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Abstract

The scale of seed and pollen movement in plants has a critical influence on population

dynamics and interspecific interactions, as well as on their capacity to respond to

environmental change through migration or local adaptation. However, dispersal can be

challenging to quantify. Here, we present a Bayesian model that integrates genetic and

ecological data to simultaneously estimate effective seed and pollen dispersal parameters

and the parentage of sampled seedlings. This model is the first developed for

monoecious plants that accounts for genotyping error and treats dispersal from within

and beyond a plot in a fully consistent manner. The flexible Bayesian framework allows

the incorporation of a variety of ecological variables, including individual variation in

seed production, as well as multiple sources of uncertainty. We illustrate the method

using data from a mixed population of red oak (Quercus rubra, Q. velutina, Q. falcata) in

the NC piedmont. For simulated test data sets, the model successfully recovered the

simulated dispersal parameters and pedigrees. Pollen dispersal in the example popula-

tion was extensive, with an average father–mother distance of 178 m. Estimated seed

dispersal distances at the piedmont site were substantially longer than previous

estimates based on seed-trap data (average 128 m vs. 9.3 m), suggesting that, under

some circumstances, oaks may be less dispersal-limited than is commonly thought, with

a greater potential for range shifts in response to climate change.
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Introduction

Seed dispersal ability has a strong influence on migra-

tion and invasion potential in plants, while the spatial

scale of gene flow via both seed and pollen has impor-

tant implications for population dynamics, the mainte-

nance of genetic diversity and the effectiveness of

natural selection (Kawecki 2008). Where dispersal and

gene flow are limited, genetic diversity can be quickly

depleted because of drift, strong selection or a combina-

tion of the two (Gillespie 2004), especially in self-incom-

patible species (Sork et al. 2002). Immigration may
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improve adaptive potential by increasing genetic varia-

tion (Kimbrell & Holt 2007), but local adaptation at

range limits and in marginal habitats can also be inhib-

ited when the influx of maladapted genes from the

main part of the species range exceeds the rate at which

they are purged by selection (Kirkpatrick & Barton

1997; Rehfeldt et al. 1999; Lenormand 2002; Lopez et al.

2007). As species have historically responded to the

strong selective pressure of climate change via both

migration and local adaptation (Davis & Shaw 2001),

the influence of seed and pollen dispersal on these pro-

cesses is of particular interest today (Holt 1990; Skelly

et al. 2007), but unobserved dispersal processes and

genotyping errors have presented challenges. Here, we

introduce a flexible Bayesian approach for estimating
� 2011 Blackwell Publishing Ltd
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seed and pollen movement, taking into account the var-

ious types of uncertainty associated with genotyping

and with the dispersal process itself.

For plants, the movement of pollen and seed is the

sole means of gene flow within and between popula-

tions, while seed movement alone allows for range

expansion and the colonization of new sites. Probability

distributions of seed and pollen movement, known as

dispersal kernels, can be challenging to estimate (Clark

et al. 2004). Parentage information is highly informative

of seed and pollen dispersal, but while partial pedigrees

have been obtained through long-term field observa-

tions for some animal populations, this approach is not

feasible for trees, where mating and dispersal are cryp-

tic (Pemberton 2008). For this reason, molecular mark-

ers, particularly microsatellites, are increasingly used to

infer parentage, sibship or population of origin (Dow &

Ashley 1996; Streiff et al. 1999a; Godoy & Jordano 2001;

Asuka et al. 2005; Bacles et al. 2006; Hardesty et al.

2006; Pairon et al. 2006; Selkoe & Toonen 2006; Ashley

2010).

The use of molecular markers in parentage and dis-

persal studies presents its own challenges. Many early

parentage analyses were based on excluding adults

that, at a given locus, did not share an allele with the

juvenile under consideration (e.g. Dow & Ashley 1996).

But the probability of genotyping error or mutation is

not trivial for microsatellites (Dewoody et al. 2006), and

simple exclusion may lead to the rejection of true rela-

tionships (Jones et al. 2010). Several categorical or frac-

tional allocation parentage models have been

developed to take into account factors including geno-

typing errors and incomplete genotyping of adults that

affect the likelihood of parentage (Jones et al. 2010).

One example of this approach is the popular parentage

analysis software CERVUS (Marshall et al. 1998). CER-

VUS calculates the likelihood ratio (expressed as a LOD

score) for each proposed parent based on genotype,

ranking parents or parent pairs according to LOD

score. Individuals for which the LOD of the most likely

parent is below the critical value can be assumed to

have a parent outside the genotyped population. A

similar categorical allocation approach, again based

solely on genotype, was used by Meagher & Thompson

(1987).

While genotype-only approaches to parentage assign-

ment can be quite effective, for many plant ecologists

the goal of a parentage analysis is not the pedigree

itself but rather an estimate of seed and pollen dispersal

kernels (Hadfield et al. 2006). In plants and other sessile

organisms, probability of parentage often depends on

distance (Levin 1981; Goto et al. 2006; Ashley 2010).

Simulation studies have demonstrated that, when this is

the case, dispersal kernels fit to mother–offspring or
� 2011 Blackwell Publishing Ltd
mother–father distances derived from a separate parent-

age analysis may be strongly biased, although weight-

ing according to sampling effort can reduce this

problem (Hadfield et al. 2006; Jones & Muller-Landau

2008).

There has been an increasing interest in developing

‘full probability’ models that simultaneously estimate

parentage and population-level parameters (including

seed and pollen dispersal), as it has been demon-

strated that such an approach can significantly reduce

bias in both (Adams et al. 1992; Hadfield et al. 2006;

Jones et al. 2010). One such model developed to inves-

tigate biparental gene flow in plants is the ‘seedling

neighbourhood model’ of Burczyk et al. (2006). This

model estimates an immigration rate for seed (ms) and

pollen (mp) into neighbourhoods of a given size around

seedlings and mother trees, respectively. Genotypes are

assumed to be observed without error (Burczyk et al.

2006; Chybicki & Burczyk 2010). The original model did

not characterize the full dispersal kernel, which was

instead calculated using a LOD approach, as distance

affected probability of parentage only within a neigh-

bourhood (Gonzalez-Martinez et al. 2006). Recent modi-

fications of the model allow pollen (or seed) immigration

rates to vary between mothers (or offspring) and have

enabled the dispersal kernel to be smoothly extended

outside the neighbourhood (Goto et al. 2006). In this

framework, the choice of neighbourhood size can have

important consequences. If two or more potential parents

(based on genotype) exist within the seedling neighbour-

hood, the probability that tree i is the mother depends on

weighting factors including distance, whereas if only one

potential parent exists within the neighbourhood of a

seedling, it is assumed to be the mother (Burczyk et al.

