -0.007(0.029)  0/24 124 0011 0055 0159  0.157
Aatl6  2.00(0.00) 2.00 0.24(0.02) 024(0.02)  0.015(0.028)  0/24 0/24 0019 0008 0025  0.026
Average

EST- 3.45(0.18) 444 037(0.03) 037(0.02)  0.019 (0.03) 0018 0076 0.8  0.087
SSRs

NFF7 16.33(0.95) 20.8 0.81(0.02) 0.84(0.02)  0.037(0.016)  0/24 4/24 0023 0439  0.07 0.07°
Aag0l  821(0.31) 102  0.70(0.03) 0.71(0.03)  0.014(0.017)  0/24 2/24 0014 0347  0.118  0.117

SFI  3.88(0.22) 477 0.59(0.02) 0.56(0.01) -0.062(0.021)  0/24 0/24 0.007  0.089 0064  0.064
’?gvsesraRgse 9.47(0.50) 11.9  0.70(0.02) 0.70(0.02)  -0.004 (0.018) 0015 0292 0084  0.084
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Table 5.3: Genetic diversity parameters of the 24 populations studied. 4 (mean number of alleles), Ar (allelic richness), P (number of private alleles), PA7 (number of private alleles

after rarefaction), H, (observed heterozygosity), Hy (expected heterozygosity), Fis (fixation index), Fs null (fixation index accounting for the presence of null alleles).

Northern
Apennine

Central Apennine

Southern
Apennine

Eastern Alps

Western Alps

Balkans

Population A Ary P PAr Hy Hg Fig Fisnull
ABE 441(0.77) 4300 0 0.000  0.43 (0.07) 0.43 (0.06) 0.002 (0.031)  0.009 (0.010)
BTR 3.47(0.54) 3421 0 0.000  0.40 (0.06) 0.40 (0.06)  -0.020 (0.021)  0.011 (0.013)
CER 429 (0.64) 4206 1 0.057  0.46 (0.05) 0.45(0.05)  -0.027(0.018)  0.009 (0.010)
NER 476 (0.85) 4.678 2 0.110  0.44 (0.05) 0.47 (0.06) 0.056 (0.029)  0.010 (0.011)
PIG 441(0.76) 4307 0 0.000 0.4 (0.06) 0.46 (0.06) 0.068 (0.034)  0.009 (0.010)
ABS 412(0.79) 4031 0 0.001 0.42 (0.06) 0.42 (0.06) 0.014 (0.018)  0.010 (0.011)
COR 3.88(0.62) 3810 1 0.049  0.48(0.07) 0.44 (0.06)  -0.054 (0.045)  0.006 (0.007)
CPL 412(0.76)  4.029 0 0.008 0.39 (0.06) 0.41 (0.06) 0.060 (0.027)  0.009 (0.01)
TOS 435(0.78) 4246 0 0.000  0.41(0.07) 0.41 (0.07) 0.003 (0.028)  0.009 (0.010)
VCL 4.00(0.70) 3915 0 0.000  0.39 (0.07) 038 (0.07)  -0.017(0.025)  0.008 (0.009)
CIL 500(1.14) 4890 0 0.010  0.45(0.07) 0.45 (0.07) 0.020 (0.040)  0.012 (0.012)
GAM 5.12(1.19)  5.002 2 0.134 0.45 (0.07) 0.45 (0.06) 0.040 (0.040) 0.010 (0.010)
LAU 494 (1.13)  4.804 0 0.019 0.47 (0.07) 0.49 (0.07) 0.040 (0.030) 0.010 (0.011)
SIL 529 (1.16)  5.105 2 0.115 0.49 (0.06) 0.47 (0.06) -0.064 (0.027) 0.016 (0.015)
SSB 5.18(1.14)  5.027 2 0.110 0.44 (0.06) 0.45 (0.07) 0.020 (0.033) 0.011 (0.012)
TNP 571 (1.48)  5.501 2 0.121 0.44 (0.06) 0.46 (0.06) 0.032 (0.024) 0.011 (0.011)
NOA 4.18(0.79)  4.129 0 0.000 0.40 (0.06) 0.44 (0.06) 0.092 (0.055) 0.012 (0.012)
TAR 4.35(0.69) 4.228 1 0.060 0.44 (0.06) 0.42 (0.06) -0.037 (0.047) 0.006 (0.007)
PES 4.24(0.68)  4.220 0 0.008 0.40 (0.06) 0.42 (0.06) 0.055 (0.055) 0.010 (0.011)
SAL 3.71 (0.65)  3.635 0 0.000 0.38 (0.05) 0.41 (0.05) 0.089 (0.062) 0.011 (0.012)
TOC 3.88(0.72)  3.842 0 0.000 0.44 (0.06) 0.44 (0.05) 0.021 (0.054) 0.009 (0.009)
BLG 5.12(1.12)  5.018 4 0.225 0.41 (0.07) 0.41 (0.08) -0.016 (0.016) 0.009 (0.009)
ROM 476 (1.06)  4.623 1 0.070 0.36 (0.07) 0.36 (0.07) 0.004 (0.037) 0.008 (0.009)
SER 5.06 (1.27)  4.921 3 0.190 0.38 (0.07) 0.37 (0.08) -0.026 (0.014) 0.008 (0.009)
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When comparing within-population genetic diversity parameters across populations some

general trends emerged. The highest diversity values were found in Southern Apennine,

Balkans and Northern Apennine, whereas Western Alps and Central Apennines exhibited the

lowest diversity values (Tab. 5.3, Tab. 1 in Appendix 2). This was confirmed also by the

higher number of private alleles. Interestingly, the general pattern was inverted for few loci

where Hg was higher in Central Apennine populations (e.g. locus AatO8 and Aatl5, data not

shown). In all populations inbreeding coefficients were low.

Table 5.4: Summary of population size reduction tests. M-statistic (Garza and Williamson, 2001) averaged

among loci, values < 0.70 are highlighted in bold. Hg excess: fractions of loci showing heterozygosity deficiency

(Cornuet and Luikart, 1996), *: one ore more monomorphic loci. T2 statistic of Cornuet and Luikart (1996)

Wilcoxon test p-values for heterozygosity tests: Bottleneck test and Expansion test using TPM model.

