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Abstract To model the invasion of Prunus serotina
invasion within a real forest landscape we built a
spatially explicit, non-linear Markov chain which
incorporated a stage-structured population matrix and
dispersal functions. Sensitivity analyses were subsequently conducted to identify key processes controlling the spatial spread of the invader, testing the
hypothesis that the landscape invasion patterns are
driven in the most part by disturbance patterns, local
demographical processes controlling propagule pressure, habitat suitability, and long-distance dispersal.
When offspring emigration was considered as a
density-dependent phenomenon, local demographic
factors generated invasion patterns at larger spatial
scales through three factors: adult longevity; adult
fecundity; and the intensity of self-thinning during
stand development. Three other factors acted at the

landscape scale: habitat quality, which determined
the proportion of the landscape mosaic which was
potentially invasible; disturbances, which determined
when suitable habitats became temporarily invasible;
and the existence of long distance dispersal events,
which determined how far from the existing source
populations new founder populations could be created. As a flexible ‘‘all-in-one’’ model, PRUNUS
offers perspectives for generalization to other plant
invasions, and the study of interactions between key
processes at multiple spatial scales.
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For the last few decades, biological invasions have
offered a stimulating field of research, both in basic
community ecology, to test existing theories and
models of species assemblages (Callaway and Maron
2006; Sax et al. 2007), and from a more applied
perspective, to prevent their deleterious effects on
biodiversity, ecosystem functioning, economical
activities and public health (Pimentel et al. 2005). A
huge body of literature has tackled the biological
invasion challenge, searching for general rules that
could help predict which species are more likely to
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become invaders (‘invasiveness’, e.g. Kolar and Lodge
2001) and which ecosystems are more susceptible to
invasion (‘invasibility’, e.g. Alpert et al. 2000). Early
prospects for generalizations often failed, concluding
that no general rule could be found (Lonsdale 1999;
Williamson 1999). Maybe the incredible diversity of
both invaders and their recipient ecosystems impaired
such attempts, but also many analyses may have been
flawed by focusing separately on different components
of a system, instead of considering their combined
interactive effects (Higgins and Richardson 1998, see
also Richardson and Pyšek 2006 for a critical analysis
of the dyad invasibility-invasiveness).
The exploration of single processes which contribute to plant invasions are common among a large
number of published observational case studies and
experiments (Richardson and Pyšek 2006). However,
in recent years, modelling approaches have led to
important insights by integrating elements in a more
holistic way (Higgins and Richardson 1998; Thuiller
et al. 2006). Several models have been developed to
understand how different factors interact to determine
invasion dynamics in particular systems (Marco et al.
2002; Cannas et al. 2003). All provide fascinating
results that are interpreted in different ways, but still
with limited scope for comparing fundamental results
between studies. We consider that four key processes
offer valuable perspectives for generalizations.
1.

Disturbance has long been recognized as a major
factor which may promote biological invasion
(Elton 1958; Crawley 1987), by releasing both
space and resources for establishment (Davis
et al. 2000; Shea and Chesson 2002). Invaders
may also be more facilitated by disturbance in
their exotic range than in their native one (Hierro
et al. 2006). Using a spatially explicit simulation
model, Pausas et al. (2006) found that the spatial
spread of the wind-dispersed Cortaderia selloana
(pampas grass) was increased with disturbance
frequency, and also that spatial patterns of
disturbance were more important than frequency.
Consistently, using a stochastic matrix model to
explore the influence of disturbance frequency on
Prunus serotina (black cherry) demography,
Sebert-Cuvillier et al. (2007) analytically demonstrated the existence of a critical threshold
value, above which the invasion could start.
These results highlight that when integrating a
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2.

3.

4.

disturbance regime into a model, all aspects
should be considered (Moloney and Levin 1996),
including intensity (i.e. proportion of removed
biomass), spatial extent (i.e. size and shape),
temporality (i.e. frequency) and spatio-temporal
patterns (i.e. temporal and spatial autocorrelation
among individual disturbances).
Propagule pressure (i.e., increased probability of
invasion with the number of propagules arriving
in a given location; Hierro et al. 2006; Lockwood
et al. 2005; Colautti et al. 2006) and residence
time (i.e., increased probability of invasion with
time since introduction; Rejmánek 2000; Wilson
et al. 2007) have been found to compensate for
low inherent species invasiveness and/or low
intrinsic ecosystem invasibility (Richardson and
Rejmánek 2004; Richardson and Pyšek 2006).
Thus, the classical view, which states that only
some species have a high ‘invasiveness’ defined
by a particular set of life-history traits, and only
recipient ecosystems have a high ‘invasibility’ as
they provide a given set of biotic and abiotic
characteristics (Lonsdale 1999; Alpert et al.
2000), is progressively shifting towards a more
elusive interacting continuum between those two
components (Richardson and Pyšek 2006). In
particular, the mass action of local dispersal has
been shown to increase the chance for an invader
to successfully establish, even in a priori lowly
invasible habitats (Snyder and Chesson 2003;
Sebert-Cuvillier et al. 2008).
Long distance dispersal (LDD) has received
growing attention in the literature. Although a
rare event often involving a very small proportion of propagules, LDD has been found to
ultimately control the rate of spread for a huge
number of invasive plants (Higgins and Richardson 1999; Nathan et al. 2005; Trakhtenbrot et al.
2005; Garnier and Lecomte 2006). Long distance
dispersal alone accounts for the usually observed
exponential growth of the invasion front (Neubert and Caswell 2000; Cannas et al. 2006), as
well as for the creation of new founder populations in distant suitable areas (Nehrbass et al.
2007; Sebert-Cuvillier et al. 2008).
Environment heterogeneity was initially neglected
in models of biological invasions (Skellam 1951),
before being incorporated into spatially explicit
models (Kot et al. 1996; Neubert et al. 2000).

PRUNUS: a spatially explicit demographic model

Heterogeneity has been shown to influence not
only dispersion in both space and time, but also the
impact on recipient ecosystems (Melbourne et al.
2007). The position of founder populations in
relation to potentially invasible patches, and their
spatial distribution are crucial to invasion patterns
(Wilson et al. 2007). Spatially explicit models
revealed that environment heterogeneity, especially connectivity between patches of suitable
habitats, increased the speed of invasion (Söndgerath and Schröder 2002), but decreased the final
spatial extent (Sebert-Cuvillier et al. 2008).
Moreover, even when dispersal is incorporated
as a multidirectional process, landscape heterogeneity makes the invasion highly directional (Sebert-Cuvillier et al. 2008).
In this paper, we describe a flexible general model,
which incorporated the four key processes mentioned
above (namely disturbance, propagule pressure and
residence time, LDD, environmental heterogeneity),
and explore their influence on the invasion dynamics
of plant species. For this purpose, we incorporated a
Lefkovitch matrix model accounting for local population growth (population sub-model) into a nonlinear version of a Markov chain accounting for
spatial spread (landscape sub-model), both being
linked by dispersal functions. The ultimate goal was
to provide a model that can be adapted to use with
Fig. 1 Conceptual
framework of alien plant
spread (adapted from
Higgins and Richardson
1996)

various invasive plant species to explore general
hypotheses. However, to calibrate the model we used
data collected for the American black cherry (Prunus
serotina Ehrh.), an invasive tree spreading in European temperate forests. Then, to search for the
relative importance of each component of the model
on invasion, we conducted sensitivity analyses by
varying the different parameters in the simulations.
More specifically, we tested the following research
hypotheses: the spatial spread of an invader at a
landscape (regional) scale increases when (1) disturbance frequency and/or intensity increases; (2) local
demographical processes increase propagule pressure
and/or residence time; (3) habitat suitability increases
with respect to landscape heterogeneity; (4) longdistance dispersal increases in intensity and/or maximal distance.

