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Abstract. To make quantitative predictions about the pollen dispersal of a plant species
under different environmental conditions, it is necessary to determine its individual pollen
dispersal function, i.e., the two-dimensional density function describing the probability that
a pollen grain emitted in (0, 0) fertilizes an ovule in (x, y). This function will depend on
biological and climate parameters. We present models for the individual dispersal function
of corn. These models are based on Brownian motion with drift and integrate biological
(difference of height between male and female flowers) and aerodynamic (settling velocity,
wind speed, air turbulence) parameters. The models presented differ in the importance of
vegetation in stopping the paths of pollen grains.

The models were fitted to data from two large field experiments of corn using the color
of kernels as a phenotypic marker for pollen dispersal. The resulting estimations for the
parameters of the models and comparisons between models indicate that (1) these models
can provide good predictions of the observed data, (2) vegetation is not the major obstacle
that stops pollen paths, and (3) there is a benefit in considering the difference in height
between male and female flowers. Furthermore, values of the parameters estimated from
dispersal data appear consistent with meteorological and biological data acquired indepen-
dently.

Key words: com pollen; deconvolution; field experiment, large scale; gene flow; maize; mete-
orological parameters influence pollen dispersal; parameter estimation; pollen dispersal, estimation
of; pollen dispersal, mechanistic models for; risk assessment; transgenic crops, risk of release in the
environment; transgenic plants.

INTRODUCTION transgenic DNA in traditional landraces (Quist and
Pollen dispersal is a question of interest in many ChaPela 2001' but see Christou [2002] for a contra-

biological fields: population genetics and ecology (in diction). Because a pollen gram can be seen as a par-
relation with gene flow and the structure of populations; dcle>me study of pollen dispersal by wind shares ques-
e.g., Hamrick and Nason 1996), pollination biology tions and methods with other scientific topics such as
(for the study of reproductive systems and hybridiza- seed dispersal by wind (Portnoy and Willson 1993,
tion; e.g., Morris et al. 1994, Young and Schmitt 1995), clark et al- 1999)> sP°re dispersal (Aylor 1990, Mc-
agronomy (for the genetic purity of crops or seeds; Cartney and Fitt 1998), or pollutant dispersal (Wang
Bateman 1947), paleoecology/palynology (for the re- and Shallcross 2000).
construction of past vegetation patterns; Jackson and There are two general concerns addressed by exper-
Lyford 1999), phytopathology (for the transmission of imental and theoretical studies of particulate dispersal,
pathogens by pollination insects; Roche et al. 1995) First, what is the global shape of dispersal curves over
and allergology (Durham 1946). Recently, the need for long distances? This question is applicable to the col-
studies concerning pollen dispersal (and particularly onization of empty spaces by seed dispersal (Le Corre
long-range dispersal) has been heightened by the de- et al. 1997, Clark 1998), the spread of an allele in a
velopment of genetically modified plants and debates population by seed and pollen dispersal (Fisher 1937,
resulting from their large-scale cultivation (Gliddon Kot etal. 1996), and the spread of a pathogen by spores
1999). More recently a new page of this debate was (McCartney and Fitt 1998). The shape of the seed dis-
written for corn with the supposed observations of persal curve also plays a role in the spatial structure

of a population (Bolker and Pacala 1997) or in genetic
diversity at equilibrium (Tufto etal. 1998). The second

responding Editor: S. T. Jackson. concern is precise quantitative knowledge of the dis-
3 E-mail: etienne.klein@ese.u-psud.fr persal curve required to make quantitative predictions
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or estimations. This is the case in allergology, in pa-
leoecology (Jackson and Lyford 1999), and in agron-
omy or environmental studies to predict precisely the
level of pollen flow between two fields or from a field
to feral populations or populations of wild relatives
(Kareiva et al. 1994).

Many experimental studies have been published con-
cerning the dispersal of biological particles by wind.
The experiments observing the dispersal of spores and
seeds are reviewed, respectively, in McCartney and Fitt
(1998) and Portnoy and Willson (1993). We shall focus
on pollen dispersal. Although wind dispersal is the
most common for pollen, it has been understudied com-
pared to insect-mediated pollination. Concerning par-
ticularly the escape of transgenes by pollen, a large
number of dispersal studies have been devoted to in-
sect-pollinated crop species including potato (Mc-
Partlan and Dale 1994, Skogsmyr 1994, Conner and
Dale 1996), tobacco (Paul et al. 1995a), cotton (Llew-
ellyn and Fitt 1996), and radish (Klinger et al. 1991).
There have been comparatively few experimental stud-
ies of wind pollination: a study on corn (Bateman 1947,
reanalyzed by Tufto et al. [ 1997]) and more recent stud-
ies on Plantago lanceolata (Tonsor 1985) and meadow
fescue (Nurminiemi et al. 1998) as model plants. Oil-
seed rape pollination has been well studied (McCartney
and Lacey 1991, Manasse 1992, Scheffler et al. 1993,
1995, Paul et al. 19956, Timmons et al. 1995, Cresswell
1997, Lavigne et al. 1998), but is a complex case be-
cause pollen dispersal by both wind and insects occurs
(Mesquida and Renard 1982).

Two basic approaches have been used to measure
dispersal. The studies that focus on the physical dis-
persal of pollen grains use pollen traps to observe the
pollen density at different distances from a source (e.g.,
Bateman 1947, Raynor et al. 1972, McCartney 1990,
McCartney and Lacey 1991). However, in most of the
studies cited above, pollen dispersal was measured by
observing the presence of a genetic marker in the prog-
eny of sampled plants, as first proposed by Bateman
(1947). A patch of plants homozygous for a monogenic
dominant marker is used as a pollen source inside a
larger patch containing plants homozygous for the re-
cessive allele. Therefore, the presence of the marker in
an offspring of a sampled plant is the observation of
an occurrence of efficient pollen dispersal and polli-
nation from the marked source. Such experiments have
been performed with phenotypic markers such as seed
color (e.g., Bateman 1947), flower color (e.g., Manasse
1992), and resistances encoded by a transgene (e.g.,
Lavigne et al. 1998), with biochemical markers (e.g.,
Klinger et al. 1991, Nurminiemi et al. 1998), or with
molecular markers (microsatellites in Dawson et al.
[1997] or PCR (polymerase chain reaction) methods in
Paul et al. [19956]). The proportion of seeds containing
the marker at different distances from the marked
source is observed in these experiments. It results from
the dilution of the pollen dispersed from the marked

source in the pollen dispersed by the nonmarked
source.

At this point, it is fundamental to stress the difference
between the backward and the forward pollination
functions. The backward dispersal function is "the pro-
portion of ovules in recipient plants at a given distance
that are fertilized by the source plant," whereas the
forward dispersal function is "the proportion of the
source plant pollen (that fertilizes ovules) at a given
distance" (Latta et al. 1998:62). The "backward dis-
persal function" describes the pollen cloud composi-
tion and it is directly observed from the experiment
but is very sensitive to the experimental design (sizes,
shapes, and positions of the marked and non-marked
sources). The forward dispersal function, hereafter
named "individual dispersal function," is easier to
model by mechanistic approaches (Greene and Johnson
1989, Aylor 1990, Tufto et al. 1997), almost indepen-
dent of the experimental design, but is not directly
observable since it is hardly possible to track all the
pollen emitted by one plant. This second function is a
robust measure of dispersal, which can be used in var-
ious designs to predict the pollen cloud and thus gene
movement through pollen. Wright (1943) and Haldane
(1948) introduced it early in population genetics to
study gene migrations and it is regularly used in the-
oretical studies under the name of "dispersion kernel"
(Kot et al. 1996, Clark 1998). A major advance for
dispersal studies has been in the publication of methods
to estimate individual dispersal from the observation
of pollen cloud composition (Lavigne et al. 1996,1998,
Tufto et al. 1997, Nurminiemi et al. 1998). The un-
derlying statistical problem is a "deconvolution prob-
lem," largely studied in many domains (telecommu-
nications, signal or image treatment, Rosenfeld and
Kak 1982) but not in biology, despite the numerous
dispersal experiments conducted with similar designs.
These methods have been proposed in parallel with
those to estimate individual seed shadow from seed
traps data beneath a canopy where seed shadows are
overlapping (Ribbens et al. 1994, Clark et al. 1999).

Models for dispersal functions of wind-dispersed
particles are essentially of two types (McCartney and
Fitt 1985). First, empirical models that are used to fit
experimental data are chosen for their mathematical
simplicity. They are essentially negative exponential
and power-law functions, which allow modeling of the
majority of possible decreases of the tail of the dis-
persal function (Gregory 1968, Aylor 1987, Portnoy
and Willson 1993, but see Bullock and Clarke [2000]
for a contradiction). Bivariate normal or Weibull dis-
tributions are also used (Tufto et al. 1997).

Second, mechanistic models are built at the scale of
the pollen grain by modeling many physical phenom-
ena describing the air flow in which the particles are
dispersed and the conditions for their emission, trans-
port, and deposition (Aylor 1990, Andersen 1991, Mc-
Cartney and Fitt 1998). They are very informative be-
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cause the parameters used have a physical or biological
interpretation. However, they often lead to heavy math-
ematical expressions with numerous parameters, or
even only to numerical solutions. Three families of
mechanistic models can be distinguished: (1) Gaussian
plume models and (2) gradient-diffusion models, both
originating from an Eulerian approach (McCartney and
Fitt 1985, Greene and Johnson 1989, Okubo and Levin
1989, Aylor 1990) and (3) Lagrangian random-flight
models that account for randomness in the path of a
pollen grain (Aylor 1990, Andersen 1991, Tufto et al.
1997). All these models are usually used only to
achieve predictions of dispersal patterns using physical
measures of the parameters and not to fit dispersal data
(e.g., see Aylor and Ferrandino 1989, Andersen 1991).
The Eulerian approaches generally fail to describe cor-
rectly the observed dispersal patterns (Aylor 1990, An-
dersen 1991, Bullock and Clarke 2000), while the La-
grangian random-flight approach is more adequate, in
particular because it allows for vertical stochasticity in
the trajectory (Andersen 1991).