| e TPM (20%)
Population M M-o.02 CXCOSS T2 Bottleneck  Expansion
test test
ABE 0.761 (0.228) 0.780 (0.239) 7/17 -1.581 ° ns °
BTR 0.803 (0234)  0.784(0.258)  9/16*  -0.147  ns ns ns
CER 0.652(0207)  0.685(0.259) 817  -1315  © ns ns
NER 0.703 (0.239) 0.699 (0.239) 7/17 -1.633 ° ns ns
PIG 0.751 (0.238)  0.748 (0.235)  9/16*  -0.93 ns ns ns
ABS 0.802 (0.220) 0.777 (0.241) 7/15%*  -1.233 ns ns ns
COR 0719 (0.275)  0.752(0.269)  10/17 0233  ns ns ns
CPL 0.713 (0.255)  0.774(0.275) 817  -1.18 ns ns ns
TOS 0.763 (0227)  0.742(0.250)  7/17  -1321  °© ns ns
VCL 0.790 (0.225) 0.781 (0.260) 8/16%* -1.659 * ns ns
CIL 0.836 (0.218) 0.812 (0.253) 7/16* -1.016 ns ns ns
GAM 0.779 (0.200) 0.795 (0.231) 717 -1.066 ns ns ns
LAU 0.790 (0.213) 0.792 (0.251) 9/15**  (0.584 ns ns ns
SIL 0.795 (0.214) 0.814 (0.214) 10/17 -1.122 ns ns ns
SSB 0.800 (0.193) 0.823 (0.200) 6/17 -1.381 © ns ©
TNP 0.784 (0201)  0.775(0.221)  5/17  -1.808  * ns *
NOA 0.737 (0.224) 0.730 (0.223) 7/16* -0.504 ns ns ns
TAR 0.722 (0.196) 0.724 (0.268) 7/17 -2.554 ok ns ns
PES 0.751 (0.208) 0.778 (0.230) 5/16* -1.980 * ns *
SAL 0.751 (0.238) 0.778 (0.260) 7/16* -1.185 ns ns ns
TOC 0.758 (0.227)  0.725(0.256)  9/16* 0211  ns ns ns
BLG 0.828 (0.217) 0.900 (0.166) 6/17 -1.601 © ns ©
ROM 0.736 (0.195)  0.855(0.222)  5/16*  -3.503 % ns *
SER 0.785 (0.224) 0.880 (0.160) 5/16%* -1.802 * ns °
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Only 2 populations (i.e. CER and NER in Northern Apennine) were characterized by
M < 0.70, such low M values suggest an “ancient” reduction in the effective population size.
The populations COR and CPL (Central Apennine), and NOA and TAR (Eastern Alps)
showed M values close to 0.70. Recent population reductions were not by the Bottleneck test,
but, a significant heterozygosity excess (P < 0.05, Wilcoxon test) was detected in populations
TNP, PES, ROM (and, with a weaker signal, in ABE, SSB, BLG and SER) indicating a

possible recent population expansion in these stands.

Biogeographical structure and population differentiation

By using the Bayesian clustering approach implemented in Structure, the highest AK occurred
at k=2 (Fig. 5.2, Tab. 2 in Appendix 2) with probability of membership exceeding 0.90 for
1018 individuals out of 1167 (87%). The two inferred clusters are concordant with large scale
geography. One of the inferred clusters included populations from the Balkans and Southern
Apennine, whereas the second comprised the Northern and Central Apennine populations and
the Alpine ones (Fig. 5.3a, 5.3c). The only exception was population ABS, the southernmost
population of Central Apennine, that clustered with Southern Apennine and Balkans
(Fig. 5.3a). This major separation in 2 genetic clusters was also found in PCA along the 1*
principal component (explaining 36% of the overall variance, Fig. 5.4a and Fig. 1 in
Appendix 2) and in the UPGMA tree with strong bootstrap support (Fig.5.5, Tab. 3 in
Appendix 2).

DeltakK = mean(|L"(K)]) / sd(L(K))

1000}

800

Delta K

400}

2 4 6 8 10
K

Figure 5.2: Values of 4K from Structure analysis.
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NOA TAR PES SAL TOC Al i . _ CIL GAM LAU SIL SSB TNP BLG ROM SER

Figure 5.3: Above, bar graphs of individual and population membership to each of the k genetic clusters: a) k=2, b) k= 5. Below, Map of mean population membership to each

genetic cluster: ¢) k=2, d) k=5.
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Figure 5.4: Principal Component Analysis ordination diagrams a) Principal Component 1 x Principal Component

2, b) Principal Component 1 x Principal Component 3.
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Figure 5.5: UPGMA tree based on Nei’s genetic distance among populations and bootstrap support values for the

branches.
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All clustering approaches highlighted the existence of smaller clusters at a lower hierarchical
level, generally reflecting the geography at a finer scale. In Structure, a second smaller but
evident AK peak was found for £ = 5 (Fig. 5.2, Tab. 2 in Appendix 2) with probability of
membership higher than 0.90 for 596 individuals (51%). The two core clusters are further
subdivided into 5 geographically concordant groups: 1) Balkans, 2) Southern Apennine (again
together with ABS from Central Apennine), 3) Central Apennine, 4) Northern Apennine
together with Eastern Alps, and 5) Western Alps (Fig. 5.3b and 5.3d). The same subtle
biogeographical structure was clearly detected also by UPGMA (Fig. 5.5, Tab. 3 in
Appendix 2) and by PCA (Fig. 54 ab, Fig. 1 in Appendix 2). The second principal
component (explaining 15% of variance) divided the Balkan populations from the Southern
Apennine ones, whereas the third one (10% of explained variance) separated Central
Apennine populations, Northern Apennine-Eastern Alps populations, and Western Alps
populations in 3 distinct groups.

The support for the finer biogeographical structure, despite being lower than the one for the
major division in 2 cluster, was sound (see q values, group separation in the PCA ordination,
bootstrap support for the branches). The biogeographical structure emerged from the
clustering approaches were confirmed by pair-wise Fst and Rgsr values (Tab. 4 in Appendix 2).
The degree of pair-wise population differentiation generally increased with distance among
populations (Mantel test considering all 24 populations: r = 0.60, P < 0.001, see Fig. 5.6 and
Fig. 2 in Appendix 2). I found some cases where populations geographically relatively close
to each other were highly genetically differentiated (e.g. pairwise Fst between ABS and COR
was 0.176, pairwise Fst between NOA and TOC was 0.105, pairwise Fst between PES and
CER was 0.085) or, on the opposite, where populations relatively far from each other showed
low differentiation (e.g. pairwise Fst values between NOA and TAR from PIG were 0.012 and
0.028, respectively). The population ABS was clearly differentiated from all Northern and
Central Apennine populations (pairwise Fst values always higher than 0.095), but genetically

close to the Southern Apennine ones (pairwise Fst values ranging from 0.028 and 0.044).
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Figure 5.6: Relationship between genetic and geographical distance, tested using Mantel test.

Results from AMOVA analyses showed that most of the total genetic variation is attributable
to within-population differentiation (~90%) (Tab. 5.5). Remaining genetic variation (~10%)
was differently partitioned among and within groups depending on the grouping hypotheses
(Tab. 5.5). The highest percentage of variation among groups (7.43%) was obtained when
populations are grouped within the 5 clusters identified by clustering analyses (Hp 5). In this
case, @rr is almost double then @gg (0.074 vs. 0.029).

96



Table 5.5 Hypotheses of population differentiation and biogeographical structure based on clustering results and on previously published studies. Hypotheses were tested using
AMOVA partition of molecular variance among groups, among populations within group and within populations.

k = number of groups.

% Variation d-statistic
. iy Among Among Within
Hypothesis Source k Group composition groups  populations populations RT Dsr Dgr
(0) No biogeographical 0 All 24 populations i 877 9123 i i 0.088%*
structure separated
(1) Balkans

(2) Southern Apennine

i 3) Central A i
(1) Geographical Geography ~ 6 ) CentralApenmine g, 3.67 9038 0.059%%  0.030%*  0.096**
groups (4) Northern Apennine
(5) Western Alps
(6) Eastern Alps
(2) 2 groups from 2 . (1) Balkans
different glacial Lmazrgsi f’ a- (2) all Ttalian 4.46 7.74 88.07  0.045%%  0.078%*  (.119%*
refugia populations
(1) Balkans + Southern
) Apennine (+ABS)
(3) 2 core genetic Structure, sk sk sk
clusters UPGMA, PCA 2 (2) Central (-ABS) + 6.16 5.38 88.46 0.062 0.057 0.115
Northern Apennines
+ all Alps
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(4) 3 groups from 3 Cheddadi et al.