The PRUNUS model
Conceptual background
Our mathematical model relies on the conceptual
model of alien plant spread proposed by Higgins and
Richardson (1996; Fig. 1). In their model, the demographic process, which primarily takes place at a
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local scale, is the outcome of the interaction between
the invader’s autecological attributes (invasiveness)
and the recipient ecosystem attributes, including
resource availability (invasibility). Alien abundance
in both space and time typically involves a landscape
or even regional scale, which is linked to the local
scale through dispersal. The model also includes
feedback effects of alien abundance on resource
fluctuations, speeding up or slowing down the
invasive spread.
Here, we use a Lefkovitch matrix to model the
demographic process. This approach ensures that any
life cycle of the target species can be taken into
account, with respect to their autecological attributes.
This local model also includes stochastic environmental fluctuations of resource over time, to represent
the unpredictable heterogeneity at a site (e.g., storm,
fire).
The landscape is made discrete using a lattice of
cells. A suitability index, which accounts for habitat
suitability (i.e., local scale) with respect to the
invader’s autecology, is applied to each cell. This
index represents the predictable heterogeneity in both
space and time (e.g., soil type, management-related
disturbances). This index balances the transition
probabilities of the population sub-model.
Finally, the local population sub-model is linked to
the landscape model using a set of dispersal functions. The stage abundances for each cell of the
discrete landscape are determined by a nonlinear
version of a Markov chain using the dispersal
functions.
Transition probabilities (population sub-model),
suitability indices (landscape sub-model) and
dispersal kernels (dispersal functions) are speciesspecific. For the purpose of this study, we developed our model for Prunus serotina, which is
among the most intensively studied invasive plant
species in Europe (Starfinger 1991, 1997; Deckers
et al. 2005; Godefroid et al. 2005; Pairon et al.
2006; Chabrerie et al. 2007a, b; 2008; Closset-Kopp
et al. 2007; Verheyen et al. 2007; Sebert-Cuvillier
et al. 2007, 2008). This species has the added
advantage of exhibiting a complex life-history cycle
and invading complex forest ecosystems. Therefore,
we believe that our ‘PRUNUS’ model could be
applied to many other plant invasive plant species
after several simplifications, particularly in the
population sub-model.
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Case study and study site
The American black cherry (Prunus serotina Ehrh.) is
a gap-dependent tree species native to North America,
which has been introduced in many European forests
for ornamental, timber production, and soil amelioration purposes (Starfinger 1997). For at least three
decades it has largely spread throughout the temperate
forests of Western and Central Europe, particularly on
well-drained, nutrient-poor soils (Starfinger 1997;
Chabrerie et al. 2007a; Verheyen et al. 2007; Chabrerie et al. 2008). Its population dynamics have been
studied in detail in northern France (Closset-Kopp
et al. 2007). The seeds of P. serotina are able to enter
closed-canopy forests and form a long-living sapling
bank (‘Oskar syndrome’: no height growth, diameter
increment \0.06 mm year-1, longevity [ several
decades). When a canopy gap occurs, saplings are
released from suppression and grow rapidly
([56 cm year-1) to reach the canopy and fill the
gap. In clearcuts and large gaps P. serotina often
forms a low, closed carpet of small trees, which
impedes natural regeneration of other species (Starfinger 1991; Chabrerie et al. 2007a).
Once established, an individual of P. serotina can
self-maintain indefinitely by actively resprouting
from its roots and stumps. Individuals become fertile
at an average age of 8 years and produce numerous
seeds (6,011 per tree on average), of which 42% are
able to germinate (Closset-Kopp et al. 2007) whereas
55% have their kernel eaten by snout beetles
(unpublished data). Several studies have shown that
ca. 95% of the seeds are dispersed by gravity or after
local regurgitation by birds in a radius of 5 m around
the parent tree (Starfinger 1997; Deckers et al. 2005;
Pairon et al. 2006). The remaining seeds (ca. 5%) are
dispersed via mid- and long-distance dispersal events,
by birds and mammals (especially foxes in the study
area). The mean dispersion distance in forests has
been measured at 100 and 918 m on average, for
birds and foxes respectively. These species characteristics were used throughout the population submodel of PRUNUS (Fig. 2) and have previously been
used to construct a demographic model (SebertCuvillier et al. 2007).
The PRUNUS model was developed as a ‘spatially
realistic’ model, which could be used to study real
populations in real landscapes. In this article we used
field data collected from the forest complex of

PRUNUS: a spatially explicit demographic model
Fig. 2 Flowchart showing
the conceptual background
of PRUNUS model, where a
population submodel
(inside the dash zone) is
incorporated into a
landscape submodel
through dispersal.
Numbered bold arrows
indicate where are located
the processes that
potentially influence the
invasion dynamics: 1
density of vectors, 2 habitat
quality, 3 germination rate,
4 light availability, 5
longevity of suppressed
saplings (‘‘Oskars’’) under
shade conditions, 6
probability for ‘‘Oskars’’ to
be released from
suppression and grow to
sapling2 stage, 7 light
availability, 8 resprouting
rate, 9 intensity of selfthinning during the
aggradation phase, 10 adult
longevity, 11 number of
seeds which is annually
produced, 12 post-dispersal
predation rate
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Compiègne-Laigue, which is located in northern
France (49220 N; 2540 E; 32–148 m altitude). It
was chosen because it contains a wide range of
habitat conditions and is currently the most heavily
invaded site by P. serotina in France. It is also
representative of other ecosystems that are likely to
be invaded by P. serotina in temperate Europe.
Compiègne-Laigue forest is a mixed forest covering
18,244 ha, which is currently managed as an evenaged plantation of common beech (Fagus sylvatica),

12
no

oaks (Quercus robur, Quercus petraea) and Scots
pine (Pinus sylvestris). The clearcut-return interval
for the forest is 180 year for Q. robur and Q. petraea,
110 year for F. sylvatica and 100 year for
P. sylvestris. During each time interval, thinnings
are conducted every 4–10 years. Natural disturbances
mainly consist of treefalls and windthrows; three
unusual storm episodes have damaged the SE part of
the forest in 1984, 1990 and 1999. Prunus serotina
was probably first introduced around 1850 in a former
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arboretum located inside the forest (‘Les Beaux
Monts’ area).
Construction of the landscape sub-model
We first converted the real landscape into a raster
map, following the approach developed in SebertCuvillier et al. (2008), with the notable difference that
each cell consisted of an ecologically homogeneous
unit (i.e., relief, soil type, soil moisture, and canopy
composition were assumed to be the same over the
entire cell area), matching our definition of the local
scale. Using Geographic Information System (GIS)
technology, we superimposed a lattice of 50 9 50 m
cells over the forest vector map of CompiègneLaigue. This generated a grid of 401 9 425 cells,
among which 72,900 and 97,525 corresponded to
forest and non-forest cells, respectively.
A habitat suitability index (Vi) was then assigned
to each forest cell i, ranging from 0 (cell resistant to
invasion whatever the diaspore pressure, including
non-forest cells) to 2 (cell which would be invaded
with certainty if an invader disperses into it; Appendix 1). To elaborate this habitat suitability index, we
used the establishment probabilities of Prunus serotina according to both soil type and soil moisture, as
calculated by Chabrerie et al. (2007a). At each time
step the number of Prunus serotina individuals in cell
i that are released from suppression is multiplied by
Vi. All 170,425 suitability indices Vi defined the timeindependent ‘suitability vector’ V.
Construction of the local population sub-model
We used the stochastic matrix model with stage
distribution (i.e., Lefkovitch matrix) elaborated by
Sebert-Cuvillier et al. (2007) to describe population
dynamics in homogeneous environments. Eleven life
stages were used to account for the population
structure: ‘seed-2’ and ‘seed-1’ are seeds able to
germinate 2 or 1 year after setting (i.e., dormant
seeds of the transient seed bank); ‘seedling’ corresponds to germinating seeds; ‘sapling1’ (‘‘Oskar’’) to
‘sapling7’ are saplings which are 1–7-year old
(8 years representing the average delay before sexual
maturity); and ‘adult’ corresponds to reproducing tall
shrubs and trees. All these stages are linked by
transition probabilities, i.e., a probability for an
individual of a given stage to reach the stage after.
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Stages ‘sapling1’ and ‘adult’ have a further probability to be stationary, to account for the ‘Oskar
syndrome’ (i.e. suppressed saplings) and the mean
tree life span, respectively.
Resprouting capacity was considered as the possibility for individuals from stage ‘sapling1’ to stage
‘adult’ of decreasing their size to return to the
‘sapling1’ stage, after their aerial stem has died or
been cut down.
As light represents the main critical resource for
the gap-dependent Prunus serotina, it was incorporated as a binary variable: present (gap) or absent
(shade). Light may be available both periodically, in
the case of forestry-related cutting rotations, and
stochastically, after a storm-induced treefall, for
example. We considered a mean duration of
Peri = 7 years of light availability, until the gap
was filled-in by one or several trees. After this timelag, the canopy is closed and the light is switched off
(i.e. resource is no longer available until the next
disturbance).
Let A, B, C and D be the transition matrices
corresponding to shade state, treefall-induced light
state, canopy closure state, and clearcut-induced light
state of the environment, respectively. Full details
about these four matrices are given in the section
‘‘Appendix 1’’.
When a storm-induced canopy gap occurs, matrix
B is repeated 7 times and followed 1 time by matrix
C; the matrix B7C is thus applied.
Forest management-related disturbances are periodic and depend on the target canopy tree species
(see ‘‘Case study and study site’’). Each cell i, which
support a single target tree species, is thus characterised by 3 silvicultural parameters: the clearcut returninterval (Cli), the thinning return-interval (Thi), and
the proportion of gaps after a thinning (Pthi). Hence:
•

•

when a clearcut is conducted in cell i, matrix D is
implemented once and followed by matrix Bti 1 C;
where ti is the time-lag before canopy closure,
which is species-specific (see ‘‘Appendix 1’’). The
matrix DBti 1 C is thus applied.
when a thinning is conducted in cell i, only a
proportion Pthi of the forest floor is reached by
light; the matrix PthiB ? (1 - Pthi) A is thus
applied.

