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MODELING INVASIVE PLANT SPREAD: THE ROLE OF PLANT-

ENVIRONMENT INTERACTIONS AND MODEL STRUCTURE!

STEVEN I. HIGGINS, DAVID M. RICHARDSON, AND RICHARD M. COWLING
Institute for Plant Conservation, Department of Botany, University of Cape Town,
Private Bag, Rondebosch 7700, South Africa

Abstract. Alien plants invade many ecosystems worldwide and often have substantial
negative effects on ecosystem structure and functioning. Our ability to quantitatively predict
these impacts is, in part, limited by the absence of suitable plant-spread models and by
inadequate parameter estimates for such models. This paper explores the effects of model,
plant, and environmental attributes on predicted rates and patterns of spread of alien pine
trees (Pinus spp.) in South African fynbos (a mediterranean-type shrubland).

A factorial experimental design was used to: (1) compare the predictions of a simple
reaction—diffusion model and a spatially explicit, individual-based simulation model; (2)
investigate the sensitivity of predicted rates and patterns of spread to parameter values;
and (3) quantify the effects of the simulation model’s spatial grain on its predictions.

The results show that the spatial simulation model places greater emphasis on interactions
among ecological processes than does the reaction—diffusion model. This ensures that the
predictions of the two models differ substantially for some factor combinations. The most
important factor in the model is dispersal ability. Fire frequency, fecundity, and age of
reproductive maturity are less important, while adult mortality has little effect on the model’s
predictions. The simulation model’s predictions are sensitive to the model’s spatial grain.
This suggests that simulation models that use matrices as a spatial framework should ensure
that the spatial grain of the model is compatible with the spatial processes being modeled.

We conclude that parameter estimation and model development must be integrated pro-
cedures. This will ensure that the model’s structure is compatible with the biological pro-

cesses being modeled. Failure to do so may result in spurious predictions.

Key words: alien plants; biological invasions; disturbance; factorial simulation experiment; fyn-
bos; individual-based models; Pinus; plant life history; reaction—diffusion models; scaling artifacts;
sensitivity analysis; spatially explicit simulation models. -

INTRODUCTION

The spread of invasive alien plants threatens the
structure and functioning of many ecosystems world-
wide (Drake et al. 1989). Unfortunately, syntheses of
knowledge on biological invasions (Groves and Burdon
1986, Macdonald et al. 1986, Mooney and Drake 1986,
Drake et al. 1989, di Castri et al. 1990, Richardson et
al. 1992) have failed to develop any predictive theories
of alien invasions (Lodge 1993). Although some work-
ers have begun developing empirical invasion models
that predict which species will invade certain environ-
ments (e.g., Richardson et al. 1990, Tucker and Rich-
ardson 1995, Rejmanek and Richardson 1996), it re-
mains that very little is known about the rates, spatial
patterns, and determinants of invasive plant spread
(Macdonald 1993). The magnitude and nature of the
impacts of alien plants on natural systems demand the
development of a framework for predicting alien plant
spread.

Predicting rates and patterns of alien plant spread
requires, inter alia, the formalization of the relation-
ships between the input and output components of an

! Manuscript received 29 June 1995; revised 17 November
1995; accepted 21 November 1995; final version received 20
January 1996.

invasion system, i.e., a model. Most invasion models
use information on the plant and environmental attri-
butes of the invasion system to predict rates and pat-
terns of alien plant spread (Higgins and Richardson
1996). Reaction—diffusion (R-D) models are probably
the most widely applied invasion models, and they have
been successfully used to predict invasion rates of an-
imal species (Levin 1992). Because R—D models use
the formulation of a partial differential equation, they
allow the incorporation of spatial and population pro-
cesses into a single framework that can predict rates
of invasion (Holmes et al. 1994). The basic assump-
tions of R-D models are that populations are large
enough so that stochastic effects are not important and
that, in the absence of reproduction, the abundance of
organisms decreases exponentially around the point of
release (Czaran and Bartha 1992, Holmes et al. 1994).
In a homogeneous environment, where population
growth is density independent, the R—D model predicts
that the asymptotic rate of spread, in one dimension,
can be described as

V ~ VarD (1)

where V is the asymptotic velocity of the invasion, r
is the intrinsic rate of population growth, and D is the
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diffusivity (Andow et al. 1990). The use of r implies
that population growth is modeled as a continuous pro-
cess, and that the rate of population increase is not
modeled as a function of the population’s age structure
or environmental heterogeneity. Similarly, the param-
eter D implies that dispersal is modeled as a continuous
function that is independent of age or environmental
heterogeneity.