(1) Balkans

(2) Southern Apennine
(+ABS)

1 1 kk kk kk
f;tflt;egrieant glacial 2013,PCA 3 (3) Central (LABS) + 7.18 431 88.50 0.072 0.046 0.115
Northern Apennines
+ all Alps
(1) Balkans
(2) Southern Apennine
Structure, (+ABS)
UPGMA, PCA (3) Central Apennines
(5) 5 genetic clusters (deeper 5 (-ABS) 7.43 2.69 89.88 0.074%* 0.029** 0.101%*
hierarchical )
structure) (4) Northern Apennines
+ Eastern Alps
(5) Western Alps

98



5.4 Discussion

In this chapter, I investigated the biogeographical pattern of genetic variation in silver fir
populations from the Apennines using a newly developed set of 17 microsatellites (see
Chapter 4). To my knowledge, this is the first study where an ad-hoc sampling scheme was
applied to unravel past biogeographical dynamics of silver fir in the Apennines. To this aim, a
high number of carefully selected populations were sampled across the whole Apennine
range, together with populations from the Alps and the Balkans as outgroups. Previous
published studies on silver fir biogeography were generally based on surveys carried out at a
broader scale with low resolution, with populations from Southern Europe being
underrepresented (to this regard, indicative are Fig.1 in Liepelt et al. 2002 and Liepelt et al.
2010 for genetic data, and Fig.la in Cheddadi et al. 2013 for pollen fossil data). Some
information were also available from small experiments on a geographically limited area (e.g.
Vicario et al. 1995, Piovani et al. 2010). However, the heterogeneity in spatial scales
investigated and the variety in the molecular markers used have made it difficult to tell a
reliable and compelling story about Abies alba past dynamics in the Apennines so far.

All clustering approaches used to investigate the genetic structure and the amount of
differentiation among sampled populations (i.e. Bayesian analysis in Structure, PCA and
UPGMA tree based on Nei’s genetic distance) led to the same clear biogeographical pattern
highlighting the presence of genetically distinct clusters highly concordant with geography,
even though spatial data were not included in the analyses. Differentiation occurred at
different hierarchical levels (at least 2), with major and minor separations that indentify
geographically coherent clusters at a broader and finer scale, respectively (the only exception
in the correspondence between geographic and genetic clusters is the population ABS. This is
the southernmost population of Central Apennines but it clustered with Southern Apennine
populations and was actually highly differentiated from the Central Apennine ones, therefore
hereafter it will be not be considered as being part of the Central Southern Apennine cluster).
Surprisingly, a major separation divided populations from Southern Apennines and Balkans
from all the other populations (from Central and Northern Apennine and from the Alps)
(Fig. 5.7). Within these two major clusters deeper subdivisions separated: i) the Southern
Apennines from the Balkans, and i7) populations from Northern Apennines and Eastern Alps
from Western Alps and from Central Apennines (with Western Alps and Central Apennines
also clearly separated) (Fig. 5.7). This finer division in 5 groups accounted for a high
percentage of molecular variation among groups as compared to what was found when

analyzing using only major separations. Interestingly, I found that the separations among the
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inferred genetic clusters were generally characterized by abrupt genetic discontinuities, even

between geographically close populations (the strongest separation between ABS and TOS).

To investigate the causes of such steep genetic discontinuities deserves further attention.

Balkans
Western Alps
Eastern Alps

® Northern Apennines
Central Apennines

@ Southern Apennines

e & @

LY

Figure 5.7: Map of the sampled populations and separations among genetic clusters. Major separations are

indicated in bold, minor separations with the dotted line.

Post-glacial migration routes and dynamics

Given that in many forest trees current biogeographical patterns have been moulded by glacial
range retreat and post-glacial recolonization (Taberlet and Cheddadi 2002, Petit et al. 2003),
my results on the biogeographical structure of the investigated populations allows drawing
some conclusions on their past dynamics. The high genetic diversity, number of private alleles
and genetic distinctiveness that characterize all Southern Apennine populations are
concordant with the hypothesis of an isolated refugia in Southern Italy (Larsen 1986, Konnert
and Bergmann 1995, Vendramin et al. 1999, Cheddadi et al. 2013), but do not support the

hypothesis of a post-glacial migration route starting from Southern Italy and recolonizing the

100



entire Italian peninsula (as postulated by Parducci et al. 1996 and Linares 2011). Previous
genetic studies have mainly focused on Calabrian populations, highlighting their high genetic
diversity and peculiarity with respect to all the other Italian and Apennine populations (e.g.
Parducci et al. 2001). In this study I found that also the other Southern Apennine populations
(CIL, TNP, LAU), despite being characterized by very different geological and environmental
conditions, have levels of genetic diversity and allelic richness equivalent to the ones of
Calabrian populations (i.e. GAM, SIL, SSB). Therefore, according to my data, the entire
Southern Apennine group appears as a hotspot of genetic diversity with local dynamics and
high within-group gene flow, but isolated from the rest of Apennines.

High genetic diversity, allelic richness and number of private alleles were also found in
Northern Apennine, especially in populations NER, PIG and ABE. This is surprising because
these populations are currently highly fragmented and have small population size (Piovani et
al. 2010), therefore a strong effect of genetic drift is expected. These populations resulted
genetically very close to the ones from Eastern Alps (pairwise Fsr among populations
belonging to the 2 geographic groups ranged from 0.012 to 0.055), but have generally higher
genetic diversity and allelic richness. Since my sampling scheme allowed to compare
Northern Apennine populations with all surrounding silver fir forests at a biogeographical
scale, these findings represent the first thorough genetic evidence supporting the existence of
a glacial refugium in this area. This refugium may have been the starting point of a
recolonization route through the Po plain towards the Alps and Central Europe (Cheddadi et
al. 2013). This hypothesis is also supported by studies that found the presence of fossil pollen
in North-Western Apennine and in the Po plain during the Late-glacial (13,000 - 10,000 BP)
(Ravazzi et al. 2006, Kaltenrieder et al. 2009, Vescovi et al. 2010), highlighting that low
altitude populations in the Po plain may have acted as a fast connection between the
Apennines and the Alps in the Late-glacial (Kaltenrieder et al. 2009, Piovani et al. 2010,
Cheddadi et al. 2013). According to our data, this migration route is not likely to have
involved the Western Alps since they are clearly differentiated from both Northern Apennine
and Eastern Alps (pairwise Fsr with populations belonging to Northern Apennine and Eastern
Alps ranged from 0.038 and 0.134 and from 0.069 and 0.123, respectively).

With regard to Central Apennine populations, no clear evidence about their post-glacial origin
was found. Interestingly, these populations showed lower genetic diversity when compared
with the surrounding ones. In additions, despite being geographically very close (6-30 km),
they were clearly separated among them in the PCA ordination, suggesting that the effect of
drift may be particularly strong in these populations as a consequence of small population

size, probably due to anthropic activities. The most likely hypothesis regarding their history is
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that they were colonized from Northern Apennine populations with a southward migration,
but their survival during the last glaciations in this area can not be excluded.