At each time step n in cell i the environment
determines which one of the three matrices is used:

PRUNUS: a spatially explicit demographic model

•

•
•

An ¼ DBti 1 C when a clearcut is conducted, i.e.,
when the time interval Ti(n) between n and the
last clearcut equals Cli.
An = PthiB ? (1 - Pthi) A when a thinning is
conducted, i.e., when Ti(n) is a multiple of Thi.
else An = A (no disturbance since at least 8 years)
with probability 1 - P or An = B7C with probability P, for P [ [0,1], the latter giving the
probability of occurrence of a (stochastic) natural
disturbance (e.g., treefall, windthrow).

For each cell i, we created an 11 component-vector
Pi(n). For 1 B j B 11, Pi,j(n) gives the number of
individuals of stage j in cell i at time n. Hence, P(n) is
a matrix with 170,425 rows and 11 columns, and the
product of Pi(n) by matrix An gives the number of
individuals in cell i at time n ? 1; hence, Pðn þ 1Þ ¼
An PðnÞ: This number was forced not to exceed the
carrying capacity Cmax of cell i, which was defined as
the average maximum Prunus serotina stem density
supported by a 2,500 m2-area. In accordance to our
field measures and data presented by Sebert-Cuvillier
et al. (2007), Cmax was set at: 630 stems per cell for
adult and sapling7 stages; 1,465 stems per cell for
sapling6 stage; 21,265 stems per cell for sapling5
stage; 57,950 stems per cell for sapling4 stage;
135,090 stems per cell for sapling3 stage; 177,750
stems per cell for sapling 2 stage; 250,000 stems per
cell for sapling1 (Oskar) stage; and 375,000 stems per
cell for seedling stage. No limitation applied to stages
seed-2 and seed-1.
We also created a coefficient Gi(n) containing the
number of seeds which are produced each year by the
mature trees in cell i (i.e. the number of seeds
participating to dispersion). G(n) is a vector containing 170,425 components.
Linking population and landscape sub-models
through seed dispersion
Three dispersal types were distinguished: long-distance (corresponding to mammals, especially foxes),
mid-distance (corresponding to birds exporting seeds
outside a given cell) and short-distance (corresponding to gravity and local regurgitation by birds), with
proportions Pf = 0.5%, Pb = 1.5% and 1 - Pf Pb = 98% respectively, to fit field measures (see
‘‘Case study and study site’’) and to take into account
the cell size. Mid- and long-distance dispersal were

described by two lognormal functions: fb and ff (see
‘‘Appendix 1’’). Hence, our model simulates both the
mass action of local dispersal and the random nature
of long-distance dispersal.
PRUNUS is thus a quantitative model describing,
for each cell i of a real landscape, the number of
Prunus serotina individuals per development stage j
(from dormant seeds to mature trees). The time step
of the model is 1 year since both seed production and
tree growth are rhythmic, discrete processes with a
1 year period. The model output is dependent upon
eleven variables (Fig. 2): density of dispersal vectors,
habitat quality, germination rate, light availability
(which acts at two steps), probability of suppressed
saplings survival in the shade, probability of transition from Oskar stage to sapling2 stage, resprouting
capacity, growth rate (incorporating competition for
light), adult survival rate, number of produced seeds,
and seed mortality rate (incorporating both seed
predation and embryo viability). Variables and
parameters of the model are summarized in Table 1.
Full information about the model, transition matrices,
invasibility indices, deterministic measures of each
dominant tree species and dispersal is given in
Appendix 1.
Rules
We used a split-step method to compute the abundance of Prunus serotina in each stage j for cell i at
time n ? 1. At each time step n:
Rule 0: for each cell i at time n, one matrix from A,
B, C or D is selected to match the environmental
state.
Rule 1: Local evolution in cell i in one time step:
Pi ðn þ 1=3Þ ¼ An Pi ðnÞ
In order not to exceed the carrying capacity of the
cells: for j[2
if Pi;j ðn þ 1=3Þ [ Cj;max
then Pi;j ðn þ 1=3Þ ¼ Cj;max
Creation of the vector G, which contains the
number of seed produced during the year:
Gi ðn þ 1Þ ¼ Stot: Pi;11 ðn þ 1=3Þ;
where Stot is the total number of seeds produced per
tree.
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Table 1 Variables and parameters describing demographic and spatial process in the PRUNUS model
State variables

Pi,j(n): number of individuals at the stage j that are in the cell i at time n
Ti(n): time interval between n and the last clearcut
Gi(n): number of seeds produced during the year n by all the mature trees
of the cell i

Forcing functions

Cj,max: carrying capacity of the cell for the stage j (j = 1 and j = 2)
Pf and Pb: proportion of seeds dispersed by foxes and birds respectively
i0: location of the introduction of the invader at n = 0 (1850)
For each cell i:
Vi: suitability index
Cli: clearcut-return interval
Thi: thinning-return interval
Pthi: percentage of light due to a small-scale thinning
ti: duration of the perturbation due to a clearcut
Peri = 7: duration of a perturbation due to a windfall

Parameters

An: transition matrix matching the state of the environment at time n. In our case An
can potentially take 4 values: A, B, C or D
Stot. (ca. 1398): total number of seeds (whatever their year of germination after release)
produced in 1 year by one single tree
P: probability for the environment to be at the disturbed state
fb: dispersal lognormal function to model seed dispersal by birds
ff: dispersal lognormal function to model seed dispersal by foxes
In: invasion extent

Outputs

Prn: propagation distance

Rule 2: Seed dispersal: For each cell i, PfGi(n)
and PbGi(n) seeds are dispersed outside the cell by
foxes and birds, respectively, while (1 - Pf - Pg)
Gi(n) seeds are staying in cell i. For each seed
escaping cell i, the dispersal distance is given by the
dispersal lognormal functions while the direction is
randomly chosen from 0 to 360 to determine
which cell will receive this seed. Dispersal is
restricted to seed stages (j B 3). Hence, the abundance of individuals at the sapling and adult stages
does not change: for j [ 3, Pi,j(n ? 2/3) =
Pi,j(n ? 1/3).
Rule 3: Establishment: An individual can grow
from sapling2 up to the canopy in cell i if the habitat
suitability index Vi of cell i is greater than 1. With
regards to the demographic strategy of our studied
species (see above), we applied this index Vi to stage
5 (i.e. sapling-2 stage):
For j 6¼ 5; Pi;j ðn þ 1Þ ¼ Pi;j ðn þ 2=3Þ
Pi;5 ðn þ 1Þ ¼ Vi Pi;5 ðn þ 2=3Þ
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Simulations
Model verification and validation
The model was verified by checking whether it behaved
as expected and gave plausible outputs. Unfortunately,
we could not conduct a rigorous validation of the
model, since detailed accounts of the initial invasion
dynamics of P. serotina at the study site are unknown.
The current distribution and abundance of the species is
also likely to be biased by measures used to control its
expansion since ca. 1975, especially since these control
measures have varied considerably in their frequency,
intensity, spatial extent, and methods. Hence, we
restricted our validation procedure to a quantitative
comparison of the maps showing the current observed
distribution of P. serotina (in 2003, see below) with the
predictive distribution maps produced by the simulation initiated at the presumed point of introduction in
1850 (cell i0 = 94,447 at n = 0, ‘Les Beaux Monts’)
and running for 153 iterations.