2006). Genotyped adults outside the neighbourhood are

not explicitly considered as parents (Chybicki & Burczyk

2010), which makes construction of a pedigree somewhat

problematic. However, if the neighbourhood is taken to

be the size of the entire plot (Oddou-Muratorio & Klein

2008), this is less of a concern. The modifications previ-

ously mentioned make it possible to estimate the full dis-

persal kernel using the neighbourhood model, but the

authors note that differences in neighbourhood size can

still make between-site comparisons challenging (Chyb-

icki & Burczyk 2010).

In their 2006 article, Hadfield et al. outlined a Bayes-

ian approach to full probability modelling, showing

how data such as social status or territory location

could be incorporated to simultaneously estimate par-

entage and population-level parameters in birds. They

confirmed that joint estimation improves pedigree esti-

mates and decreases bias in population parameters

when the assumptions of the specific model are met

(Hadfield et al. 2006). A hierarchical Bayesian
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approach presents a number of advantages for the

study of complex processes such as dispersal, includ-

ing the capacity to accommodate multiple data types

and multiple sources of uncertainty with relative ease

within a fully consistent framework (Clark 2005). The

selection of prior distributions allows the user to make

use of existing information more fully (Jones et al.

2010). In addition, hierarchical Bayesian models allow

a smooth propagation of uncertainty, so that the

breadth of the posterior distribution for a dispersal

parameter reflects uncertainty in data and in parentage

assignments (Clark & Gelfand 2006; Cressie et al.

2009)—one of the main goals of full probability model-

ling (Jones et al. 2010).

The model presented here is the first developed for

plants that simultaneously estimates parentage and dis-

persal kernels for seed and pollen within a Bayesian

framework, taking into account genotyping error and

variation in individual fecundity. The model treats dis-

persal coherently, the same process governing seed and

pollen movement both inside and outside the mapped

stand. All adults are considered as potential mothers

and fathers of all seedlings. As in Hadfield et al. (2006),

genotypes are subject to both allelic dropout and mis-

typing error. However, we have modified the treatment

of mistyping error to reflect the fact that mistyping is

more likely to occur between alleles of similar length

(Garant et al. 2001; Bonin et al. 2004).

We demonstrate this approach using data from a

mixed-species population of red oaks (Quercus rubra,

Q. velutina, Q. falcata) located in central North Caro-

lina. As in similar analyses focusing on seedlings

rather than seeds (Gonzalez-Martinez et al. 2006; Goto

et al. 2006; Chybicki & Burczyk 2010), the estimated

dispersal kernels reflect effective dispersal distances

after germination and early seedling mortality. Seed-

trap data do not adequately capture the seed shadow

of oaks and other nut-bearing trees, as they are pri-

marily dispersed by animals that bury seeds in shal-

low caches (Vander Wall 2001). Information about

effective dispersal is valuable in understanding the

role of dispersal by animals in this system. Moreover,

current evidence for long-distance gene flow via seed

and pollen in oak is conflicting, although it is generally

agreed that the former is much more restricted than the

latter (Ducousso et al. 1993; Dow & Ashley 1996; Johnson

et al. 1997; Knapp et al. 2001; Streiff et al. 2002; Sork et al.

2002; Li & Zhang 2003; Nakanishi et al. 2004; Garcia &

Houle 2005; Fernandez-Manjarres et al. 2006; Moore

et al. 2007; Purves et al. 2007; Chybicki & Burczyk 2010).

While the model presented here was developed for a

self-incompatible monoecious tree, the same framework

is applicable to dioecious or selfing species with minor

modifications.
Materials and methods

The focal species

Red oaks (Quercus, section Lobatae) are important both

as timber trees and as providers of hard mast for wild-

life (Little 1980; McShea et al. 2006). Because oaks have

large, heavy seeds, they are often regarded as being

more dispersal-limited than species dispersed by wind

or frugivorous birds (Sork 1984; Clark et al. 2004; Garcia

& Houle 2005). If this is the case, spatially restricted

seed dispersal could contribute to the recruitment fail-

ures (attributed primarily to changes in disturbance fre-

quencies and increased deer herbivory) that have been

observed for red oaks in many parts of their range

(Abrams 1992; Elliott et al. 1999; McDonald et al. 2002;

Spetich 2004; Aldrich et al. 2005) and may also reduce

their ability to respond to climate change via range

shifts (Clark et al. 1998a; Davis & Shaw 2001). On the

other hand, while rodents usually move acorns <100 m,

both blue jays (Cyanocitta cristata) and European jays

(Garrulus glandarius) have been observed to cache

acorns hundreds of metres to kilometres away from the

mother tree (Johnson et al. 1997; Johnson & Webb 1989;

Vander Wall 2001; Gomez 2003; Purves et al. 2007). The

blue jay and the grey squirrel (Sciurus carolinensis),

which both bury acorns in shallow caches, are the most

important acorn dispersers in the oak-hickory forest of

the Southeastern US (VanderWall 2001).

In the case of pollen dispersal, while wind-dispersed

pollen can travel very long distances, realized gene flow

via pollen tends to be on a much smaller scale

(Ducousso et al. 1993; Fernandez-Manjarres et al. 2006).

In oaks, a high percentage of seeds and juveniles is usu-

ally found to be the product of pollen movement from

outside of focal stands (Dow & Ashley 1996; Streiff

et al. 1999a; Nakanishi et al. 2004), but some frag-

mented populations have been shown to be pollen-lim-

ited (Knapp et al. 2001; Sork et al. 2002). Parentage and

dispersal studies have generally shown very low selfing

rates in oaks (Fernandez & Sork 2007; Chybicki &

Burczyk 2010), and previous studies of Quercus rubra

have indicated complete outcrossing (Schwarzmann &

Gerhold 1991; Sork et al. 1993). We therefore assume, in

the following analysis, that no tree can be both mother

and father to a seedling.

Oak species have a high ability to hybridize within

sections of the genus (Burger 1975; Cottam et al. 1982;

Ducousso et al. 1993; Aldrich et al. 2003b; Dodd &

Afzal-Rafii 2004). For this reason, we included in this

study not only northern red oak (Q. rubra), which is

abundant in the study site and has published microsat-

ellite primers (Aldrich et al. 2002, 2003a), but also the

two species present at the study site that are most
� 2011 Blackwell Publishing Ltd
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likely to hybridize with it: black oak (Q. velutina) and

southern red oak (Q. falcata). Genetic structure analyses

for oak species at Duke Forest show almost no

between-species differentiation in allele frequencies at

the six microsatellite loci under consideration, support-

ing the hypothesis that the three species hybridize at

this site (Moran et al. in review). Previous studies have

also found evidence of substantial levels of hybridiza-

tion between co-occurring red oaks (Aldrich et al.