The assumptions of R-D models prevent the explicit
investigation of the interactions between plant attri-
butes, environmental heterogeneity, and stochasticity.
Because plant—environment interactions and stochas-
ticity strongly influence invasion rates and patterns,
this limits the predictive ability of R-D models (Hig-
gins and Richardson 1996). An additional implication
of this limitation is that Eq. 1 only provides an estimate
of the rate, and not the pattern, of invasive spread.
Many of the limitations of the R—-D models have been
addressed by modifying the basic R-D model (see Hen-
geveld 1994, Holmes et al. 1994, Shigesada et al. 1995).
Unfortunately, because the complexity of a R—D model
increases with increasing realism, many of these mod-
ified R-D models either are special cases or are ana-
lytically intractable. Since the historical rationale be-
hind pursuing the R-D approach in an invasion context
was the promise of an analytical solution, it is clear
that alternate model formulations should be investi-
gated. Such an alternative must integrate space, eco-
logical processes, and stochasticity into a single pre-
dictive framework. Spatially explicit simulation mod-
els meet these criteria (Vance 1984, Huston et al. 1988,
Czaran and Bartha 1992, Higgins and Richardson 1996)
and they have been applied in plant invasion scenarios
(e.g., Auld and Coote 1980, 1990) and spatial problems
in ecology in general (e.g., Wiener 1981, Vance 1984,
Silvertown et al. 1992). Another advantage of spatially
explicit models is that the spatial locations of individ-
ual modeling elements are traced. This ensures that
context-specific aspects of individual plant behavior
can be simulated (Czaran and Bartha 1992) and that
the model’s predictions can be geographically refer-
enced and hence linked to Geographical Information
Systems (GISs) for further analyses. It appears, how-
ever, that no attempt has been made to compare the
performance of a R-D model with spatially explicit
simulation models. Such a comparison will allow the
evaluation of model performance, and this is the first
objective of this paper.

To achieve this objective, we built a spatially ex-
plicit, individual-based simulation (SEIBS) model of
alien plant spread. The SEIBS model is constructed to
simulate the spread of alien pine trees (Pinus spp.) from
established commercial plantations into natural fynbos
ecosystems, since this is a major management problem
in the mountain catchments of the Fynbos Biome of
South Africa (Richardson et al. 1992). The literature
on pine invasions in fynbos (which covers invasions
by P. halepensis, P. pinaster, and P. radiata) suggests
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that five factors (adult fecundity, dispersal ability, time
to reproductive maturity, the temporal frequency of
post-fire recruitment opportunities, and fire survival of
adults) are major determinants of spread (Richardson
et al. 1990, Richardson and Cowling 1992). The SEIBS
model is constructed so that each of these factors can
be explicitly modeled. This means that the direct effects
and interactive effects of each of these factors on the
rates and patterns of pine tree spread can be determined.
It follows that the second objective of this paper is to
investigate how rates and patterns of plant spread are
influenced by these five factors, with the aim of im-
proving the understanding of invasion processes.

Investigating the model’s sensitivity to these five fac-
tors addresses two additional and important issues.
Firstly, as is often the case with ecological systems,
empirical data for parameter estimation are not avail-
able (Okubo 1980, Crawley 1983, Williamson 1989).
The SEIBS model’s output will be useful for setting
priorities for empirical data collection. Secondly, an
analysis of the model’s response to different factors
and factor levels acts as a sensitivity analysis. Although
not always included in simulation studies, sensitivity
analyses are imperative for defining the range of con-
ditions for which a simulation model’s predictions hold
(Caswell and John 1992, Fahrig 1992). Spatially ex-
plicit simulation models are also sensitive to the mod-
el’s spatial grain. However, it appears that few process-
based simulation models have explored the importance
of this spatial artifact (Costanza and Maxwell 1994);
it is therefore the third objective of this paper to in-
vestigate the importance of this artifact. It should be
noted that since R—D models use continuous parame-
ters, they do not suffer from this grain limitation. Con-
sequently they can, and have been, applied over a range
of spatial scales (Hengeveld 1994).

The aims of this paper are to: (1) compare the qual-
itative and quantitative behaviour of the simple R-D
model (Eq. 1) with that of a spatially explicit, individ-
ual-based simulation (SEIBS) model; (2) explore the
effects, interactions, and therefore the importance of
two ecologically realistic levels of five factors (adult
fecundity, dispersal distribution, age of reproductive
maturity, fire-return interval, and fire survival) on the
rate and pattern of spread of pine trees in a homoge-
neous landscape; and (3) investigate the sensitivity of
the SEIBS model’s predictions to the spatial grain of
the individual modeling elements.

METHODS

Description of the simulation model and the
simulation experiment

A 25-factorial experimental design (Table 1) was
used to investigate the effects of fire survival (FS),
adult fecundity (AF), age of reproductive maturity
(ARM), mean dispersal distance (MDD), and fire-re-
turn interval (FRI) on the rate and pattern of alien plant
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TABLE 1.
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Factor levels and combinations used in the 2%-factorial simulation experiment, and

reaction—diffusion model parameter estimates, in a study of models of invasive plant spread.