PRUNUS: a spatially explicit demographic model

Sensitivity analysis
To measure how much parameters and forcing functions contribute to the model response, we conducted a
sensitivity analysis of the model. For this purpose, we
simply ran simulations in which each input variable,
parameter or forcing function was varied while the
others were kept fixed, and recorded the corresponding
change in the state variables. The relative change in
parameters was chosen so that the range largely
exceeded the uncertainty. For example, if a given
parameter was known within ±10%, we varied it
within at least ±50% up to extreme values of the entire
range. Following this procedure, we tested the relative
importance of each potentially critical step (Fig. 2).
Step 1: sensitivity to dispersal parameters—The
relative proportions of seeds dispersed by birds (Pb)
and foxes (Pf), that were estimated to 1.5 and
0.5% respectively, were successively increased from
0 to 4%.
Step 2: sensitivity to landscape suitability—All
indices Vi of the suitability vector were successively
multiplied by 0.5, 0.67, 0.8, 1.25, 1.5 and 2 (i.e. from
50 to 200% of their real value), with respect of the
landscape heterogeneity.
Steps 3, 5, 6, 8, 9, 10, 11, and 12: sensitivity to
demographic parameters—Depending on the life stage
under consideration, we applied the following ranges
of values for the corresponding input parameter:
•
•
•
•

•
•
•

step 3 (germination rate): from 0.05 to 1;
step 5 (survival probability of sapling-1 ‘‘Oskar’’
stage under shade conditions): from 0 to 1;
step 6 (transition probability from sapling-1
‘‘Oskar’’ to sapling 2 stage): from 0.1 to 0.9;
step 8: sensitivity to the resprouting response of
saplings was investigated by varying the 7
resprouting coefficients in matrix B from 0 to 1
(self-thinning process) and the 6 resprouting
coefficients in matrix C from 0 to 1 (canopy
closure), both independently and simultaneously,
and then separately for the 6 coefficients in matrix
D by varying these from 0 to 1;
step 9 (intraspecific competition for light): from
0.1% to 10%;
step 10 (adult survival probability): from 0.94 to
0.99;
steps 11 (reproduction rate) and 12 (seed survival
probability): those two parameters were studied

simultaneously, by multiplying the mean annual
number of seeds Stot by 0.1, 0.2, 0.5, 2, 5 and 10
successively.
Moreover, we investigated the impact of the
carrying capacity Cmax by multiplying it by 0.01,
0.1, 0.5, 2, 10 and 100 successively.
Steps 4 and 7: sensitivity to resource availability—
Light availability at the forest floor was investigated
separately for natural and anthropogenic disturbances. For the former, stochastic light arrival
probability P was varied from 0 to 1. For the latter,
periodic light arrival was varied by multiplying Cli by
0.33, 0.67, 1.5 and 3 for each cell i.

Computation and graphical representations
All simulations used C?? language. For the sake of
simplicity all simulations were started with ten
reproducing trees already established in the same
cell at time n = 0 (i.e., cell i0 = 94,447 in 1850 to
match real conditions of our case study). For each
simulation round, we averaged the number of individuals per stage and per cell at each time step over
30 iterations. Moreover, we distributed the 11 stages
among the four following groups to clarify the
figures: (1) seed stage (including seed-2, seed-1 and
seedling stages), (2) Oskar stage (i.e., sapling1 stage),
(3) sapling stages (incl. sapling2 to sapling7 stages),
(4) adult stage.
For the purpose of the model validation, output
maps were made binary (i.e. presence/absence maps),
assuming that species distribution has been less
impacted upon by control operations than species
abundance. As reliable field data were available only
for the Compiègne forest, we restricted our statistical
analysis to this forest, which represents 79% of the
whole area (14,417 ha). Observed distribution maps
were built using data from an intensive field survey
conducted in 2003, during which presence/abundance
of P. serotina among tree, shrub and herb layers was
scored for each stand of the forest (Chabrerie et al.
2007a). When a stand was supporting several soil
types and/or several management units, each ‘‘homogeneous’’ unit had been scored independently. The
resulting map comprised 6,434 polygons ranging from
8 to 563,600 m2 (mean ± standard deviation =
22,800 ± 30,300 m2).
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Fig. 3 Quantitative
descriptors showing the
spatial spread of four lifestages of Prunus serotina
(seed, sapling 1, saplings
and adult) in the
Compiègne-Laigue forest
following the introduction
of 10 fertile trees in cell
i0 = 94,447 at n = 0 (year
1850). a invasion extent
(percentage of the 72,900
forest cells that are
invaded). b propagation
distance (distance from the
cell of first introduction in
kilometres)

proportion of forest cells (% )

To cope with the difference of spatial grain
between the two sets of maps (2,500 vs. 8 to
563,600 m2), we converted the observed distribution
(vector) maps into binary raster maps by superimposing a lattice of 50 9 50 m cells on them. All cells
that matched an occupied polygon were considered
‘invaded’. Three statistical measures of goodness-offit were subsequently computed: overall agreement,
i.e., the percentage of cells that were correctly
predicted by the model, Jstandard, i.e., the kappa
statistic, and Jlocation, i.e., the component of Jstandard
quantifying the proportion of agreement due to
location (Pontius 2000).
We plotted two descriptors against time to represent the invasion dynamics: propagation distance Prn,
which was calculated as the Euclidian distance
between i0 and the furthest cell from i0 where at
least one individual is, and invasion extent In which is
the percentage of the 72,900 cells with more than one
individual at time n.
In sensitivity analyses, outputs were graphically
represented, by the invasion extent In against time,
100

only at the adult stage, and only for model parameters/
functions responsible for significant relative changes.

Results
Model verification and validation
The model behaved as expected. Seeds quickly
reached numerous cells whereas the establishment of
saplings and trees was clearly slower (Fig. 3). The
proportion of the forest which became inhabited by the
light-independent life stages of P. serotina increased
logarithmically from approximately 25 and 45 years
for seeds and Oskars, respectively, after the plantation
of the first founder population (Fig. 3a). Conversely,
this proportion increased linearly for light-dependent
life stages, from ca. 50 and 75 years for saplings and
adults respectively, following the first introduction. At
the end of the simulation, almost all cells contained
seeds (89%) and suppressed saplings (85%), but fewer
were colonised by saplings (17%) and adults (11%).
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Before the maximum value is reached, the propagation distance of Oskars and adults increased
almost linearly with time, after a lag of ca. 10 and
45 years respectively, indicating a constant progression of the invasion edge (Fig. 3b). Conversely,
although increasing with time, the propagation
distance of seeds exhibited important fluctuations
which only ceased in ca. 1895 when the adult
population started to spread. This irregularity in seed
dispersal suggests that the founder population is
particularly sensitive to environmental stochasticity
during this time lag. The propagation distance of
saplings also show important fluctuations until the

maximal value is reached, towards year 1970, due to
the dependence of those states upon light availability.
The model produced predicted distribution maps
that roughly match the observed distribution maps,
given the difference in spatial resolution (Fig. 4). The
overall agreement is 74, 69 and 64% for the tree,
shrub and herb layer respectively. Kappa standard/
Kappa location statistics are 0.40/0.62, 0.39/0.54 and
0.32/0.68 for the tree, shrub and herb layer, respectively. Overall, predicted maps tended to overestimate the number of invaded cells, especially at the
SW and NE forest margins, often where the aging
coppice-with-standards have not yet been converted

Fig. 4 Binary maps
showing the presence (in
black) and absence (in grey)
of Prunus serotina in the
Compiègne forest, among
the tree (top), shrub
(middle) and herb (bottom)
layers, as predicted by the
PRUNUS model (on the
left) and recorded on the
field (on the right).
Predicted maps were
obtained by introducing 10
mature trees in cell
i0 = 94,447 at n = 0 (year
1850) and running 153
iterations
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Sensitivity to the different processes

Habitat suitability

Dispersion parameters

While the invasion extent reached 11% at the end of
the simulation run in the real landscape, it averaged 6,
8, 9, 13, 14 and 17% when all invisibility indices
were multiplied by 0.5, 0.67, 0.8, 1.25, 1.50 and 2
respectively (Fig. 5b).

proportion of forest cells (%)

Variations in the proportion of seeds dispersed by
birds altered neither the invasion extent nor the
propagation distance. Conversely, the proportion of
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seeds dispersed by fox was crucial to the invasion
dynamics. When the fox dispersal proportion was set
to 0%, the invasion extent only reached 4%. As soon
as LDD was incorporated, the invasion extent
increased linearly, up to values between 13 and
18%, irrespective of the value of this proportion
(Fig. 5a).

100

proportion of forest cells (%)

into high forests. The overestimation was more
important for the tree and, to a lesser degree for the
shrub, than for the herb layer. Conversely, the model
slightly underestimated the invasion into the SE
quarter of the forest, which is the section of forest
which has been severely damaged by storms during
the last three decades.