2003b; Dodd & Afzal-Rafii 2004). Consequently, all

three species are considered as members of one inter-

breeding population in the analysis that follows.
The study population

The study population is in a second-growth forest estab-

lished on former agricultural land in the North Carolina

Piedmont, located in the Blackwood division of the

Duke forest (35�58¢N, 79�5¢W). The tree community

today consists of mature loblolly pines (Pinus taeda)

intermixed with Quercus, Acer and other hardwoods.

The stand was mapped for prior forest dynamics studies

(Clark et al. 2004; Ibanez et al. 2007). For the purpose of

this study, an additional 40- to 60-m border area was

surveyed for oaks, regularizing the borders of the

mapped stand (which was originally nonrectangular)

and increasing total area to 12 ha. All trees >2 m tall

have been tagged and measured, and long-term demo-

graphic data were available for all trees within the origi-

nal stand area.

Sampled seedlings are located in permanent census

plots. The original plot contained 124 such plots 2 m2 in

area, arrayed in cross-shaped transects crossing both

gap and closed-canopy areas. Because the understory at

this site is sparse, 79 additional 1-m2 and 70 additional

7-m2 census plots were added to increase sample size

and to provide better representation of short- and long-

range dispersal events. Plots were censused each spring

to identify newly emerged or dead individuals.
Genetic data

Leaf tissue collected from adult trees (n = 118) and from

sampled seedlings (n = 219) was stored at )80 �C prior

to DNA extraction. Total genomic DNA was extracted

from leaf tissue using a modified CTAB protocol

(Data S1, Supporting information). Six nuclear micro-

satellites isolated by Aldrich et al. (2002, 2003a) were

analysed using GeneMarker (Softgenetics). All loci were

highly polymorphic, and all individuals had unique

genotypes. Genotyping error rates for each locus were

estimated by regenotyping many individuals. Treatment

of genotyping error is further discussed below.
� 2011 Blackwell Publishing Ltd
Model development

Genotypes and dispersal

Consider a population in which mature individuals I pro-

duce both pollen and seeds. These adult trees exist in a

mapped area that is exhaustively sampled (all adults

genotyped). Adult trees are characterized by genotype

and location Gi;l; si

� �
; i ¼ 1; . . . ; n; l ¼ 1; . . . L

� �
, where

si = (xi, yi) are map coordinates, l are loci, Gi,l = (a1i, a2i)l

is the length two vector of alleles at locus l, and

a1il; a2ilð Þ 2 Al, and Al is the set of all nl alleles in the

population at that locus. The frequency of alleles in the

population at locus l is the length nl vector freq alð Þ ¼
al1; . . . ; alnl

� �
, each element being equivalent to the proba-

bility of drawing allele 1…nl at random from the popula-

tion. Assuming alleles are independent (as one would

expect in an outbreeding population), the probability of a

given genotype (a1,a2), drawn at random from the popu-

lation, will be p Glð Þ ¼ freq a1lð Þfreq a2lð Þ. In addition to the

adult trees, there is a sample of seedlings k = 1, …, K,

each characterized not only by genotype Gk and location

sk, but also by pedigree, where Pk = (i¢, i) indicates that k

has mother i and father i¢. The pedigree is not known, but

rather will be estimated based on genotype and dispersal.

The genotype of k at a given locus consists of one allele

contributed by each parent.

Any adult individual i ˝ I can serve as a mother or a

father. Pollen released from individual i¢ may disperse to

and fertilize a flower from individual i. Because of self-

incompatibility, i¢ „ i in this example, but this assump-

tion of exogamous pollen could be relaxed in selfing spe-

cies by allowing that i¢ = i with some probability q and

that i¢ „ i with probability 1)q. We assume that the

probability of fertilization of individual i by i¢ depends

on dispersal distance di;i0 ¼ si0 � sik k. The probability that

seeds are dispersed from mother i to the location of off-

spring k depends on distance dik ¼ sk � sik k. Other physi-

cal factors, such as height or wind direction, may be

relevant in some situations, and dispersal functions can

be constructed that take these into account (Cousens

et al. 2008). However, for the sake of simplicity, we focus

here on distance and fecundity.

The seed shadow for a population is equal to the sum,

over all adult trees, of the number of seeds produced

times the dispersal kernel expressed as probability per m2

(Clark et al. 1999). Thus, the proportion of seeds expected

to reach location k from tree i or the proportion of pollen

received by tree i originating from tree i¢ depends not

only on distance but on the fecundity fi or the pollen pro-

duction ci¢. Seed production, fi,t, by all trees for years

t = 2000, …, 2008 in the plot has been estimated using a

separate hierarchical Bayesian model in which fecundity
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and probability of sexual maturity are informed by seed-

trap data, observations of flowering, and tree size and

growth (Clark et al. 2004, 2010). That model includes the

‘summed seed shadow’ inverse modelling approach

described in Clark et al. (1998b, 1999). Because many of

the sampled seedlings recruited before the beginning of

the present study and their exact age is not known, seed-

ling parentage effectively integrates over multiple years

of seed production. We therefore incorporate variation

and uncertainty in fecundity by defining a mean and

standard deviation for fi over the 2000–2008 period and,

at each iteration of the Gibbs sampler, drawing a new

value for fi from this distribution (see ‘Implementation’

and Data S2, Supporting information). Trees that are

large and fecund tend to produce more pollen than trees

that are small or immature. However, detailed studies on

male and female allocation within individual oaks (as

opposed to at the stand level) are lacking in the literature.

In the absence of more information, pollen grains pro-

duced per father per year ci¢ are assumed to be propor-

tional to estimated seed production, fi¢, for the same

individual. Genotype data are the ultimate arbiter of

whether a tree that is known to be reproductively mature

is a potential mother or father for a given seedling.

We now consider the probability of pedigree Pk, i.e. the

probability that i is the mother and i¢ is the father of k,

which depends on the genotypes of all three individuals

weighted by any other factors that affect the probability

that individual k could have parents (i¢,i). In this example,

the probability that a seedling has parent pair (i¢,i), before

we know anything about genotype, is taken to depend on

seed and pollen production of the proposed parents and

the probability of pollen movement over distance di¢i and

of seed movement over distance dik:

pðdi0i;dik us; up;PkÞ
�� ¼

ci0p di0 i up

��� �
fip dik usjð ÞP

i02I

P
i2I

ci0p di0i up

��� �
fip dik usjð Þ

ð1Þ

where up is the pollen dispersal parameter and us is

the seed dispersal parameter, but other criteria could

be used (Hadfield et al. 2006). This probability is

expressed as a ratio, relative to all other potential

parents.