This work focused on the Apennines, but also some information about the Alps emerged. The
low within-population genetic diversity - despite large population sizes - found in Western Alp
populations does not support the presence of a refugium in this area (as postulated by
Terhurne-Berson et al. 1994). A more likely hypothesis would be that these populations
originated from a refugium in the Central Massif (Konnert and Bergmann 1995), in South-
Eastern France (Terhurne-Berson et al. 1994) or from a secondary westward expansion from
Eastern Alps (Cheddadi et al. 2013), but our data are not adequate to draw firm conclusions
on this issue. With regard to Eastern Alps, our results are concordant with studies supposing
their origin from Northern Apennine (Konnert and Bergmann 1995, Piovani et al.2010,
Cheddadi et al. 2013), but not with the ones depicting them as a contact zone between the
recolonization routes from the Apennines and from the Balkans, or as originating solely from
the Balkan route (Parducci ef al. 1996, Liepelt et al. 2002, Liepelt et al. 2009, Liepelt et al.
2010, Cheddadi et al. 2013).

Eco-genetic clusters in the Apennines

Results from this study highlighted the presence of 3 clearly distinct genetic clusters in the
Apennines (Northern Apennine, Central Apennine and Southern Apennine populations)
separated by 2 discontinuity areas (Fig. 5.7). The first sharp discontinuity area occurred at the
boundary between Central and Southern Apennine, with an abrupt change in genetic
composition (the differentiation between Central and Southern Apennine is actually higher
than the one between Southern Apennine and Balkans). As previously mentioned, this is
concordant with results from previous genetic studies (e.g. Vendramin et al. 1999, Parducci et
al. 2001, Liepelt 2010), bus also with eco-physiological studies (e.g. Larsen and Mekic 1991,
Hansen and Larsen 2004). Larsen and Mekic (1991) in a provenance test on 15 different
provenances from Italy and Central Europe found that populations from Southern Italy
behaved very differently from all the other provenances in all traits measured. Compared to
populations from Central Europe, these populations exhibited higher rates of photosynthesis,
transpiration, growth and higher water use efficiency, suggesting a better adaptation to
drought. Hansen and Larsen (2004) confirmed these findings but also found earlier bud burst
and poor winter-frost resistance in these populations. The division among Central and
Southern Apennines was instead not supported by the study of the relationship between
climate and growth patterns carried out by Carrer ef al. (2010). By using tree-ring chronology,
they found similar growth patterns in Central and Southern Apennines.

102



The second discontinuity zone was found between Northern and Central Apennine at a finer
differentiation scale. Despite studies on this part of the Apennine range are generally very
scarce, our data confirm the results found by Liepelt et al. (2010) and by the dendro-
ecological study of Carrer et al. (2010), where they showed that tree-ring growth patterns
were highly different among Northern Apennine and Central-Southern Apennine.

A third discontinuity area was found at the northern edge of the Apennines between Northern
Apennine and Western Alps (described above).

The differentiation patterns detected are uncommon for a forest tree, generally thought to be
characterized by genetic uniformity over large scale due to extensive gene flow, especially by
pollen (Liepelt ef al. 2002), and implies the presence of some barriers to gene flow. These
barriers can have different origin: geographical (e.g. mountain peaks), due to anthropic
activities (e.g. deforestation of wide areas), or ecological (populations growing in different
environments can be locally adapted. Whatever the original cause, the differentiation
currently observed among clusters seems both eco-physiological and genetic. Results from
this study call for further investigation to disentangle if differentiation is mainly due to
demographical and historical causes or if it is driven also by selective processes. To
understand how the distinct clusters arose and what processes currently maintain them,
genetic discontinuities are the most interesting areas for intensifying the sampling effort
establishing small-scale transects. In future experiments following this thesis work,
populations from discontinuity areas will be sampled at a finer scale to precisely detect
geographically circumscribed areas where to set up gene flow experiments at the border of
eco-genetic clusters. Populations to be sampled have already been identified for one of the
two main discontinuity areas along the Apennines (area number 2 in Fig. 5.8), between the
Northern Apennine cluster and the Central Apennine one. Nine small stand at low altitude
(500-9000 m a.s.l.) have already been identified in the northern part of the transect (Maciaroni

2012) and five more in the southern part (C. Urbinati, personal communication).
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Figure 5.8: Map of the occurrence of silver fir along the Apennine from Rovelli (1995). On this map I indicated
(red areas) populations sampled in this study. Orange zones are areas of particular interest for the future

experiments. In particular, orange areas indicated as 2 and 3 correspond to the genetic discontinuity areas.

The plan is to study effective gene flow using paternity/parentage analysis, and using both the
set of markers used for this study and a set of putatively selective markers (SNPs), already
available for silver fir. The aim would be to compare the rate and direction of neutral and
potentially adaptive gene flow in order to identify the currently ongoing evolutionary

processes and predict the future dynamics of these populations.
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Chapter 6:

Conclusions

My thesis work aimed at providing a conceptual and methodological framework for the study
of adaptive gene flow. In particular, I focused on the development of all elements needed for
performing an experiment to estimate adaptive gene flow in populations of silver fir (4bies

alba Mill.), a European conifer species with high ecological and economical value.

There is a critical need to predict how plants will cope with the currently ongoing climate
change and whether they will be able to adapt or to migrate fast enough not to perish (Corlett
and Wescott 2013). In forest trees, the relationship between adaptation and gene flow has
rarely been studied with ad-hoc experiments. The strength of local adaptation has been
traditionally studied using common garden or transplant experiments (see Savolainen et al.
2007 for some examples), where gene flow was mainly seen as secondary/disturbing factor.
On the other hand, gene flow per se (i.e. estimating gamete immigration and dispersal kernel
parameters) has been widely studied within natural populations of forest trees using neutral
molecular markers (i.e. allozymes, microsatellites or, less often, AFLPs). Therefore, a variety
of robust and sophisticated analytical methods for the study of neutral gene flow using
paternity and parentage analysis is currently available (Jones et al 2010, Klein and Oddou-
Muratorio 2011, Robledo-Arnuncio 2012). These methods, together with recent advances in
the development of molecular and genomic tools, may allow using potentially adaptive
markers to directly track adaptive gene flow.

Given that molecular and analytical tools are available, what is still missing to study adaptive
gene flow is to assemble all elements needed in a cohesive workflow. My thesis gives a major
contribution to this point using as case study the scattered silver fir populations along the
1000 km long Apennine chain.