100

90
80

b
50%
67%
80%
100%
125%
150%
200%

70
60
50
40
30
20
10
0

1850 1865 1880 1895 1910 1925 1940 1955 1970 1985 2000

proportion of forest cells (%)

time (years)
100

c

90
80

0.05
0.1
0.2
0.5
1

70
60
50
40
30
20
10
0

1850 1865 1880 1895 1910 1925 1940 1955 1970 1985 2000

time (years)
90
80

d
10%
20%
50%
100%
200%
500%
1000%

70
60
50
40
30
20
10
0

1850 1865 1880 1895 1910 1925 1940 1955 1970 1985 2000

100
90
80

e

70
60
50
40

0%
1%
5%
10%

30
20
10
0

1850 1865 1880 1895 1910 1925 1940 1955 1970 1985 2000

time (years)

Fig. 5 Sensitivity of Prunus serotina invasion to variations of
different variables of the model PRUNUS. The invasion extent,
taken as the percentage of the 72,900 forest cells that are
invaded, is plotted against time, following the introduction of
10 mature trees in cell i0 = 94,447 at n = 0 (year 1850) and
running 153 iterations. a Sensitivity to the proportion of seeds
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Demographic parameters
Among the eight demographic parameters tested,
only three significantly influenced the outcome of the
invasion, namely the seed germination capacity, the
proportion of seeds participating in dispersion, and
the intensity of the self-thinning process.
The germination capacity (step 3) and seed
survival rate (combining the number of viable seeds
produced (i.e., step 11) and the proportion of seeds
surviving predation and natural death (i.e., step 12)
were the most sensitive components, with higher
values resulting in greater extent of invasion (Fig. 5c,
d). For example, the invasion extent increased from
2.5 to 29% as the amount of seeds participating in
dispersal is multiplied by 0.1 to 10.
With regards to the intensity of the self-thinning
process (step 9), the invasion extent exponentially
increased along the range of tested values, despite the
forcing function of carrying capacity (Fig. 5e). Invasion extent increased from 5 to 20% for an overall
transition rate ranging from 1 to 10% between
sapling2 and adult stages.
The proportion of sapling1 ‘‘Oskars’’ able to reach
the sapling2 stage (step 6) and, to a lesser degree, the
Oskar survival rate (step 5), impacted upon the
invasion process only when they were set to unrealistic values close to 0.
Neither variation of the resprouting rates, nor
‘reasonable’ variation of adult longevity impacted
upon the invasion process. However, for the latter,
extremely low values strongly decreased the invasion
extent. For instance, when adult longevity was set to
1 year, it only reached 0.1%.

Resource availability
As expected, the invasion process was highly sensitive to light availability. The invasion extent
increased from 6 to 85% when the probability P of
disturbance-induced treefall (steps 4 and 7) was
increased from 0 to 1 (Fig. 5f). Even when P = 0 the
invasion extent was not zero, since we considered a
managed forest and hence disturbances were included
in the model. It is noteworthy that management
programmed disturbances were less influential on the
invasion process than stochastic natural disturbances:
the invasion extent averaged 6, 9, 13 and 14%, when

the clearcutting frequency was divided by 3 and 1.50
and multiplied by 1.50 and 3, respectively.

Discussion
Our main goal was to build a flexible general model
of plant invasion dynamics (PRUNUS), which incorporated four key processes (disturbance, propagule
pressure/residence time, long-distance dispersal, and
environment heterogeneity) that we had identified
from the literature as having an important influence
on the establishment, spread and distribution of
invading species. The holistic inclusion of these
processes allowed us to explore the role of each
specific process as well as their combined interactive
effects on invasion dynamics. Moreover, as a spatially realistic model (sensu Hanski 1999), PRUNUS
incorporates landscape heterogeneity and thus the
spatial autocorrelation of habitat suitability (i.e.,
suitability of two similar habitats may differ according to their spatial location in the landscape). In the
following discussion, we address the realism of the
model for the special case of P. serotina, examine
the processes driving the invasion dynamics of this
species, and discuss what generalisations PRUNUS
makes towards the theory of invasive plant ecology.
How closely does PRUNUS match the real world?
PRUNUS was calibrated with empirical data from
P. serotina and the Compiègne-Laigue forest and
behaved as expected. Spatial spread patterns at the
landscape scale, as well as the distribution of
individuals among life stages, were consistent with
field observations and confirm earlier results that
were obtained with a matrix population model and a
simple mechanistic model of spatial spread (SebertCuvillier et al. 2007, 2008).
Goodness-of-fit statistics gave satisfactory results
between observed and predicted distributions, even if
the predicted maps tended to overestimate the extent
of species invasion. This overestimation increased
with distance away from the site of the first introduction. Hence, prediction accuracy also declined with
time. These discrepancies may be accounted for by
the exclusion, within the model, of the plant invasion
control measures performed in the area during the last
three decades. These operations are expected to have
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significantly slowed the spread of the invader, hence
to have reduced its spatial extent and its abundance in
invaded stands.
Also, the observed data used for validation may be
misleading. Even though an intensive field survey has
been carried out to check for presence/abundance of
Prunus serotina in the Compiègne forest, the area is
so vast (14,417 ha) that some stands may have been
falsely considered as uninvaded during field investigations. The probability of such an underestimation
error is expected to increase when the visibility is
low, a stand is weakly invaded, when the invader
occurs only as saplings. This is particularly expected
on the margins of the forest, where the relief is the
most uneven and where many stands are still
supporting aging, dense coppices-with-standards.
From a more technical point of view, when the
vector map was converted into a raster map (see
‘‘Computation and graphical representations’’), we
may have overestimated the number of invaded cells
by considering all cells matching an occupied polygon without respect to its size and population density.
Several approximations may have also contributed
to this overestimation. Firstly, we considered that the
proportion of seeds undergoing LDD (i.e. fox-dispersed seeds) was constant over time, thus neglected
fluctuations of vector density and a potential ceiling to
seed density above which the number of LDD-seeds
would not increase. However, our sensitivity analysis
showed that all LDD intensities greater than zero
would not significantly alter the invasion dynamics.
Secondly, to account for the self-thinning process
during stand development (i.e. density dependence)
we applied the same values of carrying capacity and
transition coefficients to seedling/sapling/adult stages
for all cells, irrespective of soil or vegetation type.
As those values were measured in pure stands of
P. serotina, also neglected was competitive exclusion
by other species (only the dominant canopy tree
species has been incorporated into the habitat
suitability index), as well as variations in water and
nutrient availability. As the model is found to be
sensitive to those transition coefficients, this approximation may have indeed impacted upon the results.
Thirdly, we ignored demographic stochasticity and
Allee effects which are thought to be able to slow
down biological invasion (Renshaw 1991; Buckley
et al. 2003; Drake and Lodge 2006). Compared to
environmental stochasticity, they have been found to
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play a minor role in the population growth of large
sized populations (Haccou and Iwasa 1996; Snyder
2003). However, our sensitivity analysis revealed that
both the number of produced seeds and their germination capacity were important controls of the
invasion dynamics. Although not included in the
model, pest attacks and extreme climatic events (e.g.
seedling mortality due to severe summer drought, low
fecundity due to spring frost) are not rare in the study
area, so may have reduced the observed population
density, and hence slowed the invasion, especially at
the leading edge.
Key processes driving Prunus serotina invasion
Several key processes emerged from our sensitivity
analysis, which were also the elements of the model
which needed to match the field situation most
accurately in order to produce reasonable model
estimates.
Firstly, as expected for such a gap-dependent
species, disturbance frequency (steps 4 and 7)
emerged as the most influential factor on the spread
of P. serotina within our model. The results supported the first part of our research hypothesis by
showing that the spatial spread of an invader at a
landscape scale increases with disturbance frequency
and/or intensity. Consistent with earlier studies, both
invasion speed and extent increased with disturbance
frequency (Alpert et al. 2000; Lake and Leischman
2004; Pausas et al. 2006). More frequent disturbances
lead to a higher chance of arrival for an invader’s
offspring and therefore its subsequent establishment
in a temporarily invasible habitat. Surprisingly,
management-associated disturbances (i.e. the cutting/thinning rotation length) had only a limited
impact on the invasion speed, compared to natural
disturbance (i.e., frequency of storm-induced treefalls). Studying invasion-disturbance relationships on
a floodplain, Pyle (1995) reported opposing results,
with large-scale anthropogenic disturbances enhancing invasion while small-scale natural disturbances
had no effect. This may be explained by the pattern
and regularity in the type of disturbances modelled in
the two studies. In our study, natural disturbances
were stochastic events, whereas in the Pyle study
(1995), anthropogenic events were stochastic. Therefore these events could be described as ‘real’ external
disturbances. Conversely, the more or less regular
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periodicity of anthropogenic (this study) or natural
(Pyle 1995) disturbances ensures they form part of
the normal ecosystem function, and even of their
‘evolutionary’ history (Briske et al. 2003; Decocq
et al. 2004). This regular disturbance regime then acts
as a stress on the system rather than as a real
disturbance, but is still sufficient to allow a progressive invasion of the forest. Whilst Pausas et al. (2006)
concluded that disturbance regularity rather than
disturbance frequency, modified invasion pattern
assessed simultaneously in this study, these authors
assessed these parameters in separate simulation sets,
and over much shorter time intervals than those used
in this model.
Secondly, we found strong support for the second
part of our research hypothesis. Local demographical
processes, which increased propagule pressure and/or
residence time, enhanced the spatial spread of an
invader at the landscape scale. The invasion process
was highly sensitive to the number of viable seeds,
which takes into account both the number of seeds
which is annually produced by a mature tree (step 11),
and the proportion of those seeds surviving postdispersion predation (step 12). The resulting number
(i.e. number of individuals reaching the Oskar stage)
can be directly related to propagule pressure or ‘‘mass
effect’’ (Williamson 1996). To a lesser degree, the
adult tree longevity (step 10) was also found to
influence the invasion process, with shorter tree lifespans resulting in a slower invasion. Adult tree
longevity can be related to both residence time
(Rejmánek 2000; Wilson et al. 2007) and propagule
pressure. Every year an established mature tree
produces a number of viable seeds; hence the cumulated number of seeds, and therefore its propagule
pressure will increase with its residence time. As most
seeds are dispersed either beneath the canopy of the
mother tree or in its close vicinity, the risk of local
extinction of an already established population
decreases as the number of seeds produced increases,
and the probability of establishing in adjacent, less
invasible areas increases (Snyder and Chesson 2003;
Sebert-Cuvillier et al. 2008). Also, the chance of the
invader’s offspring finding a distant suitable habitat to
create new founder populations increases as the
number of seeds capable of undergoing LDD increases.
The model was also highly sensitive to two other
demographical characteristics, namely the germination rate of seeds (step 3) and the intensity of the