Given that i and i¢ are parents of k and that individu-

als are genotyped at L loci, the probability of the off-

spring genotype given the pedigree is:

p Gk Pk¼ i0;ið Þ;Gi0 ;Gijð Þ/
YL

l¼1

p Gkl Pk¼ i0;ið Þ;Gi0l;Giljð Þ ð2Þ

The two sides of eqn 2 are expressed as a proportion-

ality, because the probability will be normalized over all

potential parent pairs. The factors on the right-hand side

of eqn 2 are the standard Mendelian probabilities for
diploid organisms. Note that we could swap subscripts i

and i¢, representing the equivalent case for the mother

being the father and vice versa, and the probability of

producing a given offspring genotype would be the

same. Probabilities are not equivalent once dispersal is

considered, because dispersal probabilities of seed and

pollen differ. Given that i and i¢ could have produced an

offspring of genotype Gk, the likelihood that this pair is

the true parents relative to all other possible parent pairs

depend on the dispersal kernels for seed and pollen and

the seed and pollen production of all trees.

The dispersal kernel is a density function, represent-

ing the probability (per m2) of seed or pollen travelling

a given distance from the parent tree. Previous studies

show that for animal dispersed seed and wind-dis-

persed pollen the dispersal kernel is usually fat-tailed,

with both more short-distance and more long-distance

events than in a Gaussian distribution (Clark et al.

1999; Goto et al. 2006; Hardesty et al. 2006; Streiff et al.

1999a). For this reason, and to facilitate comparison

with previous work by Clark et al. (1999, 2001, 2005), a

2D-t kernel was chosen to represent both seed and pol-

len dispersal probabilities. The probability of pollen or

seed travelling a given distance d is given as:

p dð Þ ¼ 1

pu 1þ d2

u

� �2
ð3Þ

where the shape of the kernel is determined by the

parameter u (up for pollen, us for seed). The mean dis-

persal distance is given by:

EðdÞ ¼ p=2
ffiffiffi
u
p

ð4Þ

The general model structure can accommodate other

types of distributions, such as Gaussian or power-expo-

nential, but we do not address these here. More infor-

mation about the 2D-t kernel can be found in Clark

et al. (1999), while Cousens et al. (2008) provide a good

overview of different types of dispersal kernel.

The expected density of seed or pollen reaching a

given point k from a particular source tree i is equal to

the probability of the seed or pollen grain travelling the

distance dki, given by the dispersal kernel, times the

fecundity or pollen production of the source tree.

Because the expected amount of seed is in units of

seeds ⁄ m2, this quantity is multiplied by the size of the

plot to approximate the number of seeds expected to

reach that plot.

Because focal populations in population-genetic stud-

ies are seldom completely isolated, it is important

to allow for the possibility that parents of a sampled

offspring reside outside the sampled area. In this

model, we assume that the sampled area is part of a
� 2011 Blackwell Publishing Ltd
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continuous population and that the density of adult

trees outside the plot is equal to the density of adults

inside, allowing us to approximate expected seed and

pollen received from out-of-plot sources via numerical

integration (Data S3, Supporting information). This

assumption is appropriate when dealing with continu-

ous forest, as in the present example, but may not be

justified in all situations. If information exists about the

distribution of out-of-plot seed or pollen sources, this

can and should be included.
Genotype error

Genotype errors in microsatellites (Fig. 1) are predomi-

nantly of two varieties: mistyping causes one allele to

be mistaken for another (usually of similar length),

while allelic dropout causes a heterozygote to look like

a homozygote (Dewoody et al. 2006). Both error rates

can be estimated by repeated genotyping of individuals

and loci (Bonin et al. 2004). This was carried out for all

six loci, using data from two study populations in

North Carolina (Moran & Clark in review). Across loci,

mistyping occurred at an average of 5.7% (range 2–

18%) of regenotyped alleles and dropout at 5% (range

2–8%) (Table S1.2 in Data S1, Supporting information).

These rates are high, but microsatellites often exhibit

high error rates (Bonin et al. 2004; Burczyk et al. 2004;

Dewoody et al. 2006). In this case, the high concentra-

tions of tannins and other secondary compounds in oak

leaves made it challenging to obtain clean DNA sam-

ples of consistent concentration, and amplification suc-

cess for a single individual could vary considerably

from one extraction to another (see Data S4, Supporting

information). We develop models for both main error

types.
Fig. 1 Relationship between true and observed genotypes.

Dashed arrows indicate that we can calculate the probability of

a given true genotype given the observed genotype, as well as

the probability of observing a certain genotype given the truth.
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Mistyping occurs when an allele is amplified using

PCR and some copies are longer or shorter than the

true length. This ‘stutter’ can cause the length of an

allele to be misread by one repeat length (Garant et al.

2001)—in this case, two base pairs. Previous models

(Marshall et al. 1998; Hadfield et al. 2006) have gener-

ally assumed that if an allele is mistyped, the probabil-

ity of observing any ‘false’ allele is proportional to the

frequency of that allele in the population. However,

because it is unlikely that the observed allele will differ

greatly in length from the true allele except in the rare

case of contamination or sample mislabelling (Garant

et al. 2001; Bonin et al. 2004), we assume that only

alleles adjacent in length (differing by 1–2 bp and

expressed in Table 1 as ao ¼ a � 1) can be mistaken for

one another. Differences of one repeat length between

parent and offspring or between two samples from the

same tree may also occur because of mutation. Micro-

satellite markers have high mutation rates, which gener-

ate the high intrapopulation variation that makes them

useful for parentage analysis (Jones et al. 2010). How-

ever, by allowing for a relatively high rate of mistyping,

we prevent the inadvertent exclusion of potential par-

ents because of either mistyping or mutation.

Allelic dropout occurs when one of the two alleles at

a locus fails to amplify (expressed in Table 1 as ao ¼ 0).

Like mistyping, this error rate can be estimated by re-

genotyping multiple individuals and loci, because fre-

quently the allele that was missed on the first

genotyping will be detected in the second and vice

versa. The probability that a heterozygote will appear

to be a homozygote in our model is based on this re-

genotyping data. Null alleles can also cause a heterozy-

gote to be typed as a homozygote and are more

difficult to identify because they never amplify (but see

Chybicki et al. 2009). The presence of null alleles is sug-

gested by an excess of homozygotes in a population,

although this can also result from inbreeding. As with

mistyping and mutation, our method of treating allelic

dropout will ensure that individuals that are homozy-

gous because of null alleles are not eliminated as poten-

tial parents or offspring, but it should be noted that the

probability of a heterozygote being identified as a

homozygote calculated by regenotyping may be an

underestimate.