Factor Factorst R-Di%
combina-
tion FS AF MDD ARM FRI A D
1 0.4 100 70 6 8 1.586 390
2 0.1 100 70 6 8 1.574 390
3 0.4 10 70 6 8 1.196 390
4 0.1 10 70 6 8 1.179 390
5 0.4 100 20 6 8 1.586 31.8
6 0.1 100 20 6 8 1.574 31.8
7 0.4 10 20 6 8 1.196 31.8
8 0.1 10 20 6 8 1.179 31.8
9 0.4 100 70 15 8 1.168 390
10 0.1 100 70 15 8 1.159 390
11 0.4 10 70 15 8 1.043 390
12 0.1 10 70 15 8 1.029 390
13 0.4 100 20 15 8 1.678 31.8
14 0.1 100 20 15 8 1.159 31.8
15 0.4 10 20 15 8 1.043 31.8
16 0.1 10 20 15 8 1.029 31.8
17 0.4 100 70 6 25 1.465 125
18 0.1 100 70 6 25 1.460 125
19 0.4 10 70 6 25 1.144 125
20 0.1 10 70 6 25 1.137 125
21 0.4 100 20 6 25 1.465 10.2
22 0.1 100 20 6 25 1.460 10.2
23 0.4 10 20 6 25 1.144 10.2
24 0.1 10 20 6 25 1.137 10.2
25 0.4 100 70 15 25 1.187 125
26 0.1 - 100 70 15 25 1.183 125
27 0.4 10 70 15 25 1.068 125
28 0.1 10 70 15 25 1.063 125
29 0.4 100 20 15 25 1.187 10.2
30 0.1 100 20 15 25 1.184 10.2
31 0.4 10 20 15 25 1.068 10.2
32 0.1 10 20 15 25 1.063 10.2

+ FS = fire survival (probability); AF = adult fecundity (recruits); MDD = mean dispersal
distance (m); ARM = age of reproductive maturity (yr); FRI = fire-return interval (yr).
+ A = finite rate of population increase; D = diffusivity (m?/yr).

spread. A factorial design was used since it is a very
efficient way of examining multi-factor experiments
and detecting interactions (Montgomery 1984). The
SEIBS model considers a two-dimensional grid of sites
(150 by 400 locations). Although using a larger grid
would be more realistic, computer time limitations pro-
hibited this. Each site is of equal environmental quality,
represents a spatial area of 100 m? (the approximate
canopy area of an adult pine tree), and can be occupied
by one plant. Several assumptions are made about the
behaviour of pine trees in these sites:

1) Time passes in discrete intervals of 1 yr.

2) Fire is a source of environmental heterogeneity.
Two fire-return intervals (factor FRI) are considered,
an 8-yr and a 25-yr return interval. These two fire re-
gimes are within the extremes (4—45 yr) reported for
fynbos systems (van Wilgen 1987). A fire covers the
entire modeling landscape, i.e., the spatial heteroge-
neity of fires is not considered. Burning the entire mod-
eling landscape is consistent with the observed spatial
extent of fires in fynbos (Kruger and Bigalke 1984).

3) Recruitment is only possible following fires. This
assumption is supported by the fact that most invasive

pines in fynbos are serotinous (Richardson et al. 1992),
and that fire provides recruitment opportunities by re-
moving the understory (Bond et al. 1984, Richardson
et al. 1992).

4) Only adult trees can reproduce and two scenarios
are considered, with adulthood and hence age of re-
productive maturity (factor ARM), being reached at
either 6 or 15 yr after recruitment. This is consistent
with the range of age of reproductive maturity observed
in invasive pine trees in fynbos (Richardson et al.
1992).

5) Fire causes mortality and adult mortality is less
than juvenile mortality. Anecdotal observations sug-
gest that fire-induced mortality of juvenile pine trees
is extremely high (Richardson 1988). Consequently, we
set the probability of juvenile fire survival at 0.05 for
all simulations. Since fire-induced adult mortality var-
ies with bark thickness (McCune 1988), two probabil-
ities of adult fire survival (factor FS), 0.4 and 0.1, are
defined. The model assumes that mortality occurs dur-
ing fires, i.e., no inter-fire mortality is considered. In-
dividual mortality occurs when a computer-generated
uniform random number is greater than the probability
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of fire survival for that tree. Adult trees killed in a fire
can contribute recruits to the next generation, but the
space they occupied becomes available for coloniza-
tion.

6) Two levels of adult fecundity (factor AF), 10 and
100 recruits per adult plant, were considered. Although
empirical data on the fecundity of invading pines is
poor, the 10-100 range is in agreement with published
accounts of pine invasions in fynbos (van Wilgen and
Siegfried 1986, Richardson 1988).