The main elements needed to perform an experiment for estimating adaptive gene flow are:
having an adequate set of molecular markers, selecting a suitable combination of study
species x biogeographical zone upon which designing the experiment, and choosing an
optimal sampling strategy both for identifying relevant areas where it is most likely to detect
adaptive gene flow, and for correctly describing gene flow patterns. In my thesis, I focused on

these issues endeavoring to make a positive and significant contribution to each of them.
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First of all, to deepen my knowledge of gene flow literature and to scrutinize previously
neglected methodological aspects, I investigated the effect of sampling strategy on the
estimation of gene flow rates. I focused on paternity analysis because is it among the most
used methods to directly estimate gene flow via-pollen (Ashley 2010), which can be more
pervasive and faster than gene flow via seed in sustaining adaptive gene flow over long
distances (Robledo-Arnuncio 2011). Therefore, I decided to evaluate if sampling efforts
commonly found in paternity published studies were adequate to estimate pollen dispersal
parameters, in particular, pollen immigration rate. For doing this, the first step has been to
conduct a thorough review of published paternity studies. This revealed that sampling effort
was generally low (even when only pollen immigration was estimated) and that the
importance of sampling strategy was widely overlooked, resulting in large and unjustified
differences in sampling effort among studies.

Subsequently, I evaluated the adequacy of sampling efforts commonly adopted in paternity
experiments by carrying out a simulation study. This study aimed at assessing the accuracy
and precision in the reconstruction of pollen dispersal patterns (i.e. pollen dispersal kernel and
immigration rate). I tested the effect of a wide range of sampling efforts and of dispersal
scenarios ranging from very restricted to extensive. I found that low sampling efforts can
result in highly biased and imprecise estimates of the parameters characterizing pollen
dispersal patterns. Therefore, according to my results, an optimal sampling effort for
obtaining adequate estimates in a paternity study should comprise at least 200 overall seeds

sampled from at least 10 different mother trees.

The second issue I addressed was linked to the availability of adequate neutral and potentially
adaptive molecular markers for the study species, silver fir (4Abies alba Mill.). Since
previously available microsatellite had poor amplification success and were null allele prone,
a new set of 16 polymorphic microsatellites was developed from transcriptome sequencing.
These markers were assembled in 2 8-plexes with high amplification success and clear band
pattern. A third multiplex of genomic microsatellites was assembled choosing the best among
the available markers and including 2 newly developed genomic microsatellites. A set of 763
SNPs was developed in a parallel project (Roschanski et al (2013), D. Postolache personal
communication) using transcriptome data and candidate genes linked to metabolism, growth
and responses to stress. Among them 406 SNPs were successfully amplified and 273 were
polymorphic. Polymorphic loci have recently been screened using individuals from two

populations I sampled in Central Apennine.
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The last issue I focused on was the selection of an adequate zone to study adaptive gene flow.
A thorough analysis of biogeographical structure is a key prerequisite for the study of local
adaptation and adaptive gene flow in natural populations. The investigation of the spatial
patterns of genetic variation and its main drivers is important to understand if the
biogeographical structure is influenced solely by the demographic history of the species or
also by environmental factors constraining the populations. The biogeographical information
can be used to: i) identify genetically homogeneous clusters where it is possible to investigate
clinal genetic variation along environmental gradients, that can provide evidence of natural
selection (Gram and Sork 2001, Grivet et al 2011), and ii) areas representing the borders
between different genetic clusters characterized by abrupt genetic discontinuities. These areas
maximize the probability of observing adaptive gene flow, if any, and thus they are the ideal
candidate sites for performing an adaptive gene flow experiment.

In my thesis I investigated the spatial pattern of genetic variation in natural populations of
silver fir along the Apennine range. These populations have high evolutionary and
conservation value because they are at the rear-edge of the species distribution and they were
shown to include putative glacial refugia, thus representing hotspots of genetic diversity.
Furthermore, they grow in a wide variety of environmental conditions, because the Apennines
are a 1000 km mountain chain with large environmental heterogeneity. Individuals from 16
populations sampled across the whole Apennine range were genotyped using a set of 17
microsatellites (15 chosen from the ones developed in this thesis work). By using multiple
clustering approaches, I found clearly separated genetic clusters concordant with geography.
These results allowed me to identify: i) groups of populations ideal for testing gene-
environment correlation, and ii) geographically circumscribed areas with abrupt genetic
discontinuities. In addition, this study shed light on the post-glacial evolutionary history of
silver fir populations in a refugial area, showing surprising phylogeographic relationships and
internal dynamics for southern populations and a strong support for a northern refugium close

to ice margins.

My thesis work ended with the analysis of the abovementioned biogeographical patterns, but
the project is still going on. Gene-environment correlation will be studied within genetic
clusters by using SNP markers. Furthermore, the most interesting genetic discontinuity areas
will be intensively sampled in order to identify differentiation at finer scale. When fine-scale
differentiation is found, gene flow among the closest divergent populations will be studied
using paternity and parentage analysis. For these analyses, the sampling guidelines and the

molecular markers developed in my thesis will be used. Once immigrant seeds and seedlings
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are identified, their allele frequencies at SNP loci will be compared with the ones of locally
sired/produced seeds and seedlings. If adaptive gene flow is present allele frequencies in local
and immigrant offspring are expected to be significantly different, providing important
information on the rate and direction of adaptive gene flow. The use of both paternity and
parentage analysis will also allow to consider differences in the survival and establishment

rate between local and immigrant individuals in subsequent life-stages.
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Appendix 1

List of 187 data points obtained from the 92 paternity analysis papers collected. For each data point are reported: the botanical group and family, the breeding system and the primary
pollination vector of the studied species; the number of male and female individuals in the stand (in monoecious species the number of male individuals is equal to the number of
female individuals), the number of pollen traps (referred to as ‘mother trees’ in the text), the total number of sampled seeds, the stand area and stand density. In addition, for each
paper the method and the molecular markers used for paternity assignment are reported. NA: no information available.

Species Group Family Breedmlg Pollination N males N females N traps N Area Density” Method® Markers* Reference
system vector seeds
Pseudotsuga menziesii Gymnosperms Pinaceae monoecious wind 84 84 6 547 24 35 exclusion, NM allozymes Adams (1992)
36 36 6 574 24 15
. . . . . Xie & Knowles
Picea abies Gymnosperms Pinaceae monoecious wind 33 33 26 1920 1 27 NM allozymes (1994)
. . . . . . . Boshier et al.
Cordia alliodora Angiosperms Boraginaceae monoecious insect 123 123 19 380 59 20.9 exclusion allozymes (1995)
T . L . . Schnabel &
Gleditsia triacanthos Angiosperms Fabaceae dioecious insect 61 42 10 295 32 32.19  exclusion allozymes Hamrick (1995)°
61 42 10 669 32 32.19
124 70 10 1356 4.2 46.19
124 70 12 208 4.2 46.19
Pinus attenuata Gymnosperms Pinaceae monoecious wind 65 65 4 880 0.04 1128 NM allozymes gugr;g ketal.
Pithecellobium elegans Angiosperms Fabaceae monoecious insect 28 28 6 167 16 1 exclusion SSRs Chase et al. (1996)
Calophyllum longifolium  Angiosperms Clusiaceae mixed insect 31 31 11 352 84 0.33 exclusion allozymes Stacy et al. (1996)*
29 29 11 616 84 0.33
Spondias mombin Angiosperms Anacardiaceae monoecious insect 19 19 10 576 84 0.17
19 19 11 430 84 0.17
Turpinia occidentalis Angiosperms Staphyleaceae monoecious insect 30 30 6 172 50 0.45
Quercus macrocarpa Angiosperms Fagaceae monoecious wind 62 62 3 282 5 12.4 exclusion SSRs 32‘;5‘ Ashley
Cecropia obtusifolia Angiosperms Cecropiaceae dioecious wind 47 41 41 1230 8.64 54 exclusion allozymes Eagl;l;n;an ctal
Quercus petraea Angiosperms Fagaceae monoecious wind 124 124 7 537 5.76 21.5 exclusion SSRs Streiff et al. (1999)
Quercus robur Angiosperms Fagaceae monoecious wind 167 167 6 447 5.76 29.3
Rhodod'end.}'"on Angiosperms Ericaceae monoecious insect 173 173 4 216 1.05 17.1 Cervus SSRs Kameyama et al.
metternichiii (2000)
Neobalanocarpus heimii ~ Angiosperms Dipterocarpaceac  monoecious insect 30 30 5 348 42 0.75 Cervus SSRs é%%l(l;)na ctal.
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Slavov et al.
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Goto et al. (2006)
Hansen et al. (2006)
Lee et al. (2006)
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Bai et al. (2007)°
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Hoebee et al.
(2007)
Lourmas et al.
(2007)