Let Go
i be the observed genotype, which can differ

from the true genotype of individual i by mistyping or

dropout error. A mistyping error (event E1) occurs with

probability p(E1) = e1 and a dropout (event E2) with

probability p(E2) = e2. These probabilities are taken as

fixed for each locus and are determined by regenotyp-

ing many individuals and loci. For two alleles at each

locus, define the matrix E =
E1;a1;E2;a1

E1;a2;E2;a2


 �
of binary



Table 1 Genotyping error probabilities

No error 1 Allele mistyped 1 Allele dropped

1 Allele dropped,

the other mistyped

Both alleles

mistyped

Observed genotypes ðao
1 ¼ a1;

ao
2 ¼ a2Þ

ðao
1 ¼ a1 � 1; ao

2 ¼ a2Þ
or

ðao
1 ¼ a1; ao

2 ¼ a2 � 1Þ

ðao
1 ¼ a1; ao

2 ¼ 0Þ
or

ðao
1 ¼ 0; ao

2 ¼ a2Þ

ðao
1 ¼ a1 � 1; ao

2 ¼ 0Þ
or

ðao
1 ¼ 0; ao

2 ¼ a2 � 1Þ

ðao
1 ¼ a1 � 1;

ao
2 ¼ a2 � 1Þ

Event E =
E1;a1;E2;a1

E1;a2;E2;a2


 �
0; 0
0; 0


 �
1; 0
0; 0


 �

or

0; 0
1; 0


 �

0; 0
0; 1


 �
0; 0
1; 1


 �

or

0; 1
0; 0


 �
1; 1
0; 0


 �

1; 0
0; 1


 �
1; 0
1; 1


 �

or

0; 1
1; 0


 �
1; 1
1; 0


 �

1; 0
1; 0


 �

No. of observable combinations 1 4 2 4 4

Probability of each combination
ð1� e1Þ2ð1� e2Þ2

1� e2
2

e1ð1� e1Þð1� e2Þ2

2ð1� e2
2Þ

ðð1� e1Þ2e2ð1� e2ÞÞ
1� e2

2

þ

ðe1ð1� e1Þe2ð1� e2ÞÞ
1� e2

2

e1ð1� e1Þe2ð1� e2Þ
2ð1� e2

2Þ
þ

e2
1e2ð1� e2Þ
2ð1� e2

2Þ

e2
1ð1� e2Þ2

4ð1� e2
2Þ

Total probability p(E)
ð1� e1Þ2ð1� e2Þ2

1� e2
2

2e1ð1� e1Þð1� e2Þ2

1� e2
2

2ð1� e1Þe2ð1� e2Þ
1� e2

2

2e1e2ð1� e2Þ
1� e2

2

e2
1ð1� e2Þ2

1� e2
2
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indicators, where the first row represents one allele and

the second row the other allele.

Both types of errors can occur for either allele. Both

errors can occur simultaneously at a locus, but if two

alleles are observed, then we know that event E2 has not

occurred, because dropout always results in the appear-

ance of a homozygote even if the other allele has been

mistyped. If a mistyping and a dropout event were to

occur at the same allele, only the dropout event will be

observed. In Table 1, we take this event into account.

When neither allele at a locus is observed, this could be

because of the same processes that cause only one allele

to amplify, but it may also be because of other causes—a

badly degraded sample, for instance. We therefore

assume that we do not observe the case where both

alleles drop out, which occurs with probability

p
0; 1
0; 1


 �
þ p

1; 1
0; 1


 �
þ p

0; 1
1; 1


 �
þ p

1; 1
1; 1


 �
¼ e2

2;

therefore, the probabilities in Table 1 are normalized by

ð1� e2
2Þ. Notice that the consequences of each possible

event are different for homozygotes and heterozygotes.

The full model for all individuals is therefore:
pðP;us;up fGog;fdgÞ/pðfdg us;up;PÞpðfGog Pj
�� ÞpðusÞpðupÞ

��
ð5Þ

where {d} is the set of distances between pairs of indi-

viduals, us and up are seed and pollen dispersal param-

eters, respectively, {Go} is the set of observed genotypes

of all individuals, and p(us) and p(up) are Gaussian
priors on the dispersal parameters. Priors were con-

structed based on data from the literature (Darley-Hill

& Johnson 1981; Dow & Ashley 1996; Fernandez-Man-

jarres et al. 2006; Li & Zhang 2003; Moore et al. 2007;

Nakanishi et al. 2004; Streiff et al. 1999b). We assigned

us a prior mean of 253, corresponding to a mean dis-

persal distance of 25 m, and a prior standard deviation

of 2000, truncated at 10 and 10 000. We assigned up a

prior mean of 1000, corresponding to a mean dispersal

distance of 70.2 m, and a prior standard deviation of

1500, truncated at 10 and 15 000 (see Data S4 for more

details, Supporting information).

In expanded format, the model may be written as:

pðP; us; up fGog; fdg; e1; e2; ffg; fcgj Þ

/
Y

k

�

ci0p di0i up

��� �
fip dik usjð ÞP

i;i0
ci0p di0i up

��� �
fip dik usjð Þ

�

�

 Q

l

p
�
Go

k;l Go
i0;l;G

o
i;l; e1;l; e2;l

��� �
P
i;i0

Q
l

p
�
Go

k;l Go
i0;l;G

o
i;l; e1;l; e2;l

��� �
�

pðusÞpðupÞ

ð6Þ

Thus far, the model appears computationally demand-

ing, because conditional probabilities are expressed in

terms of latent genotypes (eqns 1 and 2), which are

observed with error and therefore must be estimated.

Implementation with MCMC would require substantial

overhead to sample latent variables because of the large

number of potential pedigree combinations. These true

states do not appear in eqn 6 because we can marginalize

them away, expressing observed offspring genotype
� 2011 Blackwell Publishing Ltd



SEED AND POLLEN MOVEMENT: A BAYESIAN APPROACH 1255
conditioned directly on observed parent genotypes. Here,

we demonstrate that this is the case.