7) The spatial position of a recruit is determined by
the position and dispersal ability of the parent plant. It
is assumed that the chance of recruitment decreases as
a negative exponential function of distance from the
parent plant. This is a reasonable assumption, if we
accept that: (i) dispersal is a negative exponential func-
tion of distance from the parent plant, as is reported in
many empirical studies (see Harper 1977, Okubo and
Levin 1989 for reviews); (ii) there is a homogeneous
spatial distribution of recruitment opportunities for
pine trees in fynbos (Richardson et al. 1992); (iii) no
secondary dispersal and post-dispersal predation oc-
curs. Using these assumptions, empirical data (van Wil-
gen and Siegfried 1986, Benkman 1995) and a wind-
dispersal model (Greene and Johnson 1989) as cali-
bration, we define the dispersal profile of a heavy-seed-
ed pine species as following a negative exponential
distribution with a mean dispersal distance (factor
MDD) of 20 m. Similarly, we assume that the dispersal
profile for a small-seeded pine would follow a negative
exponential distribution with a mean dispersal distance
of 70 m. The model’s dispersal algorithm involves gen-
erating a negative exponential random number (with a
mean of either 20 m or 70 m, as is appropriate) to
determine the distance of each recruit from the parent
plant, and a uniform random number (in the range 0-
360°) to determine the dispersal direction of each re-
cruit. Dispersal profiles are truncated at a distance of
1 km from the parent plant, thus excluding the possi-
bility of rare long-distance dispersal events. The dis-
tance and direction of each recruitment event is con-
verted to grid co-ordinates, and successful recruitment
only occurs if the grid location is unoccupied. This
means that preemptive competition (sensu Schoener
1983) for sites occurs, and that an individual can only
be displaced through mortality (cf. assumption 5).

Ten replicated simulation runs of a 25-factorial ex-

perimental design (Table 1) were performed, resulting
in a total of 320 simulation runs. Replicates were per-
formed to record the variance in model performance
caused by the stochastic elements in the dispersal and
mortality rules (cf. assumptions 5 and 7). Each simu-
lation run was initiated with a row of mature trees along
a Y-dimension edge of the 150- by 400-cell grid (Fig.
1). This row of trees represents the edge of a com-
mercial pine tree plantation. All runs were stopped
when a single tree reached the Y-dimension edge op-
posite the site of initiation or after 1000 simulation
years. The X-dimension edges were wrapped, hence
removing boundary effects (Gardner et al. 1987). The
following response variables were measured from each
simulation run:

1) Rate of spread, estimated by simple linear re-
gression of the maximum distance of the invasion front
from the site of initiation (as defined in Fig. 1) against
simulation time.

2) The mean and standard deviation of plant density
within an invasion focus, expressed as areal cover per
unit area of invasion focus.

3) The mean and standard deviation of perimeter
length of the invasive front, expressed as perimeter
length per unit linear length of invasion front in metres.

Parameterizing the reaction—diffusion model

We used the structure and assumptions of the sim-
ulation model to construct a life table and population
projection matrix for each factor combination. These
matrices were used to estimate, using the power method
(Caswell 1989), the finite rate of increase (\) for each
factor combination (Table 1). For example, for factor
combination 1 we construct a projection matrix with 6
classes (=ARM). Since only the sixth class can repro-
duce and reproduction can only occur after fires, the
annual reproduction of the sixth class is 12.5 recruits/yr
(=AF/FRI). Mortality occurs during fires and hence for
classes 1-5 only 0.88125 of the population (=[FRI-
1]/[juvenile fire survival]) moves into the next class.
Similarly, 0.925 of class six survive each year ([FRI-
11/FS). Diffusivity (D, in square metres per year) was
also estimated from the structure and assumptions of
the simulation model for each factor combination, us-
ing the formula provided by Andow et al. (1990). For
factor combination 1 the diffusivity is 390 m?%yr
(2MDD?[w-FRI]~"). This procedure mimics the sam-
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pling of a real population over time, by summarizing
the underlying determinants of the population’s vital
rates in two parameters, A and D. By substituting r for
In(\), Eq. 1 was used to calculate the R-D model’s
predicted rate of spread.

Spatially explicit, individual-based simulation model:
spatial grain simulation experiment

To explore the effects of spatial grain on aspects of
the SEIBS model’s performance, we carried out sim-
ulations of alien plant spread at different spatial grains.
The mean of the two levels of each factor used in the
25-factorial simulation experiment was used to param-
eterize the runs. Ten replicated simulations were per-
formed for each of seven spatial grains (patch dimen-
sions = 10, 20, 40, 80, 160, 320, and 640 m). Increasing
the spatial grain in this manner introduces a conceptual
modification into the model’s structure, since one no
longer models individual plants each of 10 m canopy
diameter, but rather individual patches of vegetation of
various sizes. The extent of the model was maintained
at 150 by 400 cells to avoid any boundary-related ar-
tifacts. Apart from these modifications, the scale-de-
pendent simulations runs had the same structure and
assumptions as the 2° simulation runs.