Because the measures of many parameters are often
impractical in natural conditions, an intermediate ap-
proach is to consider only the few major phenomena
that account for the dispersal pattern (e.g., wind thresh-
old for emission in Tufto et al. [1997]). This allows
one to construct models simple enough to be fitted to
experimental data, but sophisticated enough to contain
parameters that have a physical meaning. They can be
considered as quasi-mechanistic models. This is the
point of view developed in this paper. We present new
models for wind dispersal of pollen derived from a
Lagrangian random-flight model. The parameters taken
into account are the difference of height between male
and female flowers, the settling velocity of pollen
grains, the mean wind intensity, and the turbulence.
Our models extend the work of Tufto et al. (1997) and
are closely related to models used for sand dispersal
by Barndorff-Nielsen (1997).

These new quasi-mechanistic models for individual
dispersal function are presented in the first part of the
next section. The relation between individual dispersal
function and backward dispersal function is presented
in detail in the second part of the next section. Our
models are tested using data from two large field dis-
persal experiments. We monitored dispersal of a dom-
inant phenotypic marker (blue-colored grains) from a
patch of plants located at the center of a field of un-
marked plants (yellow grains). Corn was chosen as a
model crop because its pollen is wind dispersed and
because it is the first crop species of which a transgenic
variety has been cultivated in Europe for commercial
purposes. The experimental designs and data collected
are presented in Section 2, Experimentation, below.
The third major section, Statistical methods and data
interpretation, below, is devoted to the statistical ap-
proach used to retrieve the individual function from
the observed dispersal pattern. We chose to fit the qua-

si-mechanistic models presented in the next section to
the experimental results using a parametric approach
based mainly on the maximum likelihood criterion.
This is achieved in the fourth major section, Estimation
of an individual dispersal function . . . , below. The
different models proposed are compared with regard to
the experimental data. We then check the consistency
of the estimated values of the meteorological, physical,
and biological parameters with values obtained inde-
pendently.

MODELING THE INDIVIDUAL DISPERSAL FUNCTION
AND THE BACKWARD DISPERSAL FUNCTION

New models for individual dispersal functions
The individual dispersal function y(x, y) describes

the probability that a pollen grain emitted at point (0,
0) falls at point (x, y) (Lavigne et al. 1996, 1998) (see
Table 1 for notations). It is a two-dimensional proba-
bility density function.

Because the parameters of classical empirical func-
tions (exponential, geometric,. . .) have no physical
or biological meaning and because these functions are
usually restricted to isotropic dispersal patterns or to
one-dimensional dispersal observations (along a tran-
sect), we used an alternative quasi-mechanistic ap-
proach to derive new models for individual dispersal
functions. We adapted these functions to the biology
of corn, in particular by considering that the female
flowers are at significantly lower height than the male
ones.

In what follows, we assume that the path of a pollen
grain can be suitably modeled by a three-dimensional
Brownian motion with drift, describing its coordinates
(Xr Y, Z,) as functions of time t (Borodin and Salminen
1996, Tufto et al. 1997). The Brownian motion is a
random walk in continuous time and space. This path
begins at point (0, 0, 0) at time / = 0. Moreover, the
three Brownian motions related to each coordinate are
assumed to be independent:

dX, =
dY, =
dZ, =

and
azdW<f>

= 0
= o
= 0

(1)

where dX, dYr and dZ, are the infinitesimal displace-
ments during the time dt, p, and JJL,, are horizontal drift
parameters, due to mean wind speed and directionality,
\i, is the vertical drift due to gravity, o-*, o-*, and o-* are
the variance parameters related to atmospheric turbu-
lence, Wf> are Brownian motions, and dWf> describe
infinitely small random perturbations affecting the tra-
jectory during the time dt. The establishment of indi-
vidual dispersal functions from this model is carried
out in two steps. First, we derive the distribution of
pollination times, denned as the time when the pollen
grain stops its course on a female flower. For this, we
assume that the female flowers are situated at height
h < 0 (the male flowers being at height 0). Second,
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TABLE 1. Notations used throughout the present study.

Symbol Meaning

•"(*, y)
m
m, v-y
0"*, "y, °
GHD
NIG
GTM
*» \* ^
TM
V tx, IT
WTM\>, K, ecB, J,F
f
K

"t
MLE
LSE

Individual dispersal function (also called "forward dispersal function")
Backward dispersal function
Settling velocity
Mean wind speed components over the entire dispersal period
Turbulences in the three directions
Generalized hyperbolic distribution
Normal inverse Gaussian
Generalized Tufto model
Synthetic parameters for the dispersal function models GHD, NIG, and GTM
Tufto model (Tufto et al. 1997)
Synthetic parameters for the dispersal function model TM
Wind threshold model (Tufto et al. 1997)
Synthetic parameters for the dispersal function model WTM
Sets covered respectively with blue, yellow, or any plant
Fourier transform
Total number of sampled ears for a given experiment
Location of the *"• sampled ear
Total number of seeds on the #* sampled ear (considered as a covariate and

assumed constant, equal to N)
Number of blue seeds observed on the If' sampled ear
Maximum likelihood estimator
Least squares estimator

from these pollination times we derive the coordinates
(in the xy plane) where the pollination occurs. These
two steps are detailed in the two following sections.

Three models for pollination times (see the Appen-
dix).—

1. Vegetation predominance and exponential hitting
times.—Assuming that vegetation is the main factor
that stops pollen grains, Tufto et al. (1997) modeled
the time taken by a pollen grain to hit any kind of
vegetation by using a random variable T, exponentially
distributed (with parameter \, biologically related to
the density of the vegetation), independent of the
Brownian motion. Such a random variable has a prob-
ability density function

Mt) = X exp[-\/]/(e0) (2)
where /(} is the indicator function, taking value 1 if "."
is true and 0 elsewhere. This assumption is not perfectly
realistic because, contrary to reality, the pollen grains
traveling above the canopy have the same probability
of stopping in their path as the grains within the canopy.

In order to consider only the pollen grains that par-
ticipate in pollination, only the times when a pollen
grain hits a female flower are considered. In Tufto et
al. (1997), those parts of vegetation are the heights h
= 0. We generalize their results by considering the
height h. This leads to the following conditional dis-
tribution (see the Appendix, Eq. A. 16):

x exp 2 2of
where

'l = 2X + uj/oi

(3)

(4)

2. Ground predominance and inverse Gaussian dis-
tributions for hitting times.—We propose another mod-
el for the pollination time by assuming that a pollen
grain fertilizes an ovule when it first reaches the height
Z = h. Pollination time is thus denned as

= inf {t\Z, = h}. (5)

Provided that m and h have the same sign (which is
the case since gravity makes u,, negative), the proba-
bility density function of this random variable T is
given by the following (Borodin and Salminen 1996):

=

exp 2o-? 2o-f (6)

This distribution is called an inverse Gaussian distri-
bution (Barndorff-Nielsen 1997).

We refer to this model as "ground predominance"
because it describes well the case where a pollen grain
either pollinates the first time it crosses height h or falls
to the ground and dies (see Discussion).

3. Intermediate position and generalized inverse
Gaussian laws.—Eqs. 3 and 6 appear very similar, ex-
cept for the exponent —a of the factor / in front of the
exponential part (a = 1/2 in Eq. 3 and a = 3/2 in Eq.
6). This leads us to propose a more general model
including the two above, which allows one to moderate
but not eliminate the influence of vegetation on the
pollination time. Larger values of a would correspond
to less interference of the vegetation. In this model,
the pollination time T" is assumed to follow the dis-
tribution defined by the density (Barndorff-Nielsen
1997 and the Appendix):
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where

]_
s'

5 = 2 'IAM-.I

(7)

(8)

and Kv(x) is the modified Bessel function of the third
kind. These distributions belong to the family of the
generalized inverse Gaussian. Their first use was the
modeling of sand transport by wind.

Three models for the individual dispersal function
(see the Appendix).—Once the distribution of the pol-
lination time is known, the distribution of the polli-
nation location (in the xy plane) can be derived using
three intermediate results:

1) The three Brownian motions are independent,
which implies that the pollination time is independent
of (X. r,)K0.

2) (X, Y,) follows a Gaussian distribution with mean
and covariance proportional to t (Karlin and Taylor
1981).

3) The law of total probability (Karlin and Taylor
1981) then leads to the distribution of the pollination
point, which is exactly the individual dispersal func-
tion.

Using the intermediate model for pollination time (a
generalized inverse Gaussian distribution, Eq. 7) re-
sults in a generalized hyperbolic distribution GHD(a,
Xj, X.,, Xy, S.,, 8 )̂ for the individual pollen dispersal (Eq.
A. 11 in the Appendix). The name "generalized hy-
perbolic distributions" (GHD) originates from Barn-
dorff-Nielsen (1997). Seven physical and biological pa-
rameters were present in the quasi-mechanistic models,
and only five remain in this parametric family of in-
dividual dispersal functions. This is because time and
space can be rescaled, leaving the individual dispersal
function invariant.

The distribution of pollination time r defined by Eqs.
3 and 4 (vegetation predominance model) is a particular
case of generalized inverse Gaussian distribution with
a = 1/2. This leads to a pollination position (in the xy
plane) distributed according to the particular general-
ized hyperbolic distribution GHD(l/2, Xn X,, X,, 8,, 8,)
(Eq. A. 18 in the Appendix). We call it "GTM" (for
generalized Tufto model).

If we assume the ground predominance model, the
pollination time T is a random variable following the
inverse Gaussian distribution defined by Eq. 6, and the
individual pollen dispersal family is again a sub-family
of general GHD family: GHD(3/2, XCT *„ X,, 8^ 5y),
named "normal inverse Gaussian" (NIG) (Barndorff-
Nielsen 1997 and Eq. A.20 in the Appendix).