Consider the factor of eqn 6 relating to the probability

of the observed offspring genotype given the observed

genotypes of the proposed parents. Using the observed

genotypes and the genotyping error distributions, we can

calculate the probability that a given pair of parents

could give rise to an observed offspring genotype:

p
�
Go

k

��Go
i ;G

o
j

�
¼
Y

l

X
Gk;l

p
�
Go

k;l

��Gk;l

�X
Gi;l

X
Gj;l

p
�
Gk;l

��Gi;l;Gj;l

�

�p
�
Gj;l

��Go
j;l

�
p
�
Gi;l

��Go
i;l

�
¼
Y

l

p
�
Go

k;l

����Go
i;l;G

o
j;l

� ð7Þ

The probabilities pðGo
l Glj Þare contained in Table 1. To

obtain pðGl Go
l

�� Þ, we use Bayes theorem:

pðGl Go
l

�� Þ ¼
pðGo

l Glj ÞPðGlÞP
G

pðGo
l Glj ÞPðGlÞ

ð8Þ

When an individual has been genotyped more than

once at a given locus, we assume that these observa-

tions are independent:

pðGl Go
1;l

��� ;Go
2;lÞ ¼ pðGl Go

1;lÞpðGl Go
2;lÞ

������
Marginalizing away, the true states allow us to build

efficient algorithms for posterior simulation.
Implementation

Computation was implemented in R. Given the number

of potential parents, offspring and loci under consider-

ation, calculation of PðGo
k Go

i ;G
o
i0 Þ

�� is computationally

expensive. As these probabilities are independent of the

dispersal parameters, they were evaluated before

MCMC simulation, as described later. For each off-

spring, we create an (na + 1) · (na + 1) matrix Amatk,

where na is the number of genotyped adults. Amatk[i,i¢]
represents the probability of obtaining the observed

genotype of offspring k given Pk = (i,i¢) relative to all

possible parent combinations and where row (na + 1)

represents a hypothetical out-of-plot mother and col-

umn (na + 1) a hypothetical out-of-plot father.

First, p Gi;l Go
i;l

���� �
is calculated at a given locus l for all

potential true genotypes Gl for each adult i using eqn 8

and the probabilities given in Table 1. If an adult is un-

genotyped at locus l, or if i represents a hypothetical

ungenotyped out-of-plot parent, then

p Gi;l Go
i;l

���� �
¼ p Glð Þ ¼ freq G1;l

� �
freq G2;l

� �
:

Then, for the parent pair (i,i¢), we calculate p Gk;lj
�

Gi;l:;Gj;lÞ using Mendelian inheritance probabilities and
� 2011 Blackwell Publishing Ltd
p Gi;l Go
i;l

���� �
and store these probabilities in an nl · nl

matrix, Nmat. We then calculate p Go
k;l Gk;l

��� �
for each

offspring using the probabilities in Table 1 and store

these probabilities in an nl · nl matrix, Omat. Finally,

p Go
k;l Go

i;l;G
o
i0 ;l

���� �
¼
X

G

Nmat½a1; a2�Omat½a1; a2�

and Amatk[i,i¢] =

Y
L

p Go
k;l Go

i;l;G
o
i0;l

���� �
¼ p Go

k Go
i ;G

o
i0

��� �

The MCMC was then implemented in the following

sequence:

1. Initialize chain

An initial pedigree Pk = (mk,fk) is generated for each

seedling using Amatk, with a random draw (mk,fk)

� multinom(Amatk). Then for each step in the

Gibbs sampler:

2. Draw values for fi, ci

Distributions of fecundity values reflecting both

year-to-year variation and uncertainty in annual

fecundity estimates are developed for each tree as

described in Data S2 (Supporting information). A

new value for fi is drawn at the beginning of each

Gibbs step to mix over this variation and uncertainty;

ci is assumed to be proportional to fecundity.

3. Sampling of us,up conditioned on Pk

Dispersal parameters are sampled with a metropo-

lis step from the conditional distribution:

pðus;up Pj Þ

¼
Y

k

ci0p di0i up

���� �
fip dik us

��� �
P
i0

P
i

ci0p di0 i up

���� �
fip dik us

��� �pðup mp;sp

�� Þpðus ms;sp

�� Þ

where i and i¢ are the currently imputed parents, mp

and ms are the prior means, and sp and ss are the

prior standard deviations. A Gaussian jump distri-

bution is used to propose new values of up and us,

and the conditional probabilities are compared. If

pnew > pnow, where pnew is the conditional probabil-

ity of the proposed values and pnow is the condi-

tional probability of the current values, the

proposed values are accepted. If pnew < pnow, the

proposed parameter values are accepted with prob-

ability a = pnew ⁄ pnow.

4. Sampling of Pk conditional on us,up

Each seedling has a currently imputed pedigree—a

mother ⁄ father pair (i,i¢). For the purposes of pro-

posing new pedigree values, an (na + 1) · (na + 1)

matrix, ppmatk, is created for each seedling such

that ppmatk [x,y] = 1 if Amatk [x,y] > 0; otherwise,
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ppmatk [x,y] = 0. A new pedigree is proposed from

(i*,i¢*) � multinom(ppmatk). This step speeds con-

vergence by avoiding proposing parent pairs

deemed impossible based on genotype, while

allowing all combinations of parents not ruled out

by genotype to be explored.

We then evaluate the conditional probability of the

proposed pedigree relative to the current pedigree,

given the currently imputed dispersal parameters

using:

pðPk¼ði;i0Þ usj ;upÞ¼pðdi0i;dik us;up;PkÞpðGo
k Go

i ;G
o
i0

�� Þ
��

¼
ci0p di0i up

��� �
fip dik usjð ÞP

i0;i

ci0p di0 i up

��� �
fip dik usjð Þ

pðGo
k Go

i ;G
o
i0

�� ÞP
i;i

pðGo
k Go

i ;G
o
i0

�� Þ

for father i¢ and mother i. The proposed values are

accepted or rejected for each seedling as described

in the previous step.

5. Steps 2–4 are repeated until the chains converge.
–2
00

–1
00

0
10

0

Y

Simulation

Multiple simulations were conducted from different ini-

tial conditions to assure that chains converged to the

posterior distribution (Data S5, Supporting informa-

tion). Estimates of us and up converged quickly—gener-

ally within 100–2000 steps, depending on initial

conditions. Testing with simulated data sets showed

that the approach assigned the highest probabilities to

the correct parent pair 97% of the time on average.

Incorrect parentage assignment was usually caused by

a large number of genotyping errors or ungenotyped

loci in the parent–offspring pair (>3 mismatches or

missing values). For an average of 86% of seedlings in

a given simulation, the most frequently identified

mother and father were the true mother and father,

whereas for 11% the parents were ‘inverted’—the true

mother identified as the father and vice versa. Inver-

sions occur because the only information we have that

can help to identify mother vs. father is their location;

however, the occurrence of inversions did not have

large effects on the dispersal parameter estimates. For

simulations in which the stand dimensions and plot

number were those of the actual Duke Forest stand, the

true us fell within the 95% CI of the dispersal estimate

in all simulations. Estimates deteriorated as stand area

declined.