RESULTS

Reaction—diffusion model vs. spatially explicit,
individual-based simulation model

The mean (n = 10 factors) rate of spread for each
factor combination of the SEIBS model was compared
with the R-D model’s estimate (Figs. 2A, B). The two
models produced very similar median estimates of
spread rate, although the SEIBS model produced a wid-
er range of estimates (range 0—44 vs. 1.6-26.8 m/yr).
Comparison of the rate-of-spread estimates for each
factor combination for the two models (Fig. 3) revealed
that neither model consistently over- nor under-esti-
mated spread rates, suggesting that the patterns ob-
served were not due to parameterization errors. The
SEIBS model provided a higher estimate of spread rate
for factor combinations 1 to 8, lower estimates for com-
binations 9 to 16, similar estimates for combinations
17 to 24, and higher estimates for combinations 25 to
32 (Fig. 3). Hence the models differed both qualita-
tively and quantitatively in behavior.

The main effects and primary interactions of the fac-
tors on the predicted rate of spread for these two models
(Fig. 4A, B) showed several similarities and differ-
ences. The models were similar in that they both high-
lighted the primary importance of all factors except fire
survival. In addition, both models indicated the im-
portance of interactions between the factors in deter-
mining the rate of spread. The quantitative details of
the importance of the different factors in their effect
on spread rate did differ between the models; in par-
ticular the SEIBS model emphasized the importance of
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FiGg. 2. Box-and-whisker plots of the range of responses
for 32 factor combinations (Table 1) of the reaction—diffusion
model rate of spread (A); spatially explicit, individual-based
simulation (SEIBS) model rate of spread (B); SEIBS model
mean density of plants in invasion focus (C); SEIBS model
standard deviation of plants in invasion focus (D); SEIBS
model perimeter length (E); and SEIBS model standard de-
viation of perimeter (F), in a study of invasive plant spread.
SEIBS responses are the mean of n = 10 replicated simu-
lations.

a short time to reproductive maturity (high-level
ARM). The magnitude of the primary interactions be-
tween the factors illustrated more differences between
the models. Large interactions, similar in magnitude to
the main effects, were detected by the SEIBS model
(e.g., ARM X FRI, ARM X MDD, and ARM X FRI
X MDD), but not by the R-D model.



2048 STEVEN I. HIGGINS ET AL. Ecology, Vol. 77, No. 7
50
[ISEIBS

40+ I R-D
[a] 4
Z 30
wi
o
o
(2]
W
o 20
w
[ aed
<
o

10

0 2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32
FACTOR COMBINATION
FIG. 3. Comparison of the rate of spread predicted by the reaction—diffusion (R-D) and spatially explicit, individual-

based simulation (SEIBS) models for each of 32 factor combinations (Table 1), in a study of models of invasive plant spread.

SEIBS values are mean * 1 sD (n = 10 replicates).

The 23-factorial simulation experiment

The box-and-whisker plots describe the range of re-
sponses the SEIBS model produced (Figs. 2B—2F). The
rate of spread was right-skewed and ranged from 0 to
44 m/yr (Fig. 2B). The mean density within an invasion
focus was left-skewed (range 0.28 to 0.96; Fig. 2C)
and the standard deviation of density was normally
distributed (range 0.11-0.29; Fig. 2D). The mean pe-
rimeter was weakly left-skewed (range 3.5-10.2 m;
Fig. 4E); while the standard deviation perimeter was
strongly left-skewed (range 1.3-6.1 m; Fig. 4F).

A number of strong correlations between the SEIBS
response variables were detected (Table 2). Spread rate
was significantly correlated with the standard deviation
of plant density within the invasion front, and the mean
and standard deviation of perimeter length of the in-
vasion front. We detected a strong correlation between
the two related measures, mean perimeter length of the
invasion front and standard deviation of the length of
the invasion front. We also detected a negative corre-
lation between mean density of plants within an in-
vasion front and the mean length of the perimeter of
the invasion front. The standard deviation of density
and the standard deviation of perimeter length were
positively correlated. All other correlations were weak.