Moriguchi et al.
(2007)
O'Connel et al.
(2007)

Setsuko et al.
(2007)

Yehili et al. (2007)*

Bittencourt &
Sebben (2008)

Byrne et al. (2008)

de Lacerda et al.
(2008)

Funda et al. (2008)

Geng et al. (2008)

Hanson et al.
(2008)

Jones et al. (2008)*

Millar et al. (2008)

Naito et al. (2008)

Pakkad et al.
(2008a)
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Quercus semiserrata

Bagassa guianensis

Eurycorymbus
cavaleriei

Symphonia globulifera

Prunus avium

Quercus spp

Castanea crenata

Platypodium elegans
Sorbus domestica
Malus sylvestris
Quercus lobata
Juglans spp

Quercus spp

Populus trichocarpa

Shorea leprosula

Quercus macrocarpa

Myracrodruon
urendeuva

Eucalyptus nitens

Gomortega keule

Angiosperms

Angiosperms
Angiosperms
Angiosperms
Angiosperms
Angiosperms
Angiosperms
Angiosperms
Angiosperms
Angiosperms
Angiosperms
Angiosperms
Angiosperms

Angiosperms

Angiosperms

Angiosperms

Angiosperms
Angiosperms

Angiosperms

Fagaceae

Moraceae

Sapindaceae

Clusiaceae

Rosaeceae

Fagaceae

Fagaceae

Fabaceae
Rosaceae
Rosaceae
Fagaceae
Juglandaceae

Fagaceae

Salicaceae

Dipterocarpaceae

Fagaceae

Anacardiaceae

Myrtaceae

Gomortegaceae

monoecious

dioecious

dioecious

monoecious

monoecious

monoecious

monoecious

monoecious
monoecious
monoecious
monoecious
monoecious

monoecious

dioecious

monoecious

monoecious

dioecious

monoecious

monoecious

wind

insect

insect

animal
insect
wind
insect
insect
insect
insect
wind
wind
wind

wind

insect

wind

wind,
insect

insect

insect

26

26
38

19

161

978
296

278

68
189
50
92
139

295

419

223
61
61
70
70

26

62
115

467

50

176
92
32
30

26

26
33

14

161

978
296

278

68
189
50
92
139

295

NA
172
61
61
70
70

26

62
115

467

50

176
92
32
30

174

261
490

240

748

419
320

304

500
1183
180
840
461

855
240
681
129
444
106
216

225

215
347

414

473

196
218
96

10.8

10.8
500

33

500

34
NA

50
10
12.69

19.6
31400
40
40
40
40

436

0.33

NA
NA
NA
NA

24
2.4
0.14
0.57

0.33

28.8
NA

46.3

NA

49.17
NA
NA

1.5

1.5
1.75
1.75

26

62
115

151.5

NA
NA
NA
NA

Cervus

Cervus

Cervus

Cervus

Cervus, FaMoz

FaMoz
Cervus
exclusion, Cervus
Cervus
Cervus
Cervus
Cervus

Cervus

Cervus

Cervus, NM

Cervus

Cervus

Cervus

Cervus

SSRs

SSRs
SSRs

SSRs

SSRs
SSRs

SSRs

SSRs
SSRs
SSRs
SSRs
SSRs

SSRs
SSRs

SSRs

SSRs

SSRs

SSRs

SSRs

Pakkad et al.
(2008b)

Silva et al. (2008)

Wang et al. (2008)
Carneiro et al.
(2009)

Cottrell et al (2009)

Curtu et al. (2009)

Hasegawa et al.
(2009)

Hufford et al.
(2009)

Kamm et al. (2009)

Larsen & Kjaer
(2009)

Pluess et al. (2009)

Pollegioni et al.
(2009)

Salvini et al. (2009)
Slavov et al. (2009)

Tani et al. (2009)*

Craft & Ashley
(2010)

Gaino et al. (2010)

Grosser et al.
(2010)

Lander et al. (2010)
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Populus nigra Angiosperms Salicaceae
Emyco;fyr.nbus Angiosperms Sapindaceae
cavaleriei

Pinus tabulaeformis Gymnosperms Pinaceae

dioecious

dioecious

monoecious

wind

insect

wind

22
22
20
17
16
11
10

267
267
50
96

—_ = = e

—_

AN B bR, bR A, W W W W W W NN NN

22
22
20
17
16
11
10

244

244
52
98

AN AR A R W W W W W W N NN

N o~ — » o o Ny

30
189
69
65
39

10
10

625
2264
239
277

24
28
28
27
30
24
25
29
20
27
24
22
29
26
35
26
29
26
30
30

NA
NA
NA
NA
NA
NA
NA
NA
NA

6.85
16.7

NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA

NA
NA
NA
NA
NA
NA
NA
NA
NA

511
511
14.9
11.6

NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA

Cervus

Cervus

exclusion

SSRs

SSRs

Cp SSRs

Rathmacher et al.
(2010)*

Wang et al. (2010a)

Wang et al. (2010b)
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Sinojackia spp

Tabebuia aurea

Quercus robur

Hymenaea stigonocarpa

Guaiacum sanctum

Prunus avium

Fagus sylvatica

Theobroma cacao

Angiosperms

Angiosperms

Angiosperms

Angiosperms

Angiosperms

Angiosperms

Angiosperms

Angiosperms

Styracaceae

Bignoniaceae

Fagaceae

Fabaceae

Zygophyllaceae

Rosaeceae

Fagaceae

Malvaceae

monoecious

monoecious

monoecious

monoecious

monoecious

monoecious

monoecious

monoecious

insect

insect

wind

bat

insect

insect

wind

insect

14
20
39
64
260
260

27

28
35
21

39

192
235
286
90
156

260
260

27

28
35
21

39

192
235
286
90
156

21
21

o w»n A O O

27
24
29
23
59
249
309
328

39

34

137
108
378

400

287
275
187
249
450

NA
NA
NA
NA
NA
NA

40

40

NA

3.62
3.62
50
0.8

3.36
1.44
1.91
1.32
0.56

NA
NA
NA
NA
NA
NA
6.5
6.5

NA

0.0094
0.0094
0.7
26.25

6.5

57
163
150
68
278

Cervus

Cervus

exclusion, Cervus

Cervus

FaMoz

self-made
maximum
likelihood

FaMoz, NM

Cervus

SSRs
SSRs

SSRs

SSRs

allozymes

SSRs

SSRs

SSRs

Zhang et al. (2010)
Braga et al. (2011)*

Buschbom et al.
(2011)

de Moraes &
Sebben (2011)