Convolution products: modeling the backward
dispersal function

We consider an experiment in which a patch of plants
homozygous for a dominant marker (blue-colored

grains in what follows) is grown in a field of plants
homozygous for the absence of marker (yellow-colored
grains). The backward dispersal function, ir(x, y), is
defined as the proportion of pollen originating from the
marked source in the pollen cloud at point (x, y). It is
the result of the individual dispersal of pollen grains
from many plants, both marked and non-marked. It is
observed with noise when counting the proportion of
marked seeds in a sample of seeds harvested at point
(r, y) of the field. The backward pollen dispersal is re-
lated to the individual dispersal function. Provided that
(1) pollen dispersal of all plants in a field have the same
individual dispersal function, (2) both plant types pro-
duce the same amount of pollen, and (3) both pollen
types are equally efficient (equal viability, equal ger-
mination rate, equal fertilization effectiveness), the pro-
portion of "blue" pollen grains at point (x, y) relative
to the total number of pollen grains at point (x, y) is

- xt,y - yt)

-xt,y- yt) - xt,y - yt) (9)

where B and J are the sets of indexes corresponding
to, respectively, blue and yellow plants and where (xb
yt) are the positions of those plants in the field. This
approach was used by Tufto et al. (1997: Eqs. 21 and
24) and Nurminiemi et al. (1998). When the number
of emitting plants becomes large, this equation be-
comes similar to its continuous version:

x. y) = y(x - x',y - y')dx' ay'

y(x - x',y - y')dx' dy'

IL -/(x - x',y ~ y')dx' dy'

(10)
where B and J are now the sets (parts of the space)
covered, respectively, with blue and yellow plants. Giv-
en the definition of the convolution product (Rudin
1 966), this expression is equivalent to

v(x, y) = [/IIL
(y * IB]
(y * IF]

y(x - x',y -/)/«,
*F

y(x- x',y -yy{(,
tef

<x,y)
<x,y)

»«i dx' dy'

»F} <*c' dy'

(H

where F is the set covered by plants emitting pollen,
and (-y * IB) (x, y) is the value at the point (x, y) of the
function y * IB, convolution product of -y and IB.
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One important property of convolution is that the
Fourier transform f of the convolution product of the
two functions y and /. is equal to the simple product
of their Fourier transforms (e.g., Rudin 1966):

FCY * /.) = F(7)F(/.)
implying that

y*I. = (12)
where F"1 is the inverse Fourier transform.

Standard mathematical software (e.g., Mathematica,
[Wolfram Research, Champaign, Illinois, USA]) can
compute the discrete Fourier transforms and the inverse
discrete Fourier transforms quickly. Therefore, as soon
as the design (F, B, J) is known, for any chosen in-
dividual dispersal -y we can compute the function TT
that predicts the expected proportion of pollen origi-
nating from the marked source on each point of the
field (more detailed instructions are available upon re-
quest to the authors).

EXPERIMENTATION
Corn production for grain

The experiment was performed during summer 1998
near Montargis (France). A corn field measuring 120
X 120 m was sown in a production design: 160 rows
0.8 m apart each containing 800 plants 0.15 m apart.
A central plot measuring 20 x 20 m was sown with
plants producing blue-colored seeds and the rest of the
field contained yellow corn of the hybrid variety Ado-
nis. This hybrid was obtained by crossing the "F2"
flint inbred line (INRA, France) with a dent inbred line
of type lodent. The blue corn was a variety close to
Adonis, homozygous for the "blue" allele. The blue
color is coded by the anthocyanin complex, which be-
haves as a monogenic dominant marker (Coe 1994).
This gene complex had been introduced in both paren-
tal inbred lines after six backcrosses. All plants can
therefore be considered homozygous at the loci coding
for the seed color. Checks in the field and on control
crosses did not reveal any systematic difference in pol-
len production or pollen efficiency between plants pro-
ducing blue or yellow seeds (data not shown).

The pollen dispersal began on 18 July. Both blue and
yellow plants flowered almost synchronously: blue
corn began blooming on 19 July (male) and 20 July
(female) while yellow com began on 18 July (male)
and 19 July (female). Dispersal lasted 14 days and end-
ed on 1 August. The ears were harvested and analyzed
on 16 October. A total of K = 3063 ears was sampled
on a rectangular grid (Fig. la): we sampled 101 rows
(every row for the 72 rows centered on the central plot
and every third row elsewhere) and 31 ears on each
row (every 4 m). Sixty-four ears could not be sampled
in the west corner of the field. The grid was chosen to
be not regular to improve the fit of the dispersal curve
at short distances, in accordance with the result of As-

suncao and Jacobi (1996) and Klein and Laredo (1999).
The number of blue grains (wt) on each sampled ear
was then determined. The total number of grains per
ear (N) was considered constant and estimated by
counting the total number of grains on sampled ears
chosen randomly in the field (n = 34 ears, 394 ± 65
grains [mean ± 1 SD]). The proportion of marked pollen
grains in the pollen cloud at each sampled point of the
field was estimated by dividing the number of blue
grains counted at this point, nh by the mean number
of grains per ear, N.

Corn seed production
A similar experiment was conducted during summer

1998 near Messanges (France). Dispersal was observed
in seed production conditions in a field measuring 131
X 125 m with 177 rows 0.75 m apart each containing
800 plants 0.15 m apart. As usual in hybrid-seed pro-
duction designs, the field was composed of replicated
bands of four rows of female plants (castrated) and two
rows of classical bisexual plants (see Fig. Ib). The field
was not exactly rectangular and the northwest corner
was not covered with corn. A central plot measuring
20 X 20 m was sown with plants producing blue grains
and the rest of the field contained yellow corn. The
flint inbred line F2 was used for both bisexual and
female plants. The blue plants were obtained by fixing
the anthocyanin complex in the inbred line F2 (after
six backcrosses as above). All plants were therefore
considered homozygous at the loci coding for the seed
color. As above, checks did not detect systematic dif-
ferences in pollen production or pollen efficiency for
plants producing blue or yellow seeds. Pollen dispersal
occurred 17-26 July and during this period the major
wind direction was from west to east. Data were col-
lected on 11 September. We sampled K = 1860 ears
in the square part of the field: 60 female rows (one
every three female rows or every female row depending
on the distance from the central plot) and 31 ears per
row (every 4 m) (see Fig. Ib). The number of blue
grains on each sampled ear (nt) was counted, and the
mean total number of grains per ear (N) was estimated
by counting the number of grains on sampled ears ran-
domly chosen in the field (n — 26 ears, mean = 153
grains/ear, SD = 12).

Meteorological data
We used data for wind direction and intensity col-

lected 10m high at 3-h intervals by Meteo France, a
national institute. The meteorological station nearest to
the dent corn field was 70 km west of the field (Or-
leans). The corn seed production field was situated in
a coastal area (5 km from the ocean) where meteoro-
logical conditions are quite variable. Therefore, two
stations 50 km south of the field (Biarritz) were chosen.
The first is situated by the Atlantic Ocean, the second
is 5 km inland, just like the corn field. To calculate the
wind speed at 2 m high (height of corn plants), we used
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FIG. 1. Experimental sampling designs for (a) grain production and (b) seed production (two rows of bisexual corn plants
alternating with four rows of emasculated plants). The sampling grid shows a denser sampling effort (appearing as a darker
area) for the rows close to the source of marked plants.

a correction based on a logarithmic model of wind pro-
file (McCartney and Lacey 1991, Campbell and Nor-
man 1998):

H(Z) = (13)

where u(z) is the wind speed at height z, u* is the
friction velocity, K is the vonKarman constant equal to
0.4, d is the zero plane height chosen equal to 0.65H,
z0 the roughness length chosen equal to O.I//, and H
the height of the crop (Campbell and Norman 1998).
For each experiment, we calculated the mean wind

speed over the pollination period from wind data be-
tween 0800 and 1900 hours (i.e., between 8:00 A.M.
and 7:00 P.M.), hours during which pollination occurs
(Jackson and Lyford 1999, X. Foueillassar, unpublished
data).

In 1999 we placed a meteorological station inside a
corn field at the grain corn production station. This
station measured wind speed at a 2-m height. A com-
parison between data from Meteo France (70 km west
of the field) and the local data showed little difference
over the 15-d period of dispersal, except for a differ-
ence in wind speed due to the difference in heights of
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measures, which was well corrected with the logarith-
mic expression (Eq. 13) (E. K. Klein, unpublished
data). We did not carry out this comparison at the seed
production station.

STATISTICAL METHODS AND DATA INTERPRETATION

Parameter estimations

Statistical analysis of field dispersal data aims to
retrieve the individual dispersal function -y from the
noisy observation of the backward dispersal function
TT. Two different methods have already been proposed.
One takes a nonparametric approach (Lavigne et al.
1996, 1998) and the other a more classical parametric
approach (Tufto et al. 1997, Lavigne et al. 1998, Nur-
miniemi et al. 1998). We used the latter because our
goal was to take into account physical parameters that
might influence the output of the experiments (wind
speed, pollen mass, etc.) and that could be measured
independently of the estimation procedure.

We consider a parametric family (-y(8; x, y), 9 e ®)
of individual dispersal functions and denote by (ir(8;
x, y), 8s ®) the family of backward dispersal functions
associated with -y by means of Eq. 1 1 . The goal of
parametric inference is then to find the value of 9 that
provides the predicted values of the backward dispersal
function ir(9; xh yt) that are closest to the observed
values of proportions of grains on an ear that are blue,
n,/Nk (Table 1). However, in order to compare the func-
tions TT(-) with the observed values ofnJN,., a criterion
that incorporates random error in the observations must
be defined. Indeed, the Nt pollen grains that produced
the Nt corn grains of the kth ear are just a sample from
the pollen cloud at point (xk, yt). The numbers of blue
grains nt are mutually independent, and because Nt is
considered as a covariate, they are well described by
a binomial model (Sokal and Rohlf 1969) with param-
eters (A/i, ir(9; jc, >•)). Therefore the probability of ob-
serving i blue seeds on the kth ear is given by

(14)
where ON is the binomial coefficient.