self-thinning process (step 9). These results contrasted with those of an elasticity analysis of the local
sub-model, which failed to find a crucial role of those
two rates on the local population dynamics; instead,
both adult and Oskar survival probabilities were the
most influential parameters (Sebert-Cuvillier et al.
2007). Therefore the factors controlling the invasion
varied with the spatial scale, as formerly suspected
(Pauchard and Shea 2006). In addition, the model
successfully generated invasion patterns at larger
scales from local demographical processes.
As the germination rate increased, the sapling bank
accumulated more individuals per time unit. Hence,
when a gap was created the number of individuals
participating in the aggradation phase was higher, and
thus the time taken to reach the carrying capacity of
the cell was shorter. Similarly, the number of
individuals which reached the canopy increased as
self-thinning intensity was decreased, and therefore
the carrying capacity of the cell would also be
achieved earlier. In both cases, the local density of
reproducing adults increased more rapidly. In addition an increase was observed in the overall number
of seeds participating in dispersion, especially in
LDD, thus contributing to an increase in the ‘‘mass
effect’’ of the local populations (Williamson 1996).
As a result, the probability for the invader to disperse
outside the cell and subsequently establish new local
populations into distant suitable habitats is increased
(Martinez-Ghersa and Ghersa 2006), speeding-up its
spatial spread at the landscape scale. This densitydependent emigration rate has been recently recognized in animal metapopulation biology (Hanski
1999; Saether et al. 1999; Amarasekare 2004).
Surprisingly, it seems to have been largely ignored
in plant invasion ecology, with the notable exception
of Neubert and Caswell (2000) who have shown,
using a matrix population model coupled to integrodifference equations, that invasion speed increases
with intrinsic population growth rate. It should also
be noted that the model was not sensitive to the value
of the carrying capacity. This indicates that crucial to
the model is not so much the maximal density that the
species can achieve at a local scale, but the rate at
which maximal density is achieved.
Thirdly, consistent with the third part of our
research hypothesis, when landscape heterogeneity
was kept constant, varying habitat quality influenced
the invasion speed more or less linearly. As habitats
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were simultaneously made more suitable for Prunus
serotina, the invasion speed increased. A higher
proportion of the landscape mosaic became potentially invasible and areas that would impair the
invasion spread were reduced. This is consistent with
the simulation results of Söndgerath and Schröder
(2002) that showed that the total amount of suitable
habitat and connectivity between patches of suitable
habitats increased the invasion speed.
Finally, consistent with a growing body of literature, we found that long-distance dispersal played a
crucial role in the spatial spread of P. serotina (Kot
et al. 1996; Clark et al. 1998; Higgins and Richardson
1999; Neubert and Caswell 2000; Nathan et al. 2005;
Trakhtenbrot et al. 2005; Garnier and Lecomte 2006;
Sebert-Cuvillier et al. 2008). This confirms the results
of Neubert and Caswell (2000), which showed that
when dispersal was composed of long- and shortdistance dispersal, it was the long-distance component that governs the invasion speed, even when LDD
was rare. Furthermore, it confirms that it is not so
much the intensity of LDD which accounts for the
invasion spatial patterns, but its very existence
(Garnier and Lecomte 2006). Therefore, with reference to the final part of our research hypothesis, the
model showed that the spatial spread of an invader at
a landscape increased with maximal dispersion
distance, but was independent of LDD intensity.
Hence, knowing the tail of the dispersal kernel is
much more critical to understand invasion spread
than knowing the proportion of seeds undergoing
LDD, making it an important attribute of plant
invasiveness (Trakhtenbrot et al. 2005; Richardson
and Pyšek 2006).
Towards generalizations using a universal
model of plant invasions?
The PRUNUS model incorporates both local processes, using a stage-structured population matrix,
and regional processes, through a spatially explicit
matrix and seed dispersal kernels. The coupling of the
two sub-models (local and landscape sub-models)
was tractable because their mathematical formalism
were similar. All factors that potentially influence the
invasion spread of a plant species are thus integrated
into a single model and sensitivity to each of these
factors can be easily tested. Although we restricted
our analysis to the individual influence of each
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parameter, the model also allows for simultaneous
testing of the key processes to explore interactive
effects that may be compensatory (e.g. how far adult
longevity can compensate for a low fecundity?),
antagonistic (e.g. would a decrease in natural disturbance frequency reduce the effects of an increasing
propagule pressure?) or synergistic (e.g. does an
increasing local population density magnify the
effects of an increasing disturbance frequency?).
Throughout this article we have described the
application of PRUNUS to a case-specific scenario,
with the model results presented relating to a specific
set of initial conditions, organism (P. serotina) and
landscape (Compiègne-Laigue forest). However, we
believe that PRUNUS can be extended to many other
situations, involving different focal species and sites,
offering perspectives for comparisons and generalizations, but also for the management of plant
invasions. To be more illustrative, we take hereafter
the example of the Giant Hogweed (Heracleum
mantegazzianum Sommier & Levier), one of the
most problematic invasive species in Europe, using
data from Nehrbass et al. (2007), Pergl et al. (2007)
and Jongejans et al. (2008).
For the landscape sub-model of PRUNUS the only
requirements are a map indicating habitat suitability
and information on disturbances at the study site.
Both sets of data are commonly available for a
number of areas and used in GIS technology, which
has become a popular tool for management and
planning. In this form, the grain and the scale of the
map-derived lattice can be easily fitted (e.g. 5 9 5 m
for H. mantegazzianum). The habitat suitability index
is then determined according to the autecology of the
focal species (e.g. from 0 for forest to 2 for road
verges in the case of H. mantegazzianum).
The population sub-model theoretically requires a
huge amount of information about all life stages of
the focal species and the carrying capacity of habitats,
which is rarely available for most species. However,
our sensitivity analysis revealed that few parameters
are of utmost importance in explaining invasion
spread. We found the most influential factors to be
the quantity of seeds produced as well as their
survival and germination rates (20,500 seeds, 3 years
and 91% respectively for H. mantegazzianum). These
can be summarized into a single transition probability
accounting for the overall fecundity of a mature plant
(i.e. number of germinating seeds per mature
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individual per year: 6,218 seeds year-1). In addition,
the intensity of the self-thinning process can be
incorporated as a single transition probability
accounting for the proportion of germinating seeds
reaching maturity (1 m-2 for H. mantegazzianum).
Hence, the local sub-model can be easily reduced to a
2 dimension-matrix (i.e. germinating seeds and
adults), and the length of the 2 life stages can be
altered to match the corresponding average time
observed for each specific focal species (e.g. 4 years
on average for H. mantegazzianum).
The most crucial step in applying PRUNUS to
other species is to determine the shape of their
dispersal kernel(s), especially the length of the tail
(Jongejans et al. 2008). When several vectors are
involved, the model can be simplified by only
including the one involved in the longest dispersal
distance (e.g. 2.5% of the 20,500 seeds produced by
an adult are dispersed in a range of 10 m to 10 km
around the parent H. mantegazzianum).
To develop our model, we chose a very heterogeneous landscape, a highly stochastic environment and a
target species exhibiting a complex life-history cycle.
Thus, we expect that PRUNUS can be applied to many
other cases of plant invasion by undertaking several
simplifications and using a limited set of parameters.
For example, applying PRUNUS to H. mantegazzianum would require only one transition matrix (no gapdependence) with fewer lifestage probabilities needed
than those used for P. serotina: since H. mantegazzianum is monocarpic (no adult survival) and does not
possess a sapling bank, all stationary probabilities and
all resprouting probabilities associated to adult and
sapling stages could be excluded.

were found to control invasion patterns: LDD;
habitat quality; and disturbance frequency. LDD
and habitat quality influenced the ability of the
species to create new founder populations, whilst
disturbance frequency determined the distance
between the new local populations and their parent
founder population. Furthermore, PRUNUS showed
that it was the local processes which controlled the
intensity of the seed rain, whilst landscape processes
determined the success of establishment.
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l’Ecologie et du Développement Durable’ (INVABIO II
program, CR n09-D/2003).