–200 –100 0 100 200

X

Fig. 2 In-plot mother–offspring pairs (black lines). Blue cir-

cles—adult trees. Green circles—seedlings. Black squares—

seedling sampling plots. Black circles indicate corners of

mapped stand.
Application to field data

The mapped plot contained 118 potential parent trees,

while seedling plots contained 219 red oak seedlings.

Multiple independent runs were performed with differ-
ent initial values for parentage and dispersal parameters,

to ensure model convergence. The chains were run for a

total of 50 000 steps, with a burn-in of 30 000 steps.
Results

Independent runs show that both parentage and dis-

persal estimates converged to the posterior distribu-

tions. For 16% of the 219 genotyped seedlings, the

estimated parents were both genotyped, in-plot adults.

For 19.6% of seedlings, the father was estimated to

be an in-plot individual and the mother an out-of-plot

(unsampled) individual, while for 27.4% the father was

identified as an out-of-plot individual and the mother

as an in-plot individual. For 37% of seedlings, neither

parent was estimated to be among the genotyped trees

within the 12 ha plot. In-plot mother–offspring pairs are

shown in Fig. 2. It should be noted that, for parentage,

the posterior takes the form of a multinomial for each

seedling. The ‘estimated parents’ are the parent pair

with the highest posterior probability.

The posterior mean for the seed dispersal parameter,

us, was 6300 (95% CI 5380–7220), corresponding to a

mean dispersal distance of 127.7 m. The lower and

upper bounds of the 95% credible interval correspond

to mean dispersal distances of 115–133 m. The posterior

mean for the pollen dispersal parameter, up, was 12 900

(95% CI 11 880–13 920), corresponding to a mean dis-

persal distance of 178.2 m. The lower and upper

bounds of the 95% credible interval correspond to

mean pollen dispersal distances of 171–185 m. Esti-

mated dispersal kernels, with credible intervals, are

shown in Fig. 3. Notice that the pollen dispersal kernel,
� 2011 Blackwell Publishing Ltd
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in blue, is much flatter than the seed dispersal kernel at

short distances, whereas at longer distances probabili-

ties of both seed and pollen dispersal decline. However,

if seed and pollen production is high, both kernels

allow for a relatively high level of long-distance gene

flow because of their fat tails (Clark et al. 2001). Poster-

ior distributions for both dispersal parameters diverged

substantially from prior distributions, indicating that

data were highly informative (Data S4, Supporting

information).

The mean distance between mothers and offspring

within the plot was 72.4 m (range 3.1–248 m), and the

mean observed father–mother distance was 101.6 m

(range 8.7–229 m). These values are both shorter than

the means for the dispersal kernel, as the overall esti-

mate takes into account dispersal from outside the plot.

For comparison, the average distance from a seedling to

the nearest adult tree was 14.4 m (max 374 m), and the

average nearest-neighbour distance between adults was

14.9 m (max 413 m).
Discussion

The Bayesian ‘full probability’ approach presented here

combines a number of useful features not previously

found within any single model of plant dispersal and

parentage. It simultaneously estimates parentage and

dispersal kernels for seed and pollen, making full use

of both genetic and ecological data. Unlike some of the

full probability models currently in use (Jones et al.

2010), it explicitly takes into account the two most com-

mon types of genotyping error affecting microsatellite
� 2011 Blackwell Publishing Ltd
markers, mistyping and dropout. It also takes into

account the fact that mistyping errors are more likely to

occur between alleles of similar length, because of PCR

stutter (Garant et al. 2001; Bonin et al. 2004). The use of

numerical integration (described fully in Data S3, Sup-

porting information) enables consistent treatment of the

dispersal process both inside and outside the plot,

which is critical if the dispersal kernel is to reflect both

long- and short-distance movement. Previous parentage

studies have shown that it is often not appropriate to

assume that the closest parent is the mother (Ashley

2010). Our model makes no such assumptions, and all

adults are considered as potential mothers and fathers.

Finally, the flexible Bayesian framework enables the

inclusion of prior information about the dispersal pro-

cess and a coherent treatment of uncertainty (Hadfield

et al. 2006).
Example population: red oak at Duke Forest

The estimated seed dispersal parameter in this study

(us = 6300, mean distance 124.7 m) was considerably

higher than previously estimated using inverse model-

ling of seed-trap data (us = 34.9, mean distance 9.28 m)

(Clark et al. 2010). It is not unexpected that genetic

analyses should reveal longer effective dispersal dis-

tances, as seed-trap data for Quercus reflect only the

initial pattern of seedfall before secondary dispersal by

vertebrates, and the fit for seed-trap-derived dispersal

kernels in Quercus was the poorest of all taxa occur-

ring in our North Carolina plots (Clark et al. 1998b).

Still, the difference between the gravity-created seed

shadow and effective dispersal kernel at this site is

striking.

The high parent–offspring distances observed could

be partly due to density-dependent mortality acting

between germination and the time of sampling (Con-

nell 1978; Janzen 1970). Distance-dependent mortality

(because of adults harbouring pests or pathogens) is

likely to be of minor importance to this population:

seedlings exhibit 85% survival in their first year and

95.9% annual survival thereafter even though half are

located within 14 m of an adult, and none are more

than 60 m from an adult (unpublished data). In addi-

tion, some true in-plot parents may have died, leading

to an overestimate of the number of out-of-plot par-

ents. Many of the seedlings sampled were at least

5 years old; no mast year occurred during the 3 years

of this study, and few new seedlings were produced.

Because oaks lack a seed bank (Hille Ris Lambers et al.

2005), first-year seedlings can be assumed to have liv-

ing parents, so in future studies, it would be desirable

to focus on newly recruited seedlings following a mast

year.
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These caveats aside, the long seed dispersal distances

observed at Duke Forest are not an artefact of the

model, nor do they necessarily apply to all red oaks. A

second mixed-species population, located in the south-

ern Appalachians, exhibited similarly high pollen dis-

persal but the average seed dispersal distance was only

15 m (Moran & Clark in review). Effective dispersal dis-

tances can vary substantially between sites because of

difference in the abundance or activity of dispersal vec-

tors or in the distribution of suitable recruitment sites

(Schnabel et al. 1998; Cousens et al. 2008; Terborgh

et al. 2008; Chybicki & Burczyk 2010). While a number

of studies have found restricted seed dispersal distances

in oaks, as might be expected for a heavy-seeded tree

dispersed by rodents (Dow & Ashley 1996; Garcia &

Houle 2005; Chybicki & Burczyk 2010), others have sug-

gested that dispersal by birds could add a significant

long-distance component to the dispersal kernel (John-

son & Webb 1989; Johnson et al. 1997; Gomez 2003).