Two standard statistical criteria make it possible to
compare observed data to patterns predicted by a para-
metric family where the true curve is sought. The first
criterion is the log likelihood (Tufto et al. 1997):

LK(Q; i i , , . . ; , »,) = = log

= 2 tog(P.[it.D (15)

which, with the binomial model (Eq. 14), leads to the
following log-likelihood function:

%) + »tlog[Tr(8;;ct,yt)]

(Nk - (16)
The second one is the extensively used least-squares
criterion:

«„ . . . , nk)

(17)

We define SMLE to be a value of 9 where Lg(Q) takes its
maximal value (this is the maximum likelihood esti-
mator [MLE] of 9) and 9^ a value of 9 where S^(9)
takes its minimal value (this is the least squares esti-
mator [LSE] of 8).

We conducted parameter estimations on the two data
sets using these two criteria for the five following in-
dividual dispersal models: GHD, NIG, and GTM (in-
troduced in Modeling the individual. . . : Three models
for the individual . . . , above), wind threshold model
(WTM, Eq. 19 in Tufto et al. 1997) and Tufto's model
(TM, Eqs. 15 and 16 in Tufto et al. 1997).

Model selection
When estimations are carried out with the likelihood

criterion in nested models, which will be the case in
what follows, the significance of the difference between
two predictions can be inferred from a likelihood-ratio
test (Huet et al. 1996:69): Assume that 8 = (6,, . . .
6OT) is an m-dimensional parameter and that "/f0: 8, =
efc . . . e, = 9°" is tested against "//,: ^ * 9?;.. . 9,
T*= 9°." Let the maximum likelihood estimator be 9ff()
= (Ofc ...§;, 9,+1, . . . 9J if HI is true and §„, = (§,',
. . . 8^) if H, is true. Now the variable

T = - (18)
is distributed as a x2 with q degrees of freedom if H0
is true. High observed values of Tlead to the rejection
ofH0.

When non-nested models are being compared, the
Akaike information criterion (AIC) can be used to eval-
uate the quality of the models. It has been calculated
with the classical definitions:

AIC = -2LK + 2m

AIC = K los(SK/K) + 2m (19)
respectively, for MLE estimation or LSE (least-squares
estimator) estimation and with m, the number of pa-
rameters estimated, and K, the number of observations.
The lower the values for this criterion, the better the
model.

Comparisons with external estimations of
the parameters

Typical values were independently acquired for the
physical and meteorological parameters that are used
in the fitted models:
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(1) The parameter h is defined as the difference in
height between male and female flowers. These heights
were measured the following year (1999) on 25 plants
of the same variety planted in a similar grain production
field in the same region. The height of male flowers
was 2.023 ± 0.018 m and that of females was 1.193
± 0.023 m (mean ± 1 SE).

(2) The parameter u.z defined in (Eq. 1) is the vertical
drift in the Brownian motion describing the path of a
pollen grain. It is typically known as the "settling ve-
locity" in bioclimatology. For a corn pollen grain, val-
ues of 0.1829 m/s have been measured (Durham 1946,
Jackson and Lyford 1999). We also calculated the ve-
locity of sedimentation from the Stake's law (Jackson
and Lyford 1999: Eq. 4) applied to measures that we
achieved for radius and mass of pollen grains (—0.004
cm and 2.5 X 10~7 g, respectively). This leads to a
value of 0.1805 m/s, very close to that measured by
Durham (1946).

(3) The parameters u,r and u.,, the horizontal drifts,
are equal to the mean wind intensities in each direction.
We calculated them directly from the meteorological
data (see Experimentation: Meteorological data,
above). We also present a case where u.x and u,,, equal
twice the mean wind speed measured from meteoro-
logical stations. This case is intended to model a wind
threshold for pollen emission, where the pollen grains
travel faster than the mean wind (Aylor et al. 1981).
We do not take into account the differences in effective
pollination between days during this period (typically,
the number of fertile plants is maximal three or four
days after the beginning of fertility period).

(4) The variance parameters &„ o^, and v, are related
to the turbulence parameters (used in bioclimatology)
equal to cr./u, where u is the mean intensity of the wind
in the direction where this mean is maximum. A study
of turbulence parameters in a corn canopy (Wilson et
al. 1982) reports (a) no substantial difference between
or, and oy (b) values at the top of the canopy around
0.65 for O-J/H and aylu and 0.35 for aju, and (c) dif-
ferences in the profiles (as functions of height) of hor-
izontal and vertical turbulence, but maximal values of
~2 for the three turbulence parameters at heights above
1 m (female flower height). Rather than trying to cal-
culate an approximate mean of the turbulence param-
eters for the different heights, we chose to use extreme
values: aju and ay/u are between 0.65 and 2 and aj
u is between 0.35 and 2. This led to three sets of values
for the parameters, which can be viewed as minimal
and maximal cases, a median case being derived using
the midpoint of these extremes.

ESTIMATION OF AN INDIVIDUAL DISPERSAL
FUNCTION FROM EXPERIMENTAL DATA

Parametric estimations
Observed dispersal patterns are shaped primarily by

the major wind direction. In both experiments the wind

blew in almost only one direction—southwest to north-
east for grain production, roughly west to east for seed
production—resulting in elliptic dispersal patterns
(Figs. 2a and 3a). Long-distance dispersal events were
not rare and blue seeds were observed at the maximal
distances sampled in the downwind direction (Figs. 2a
and 3a).

We estimated model parameters for both criteria
(least-squares estimator [LSE] and maximum-likeli-
hood estimator [MLE]) and all five models (GHD, NIG,
GTM, WTM, and TM) (Tables 2 and 3). The models
proposed for individual dispersal functions, and the
methodology used to estimate the parameters from the
observation of the backward dispersal function on a
grid, are thus technically adequate for the experiment
carried out.

For each criterion, the different models led to very
different shapes for the estimated individual dispersal
function (Fig. 4). The heavier tails were obtained with
the GHD and NIG models. The main wind direction
(given by the vector (X,, \y), the vector (T,, T,,), or the
angle 80 in radians) was consistently estimated by the
different models (Tables 2 and 3).

For each individual dispersal model the least-squares
estimators and the maximum-likelihood estimators pro-
vided different values for the various parameters (Ta-
bles 2 and 3). This resulted in different shapes for the
estimated individual dispersal functions. In particular,
for each dispersal model, functions obtained using the
MLE criterion always had a heavier tail than those
obtained using the LSE criterion (Fig. 4). The esti-
mations for main wind direction were different between
criteria (Tables 2 and 3). For instance in the seed pro-
duction field, the MLE gave a wind direction from
WNW to ESE (X, = 0.065, Ky = 0.04 for the NIG
model) whereas the LSE gave a WSW to ENE direction
(X, = 0.019 and X, = 0.076).

The backward dispersal functions estimated using
the maximum-likelihood criterion and the models pro-
posed in Modeling the individual dispersal. . ., above
were in accordance with the observed data (Figs. 2 and
3). The predicted/observed plots (inserts in Figs. 2 and
3) show that no bias occurred in any part of the dis-
persal function (dots centered around the diagonal over
the whole range of predicted proportions, especially
for the NIG and GHD models). The fit was not so good
when the LSE criterion was used or when the WTM
and TM were adjusted (results not shown).

Despite the hundreds of kilometers between the two
experiments, the NIG and GHD models led to very
similar estimated individual dispersal functions for the
two data sets, but this was only true for those two
models (Fig. 5). In contrast, the other models gave quite
different individual dispersal functions (Fig. 4).

Model selection
On the basis of the values of the optimization criteria

(sum of squares 5, and log likelihood -L,), the GHD
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Fio. 2. Pollen dispersal in the grain production field, (a) Observed dispersal: Each gray rectangle represents a sampled
ear, and its shade of gray represents the proportion of blue grains of the total number of grains on this ear (the darker, the
bluer). Axes are measured in terms of distance from one comer of the field, (b-d) Predictions of the proportion of marked
pollen at each point of the field obtained using (b) the GHD model, (c) the NIG model, and (d) the GTM model. The boxes
contain log-log observed vs. predicted plots. Each dot represents a sampled ear: y axis = observed proportion of blue grains;
x axis = the proportion predicted by the model at this sampling point. The gray scale is chosen to enhance the long-range
dispersal and to distinguish the weak proportions of blue grains: the second lightest gray represents the ears with exactly
one blue grain [gray scales are thus different for panel (a) vs. panels (b-d)].

models gave the best fits for both criteria (LSE and
MLE) and both experiments (Tables 2 and 3), which
was expected since the GHD model contains one more
parameter and thus includes the other two models. The
NIG model gave very similar results, except for the
grain production field under the LSE criterion (Tables
2 and 3, Figs. 2-5).

For the estimation procedure conducted using the
MLE criterion, the likelihood-ratio test found no sig-
nificant difference between the NIG and GHD models
(P = 0.15 for the grain production field; P = 0.39 for
the seed production field). In contrast, the GTM model
was highly significantly different from the GHD model
(P < 10~6 for both fields), and the differences were
clear for all indicators: parameter values (Tables 2 and
3), shapes of backward dispersal (Figs. 2 and 3), and
individual dispersal (Figs. 4 and 5).