Fuchs & Hamrick
(2011)

Gregorius et al.
(2011)

Piotti et al. (2011)

Silva et al. (2011)

'mixed: polygamodioecious species (basically dioecious, but also having some bisexual flowers present in some or all plants); “When density was not available in the text it was
estimated dividing the number of individuals within the study population for the stand area; *NM: neighbourhood model; *SSRs: short sequence repeats (aka microsatellites);

*Multiyear studies; *Protandrous and protogynous mother trees were analyzed separately.
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Appendix 2

Table 1: Genetic diversity parameters of the 24 populations averaged on the 6 geographical groups. 4 (mean number
of alleles), Ar (allelic richness), Hy (observed heterozygosity), Hy (expected heterozygosity), Fs (fixation index), P

(overall number of private alleles for geographic group).

Geographic group A Arss Ho Fig P
Northern Apennine 4.24 (0.71) 4.18 0.43 (0.06) 0.44 (0.06) (ggég) 3
Central Apennine  4.09 (0.72) 4.01 0.42 (0.07) 0.42(0.06) (88(3);) 1
Southern Apennine 5.21 (1.20) 5.05 0.46 (0.06) 0.46 (0.06) (88;3) 8
Eastern Alps 4.26(0.74) 4.18 0.42(0.06) 0.43(0.06) (88?15) 1
Western Alps 4.10(0.71) 3.89 0.41(0.06) 0.42 (0.06) (88451411) 0
0.003
4.85
Balkans 5.17 (1.21) 0.41(0.07) 0.42 (0.07) (0.026) 8
Table 2: Likelihood and AK values for each of the tested k, averaged over 10 runs for each k value.
k Reps Mean LnP(K) sd LnP(K) Ln'(K) |ILn"(K)| Delta K
1 10 -40136.1900 0.0876 NA NA NA
2 10 -37854.5600 1.4849 2281.630000 1603.280000 1079.732119
3 10 -37176.2100 3.4987 678.350000 87.730000 25.074927
4 10 -36585.5900 6.6929 590.620000 107.660000 16.085806
5 10 -36102.6300 3.7208 482.960000 368.080000 98.924237
6 10 -35987.7500 65.5401 114.880000 77.040000 1.175463
7 10 -35795.8300 97.3369 191.920000 131.060000 1.346458
8 10 -35734.9700 43.8738 60.860000 37.800000 0.861563
9 10 -35636.3100 68.6198 98.660000 65.210000 0.950308
10 10 -35602.8600 72.7006 33.450000 84.290000 1.159413
11 10 -35485.1200 38.2673 117.740000 NA NA
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Table 3: Bootstrap support for interior branches of UPMGA tree based on 1000 bootstrapped trees in TreeFit (Kalinowski 2009).

Length B.S. Populations separated by the branch

0.002 0.6 | (abe, ner) <---> (noa, tar, pes, sal, toc, abs, cor, cpl, tos, vcl, btr, cer, pig, cil, gam, lau, sil, ssb, tdp, blg, rom, tara)
0.0012 0.48 | (sil, ssb) <---> (noa, tar, pes, sal, toc, abs, cor, cpl, tos, vcl, abe, btr, cer, ner, pig, cil, gam, lau, tdp, blg, rom, tara)
0.0029 0.67 | (noa, pig) <---> (tar, pes, sal, toc, abs, cor, cpl, tos, vcl, abe, btr, cer, ner, cil, gam, lau, sil, ssb, tdp, blg, rom, tara)
0.0018 0.55 | (abe, cer, ner) <---> (noa, tar, pes, sal, toc, abs, cor, cpl, tos, vcl, btr, pig, cil, gam, lau, sil, ssb, tdp, blg, rom, tara)
0.0029 0.5 | (tos, vcl) <---> (noa, tar, pes, sal, toc, abs, cor, cpl, abe, btr, cer, ner, pig, cil, gam, lau, sil, ssb, tdp, blg, rom, tara)
0.0041 0.7 | (sil, ssb, tdp) <---> (noa, tar, pes, sal, toc, abs, cor, cpl, tos, vcl, abe, btr, cer, ner, pig, cil, gam, lau, blg, rom, tara)
0.0037 0.68 | (cpl, tos, vcl) <---> (noa, tar, pes, sal, toc, abs, cor, abe, btr, cer, ner, pig, cil, gam, lau, sil, ssb, tdp, blg, rom, tara)
0.0045 0.82 | (noa, abe, cer, ner, pig) <---> (tar, pes, sal, toc, abs, cor, cpl, tos, vcl, btr, cil, gam, lau, sil, ssb, tdp, blg, rom, tara)
0.0038 0.78 | (gam, sil, ssb, tdp) <---> (noa, tar, pes, sal, toc, abs, cor, cpl, tos, vcl, abe, btr, cer, ner, pig, cil, lau, blg, rom, tara)
0.0046 0.78 | (noa, abe, btr, cer, ner, pig) <---> (tar, pes, sal, toc, abs, cor, cpl, tos, vcl, cil, gam, lau, sil, ssb, tdp, blg, rom, tara)
0.0089 1 | (rom, tara) <---> (noa, tar, pes, sal, toc, abs, cor, cpl, tos, vcl, abe, btr, cer, ner, pig, cil, gam, lau, sil, ssb, tdp, blg)
0.0047 0.69 | (pes, sal) <---> (noa, tar, toc, abs, cor, cpl, tos, vcl, abe, btr, cer, ner, pig, cil, gam, lau, sil, ssb, tdp, blg, rom, tara)
0.0054 0.85 | (cil, gam, sil, ssb, tdp) <---> (noa, tar, pes, sal, toc, abs, cor, cpl, tos, vcl, abe, btr, cer, ner, pig, lau, blg, rom, tara)
0.0134 0.98 | (cor, cpl, tos, vcl) <---> (noa, tar, pes, sal, toc, abs, abe, btr, cer, ner, pig, cil, gam, lau, sil, ssb, tdp, blg, rom, tara)
0.0082 0.87 | (noa, tar, abe, btr, cer, ner, pig) <---> (pes, sal, toc, abs, cor, cpl, tos, vcl, cil, gam, lau, sil, ssb, tdp, blg, rom, tara)
0.0071 0.86 | (cil, gam, lau, sil, ssb, tdp) <---> (noa, tar, pes, sal, toc, abs, cor, cpl, tos, vcl, abe, btr, cer, ner, pig, blg, rom, tara)
0.0129 0.89 | (pes, sal, toc) <---> (noa, tar, abs, cor, cpl, tos, vcl, abe, btr, cer, ner, pig, cil, gam, lau, sil, ssb, tdp, blg, rom, tara)
0.0071 0.65 | (noa, tar, cor, cpl, tos, vcl, abe, btr, cer, ner, pig) <---> (pes, sal, toc, abs, cil, gam, lau, sil, ssb, tdp, blg, rom, tara)
0.0274 1 | (blg, rom, tara) <---> (noa, tar, pes, sal, toc, abs, cor, cpl, tos, vcl, abe, btr, cer, ner, pig, cil, gam, lau, sil, ssb, tdp)
0.0194 0.97 | (abs, cil, gam, lau, sil, ssb, tdp) <---> (noa, tar, pes, sal, toc, cor, cpl, tos, vcl, abe, btr, cer, ner, pig, blg, rom, tara)
0.0357 0.98 | (abs, cil, gam, lau, sil, ssb, tdp, blg, rom, tara) <---> (noa, tar, pes, sal, toc, cor, cpl, tos, vcl, abe, btr, cer, ner, pig)
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Table 4: Pairwise Fst (below the diagonal) and Rgr (above the diagonal) values