Blue jays are common in the Blackwood Division of the

Duke Forest (http://www.duke.edu/~jspippen/birds/),

and previous studies have shown that jays often

transport acorns >1 km and may harvest >50% of the

seed crop (Darley-Hill & Johnson 1981). Grey squirrels

are also abundant at Duke Forest (Moran & Clark in

review), and cache pilferage and the frequent re-caching

of seeds by rodents can move a seed much further than

the initial cache distance (Vander Wall 2001; Roth &

Vander Wall 2005).

The pollen dispersal parameter for Duke Forest con-

verged at a value of 12 900, corresponding to a mean

effective dispersal distance of 178.2 m. Wind-blown pol-

len can travel extremely long distances, but because oak

pollen degrades relatively quickly in UV light (Schueler

et al. 2005), and because nearby trees may produce

large amounts of pollen, effective pollen dispersal may

be much shorter than physical pollen transport dis-

tances (Ducousso et al. 1993). In some closed-canopy

oak forests, short-distance matings appear to predomi-

nate (Fernandez-Manjarres et al. 2006), and some sparse

or fragmented oak populations show evidence of pollen

limitation (Knapp et al. 2001; Sork et al. 2002). Never-

theless, most previous studies in Quercus species have

observed high out-of-plot paternity, usually in the range

of 50–70% (Dow & Ashley 1996; Streiff et al. 1999a;

Nakanishi et al. 2004; Chybicki & Burczyk 2010).

Despite the fact that our censused plot was larger than

in previous studies (generally <6 ha, vs. 12 ha in this

study), we also found a similar proportion of out-of-

plot paternity: 64.4%.

Because genetic structure results showed almost no

differentiation between co-occurring red oak species at

Duke Forest (Moran et al. in review), in this analysis,

all individuals were treated as potential parents and
offspring, regardless of morphological species classifica-

tion. Just over 14% of Duke Forest seedlings were esti-

mated to have a parent that was classed as a different

species—for example, a ‘Q. velutina’ mother assigned to

a ‘Q. rubra’ seedling. Hybridization rates have not been

estimated for red oaks, but in white oaks the rates of

hybridization between co-occurring species range

between < 2% (e.g. Muir & Schlotterer 2005; Curtu

et al. 2007) and > 25% (e.g. Bacilieri et al. 1996, Craft &

Ashley 2007). Not all seedlings matched to heterospeci-

fic parents are necessarily true hybrids, but the low

amount of genetic differentiation between adults classi-

fied morphologically as different species, and the steep

decline in plausible in-plot parents when heterospecific

individuals are excluded suggests that interspecific gene

flow has been fairly common over multiple generations.

This issue is discussed at length in Moran et al. (in

review).
Model framework: benefits and caveats

In the example analysis discussed previously, we made

several simplifying assumptions, which may not be

appropriate for all situations. Where data on pollen pro-

duction can be obtained, this information can and

should be substituted for the simplistic assumption of

proportional seed and pollen production. Likewise, if

data contradict the assumption of similar adult density

on all sides outside the plot, these data should be incor-

porated. For instance, if the plot is located at a forest

edge, such that the only nearby adults would be to the

south and east, one might choose to consider only those

directions as potential seed and pollen sources. The

multinomial genotyping error probabilities can also be

modified to allow for mistyping errors between alleles

more than one repeat length apart, although because

this will increase the number of possible parent pairs

this change greatly increases run times. Calculation of

the probability of offspring genotypes given parental

genotypes was the most computationally expensive

step.

The full model given in eqn 6 can be generalized as:

pðP; hp; hs; b
��fGog; fdg; x; e1; e2Þ

/
Y

k

�

p
�
di0i

��hp

�
p
�
dik

��hs

�
fðx; bÞP

i;i0
p
�
di0i

��hp

�
p
�
dik

��hs

�
fðx; bÞ

�

�

 Q

l

p
�
Go

k;l

��Go
i0;l;G

o
i;l; e1;l; e2;l

�
P
i;i0

Q
l

p
�
Go

k;l

��Go
i0 ;l;G

o
i;l; e1;l; e2;l

�
�

pðhÞpðbÞ

The dispersal kernels for seed and pollen are charac-

terized by sets of one or more parameters hs and hp.

The function f(x,b) represents the weight provided by
� 2011 Blackwell Publishing Ltd
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covariates x. In our example, f(x,b) is simply the prod-

uct of fi and ci¢, but one could also choose a set of cova-

riates (such as diameter, age) that are related to

probability of parentage according to an equation with

parameters b, much as is performed in the seedling

neighbourhood model (Burczyk et al. 2006). Genotyping

error rates e1 and e2 could also be treated as parameters

to be estimated rather than constants (Hadfield et al.

2006), but keep in mind that the more parameters, the

greater the amount of data needed to obtain good esti-

mates for all parameters.

In any Bayesian analysis, it is important to carefully

consider the choice of priors. In this example, priors

were chosen to reflect information from previous stud-

ies indicating that pollen dispersal in oaks is generally

more extensive than seed dispersal, but our results

were not very sensitive to changes in the prior mean.

When the number of in-plot parent–offspring pairs with

zero genetic mismatches is low, very wide priors can

lead to an upward drift in dispersal parameter esti-

mates; with lower genotyping error rates or larger num-

bers of potential parents within the plot, this becomes

less important (Data S4, Supporting information). The

size of the censused plot can also affect the accuracy

and precision of dispersal estimates. Simulations can

help to determine how large an area may be need for

the system of interest (Data S5, Supporting information,

see also Clark et al. 1998b; Cousens et al. 2008). Using

simulated data, we found that, for u’s between 50 and

1000 and a population density similar to Duke Forest,

one would need a censused area greater than

300 · 300 m and more than 150 seedling census plots to

obtain consistently accurate dispersal and parentage

estimates. The true Duke Forest stand was 390 · 430 m

and included 273 seedling census plots, and in simula-

tions, the correct parent pair was identified 97% of the

time.

The model presented here is the first to combine

simultaneous estimation of dispersal and parentage for

a monoecious plant with a realistic model of genotyp-

ing error. The hierarchical Bayesian framework easily

accommodates multiple types of data as well as prior

information, while posterior distributions for the

parameters of interest incorporate uncertainty at both

the data and process level. Full probability models and

hierarchical Bayesian models in particular can be com-

putationally and mathematically demanding. However,

their ability to deal with the multiple factors known to

affect the probability of parentage in plants in a coher-

ent way, and to deliver better estimates of both dis-

persal and parentage (Jones et al. 2010), will only

make such models increasingly useful in the future as

computing and statistical resources continue to

improve.
� 2011 Blackwell Publishing Ltd
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