On the basis of the Akaike criterion (AIC) the NIG
model was the best model in all cases (lowest value of
the AIC criterion) and the WTM and TM models (Tufto

et al. 1997) performed worst, despite a satisfactory and
heavy tail in the direction of wind for the WTM model
(Fig. 6 and Table 2). The WTM dispersal functions are
the product of a radial and a directional component
(Tufto et al. 1997: Eq. 19), implying that dispersal in
the downwind direction is proportional to the dispersal
in the upwind direction. In contrast, the NIG model
can decrease much more quickly in the upwind direc-
tion (Fig. 6). Overall, the NIG model thus appears the
most adequate for describing the individual dispersal
function of corn pollen.

Comparisons with external estimations of
the parameters

For the grain production field, the parameters values
estimated from the field experiment were different from
those calculated using the measured mean wind speed
for the median variance case, but were in the same
range only for the minimal variance case (Table 4B).
However, the values for the parameters calculated using
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W

the doubled mean wind speed fall in the same range
as the estimated values for the median case (Table 4B).
This indicates that the wind threshold for pollen emis-
sion probably played a significant role in the dispersal
of corn pollen.

The differences in the calculated parameters between
minimal, median, and maximal cases were large. These
were due to our lack of knowledge about turbulence
parameters (vertical and horizontal variances of the
pollen path) and to the large influence of turbulence
on the values for parameters \f &„ \^ and Xy

Finally, the correspondence between the parameters
estimated from the dispersal pattern and those calcu-
lated from independent measures of physical parame-
ters was rough. This is not surprising since the data on
which it relies were very imprecise, in particular for
the turbulence parameters. However the fit is suffi-
ciently clear to justify using the quasi-mechanistic
model together with the physical and meteorological
interpretation of the model parameters.

For the seed production field we found no clear re-
lation between estimated and calculated parameters
(results not shown). However, we have poor confidence
in the meteorological data: the coastal areas present
highly variable conditions. There were large differ-
ences between the two meteorological stations that pro-
vided data for this site. Also, unlike the grain produc-

tion field, we made no comparison between the con-
ditions measured within the field and these stations.

DISCUSSION
Methodology for the estimation

We have focused on the estimation of individual dis-
persal functions from the observation of a backward
dispersal pattern, which is very sensitive to the shapes,
sizes, and positions of a marked pollen source and a
nonmarked pollen source. We solved the deconvolution
problem by making parametric estimations of the in-
dividual dispersal function (Tufto et al. 1997). More-
over, because the sampling plants were on a rectangular
grid it was possible to conduct all the calculations under
a matrix form and to use Fourier transforms to calculate
convolution products. Rectangular grid design, nec-
essary when a nonparametric deconvolution approach
is used (Lavigne et al. 1998), is thus also useful when
a large-scale experiment with a large number of sam-
pled points is analyzed with a parametric approach.

The experimental design included had a higher den-
sity of sampling stations close to the marked pollen
source. This is because denser sampling in the vicinity
of the marked source, where the proportion of blue
grains decreases quickly as a function of distance, sup-
posedly improves the estimation of the whole curve
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TABLE 2. Estimated parameters and confidence intervals in the grain production experiment, for five families of dispersal
functions, and with two optimality criteria (likelihood defined in Eq. IS [MLE] and sum of squares defined in Eq. 17
[LSE]).

Dispersal-
function
familyf ot

MLE
GHD 1.49

[1.474, 1.504]
NIG

GTM

TM

WTM

LSE
GHD 0.64
NIG
GTM
TM
WTM

x,

0.047
[0.023, 0.064]

0.027
[-0.072, 0.056]

0.0156
[0.0153, 0.0159]

0.291
0.374
0.297

8, = 8,

0.500
[0.488, 0.514]

0.499
[0.487,0.511]

8.86
[8.72, 8.94]

1.862
0.904
1.874

X,

0.165
[0.155, 0.174]

0.165
[0.155, 0.173]

0.009
[0.0092, 0.0099]

0.490
1.230
0.404

\-

0.007
[0.000, 0.014]

0.007
[0.000, 0.013]

0.0003
[-0.0006, 0.0001]

-0.115
-0.249
-0.094

-A,*

9499

9500

9843

10541

10144

Notes: Confidence intervals, shown in brackets, have been obtained from likelihood-ratio test; for each criterion (-£„ $„ AIC),
the lowest values stand for the best fits. See Table 1 and Eqs. A.11, A. 18, and A.20 in the Appendix for parameter definitions.

t Dispersal-function families: GHD = generalized hyperbolic distribution, GTM = generalized Tufto model, NIG = normal
inverse Gaussian, TM = Tufto's model, WTM = wind threshold model. For GHD, GTM, NIG, see Modeling the individual
dispersal...: Three models for the individual.. .', for TM and WTM, see Statistical methods: Parameter estimations.

1 L, = log likelihood.
§ S, = sum of squares.
|| AIC = Akaike information criterion.

(Assuncao and Jacobi 1996, Klein and Laredo 1999).
Whether this sampling design really had a positive ef-
fect on the estimations remains to be checked, but stud-
ies that emphasize both short and long distances pro-
vide good potentialities of prediction (Nurminiemi et
al. 1998, our present study), in contrast to those with
steps of the sampling grid independent of the distance
(Lavigne et al. 1998). In almost any parametric model,
all the parameters affect the shape of the dispersal func-
tion at all the distances (Clark et al. 1999). Thus es-
timations of the parameters are the result of observa-
tions at all distances, and precise observations at the
short distances serve the estimation of the dispersal
function at long distances.

Fitting two-dimensional models on two-dimensional
data was fruitful in this study. Most studies consider
dispersal only in one direction (Aylor 1990, McCartney
and Fitt 1998) but the results obtained here with the
WTM (wind threshold model) (Tufto et al. 1997) show
that the two-dimensional behavior may distinguish
models. The WTM behaved satisfactorily in the direc-
tion of wind but scored worse than NIG (normal inverse
Gaussian) and GHD (generalized hyperbolic distribu-
tion) models because of the behavior in other direc-
tions.

Our results illustrate the importance of the choice of
the optimization criterion. In this study, estimations
were conducted using both least-squares and likelihood
criteria, while typically one or the other is chosen.
These two criteria do not use the data relative to dif-

ferent distances in a similar way. In particular, the least-
squares criterion stresses short distances, because at
long distances the proportions of blue grains (both ob-
served and predicted) are very low. Thus, the absolute
errors (differences between observed and predicted
proportions) are low (even if relative errors are high)
and have a small weight in the least-squares criterion.
In fact, the least-squares criterion is adapted to models
where the error variance is constant. In a binomial mod-
el B(N, ir), the variance strongly depends on the mean
NTT, especially when IT is close to 0 or 1, which is the
case in the tail of dispersal functions. In contrast, the
likelihood criterion takes the variance into account and
thus grants the same weight to each observation. As a
result, in both fields and for every model, the MLE
(maximum-likelihood estimator) estimation resulted in
a heavier tail than the LSE (least-squares estimator)
estimations and for the seed production field the esti-
mated directions of the wind were different between
criteria. We encourage the use of likelihood in further
dispersal studies. Theoretical studies in statistics have
reported that least-squares estimators are more robust,
while the maximum likelihood estimators are more ef-
ficient if the chosen model (especially the stochastic
part of the model) is not false (Huet et al. 1992). Fur-
thermore, the likelihood criterion takes better account
of long-range dispersal.
Quasi-mechanistic models for pollen grain dispersal

We have proposed new dispersal functions from qua-
si-mechanistic models for pollen grain dispersal. Be-
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AICII

2.982
2.999
2.997
3.003
3.003

19008

19008

19694

21088 32.9 3.28 0.062
[31.6, 34.0] [3.16, 3.39] [-0.039, 0.162]

20294 0.084 1.079 0.006
[0.082,0.086] [1.033,1.124] [-0.033,0.044]

-21231
-21215
-21217
-21215 2.675 2.636 -0.556
-21213 0.124 1.683 -0.179

cause we wanted models simple enough to be fitted on
the observed patterns of dispersal, our goal was not to
describe and take into account all the physical phe-
nomena that affect pollen dispersal (detailed in Aylor
[1990], McCartney and Fitt [1998]). Moreover the dis-
persal function modeled and estimated here is a mean
dispersal function over the entire dispersal period (two
weeks), and all the precise knowledge about the small-
scale physical phenomena leading to pollen dispersal
can hardly be integrated in a model on such a long time
interval. We thus only considered a few main phenom-
ena: main wind direction, stochasticity of each pollen
path, and difference of height between emission and
pollination.

Including the stochasticity of the pollen path, and in
particular its vertical component, generally improves
dispersal models (Aylor 1990, Andersen 1991, Tufto
et al. 1997). Models based on a Lagrangian random
flight approach indeed better explain dispersal data than
either Gaussian plume models (Aylor 1990) or models
where the particle travel is a straight line depending
on a random wind (Andersen 1991). We chose a La-
grangian approach by modeling the path of a pollen
grain as a Brownian motion with drift (random walk
in continuous time and space). We model a mean in-
dividual pollen dispersal function over the two weeks
during which dispersal occurs using a mean wind (di-
rection and intensity) over this period and a stochas-
ticity pertinent at very fine time scales (largely finer
than path duration). This Brownian motion assumes
that the turbulence effects on the paths are Gaussian.
This is a simple but often-used assumption (e.g., Legg
1983, Andersen 1991), from which an analytical ex-
pression can be derived. However, no component de-
scribes random conditions of flight for each pollen
grain that could model variation at a scale of hours or

minutes, which is usually presumed non-Gaussian (An-
dersen 1991). The models used were adapted to the
particular case of corn, where the male and female
flowers are at different heights. The comparison be-
tween the TM model from Tufto et al. (1997), where
no difference of height was taken into account, and its
generalized form GTM with the new height parameter
shows a benefit in modeling this difference of height
(Tables 2 and 3).