Appendix 1: further information about
the PRUNUS model
Life cycle graph and transition matrices
After Sebert-Cuvillier et al. (2007), we retained the
following 11 stages to account for the life cycle of
Prunus serotina (Fig. 6):
•

Conclusion
Our results clearly show that local demography,
dispersal and spatio-temporal landscape characteristics strongly interacted to control both the speed and
extent of a plant invasion. Three local processes
were found to be influential at the landscape scale:
adult longevity; adult fecundity; and intensity of the
self-thinning process. All three controlled the local
population density, and therefore influenced the total
number of seeds participating in dispersion, when
offspring emigration was represented by a densitydependent phenomenon. Three landscape processes
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seed stages: to incorporate seed dormancy, which
can attain 2 years (Marquis 1975), we distributed
the annual seed production per mature tree among
three life stages: seed-2, seed-1 and seedling,
corresponding to seeds germinating on the 3rd,
2nd and 1st spring following release, respectively.
The proportion of seeds that never germinate to
reach the seedling stage, which includes seeds
without embryo and seeds that die at seed-1 or
seed-2 stage, was removed from the total number
of produced seeds.
sapling stages: sterile plants without cotyledons
and taller than 10 cm were considered as saplings.
Under dense shade (e.g., in the understorey of a
closed-canopy forest), saplings become rapidly
suppressed and form a long-living sapling bank
(Starfinger 1997; Closset-Kopp et al. 2007). Such
suppressed saplings (i.e., saplings remaining at
sapling1 stage) are called ‘Oskars’ since they
develop a ‘‘sit and wait’’ strategy (Starfinger
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Adult

•

Sapling7

Sapling6

Sapling5

Sapling4

Sapling3

To account for the resprouting capacity of Prunus
serotina individuals through stump and root suckers,
we included further transition probabilities for stages
sapling2, sapling3, sapling4, sapling5, sapling6, sapling7 and adult to go back to the sapling1 stage after
their aerial parts have suffered dieback, especially
under closed canopy conditions.
This 11-stage life cycle has been mathematically
translated into four 11 9 11 transition matrices
(Sebert-Cuvillier et al. 2007):
•

Sapling2

Sapling1
«Oskar»

Seedling

Seed-1

Seed-2
Fig. 6 Life cycle graph of Prunus serotina as considered in
the model (adapted from Sebert-Cuvillier et al. 2007)

1997). Conversely, in full light conditions (e.g., in
a gap or a clearcut), sapling1 can grow to reach
superior sapling stages and ultimately the canopy.
As time to reach the canopy averages 7 years,
saplings were distributed among 7 stages: sapling1, sapling2, sapling3, sapling4, sapling5,
sapling6, and sapling7, corresponding to saplings
high of \25, 25–50, 50–150, 150–250, 250–350,
350–450, and 450–550 cm, respectively. Individuals can neither stay more than 1 year in a given
sapling stage nor skip any intermediate stage,
except for ‘Oskars’ which are able to remain at
the sapling1 stage for several decades.

123

adult stage: tall shrubs and trees that are sexually
mature, survive several decades during which
they produce seeds annually, were grouped into a
single adult stage.

•

Matrix A (Table 2): shaded environmental conditions—This matrix includes two positive elements
on the diagonal, corresponding to individuals
remaining in the same stage (i.e., sapling1-stage
and adult-stage), and six null rows, since saplings1
cannot reach the next stage under shade conditions. The total number of seeds that are yearly
produced by an adult tree averages 6,011, but only
42% are viable and thus able to become seedlings
(Closset-Kopp et al. 2007). After Marquis (1975),
we distributed 2.5, 26 and 13.5% of seeds among
seed-2, seed-1 and seedling stages, respectively.
Moreover, to incorporate post-release seed predation, from which only 55.4% of the released seeds
escape (unpublished data), we set the mean annual
number of seeds entering seed-2, seed-1 and
seedling stages to 6011 9 0.025 9 0.554 = 83.1,
6,011 9 0.26 9 0.554 = 865.9, and 6011 9 0.135 9
0.554 = 449.3, respectively. Both probabilities
for seed-2 individuals to reach the seed-1 stage in
a year, and for seed-1 individuals to reach the
seedling stage in a year, were set to 1 since the
mortality has already been taken into account. The
probability for seedlings to reach the sapling1
stage was set to 0.1105.
Matrix B (Table 3): treefall-induced canopy
gap—The new probability for sapling1 individuals to remain in this stage in full light conditions
equals 0.1. The 7 transition coefficients on the
sub-diagonal describe the self-thinning process
due to competition for space and light during
the aggradation phase. All 7 coefficients of
the sapling1 row equal 0.1 to account for the
resprouting of overtopped saplings during the

PRUNUS: a spatially explicit demographic model
Table 2 The transition matrix A accounting for shaded environmental conditions
Seed_2

Seed_1

Seedling

Sapling1

Sapling2

Sapling3

Sapling4

Sapling5

Sapling6

Sapling7

Adult

Seed_2

0

0

0

0

0

0

0

0

0

0

83.1

Seed_1

1

0

0

0

0

0

0

0

0

0

865.9

Seedling
Sapling1

0
0

1
0

0
0.1105

0
0.9

0
0

0
0

0
0

0
0

0
0

0
0

449.3
0

Sapling2

0

0

0

0

0

0

0

0

0

0

0

Sapling3

0

0

0

0

0

0

0

0

0

0

0

Sapling4

0

0

0

0

0

0

0

0

0

0

0

Sapling5

0

0

0

0

0

0

0

0

0

0

0

Sapling6

0

0

0

0

0

0

0

0

0

0

0

Sapling7

0

0

0

0

0

0

0

0

0

0

0

Adult

0

0

0

0

0

0

0

0

0

0

0.99

Table 3 The transition matrix B accounting for canopy gap conditions
Seed_2

Seed_1

Seedling

Sapling1

Sapling2

Sapling3

Sapling4

Sapling5

Sapling6

Sapling7

Seed_2

0

0

0

0

0

0

0

0

0

0

83.1

Seed_1

1

0

0

0

0

0

0

0

0

0

865.9

Seedling

0

1

0

0

0

0

0

0

0

0

449.3

Sapling1

0

0

0.1105

0.1

0.1

0.1

0.1

0.1

0.1

0.1

0

Sapling2

0

0

0

0.711

0

0

0

0

0

0

0

Sapling3

0

0

0

0

0.760

0

0

0

0

0

0

Sapling4

0

0

0

0

0

0.429

0

0

0

0

0

Sapling5

0

0

0

0

0

0

0.367

0

0

0

0

Sapling6

0

0

0

0

0

0

0

0.69

0

0

0

Sapling7

0

0

0

0

0

0

0

0

0.429

0

0

Adult

0

0

0

0

0

0

0

0

0

0.9

0.99

•

•

aggradation phase, which lasts 7 years in our
model.
Matrix C (Table 4): canopy closure—This matrix
is applied when environment conditions shift
from full light to shade, on the 8th year after gap
creation. All individuals of the seven sapling
stages suffer from aerial part death but actively
resprout from stumps and/or roots. Matrix C is
nearly the same as matrix A, but with six
additional coefficients in the sapling1 row, all
equalling 0.8. As adults already reached the
canopy, they do not resprout.
Matrix D (Table 5): clearcut-induced full light
conditions—The clearcut affects all individuals at
both sapling and adult stages, so that their aerial
parts die back. Hence, matrix D has seven null

Adult

rows. The resprouting probabilities are the same
as in matrix C, but here adults also resprout.