The box-and-whisker plots and effects plots (Figs.
2B and 4B) show that higher levels of all factors re-
sulted in an increased rate of spread. The FS levels
chosen for this study did not have a significant effect
on the spread rate, and the primary interactions in-
volving FS were not large in magnitude (Fig. 4B). High
levels of MDD and ARM resulted in 115 and 98%
increases in the mean spread rate respectively. High
levels of AF and FRI, while of less importance, in-

creased the mean spread rate by 63 and 54%, respec-
tively. Two of the primary interactions (MDD X ARM,
ARM X FRI) were of a magnitude similar to the main
effects, and they resulted in 54 and 99% respective
increases in the mean spread rate, while the secondary
interaction between MDD, ARM, and FRI had a large
effect on spread rate (55% increase).

The mean density of plants in the invasion focus
responded to all five factors, and many primary in-
teractions were large in magnitude (Fig. 4C). High
levels of FRI and MDD reduced mean density by 20
and 15%, respectively, while high levels of ARM, AF,
and FS increased mean density by 13, 11, and 2%
respectively. Four of the primary interactions (ARM
X FRI, AF X ARM, AF X FRI, and AF X MDD)
were of a similar magnitude to the main effects, in-
fluencing mean density by between 2 and 13%. Two
secondary interactions (AF X ARM X FRI and AF X
MDD X FRI) were of large magnitude; the first re-
duced mean density by 9% and the second increased
mean density by 5%.

The standard deviation of plant density within the
invasion focus did not produce the same pattern as
mean density (Fig. 4C, D). High FS reduced the stan-
dard deviation of density by 17%, while high levels of
AE MDD, ARM, and FRI led to increased variations
in density (15, 10, 13, and 29% respectively). Five
primary interactions were of a magnitude similar to
those of the main effects. The FS X ARM, AF X ARM,
and MDD X FRI interactions led to decreases in the
standard deviation of density of 9, 17, and 11%, re-
spectively. Increases in standard deviation in density
were caused by the AF X FRI and ARM X FRI inter-
actions (respective increases of 20 and 13%). Two large
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FiG. 4. The mean effect of each factor and interaction on the reaction—diffusion model rate of spread (A); spatially explicit,

individual-based simulation (SEIBS) model rate of spread (B);
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distance; ARM = age of reproductive maturity; FRI = fire-return interval. * Indicates significant effects (P < 0.05).

secondary interactions (FS X ARM X FRI and AF X
ARM X FRI) decreased standard deviation density by
9 and 17%, respectively.

The mean length of perimeter and standard deviation
of perimeter (Fig. 4E, F) illustrated the same trends,
namely that MDD was the primary determinant of the
perimeter length of the invasion focus. This was not
surprising, considering the strong positive correlations
between these two related measures of invasion pattern
(Table 2). The high level of MDD resulted in a 91%
increase in the mean perimeter length and an 82% in-

crease in the standard deviation of perimeter length.
All other factors and interactions had substantially
smaller effects on perimeter length.

Scaling artifacts and the spatially explicit,
individual-based model

The correlation matrix revealed that all the corre-
lations between the model’s response variables over a
range of spatial grains were statistically significant (Ta-
ble 3). Rate of spread was negatively correlated with
mean density and positively correlated with the stan-
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TaBLE 2. Coefficients of Pearson correlation between response variables of the spatially
explicit, individual-based simulation model and means and standard deviations of the re-
sponse variables for the 320 simulation runs of the factorial experiment, in a study of models

of invasive plant spread.

Mean  sp of

Response Rate of Mean sD of peri- peri-

variable spread density density ~ meter  meter Mean SD
Rate of spread 1 9.848% 10.99%
Mean density 0.104 1 0.808% 0.157%
sD of density 0.510 0.161 1 0.202% 0.058%
Mean perimeter 0.417 -0.506 0.137 1 6.763|| 3.143|
sD of perimeter 0.483 —0.142 0.166 0.562 1 2.488|| 1.734||

+ m/yr; i plants/100 m?; || m.
dard deviation of density, mean perimeter, and standard DiscussioN

deviation of perimeter. Mean density was negatively
correlated with standard deviation of density, mean pe-
rimeter, and standard deviation of perimeter; while
standard deviation of density was positively correlated
with mean and standard deviation of perimeter. Mean
and standard deviation of perimeter were strongly cor-
related.

The SEIBS model’s predictions were not consistent
over a range of spatial grains. None of the observed
spatial-grain trends were smooth, although this is prob-
ably because changing spatial grain in this study also
changed the scale at which measurements were made
and “‘rounded off’’ the location of a recruit to the near-
est cell. The predicted rate of spread was relatively
stable over a spatial grain from 10 to 160 m, with only
a 12.4% decrease in the predicted rate of spread ob-
served (Fig. 5A). Further increase in the spatial grain
resulted in substantial decreases in the predicted rate
of spread. The mean density of patches within the in-
vasion focus increased rapidly with increasing spatial
grain (Fig. 5B). The standard deviation of patch density
within the invasion focus decreased slowly with spatial
grain in the range 10-320 m, after which it decreased
dramatically (Fig. 5C). The mean perimeter length and
standard deviation of perimeter length both exhibited
a rapid decline with spatial grain that levelled out at
80 m (Fig. 5D, E).