The difference between NIG and GTM models con-
cerns the influence on dispersal pattern of pollen-grain
impaction (and stop) on vegetation other than female
flowers. The NIG model assumes that this influence is
negligible, while the GTM model assumes that female
flowers and other plant parts stop pollen to the same
degree. The NIG model provides a better fit of data
than the GTM model, suggesting that impaction does
not mainly influence the shape of the efficient dispersal.
Two mechanisms could explain this result. First, pollen
grains may be stopped only temporarily by most veg-
etation whereas pollen grains landing on a female stig-
ma would stay there. This is likely to be partly true
since corn pollen grains are smooth and corn stigmas
hairy and covered with a viscous material. Second,
pollen grains would stop less often on leaves or stems
than on female flowers because female flowers induce
eddies to catch the pollen grains. This phenomenon
could be the result of adaptation and has been described
for conifer megastrobili (Niklas and Norstog 1984).

In the NIG model, every pollen grain is assumed to
stop its path and pollinate the first time it crosses the
height of the female flowers. This means that a pollen
grain cannot cross the height of female flowers without
pollinating and pollinate later (after an upward dis-
placement). This is not a strong assumption for two
reasons: (1) the random walk incorporates a non-zero
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TABLE 3. Estimated parameters in the seed production experiment.
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Dispersal-
function
family a

MLE
GHD 1.51

[1.477, 1.545]
NIG

GTM

TM

WTM

LSE
GHD 1.55
NIG
GTM
TM
WTM

Xr

1.05E-15
[-0.038, 0.038]

0.002
[-0.038, 0.038]

0.019
[0.018, 0.020]

3.72E-10
5.77E-08

0.271

8» = 8,

0.875
[0.808, 0.947]

0.891
[0.828, 0.960]

13.1
[12.5, 13.7]

0.908
0.996
1.994

X,

0.066
[0.053, 0.078]

0.065
[0.054, 0.076]

0.0049
[0.0041, 0.0058]

0.017
0.019

-0.029

X,

0.041
[0.031, 0.052]

0.040
[0.031, 0.050]

0.0044
[0.0036, 0.0052]

0.088
0.076
0.054

-L,

1 368.4

1 368.8

1917

1916

1818

Note: See Table 2 and footnotes for explanation.

negative vertical drift, which reduces substantially the
number of trajectories that cross the given height h
more than once and (2) a pollen grain hitting the ground
definitively stops its course there. It may also seem that
the NIG model implies that every pollen grain polli-
nates, which would obviously be unrealistic. In fact we
assume that the efficiency of a pollen grain is inde-
pendent of the point where its path crosses the height
h. With this condition, the same individual dispersal
function is obtained whether we consider all emitted
pollen grains or only efficient ones.

We have apparently neglected in our models the ex-
istence of a wind threshold for pollen emission, often
demonstrated (Aylor 1990, Jackson and Lyford 1999).
However, such a threshold can be easily simulated by
considering for the mean wind speed a mean calculated
only over wind speeds above a threshold value (e.g.,
Aylor et al. 1981). The comparison between parameters
values estimated from dispersal pattern and calculated
from independent information suggests that this should
be done: With the actual observed mean wind speed (1
m/s), both estimations are different, whereas with a
mean wind speed equal to 2 m/s (potentially due to a
wind threshold for emission) both estimations become
close (Table 4).

Extensions of these models
Wind speed and turbulence are known to depend

strongly on height above the ground (Campbell and
Norman 1998). In contrast to traditional random-walk
approaches in bioclimatology, we did not take this into
account. At large time and space scales, those profiles
can probably be described by mean values, as we have
done here. However the relation between the pertinent
mean value and the precise profile is not clear and
requires further investigation.

The quasi-mechanistic models for the individual dis-
persal function simulate the dispersal of pollen from a
single plant located in the middle of an infinite corn
field. The convolution model (Eq. 11) allows prediction
of the pollen cloud in a finite field and estimation of
an individual dispersal function from observations in
a finite field. However, the pollen grains that escape
the canopy are in position to pollinate other fields, and
they are probably driven by air flows different from
those under the canopy. Thus the estimated individual
function is in fact only valid for a continuous canopy.
It would be important to model differently the paths of
the pollen grains that leave the fields if pollen dispersal
is to be studied in a discontinuous landscape. Discon-
tinuities in the landscape can be roads, edges, bare soil,
or populations of other plant species and are likely to
be relevant for any study of pollen dispersal that aims
at taking more that one population into account.

The present models cannot be directly applied on
very large scales since viability of pollen grains could
decrease with time. Indeed, over the distances sampled
in our experiment there is probably no great effect of
pollen mortality on the estimated dispersal function.
However, if pollen grains travel long distances (Camp-
bell et al. [1999] report dispersal over 3000 km), their
fertility is probably largely reduced. It would therefore
be necessary to conduct viability studies before gen-
eralizing the dispersal functions obtained in this study
to very long distances.

Our models for pollen dispersal can be used in other
contexts. Because the models propose an analytical so-
lution for the density of particles in a plane that stops
the paths, they are adequate for two-dimensional results
of dispersal rather than three-dimensional descriptions
of plumes. These quasi-mechanistic models are well
suited to seeds, fruits, or spores that germinate on the
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AIC

2747

2746

3842

3838

3642

15.5 0.998 0.896
[14.3, 16.8] [0.842, 1.043] [0.751, 1.043]

0.161 0.487 1.156
[0.153, 0.170] [0.396, 0.578] [0.990, 1.320]

0.379
0.381
0.410
0.418
0.398

-15797
-15790
-15653
-15621 3.848 -0.208 0.401
-15710 0.326 0.535 2.043

Distance in the downwind direction (m)
20 40 60 80 100

Distance in the downwind direction (m)
0 20 40 60 80 100

10-*
20 40 60 80 100

Distance in the upwind direction (m)

FIG. 4. Dispersal functions estimated from experimental
data for the seed production field using five models (GHD,
NIG, GTM, TM, and WTM) and using two criteria (likelihood
[MLE] and least squares [LSE]). Only the values of y(x, y)
along two transects are represented: (a) in the downwind di-
rection and (b) in the upwind direction. The curves for GHD
and NIG models are superimposed. Model names are de-
scribed in Table 1.
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Distance in the upwind direction (m)
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FIG. 5. Dispersal functions estimated for the two dif-
ferent experiments using three different models (GHD, NIG,
and GTM) and using the likelihood criterion (GHD and NIG
models are superimposed). Only the values of y(x, y) along
two transects are plotted: (a) in the downwind direction and
(b) in the upwind direction. Model names are described in
Table 1.
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FIG. 6. Dispersal functions estimated for the grain pro-
duction field using the models NIG and WTM, and using the
likelihood criterion. The values in the downwind and upwind
directions are plotted on the same figure. Model names are
described in Table 1.

ground because these particles stop their paths when
they first hit the ground, which is a plane lower than
the emitting point. However, if the emitting points are
located at different heights, which is often the case for
wild species (e.g., see Bullock and Clarke 2000), the
models must be generalized by mixing different indi-
vidual dispersal functions corresponding to different
heights of release. This can be easily done.

Conversely, for spores of crop pathogens that can
germinate on any vegetative part of a plant, or for pol-
len of plant species with female flowers at various
heights, a less direct generalization must be carried out

because the arrival points are not in a fixed plane. First,
the stopping time is no longer the time at which the
particle crosses a given height. Second, the density of
the stopping points must be modeled in three dimen-
sions. These models or a generalization of them could
be used for dispersal of pollutant particles, dust, eggs,
or larvae.

More generally, this study raises the question of
changing scale. Much is known about the physical phe-
nomena that influence particle dispersal at very fine
scales, but ecology must often deal with large spatial
or temporal scales (e.g., pollen flow). In the case of
the release of transgenic plants, predictions of gene
flow over agricultural landscapes are needed. In gen-
eral, modeling of particle flow over long distances is
relevant for epidemiological studies, understanding the
genetic structure of natural populations, and interpre-
tation of the fossil pollen record. There are probably
two ways to achieve this result—either to integrate all
the knowledge about physical dispersal in powerful
computers and do many simulations, or to attempt to
consider the problem at a larger scale by focusing on
selected relevant phenomena, and finding how to trans-
pose the micro-scale knowledge to the macro-scale
questions. Our study is a step in this latter direction.
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TABLE 4. Parameters values in the NIG (normal inverse Gaussian) dispersal model estimated from the dispersal experiment
(grain production field) and calculated from independent measures for meteorological and physical parameters.

A) Physical Parameters
Actual mean wind speed Increased mean wind speed

Parameter
Vertical drift, u.z (m/s)
Difference of height, h (m)
Wind speed, u (m/s)
Horizontal drift, m (m/s)

\ty (m/s)
Vertical variance, a, (m/s)
Horizontal variances, a, = ay (m/s)

Minimal

0.35
0.65

Median
0.183
0.831
1
0.998

-0.056
1.175
1.325

Maximal

2
2

Minimal

0.7
1.3

Median
0.183
0.831
2
1.996

-0.111
2.35
2.65

Maximal

4
4

B) Model parameters
Calculated (actual mean wind speed) Calculated (increased wind speed)

Parameter Estimate
X, 0.027
5, 0.499
X, 0.165
A, 0.007
-L, 9500

Minimal
0.038
0.211
0.207

-0.012
13722

Median
0.110
1.068
0.532

-0.030
402992

Maximal
1.240
3.705
3.642

-0.203
1487000

Minimal
0.009
0.211
0.104

-0.006
14559

Median
0.027
1.068
0.266

-0.015
23860

Maximal
0.301
3.705
1.821

-0.101
808 295

Notes: (A) Two sets of values are calculated: either by keeping the actual mean wind speed measured at the meteorological
station, or by using an increased mean wind speed, which can be due to a wind threshold for pollen emission. Variances
shown are for three cases: a minimal, a median, and a maximal one (see Statistical methods and data interpretation: Com-
parisons with external estimations . ..). (B) Model parameters are estimated from the dispersal pattern (Table 2) and calculated
in the different scenarios. The log likelihoods of NIG models with such parameters are indicated in the last row, —£„.