Habitat suitability index
A vector ‘habitat suitabiliy’ V has been elaborated by
assigning a habitat suitability index Vi to each cell of
the matrix. For this purpose, we followed the
approach proposed by Chabrerie et al. (2007b) and
already applied in Sebert-Cuvillier et al. (2008), with
the notable exception that all cells were ecologically
homogeneous. We retained two environmental variables that were available as maps in a geographic
information system (GIS): soil types and soil drainage
classes. Partial indices were derived for each of them:
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Table 4 The transition matrix C accounting for the canopy closure phase
Seed_2

Seed_1

Seedling

Sapling1

Sapling2

Sapling3

Sapling4

Sapling5

Sapling6

Sapling7

Adult

Seed_2

0

0

0

0

0

0

0

0

0

0

83.1

Seed_1

1

0

0

0

0

0

0

0

0

0

865.9

Seedling
Sapling1

0
0

1
0

0
0.1105

0
0.9

0
0.8

0
0.8

0
0.8

0
0.8

0
0.8

0
0.8

449.3
0

Sapling2

0

0

0

0

0

0

0

0

0

0

0

Sapling3

0

0

0

0

0

0

0

0

0

0

0

Sapling4

0

0

0

0

0

0

0

0

0

0

0

Sapling5

0

0

0

0

0

0

0

0

0

0

0

Sapling6

0

0

0

0

0

0

0

0

0

0

0

Sapling7

0

0

0

0

0

0

0

0

0

0

0

Adult

0

0

0

0

0

0

0

0

0

0

0.99

Table 5 The transition matrix D accounting for clearcut conditions
Seed_2

Seed_1

Seedling

Sapling1

Sapling2

Sapling3

Sapling4

Sapling5

Sapling6

Sapling7

Seed_2

0

0

0

0

0

0

0

0

0

0

83.1

Seed_1

1

0

0

0

0

0

0

0

0

0

865.9

Seedling

0

1

0

0

0

0

0

0

0

0

449.3

Sapling1

0

0

0.1105

0.9

0.8

0.8

0.8

0.8

0.8

0.8

0.8

Sapling2

0

0

0

0

0

0

0

0

0

0

0

Sapling3

0

0

0

0

0

0

0

0

0

0

0

Sapling4

0

0

0

0

0

0

0

0

0

0

0

Sapling5

0

0

0

0

0

0

0

0

0

0

0

Sapling6

0

0

0

0

0

0

0

0

0

0

0

Sapling7

0

0

0

0

0

0

0

0

0

0

0

Adult

0

0

0

0

0

0

0

0

0

0

0

•

•

The partial soil type index (Isoiltype) ranged from
0.2 to 1.8 (Table 6), a value inside the interval
[0,1] indicating a cell limiting Prunus serotina
establishment, while a value inside the interval
[1,2] characterizes a cell promoting it;
The partial soil drainage index (Idrainage) ranged
from 0 to 1 (Table 7), drainage classes greater
than 2 preventing from establishment, while
classes 1 and 2 have no influence.

We then combined those two partial indices into a
single index Vi quantifying the overall cell suitability
for Prunus serotina establishment as mature trees.
For each cell, this index is computed as follow:
•
•

If Idrainage =
then Vi = Isoiltype
p1,
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
Else, Vi ¼ Isoiltype  Idrainage
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Adult

Table 6 Values of the partial soil type index
Soil type

Isoiltype

Regosols–fluvisols

1

Rendzinic leptosols

0.2

Calcaric cambisols–haplic calcisols
Cambisols

0.6
1

Luvisols

1

Alisols

1.8

Ferric and carbic podzols

1.8

Haplic podzols

1.8

Hence, when a cell has a partial soil drainage
index equal to 0, the tree cannot develop whatever the
soil type. The habitat suitability index Vi ranged from
0 to 2. The time-independent vector V has 170,425

PRUNUS: a spatially explicit demographic model

Idrainage

(Thi) and the duration of the disturbance induced by
the clearcut (ti).

1: Rapid drainage, no hydromorphy

1

Dispersal functions

2: Spots of hydromorphy (pseudogley)
under 80 cm in the soil

1

3: Spots of hydromorphy between
40 and 80 cm in the soil

0.2

4: Spots of hydromorphy above
40 cm of soil depth

0.1

5: Superfical and temporary hydromorphy

0.1

6: Permanent water level under
80 cm of soil depth

0

7: Permanent water level between
40 and 80 cm of soil depth

0

8: Permanent water level above
40 cm of soil depth

0

Table 7 Values of the partial drainage coefficient
Drainage classes

2
1.8

Dispersal functions incorporated both the mass
action of local dispersal and the stochastic nature
of long-distance dispersal. At each time step n and
for each cell i, PfGi(n) and PbGi(n) seeds are
dispersed outside cell i by foxes and birds,
respectively, according to the dispersal functions.
Hence, (1 - Pf - Pg)Gi(n) seeds are dispersed by
gravity inside cell i.
The probability for a seed coming from a cell i to
be dispersed by a vector v (birds or foxes) at the
distance x was given by the dispersal lognormal
function fv that depended on two parameters: the
shape parameter Sv and the scale parameter Lv:
0   2 1
x
2px
B ln Lv
C
ð1Þ
fv ðxÞ ¼
exp@
A
1:5
2
2
2S
ð2pÞ Sv x
v

1.6
1.4
1.2
1
0.8
0.6
0.4
0.2
0

Fig. 7 Discretization of the Compiègne-Laigue forest complex into a habitat suitability map. The scale on the right
indicates the habitat suitability index Vi

components that can be mapped (Fig. 7). At each
time step, in each cell i the number of individuals at
the Sapling-2 stage is multiplied by Vi.
Characteristics of forest-management related
periodic disturbances
Four deterministic parameters were specified for each
cell i, depending on its dominant canopy tree species
(Table 8): the clearcut-return interval (Cli), the
percentage of light due to a small-scale thinning
(Pthi), the time between two small-scale thinnings

where x is the distance (in grid units).
Following the recommendations of Greene et al.
(2004), we chose Sv = 1, and two values were
selected for Lv that approximate the mean dispersal
distance by birds and foxes. After Deckers et al.
(2005), Pairon et al. (2006) and personal field
observations, we retained a mean dispersal distance
of 100 m for birds (i.e. Lb = 2 grid units) and 918 m
for foxes (i.e. Lf =R 18.36 grid units).
x
The integral 0 f~v ðrÞdr; where the integration
variable is the distance r and f~v is the dispersal
function (f~v ¼ f~b for birds andR f~v ¼ f~f for foxes),
1
which has been scaled such as 0 f~v ðrÞdr ¼ 1; gave
the probability for a seed to be dispersed by the
vector v at a distance inferior to x at each time step.
This probability, also called ‘‘distribution function’’,
is an increasing continuous function. Hence, we have
two distribution functions, one for birds and another
for foxes.
For each seed picked by a vector, we randomly
selected a number P between 0 and 1. We computed
the unique antecedent R of this number
R x by the
following vector distribution function: x7! 0 f~v ðrÞdr:
R gave the distance at which the seed would be
dispersed. Next, a direction 0 was randomly chosen
between 0 and 360 to determine which cell will
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Table 8 Values (in years)
of clearcut-return interval
(Cli), duration of the
perturbation induced by the
clearcut in the cell (ti),
percentage of light due to a
small-scale thinning (Pthi)
and time between two
small-scale thinnings (Thi)
for each dominant canopy
tree species in the
Compiègne-Laigue forest
complex

Dominant species

Cli

Pthi

Thi

Alder (Alnus gltinosa L.)

60

7

0

9

Ash (Fraxinus excelsior L.)

70

7

20

9

Aspen (Populus tremula L.)

35

7

30

1

Birch (Betula spp.)

50

8

75

1

110

7

50

9

Common beech (Fagus sylvatica L.)
Douglas fir (Pseudotsuga menziesii (Mirb.) Franco)

75

7

0

9

Hornbeam (Carpinus betulus L.)

75

15

0

9

Larch (Larix decidua Mill.)
Laricio pine (Pinus nigra subsp. laricio Maire)

65
90

7
7

75
75

1
1

Lime (Tilia cordata Mill.)

75

7

0

9

Maple (Acer campestre L.)

75

7

10

9

Norway spruce (Picea abies (L.) Karst.)

65

7

0

9

180

7

0

9

35

7

60

1

Red oak (Quercus rubra L.)

100

7

0

9

Scots pine (Pinus sylvestris L.)

100

7

75

1

Sweet chesnut (Castanea sativa Mill.)

9

Oaks (Quercus robur L., Q. petraea (Mattuschka) Lieblein)
Poplars (Populus cv.)

130

7

0

Sycamore (Acer pseudoplatanus L.)

75

7

0

9

Wild cherry (Prunus avium L.)

75

7

20

9

receive this seed. The seed was thus added to a
‘‘sink’’ cell j (j = i) at the distance R from
‘‘source’’ cell i following direction 0.
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