TABLE 3.

Reaction—diffusion vs. spatially explicit,
individual-based model

The range of predictions made by the R-D and
SEIBS models falls within the lower range of spread
rates reported in the literature for invading plant species
(see Lee et al. 1991, Lonsdale 1993, Perrins et al. 1993)
and for Holocene tree spread rates (Birks 1989). The
utility of this comparison is limited since there are few
published estimates of rates of spread and since the
taxa, environments, and methodologies reported in the
literature are likely to yield different spread rates (S.
I. Higgins and D. M. Richardson, unpublished manu-
script). However the result does confirm that the rates
of spread predicted by this study are reasonable. The
R-D and SEIBS models differ in the range of spread-
rate predictions they make and in the predicted effects
of plant life history attributes and disturbance fre-
quency. These differences can be attributed to the R—
D model’s use of two continuous parameters to sum-
marize plant-environment interactions. We show that
the use of spatially implicit model formulations and
continuous parameters, which summarize many eco-
logical processes into a few parameters, can qualita-
tively and quantitatively influence a model’s predic-
tions. This is well illustrated by the large interaction
between age of reproductive maturity and mean dis-
persal distance in the SEIBS model, where stands of a

Coefficients of Pearson correlation between response variables of the spatially explicit,

individual-based simulation model and means and standard deviations of the response variables
for the 70 scale-dependent simulation runs, in a study of models of invasive plant spread.

Mean sD of
Response Rate of Mean SD of peri- peri-
variable spread density density  meter  meter Mean SD
Rate of spread 1 9.122% 3.8617
Mean density —-0.743 1 0.945% 0.029%
sD of density 0.983 —0.745 1 0.155% 0.050%
Mean perimeter 0.525 —0.948 0.509 1 2.797|| 1.784]
sD of perimeter 0.405 —0.903 0.392 0.982 1 1.396|| 0.451

+ m/yr; % plants/100 m?; || m.
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slow-maturing, short-dispersing species spread more
slowly than would be predicted from a knowledge of
their mean dispersal distance and age of reproductive
maturity alone. This interaction occurs because slow-
maturing, short-dispersing species are unlikely to have
many adult trees on the edge of an invasion focus when
recruitment opportunities occur. Hence, although the
R-D model recognizes that invasive success is a func-
tion of both the reproductive and dispersal potential of
individuals (Skellam 1951), the SEIBS model illus-
trates that an explicit knowledge of the effects and
interactions of factors that influence reproductive po-
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FI1G. 5. The effect of cell dimension (measured in metres)
on predicted rate of plant spread (A), mean density of plants
in invasion focus (B), standard deviation of plants in invasion
focus (C), mean perimeter length (D), and standard deviation
of perimeter (E) for the spatially explicit, individual-based
simulation model of invasive plant spread. Values are mean
* 1 sp (n = 10 replicates).

tential (indexed by r in the R—-D model) is required for
predicting spread rates. Several workers have recog-
nized limitations of the R—D approach and this has
motivated the modification of the basic R-D model. It
seems that these attempts were in vain, firstly because
these modifications have not substantially influenced
model predictions (e.g., Holmes 1993, Hengeveld
1994), and secondly since our results suggest that these
limitations are inherent in the structure of R-D models.

The larger effects of the factor mean dispersal dis-
tance in the SEIBS model indicates that the use of a
stochastic dispersal rule results in higher predicted
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spread rates, implying that the incorporation of sto-
chastic rules can substantially modify a model’s pre-
dictions for small populations. The same result was
found by Goldwasser et al. (1994). Furthermore, the
tails of dispersal profiles of wind-dispersed species may
not decrease in a negative exponential manner, but rath-
er more gently (Portnoy and Willson 1993, Greene and
Johnson 1995). In such circumstances, an alternative
dispersal algorithm to the one used here will be needed.
These rarer long-distance events can result in the for-
mation of new disjunct invasion foci, which can sub-
stantially increase the observed rate of spread as well
as change the pattern of spread (Moody and Mack 1988,
Shigesada et al. 1995). Since the incorporation of al-
ternative dispersal distributions into the SEIBS model
would be technically simple, it follows that effort
should be devoted to collecting data on the tails of
dispersal profiles.

Determinants of invasive spread

The SEIBS model quantifies the more rapid invasion
of plants with shorter juvenile periods, higher fecun-
dity, and longer dispersal distances, which grow in
more frequently disturbed environments. Importantly,
the model quantifies the effects on rate of spread of
the interactions between these factors. This study,
therefore, allows for the quantification of how different
suites of life history and environmental attributes in-
fluence the chance of invasion. This is a progression
from previous studies, which merely identified the at-
tributes of invasive plants (e.g., Richardson et al. 1990,
Lodge 1993, Rejmanek and Richardson 1996). The
large magnitude of the interactions between factors
means that all factors, except fire survival, can strongly
influence spread rates. The consequence of this is that
for most invasion scenarios, effort should be placed on
obtaining good empirical data for all factors except fire
survival.