February 2003 CORN POLLEN DISPERSAL 147

by grants from the Comite de Biovigilance from the French
Ministere de 1'Agriculture (Montargis) and from the Grou-
pement National Interprofessionnel des Semences (Messan-
ges). Most analyses were performed on the SGI computer of
the Centre de Ressources rnformatiques of the University Par-
is-Sud (Orsay). The meteorological data were provided by
Meteo France.

LITERATURE CITED
Andersen, M. 1991. Mechanistic models for the seed shadows

of wind-dispersed plants. American Naturalist 137:476-
497.

Assuncao, R., and C. M. Jacobi. 1996. Optimal sampling
design for studies of gene flow from a point source using
marker genes or marked individuals. Evolution 50:918—
923.

Aylor, D. E. 1987. Deposition gradients of urediniospores of
Puccinia recondita near a source. Phytopathology 77:1442—
1448.

Aylor, D. E. 1990. The role of intermittent wind in the dis-
persal of fungal pathogens. Annual Review of Phytopa-
thology 28:73-92.

Aylor, D. E., and F. J. Ferrandino. 1989. Dispersion of spores
released from an elevated line source within a wheat can-
opy. Boundary-Layer Meteorology 46:251-273.

Aylor, D. E., H. A. McCartney, and A. Bainbridge. 1981.
Deposition of particles liberated in gust of wind. Journal
of Applied Meteorology 20:1212-1221.

Barndorff-Nielsen, O. E. 1997. Normal inverse Gaussian dis-
tributions and stochastic volatility modelling. Scandinavian
Journal of Statistics 24:1-13.

Bateman, A. J. 1947. Contamination of seed crops. II. Wind
pollination. Heredity 1:235-246.

Bolker, B., and S. W. Pacala. 1997. Using moment equations
to understand stochastically driven spatial pattern forma-
tion in ecological systems. Theoretical Population Biology
52:179-197.

Borodin, A. N., and P. Salminen. 1996. Handbook of Brown-
ian motion. Facts and formulae. Birkhauser Verlag, Basel,
Switzerland.

Bullock, J. M., and R. T. Clarke. 2000. Long distance seed
dispersal: measuring and modelling the tail of the curve.
Oecologia 124:506-521.

Campbell, G. S., and J. M. Norman. 1998. Environmental
biophysics. Springer-Verlag, New York, New York, USA.

Campbell, I. D., K. McDonald, M. D. Flannigan, and J. Krin-
gayark. 1999. Long-distance transport of pollen into the
arctic. Nature 399:29-30.

Christou, P. 2002. No credible scientific evidence is presented
to support claims that transgenic DNA was introgressed
into traditional maize landraces in Oaxaca, Mexico. Trans-
genic Research ll:iii-v.

Clark, J. S. 1998. Why trees migrate so fast: confronting
theory with dispersal biology and paleorecord. American
Naturalist 152:204-224.

Clark, J. S., M. Silman, R. Kem, E. Macklin, and J.
HilleRisLambers. 1999. Seed dispersal near and far: pat-
terns across temperate and tropical forests. Ecology 80:
1475-1494.

Coe, E. H. 1994. Anthocyanin genetics. Pages 189-196 in
M. Freeling and V. Walbot, editors. The maize handbook.
Springer-Verlag, New York, New York, USA.

Conner, A. J., and P. J. Dale. 1996. Reconsideration of pollen
dispersal data from field trials of transgenic potatoes. The-
oretical and Applied Genetics 92:505-508.

Cresswell, J. E. 1997. Spatial heterogeneity, pollinator be-
haviour and pollinator-mediated gene flow: bumblebee
movements in variously aggregated rows of oil-seed rape.
Oikos 78:546-556.

Dawson, J. K., R. Waugh, A. J. Simons, and W. Powell. 1997.
Simple sequence repeats provide a direct estimate of pol-

len-mediated gene dispersal in the tropical tree Gliricidia
septum. Molecular Ecology 6:179-183.

Durham, O. C. 1946. The volumetric incidence of atmo-
spheric allergens. III. Rate of fall of pollen grains in still
air. Journal of Allergy 17:70-78.

Fisher, R. A. 1937. The wave of advance of advantageous
genes. Annals of Eugenics 7:355—369.

Gliddon, C. J. 1999. Gene flow and risk assessment. Pages
49-56 in f. J. W. Lutman, editor. Gene flow and agriculture.
Relevance for transgenic crops. Proceedings of a confer-
ence, University of Keele. British Crop Protection Council,
Farnham, Surrey, UK.

Greene, D. F., and E. A. Johnson. 1989. A model of wind
dispersal of winged or plumed seeds. Ecology 70:339-347.

Gregory, P. H. 1968. Interpreting plant disease dispersal gra-
dients. Annual Review of Phytopathology 6:189-212.

Haldane, J. B. 1948. The theory of a cline. Journals of Ge-
netics 48:277-284.

Hamrick, J. L., and J. D. Nason. 1996. Consequences of
dispersal in plants. Pages 203-236 in O. E. Rhodes, R. K.
Chesser, and M. H. Smith, editors. Population dynamics in
ecological space and time. University of Chicago Press,
Chicago, Illinois, USA.

Huet, S., A. Bouvier, M. A. Gruet, and E. Jolivet. 1996.
Statistical tools for nonlinear regression. Springer-Verlag,
New York, New York, USA.

Huet, S., E. Jolivet, and A. Messean. 1992. La regression
non-lineaire: methodes et applications en biologic. INRA,
Paris, France.

Jackson, S. T, and M. E. Lyford. 1999. Pollen dispersal
models in Quaternary plant ecology: assumptions, param-
eters, and prescriptions. Botanical Review 65:39—75.

Kareiva, P., W. Morris, and C. M. Jacobi. 1994. Studying and
managing the risk of cross-fertilization between transgenic
crops and wild relatives. Molecular Ecology 3:15-21.

Karlin, S., and H. M. Taylor. 1981. A second course in sto-
chastic processes. Academic Press, New York, New York,
USA.

Klein, E. K., and C. Laredo. 1999. Optimal sampling designs
for studies of gene flow: a comment on Assuncao and Ja-
cobi. Evolution 53:2002-2005.

Klinger, T, D. R. Elam, and N. C. Ellstrand. 1991. Radish
as a model system for the study of engineered gene escape
rates via crop-weed mating. Conservation Biology 5:531-
535.

Kot, M., M. A. Lewis, and P. van den Driessche. 1996. Dis-
persal data and the spread of invading organisms. Ecology
77:2027-2042.

Latta, R. G., Y. B. Linhart, D. Fleck, and M. Elliot. 1998.
Direct and indirect estimates of seed versus pollen move-
ment within a population of Ponderosa Pine. Evolution 52:
61-67.

Lavigne, C., B. Godelle, X. Reboud, and P. H. Gouyon. 1996.
A method to determine the mean pollen dispersal of in-
dividual plants growing within a large pollen source. The-
oretical and Applied Genetics 93:1319-1326.

Lavigne, C., E. K. Klein, P. Vallee, J. Pierre, B. Godelle, and
M. Renard. 1998. A pollen-dispersal experiment with
transgenic oilseed rape. Estimation of the average pollen
dispersal of an individual plant within a field. Theoretical
and Applied Genetics 96:886-896.

Le Corre, V., N. Machon, R. J. Petit, and A. Kremer. 1997.
Colonization with long-distance seed dispersal and genetic
structure of maternally inherited genes in forest trees: a
simulation study. Genetical Research 69:117-125.

Legg, B. J. 1983. Turbulent diffusion from an elevated line
source: Markov chain simulations of concentration and
fluxes profiles. Quarterly Journal of the Royal Meteoro-
logical Society 109:645-660.



148 ETIENNE K. KLEIN ET AL. Ecological Monographs
Vol. 73, No. 1

Llewellyn, D., and G. Fitt. 1996. Pollen dispersal from two
field trials of transgenic cotton in the Namoi Valley, Aus-
tralia. Molecular Breeding 2:157—166.

Manasse, R. S. 1992. Ecological risks of transgenic plants:
effects of spatial dispersion on gene flow. Ecological Ap-
plications 2:431-438.

McCartney, H. A. 1990. The dispersal of plant pathogen
spores and pollen from oilseed rape crops. Aerobiologia 6:
147-152.

McCartney, H. A., and B. D. L. Fitt. 1985. Construction of
dispersal models. Pages 107-143 In C. A. Gilligan, editor.
Mathematical modelling of crop disease. Academic Press,
London, UK.

McCartney, H. A., and B. D. L. Fitt. 1998. Dispersal of foliar
fungal plant pathogens: mechanisms, gradients and spatial
patterns. Pages 138-160 in D. G. Jones, editor. The epi-
demiology of plant diseases. Kluwer, Dordrecht, The Neth-
erlands.

McCartney, H. A., and M. E. Lacey. 1991. Wind dispersal
of pollen from crops of oilseed rape (Brassica napus L.).
Journal of Aerosol Science 22:467-477.

McPartlan, H. C., and P. J. Dale. 1994. An assessment of
gene transfer by pollen from field-grown transgenic pota-
toes to non-transgenic potatoes and related species. Trans-
genic Research 3:216-225.

Mesquida, J., and M. Renard. 1982. Etude de la dispersion
du pollen par le vent et de 1'importance de la pollinisation
an£mophile chez le colza (Brassica napus L., var. oleifera
Metzeger). Apidologie 13:353-366.

Morris, W. E, M. V. Price, N. M. Waser, J. D. Thomson, B.
Thomson, and D. A. Stratton. 1994. Systematic increase
in pollen carryover and its consequences for geitonogamy
in plant populations. Oikos 71:431-440.

Niklas, J. K., and K. Norstog. 1984. Aerodynamics and pollen
grain depositional patterns on cycad megastrobili: impli-
cations on the reproduction of three cycad genera (Cycas,
Dioon and Zamia). Botanical Gazette 145:92-104.