NOA
TAR
PES
SAL
TOC
ABS
COR
CPL
TOS
VCL
ABE
BTR
CER
NER
PIG
CIL
GAM
LAU
SIL
SSB
TNP
BLG
ROM
SER

NOA
0.000

0.035

0.069
0.105
0.105

TAR

0.023

0.074
0.091
0.123

PES

0132

0.187
0.000
0.029
0.050

SAL
0.106
0.118
0.043
0.000
0.059

TOC |
0023
0.042
0.084

0.041

0.000 -

0.116
0.067
0.043
0.035
0.052

0.141
0.071
0.062
0.043
0.044

0.155
0.083
0.090
0.067
0.083

0.221
0.094
0.109
0.101
0.094

0.199
0.111
0.129
0.121
0.127

ABS
0.105
0.088
0.334

10268

0.176
0.000
0.176
0.154
0.111
0.161

COR
0.046
0.079
0.074
0.048
0.030
0.188
0.000
0.035
0.044
0.035

CPL
-0.001
0.017
0.100
0.075
0.016
0.084
0.027
0.000
0.040
0.032

TOS
0.019
0.050
0.066
0.050
0.026
0.124
0.014
0.009
0.000
0.020

VCL
0.040

0.059
0.062

0.027

0.024
0.189
0.015
0.021
0.001

0.000

0.023
0.023
0.030
0.021
0.012

0.025
0.039
0.055
0.031
0.028

0.052
0.073
0.083
0.038
0.044

0.092
0.122
0.121
0.073
0.082

0.107
0.129
0.134
0.091
0.092

0.101
0.132
0.104
0.099
0.095

0.050
0.058
0.091
0.056
0.050

0.046
0.056
0.067
0.045
0.044

0.020
0.030
0.045
0.025
0.020

0.037
0.046
0.073
0.039
0.037

ABE
0.022
0.069
0.046
0.051
0.022
0.194
0.018

-0.019

0.002
0.005
0.000
0.022
0.019
0.009
0.006

BTR
0.004
0.056
0.098
0.102
0.034
0.153
0.036
0.012
0.011
0.033
0.005
0.000
0.048
0.031
0.014

Rsr
CER
0.105
0.163
0.026
0.047
0.089
0.275
0.057
0.088
0.040
0.046
0.034
0.072
0.000
0.019
0.021

NER

PIG

CIL

0.067 -0.005: 0.076

0.127
0.013
0.047
0.056
0.252
0.047
0.060
0.035
0.035
0.012
0.043
0.007
0.000
0.005

0.026
0.105

0.075

0.016
0.106

0.028

-0.001

0.008

0.022

0.013

0.002

0.073
0.051

0.075
0.285
0.229
0.145
-0.004
0.154
0.066
0.095
0.153
0.152
0.117

0228

0.000

0.085
0.097
0.084
0.077
0.079
0.076

0.116
0.135
0.113
0.108
0.111
0.095

0.137
0.138
0.121
0.115
0.132
0.103

0.197
0.201
0.169
0.180
0.192
0.162

0.182
0.182
0.166
0.161
0.186
0.152

0.028
0.044
0.044
0.036
0.043
0.034

0.139
0.157
0.118
0.136
0.141
0.114

0.116
0.148
0.101
0.116
0.116
0.095

0.078
0.099
0.079
0.075
0.083
0.051

0.120
0.144
0.112
0.121
0.127
0.093

0.072
0.083
0.077
0.066
0.062
0.052

0.105
0.118
0.104
0.094
0.107
0.084

0.073
0.077
0.080
0.063
0.057
0.059

0.073
0.076
0.070
0.060
0.062
0.051

0.067
0.070
0.068
0.055
0.062
0.048

0.207
0.080
0.000
0.018
0.022
0.014
0.011
0.012

GAM
0.061
0.082
0.232
0.183
0.117
0.019
0.113
0.055
0.066
0.116
0.114
0.087
0.168
0.158
0.056
0.005
0.000
0.036
0.011
0.013
0.023

LAU
0.025
0.071
0.134
0.103
0.062
0.084
0.048
0.020
0.018
0.048
0.043
0.036
0.083
0.073
0.018
0.052
0.022
0.000
0.028
0.030
0.022

SIL
0.035
0.098
0.134
0.128
0.080
0.095
0.066
0.037
0.028
0.070
0.049
0.035
0.078
0.070
0.028
0.062
0.024
0.000
0.000
0.007
0.006

SSB
0.077
0.103
0.270
0.229
0.148
0.019
0.146
0.071
0.093
0.155
0.144
0.111
0.210
0.189
0.083
0.003
0.002
0.037
0.038
0.000
0.015

TNP
0.060
0.073
0.262
0.218
0.126
0.002
0.132
0.049
0.080
0.138
0.133
0.094
0.211
0.188
0.064
-0.001
0.007
0.045
0.048
0.006
0.000

0.099
0.130
0.117

0.124
0.137
0.129

0.137
0.151
0.148

0.194
0.203
0.193

0.179
0.209
0.205

0.103
0.137
0.134

0.139
0.159
0.143

0.116
0.153
0.126

0.070
0.075
0.068

0.099
0.113
0.093

0.081
0.110
0.101

0.104
0.131
0.120

0.081
0.129
0.108

0.072
0.102
0.095

0.074
0.096
0.088

0.056
0.097
0.092

0.067
0.115
0.109

0.070
0.117
0.105

0.056
0.096
0.091

0.070
0.115
0.109

0.038
0.066
0.065

BLG
10.097

0.073
0.309

10.256

0.155
0.051

10178
10.068

0.134

0.181
0.184

0.148

10281
10238

0.100
0.050
0.078
0.121
0.134
0.090
0.043
0.000
0.050
0.035

ROM
0.081
0.057
0.281
0.224
0.137
0.027
0.152
0.050
0.087
0.136
0.150
0.120
0.244
0.216
0.081
0.026
0.050
0.085
0.104
0.064
0.022
0.025
0.000
0.019

SER
0.050
0.036
0.184
0.128
0.081
0.066
0.087
0.022
0.032
0.055
0.080
0.073
0.150
0.135
0.040
0.052
0.052
0.047
0.071
0.081
0.047
0.064
0.014
0.000
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Figure 1: Scores of the 3 principal components for each population. Each colored barplot is proportional to the score. Red barplots indicate positive values, blue barplots indicate

negative values
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r=0.60 P<0.05 Southern Apennines + ABS
0.10

0.05
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Figure 2: Relationship between geographic and genetic distance in different groups of population, tested using Mantel test.
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