The SEIBS model predicts that high levels of adult
fire survival, high adult fecundity, short dispersal dis-
tances, short time to reproductive maturity, and infre-
quent fires all lead to increased mean stand density.
Predictions of alien plant abundance may be useful for
predicting the impacts of alien plants in situations
where alien abundance is correlated with alien plant
impacts (e.g., Richardson et al. 1989). The plant—en-
vironmental traits identified by the SEIBS model
(which increase local density) differ from the traits that
influence the rate of plant spread. This observation is
supported by the poor correlation between rate of
spread and stand density (Table 2).

Mean and standard deviation of alien plant density
were influenced by some complex interactions that fur-
ther emphasize the utility of the SEIBS approach. For
example, while fecund individuals that mature quickly
on average resulted in denser and more variable stand
densities, the interaction between these two factors de-
creased the mean and standard deviation of stand den-
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sity. This decrease can be attributed to the reduced
availability of establishment sites around parent plants
caused by density-dependent effects associated with
preemptive competition for establishment sites. Any
model that does not consider real coordinate space is
unlikely to account for this reduction in safe site den-
sity (Perry and Gonzalez-Andujar 1993). The inter-
actions between fire frequency, reproductive age, and
adult fecundity provide another example of the im-
portance of interactions for predicting stand density:
for slow-maturing plant populations that produce few
offspring, a short fire-return interval leads to high lev-
els of mortality, but this same fire-return interval pro-
vides recruitment opportunities for a fast-maturing and
fecund population.

Spatial grain and the spatially explicit,
individual-based simulation model

The SEIBS model’s predictions for all response vari-
ables were strongly influenced, both quantitatively and
qualitatively, by changes in spatial grain. The most
sensitive variables were mean plant density and perim-
eter length, whereas predicted rate of spread and vari-
ation in plant density were less sensitive to small
changes in spatial grain yet very sensitive to large
changes in spatial grain. Since the strength and sign of
the correlations between response variables of the
scale-dependent simulation runs (Table 3) and the fac-
torial simulation runs (Table 2) differ substantially, we
conclude that the correlations identified in the factorial
runs are not stable over different spatial grains, and
conversely that the trends identified in the scale-de-
pendent runs are a function of the parameter values
selected. This can be illustrated by considering that
since increasing spatial grain increases the distance a
recruit must travel to leave its parent cell, a species
with a short dispersal distance will be more sensitive
to increased spatial grain (Fahrig and Paloheimo 1988,
Gardner et al. 1991). These results provide firm evi-
dence that simulation models, which use matrices as a
spatial framework, need to ensure that the spatial grain
of the model is compatible with the spatial processes
being modeled. This is supported by recent criticisms
that spatial meta-population models often have spatial
structures that are inappropriate for the ecological pro-
cesses being modeled (McCauley et al. 1993). Such
inconsistencies may substantially influence predict-
ability, and we consequently recommend that the ro-
bustness of spatial models’ predictions to changing spa-
tial grain be routinely evaluated as part of sensitivity
analysis procedures. The spatial grain of environmental
heterogeneity is a related factor that should also influ-
ence the selection of the most appropriate spatial grain
for a spatial simulation model. This is because envi-
ronmental heterogeneity can strongly influence inva-
sion dynamics (Bergelson et al. 1993); the spatial grain
of the model must therefore be such that it represents
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the patterns of environmental heterogeneity that influ-
ence the organism’s response (Kotliar and Wiens 1990).

CONCLUSIONS

This study has shown that reaction—diffusion models
are inadequate building blocks for the modeling of spa-
tial phenomena, a conclusion supported by Vance
(1984) but not by Hengeveld (1994). In particular, this
paper demonstrates that the failure of the reaction—
diffusion model to mimic ecological processes and in-
teractions between these processes reduces the model’s
predictive ability. The importance of such interactions
was demonstrated by a spatially explicit, individual-
based simulation model. The importance of interactions
between ecological factors and the lack of empirical
data on these factors suggest that considerable effort
should be devoted to collection of empirical data. The
simulation model described here and the results of this
study provide clear objectives for such empirical work.
On a cautionary note, we have shown that the perfor-
mance of grid-based spatial simulation models is in-
fluenced by spatial scaling artifacts; this suggests that
model development requires knowledge of not just the
ecological processes of importance, but also of the spa-
tial scale of these processes. In-essence this means that
the parameter estimation and model development pro-
cesses must be integrated.
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