Nurminiemi, M., J. Tufto, N. O. Nilsson, and O. A. Rognli.
1998. Spatial models of pollen dispersal in the forage grass
meadow fescue. Evolutionary Ecology 12:487—502.

Okubo, A., and S. A. Levin. 1989. A theoretical framework
for data analysis of wind dispersal of seeds and pollen.
Ecology 70:329-338.

Paul, E. M., K. Capiau, M. Jacobs, and J. M. Dunwell. 1995<j.
A study of gene dispersal via pollen in Nicotiana tabacum
using introduced genetics markers. Journal of Applied
Ecology 32:875-882.

Paul, E. M., C. Thompson, and J. M. Dunwell. 1995*. Gene
dispersal from genetically modified oilseed rape in the field.
Euphytica 81:283-289.

Portnoy, S., and M. F. Willson. 1993. Seed dispersal curves:
behavior of the tail of the distribution. Evolutionary Ecol-
ogy 7:25-44.

Prudnikov, A. P., Y. A. Brychkov, and O. I. Marichev. 1986.
Integrals and series. Gordon and Breach Science Publish-
ers, New York, New York, USA.

Quist, D., and I. H. Chapela. 2001. Transgenic DNA intro-
gressed into traditional maize landraces in Oaxaca, Mexico.
Nature 414:541-543.

Raynor, G. S., E. C. Ogden, and J. V. Hayes. 1972. Dispersion
and deposition of corn pollen from experimental sources.
Agronomy Journal 64:420-427.

Ribbens, E., J. A. Silander, and S. W. Pacala. 1994. Seedling
recruitment in forests: calibrating models to predict patterns
of tree seedling dispersion. Ecology 75:1794-1806.

Roche, H. M., A. D. Alexander, and A. D. Maltby. 1995.
Dispersal and disease gradients of anther-smut infection of
Silene alba at different life stages. Ecology 76:1863-1871.

Rosenfeld, A., and A. C. Kak. 1982. Digital picture pro-
cessing. Academic Press, New York, New York, USA.

Rudin, W. 1966. Real and complex analysis. McGraw-Hill,
New York, New York, USA.

Scheffler, J. A., R. Parkinson, and P. J. Dale. 1993. Frequency
and distance of pollen dispersal from transgenic oilseed
rape (Brassica napus). Transgenic Research 2:356—364.

Scheffler, J. A., R. Parkinson, and P. J. Dale. 1995. Evaluating
the effectiveness of isolation distances for field plots of
oilseed rape (Brassica napus) using a herbicide-resistance
transgene as a selectable marker. Plant Breeding 114:317-
321.

Skogsmyr, I. 1994. Gene dispersal from transgenic potatoes
to conspecifics: a field trial. Theoretical and Applied Ge-
netics 88:770-774.

Sokal, R. R., and F. J. Rohlf. 1969. Biometry. W. H. Freeman
and Company, San Francisco, California, USA.

Timmons, A. M., E. T. O'Brien, Y. M. Charters, S. J. Dubbels,
and M. J. Wilkinson. 1995. Assessing the risks of wind
pollination from fields of genetically modified Brassica na-
pus ssp. oleifera. Euphytica 85:417-423.

Tonsor, S. J. 1985. Leptokurtic pollen-flow, non-leptokurtic
gene-flow in a wind pollinated herb, Plantago lanceolata
L. Oecologia 67:442-446.

Tufto, J., S. Engen, and K. Hindar. 1997. Stochastic dispersal
processes in plant populations. Theoretical Population Bi-
ology 52:16-26.

Tufto, J., A. F. Raybould, K. Hindar, and S. Engen. 1998.
Analysis of genetic structure and dispersal patterns in a
population of sea beet. Genetics 149:1975-1985.

Wang, K. Y, and D. E. Shallcross. 2000. Modelling terrestrial
biogenic isoprene fluxes and their potential impact on glob-
al chemical species using a coupled LSM-CTM model. At-
mospheric Environment 34:2909-2925.

Wilson, N. R., D. P. Ward, G. W. Thurtell, and G. E. Kidd.
1982. Statistics of atmospheric turbulence within and
above a corn canopy. Boundary-Layer Meteorology 24:
495-519.

Wright, S. 1943. Isolation by distance. Genetics 28:114-138.
Young, K. A., and J. Schmitt. 1995. Genetic variation and

phenotypic plasticity of pollen release and capture height
in Plantago lanceolata. Functional Ecology 9:725-733.

APPENDIX
PARAMETRIC FAMILIES OF DISPERSAL FUNCTIONS

We derive in this Appendix three models for dispersal
functions (named "generalized hyperbolic distributions,"
"generalized Tufto model," and "normal inverse Gauss-
ian"). In a first part, we show how the generalized hy-
perbolic distribution (GHD) is obtained as the distribution
of the pollination position when a Brownian motion is
stopped at a pollination time distributed following a gen-
eralized inverse Gaussian (GIG). This is shown from the
general expression of the GIG in order to be applied to
particular cases in the following. Indeed, in a second part,

we show how the assumption for the vegetation predom-
inance model leads to a particular GIG (with parameter a
= 1/2) for the pollination time (Eq. 3 in the main text),
and give a simplified expression of the resulting GHD for
this particular case, which we name "generalized Tufto
model" (GTM). In the third part we show that the ground
predominance assumption leads to a pollination time dis-
tributed following a particular GIG with a = 3/2 and the
expression of the corresponding GHD is given (and named
"normal inverse Gaussian").
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Preamble

One main result often used in all the following is (for
example in Prudnikov et al. 1986): for every real number v
and every positive real numbers p, q,

= 2 1 1 K,(2Vpg) (A.1)

where KY(x) is the modified Bessel function of the third kind.
A particular case stands for every integer n and every positive
real numbers p, q:

Vir d-e-ypi)"2
/ _ i \» ;_; /» T\
l I I : . \J\.£)Vp a?"

Generalized inverse Gaussian (GIG) and generalized
hyperbolic distributions (GHD)

The generalized inverse Gaussian (GIG) distributions are
denned by the following density functions on IR (Barndorff-
Nielsen 1997):

/oio(«. P. 11;')

where

(A.3)

(A.4)

Note that this indeed defines a probability distribution thanks
to Eq. A.I.

Assume that the path (Xa /*„ Z,)^, follows a Brownian
motion with drift defined in Eq. 1, and that conditionally on
{ZT = h} the pollination time T follows a GIG distribution
with parameters a, p, and i\. Conditionally on T = t, (Xn YT)
is independent on ZT and follows a Gaussian distribution with
mean (M, M-/) and covariance matrix

This is a classical result on Brownian motion (e.g., Borodin
and Salminen 1996). Using the law of total probability (Karlin
and Taylor 1981) and the density of T (given by Eq. A.3)
leads to the unconditional distribution for (X^ Y}):

= Ifxr.rT\zT-h(x, y) = fxT,rT\T-ar-i,

/(«, P,
x

r«e-»-v
2ircr,ar/

with

.,(xy) = A(x. y)

P' = (2p •
q'(x, y) = (2Ti

(A.5)

(A.6)

(A.7)

(A.8)

1
2ir/(a, p,A(x, y) =

Then applying Eq. A.1 with v = -a leads to

(•n/p)«-""[f>7g'(x,

(A.10)

Now, if me pollination time 7" is defined by Eqs. 7 and 8,
it follows a GIG distribution (as defined by Eqs. A.3-4 with
parameters a, p = u.J/20-2. and TI = H2/2a*. Transferring these
expressions in Eq. A. 1 0 leads to the following expression of
a QHD:

/OHD(<«» \.. ̂ . *>. 8,,

2ir q(x, yr2

(All)

where

M

a, x;

and
y) =

Generalized Tufto model
(vegetation predominance hypothesis)

In this model, an exponential random variable T, defined
in Eq. 2 and modeling the hitting time, is independent of the
Brownian motion describing the trajectory of the pollen grain,

the joined distribution of (T, Zr), equal tofTjr(t, z) =
is given by:

(A.12)

leading to
V2T7arV7

fr^(f, h)
/ZrW

(A.13)

where / is obtained from the marginal distribution of Zr:

/ = fzT(h) = | fr,zr(t. h) dt

"• , . -t t.1,-,-1. , (A.14)

and thus
1

\Tte

(A.15)

(A.9) from Eq. A.2 with n = 0 and where X'| = 2X + uj/o-|. By
simplifying Eqs. A.13-15, we get the distribution of the pol-
lination time given in the main text (Eq. 3):
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x exp 2a2t (A.16)

This is the expression of a GIG distribution with parameters
a = 1/2, p = X + |j,|/2cr2, and i\ = A2/2o-2. We can thus use
the results from the former part to derive the distribution of
the pollination position (Xn ¥^\ZT = h. Let us introduce these
parameters into Eq. A. 10 and simplify the obtained expression
thanks to the following property (deduced from Eqs. A. 1-2
or Prudnikov et al. [1986]):

i = -v-vie-'

The distribution of (Xn Y^)\ZT = h can be written

with

(A.17)

(A.18)

Normal inverse Gaussian
(ground-predominance hypothesis)

If the pollination time 7* is defined by Eq. 5, it follows an
inverse Gaussian distribution (Eq. 6) (Borodin and Salminen
1996). This is a particular case of GIG distribution with pa-
rameters a = 3/2, p = u.f/20-2, and TI = A2/2a|. We can thus
derive the distribution of the pollination position by using
Eq. A.10, and simplify its expression by noting that

(derived from Eqs. A.l-2, or Prudnikov et al. [1986]). The
family of dispersal functions obtained can consequently be
written as follows:

(2ir) q(x, y)
(A.20)

with

»',>"*,

x - -
" -

S. = •

p = X| + X2 + X2

We name this family of dispersal functions the "generalized
Tufto model."

and

We name this family of dispersal functions "normal inverse
Gaussian."


