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Summary    Post-border weed risk management 
(WRM) couples management information with weed 
risk assessment to determine the threat to agricultural 
and natural ecosystems posed by current and emerging 
weed species. WRM can help prioritise the limited 
resources available to manage these invasions. WRM 
is concerned with the rate of spread of the target spe-
cies, i.e. its invasiveness, the extent of the country, 
state or region that the species of concern is able to 
persist within, and the economic and/or environmental 
impacts posed by the invasive plant. Modelling habitat 
suitability, population growth and spread of the species 
in question are therefore key components of WRM. 
This paper briefl y reviews some of the spatial analy-
sis tools for modelling habitat suitability, population 
growth and spread. It concludes by presenting several 
‘recipes’ for practitioners and researchers wishing to 
utilise spatial analyses in WRM. All reviewed models 
are trained and tested with the same dataset, which in 
this paper is the presence/absence of invasive European 
olive (Olea europaea L.) in South Australia. Spatial 
analyses and model development take place in a geo-
graphic information systems (GIS) environment.
Keywords    Dispersal kernels,  genetic algorithms, 
  geographic information systems,  individual-based 
models,  population transition matrices,    post-border 
weed risk management.

INTRODUCTION
Weed risk assessment (WRA) draws upon biological 
and ecological information to estimate the likelihood 
and magnitude of the threats posed by introducing non-
indigenous plants (Groves et al. 2001). In addition to 
new potentially invasive species, WRA can be applied 
to on-going and emerging plant invasions to help pri-
oritise the limited resources available to manage these 
invasions. This latter application has recently been 
termed post-border ‘weed risk management’ (WRM) 
because additional management information can be 
utilised to determine which weed species pose the 
greatest threat to agricultural and natural ecosystems 
(Virtue et al. 2004). WRM is concerned with the rate 
of spread of the target species, i.e. its invasiveness, 
the extent of the target country, state or region that 
the species of concern is able to persist within, and 
the economic and/or environmental impacts posed 
by the invasive plant. Modelling of habitat suitability, 

population growth and spread of the species in question 
are therefore key components of WRM. These types 
of models are all applicable to spatial analyses in a 
geographic information systems (GIS) environment.

This paper briefl y reviews some of the approaches 
available for modelling habitat suitability, population 
growth and spread. Examples are provided that model 
the distribution and spread of invasive European olive 
(Olea europaea L.) (Crossman 2002) within the Clare 
Valley, a 1840 km2 mixed-use region with temperate 
climate approximately 100 km north of Adelaide, South 
Australia. Crossman (2004) should be consulted for a 
detailed description of study area and methodology.

METHODS
Modelling habitat suitability   A suite of models 
is available for predicting suitable habitat of spe-
cies, whether they be plants or animals, invasive or 
endangered. Franklin (1995) reviews some statistical 
modelling techniques used to predict the distribution 
of vegetation habitat, and Guisan and Zimmermann 
(2000) provide a more general review of ecological 
modelling for predicting species habitat.

Research in Australia and New Zealand has aimed 
to predict the distribution of weeds. However, it has 
generally focused on the use of bioclimatic envelopes 
(BIOCLIM and its derivatives) to describe range lim-
its (Kriticos and Randall 2001). There is considerable 
opportunity to apply more advanced tools to the pre-
diction of weed habitat. Therefore, this paper uses a 
genetic algorithm (Desktop GARP – see Stockwell and 
Peters 1999; http://beta.lifemapper.org/desktopgarp) 
that searches iteratively for non-random associations 
between weed (O. europaea) presence/absence and 
environmental input variable values using four rules 
(atomic, logistic regression, bioclimatic envelope, and 
negated bioclimatic envelope). The change in predictive 
accuracy from one iteration to the next is used to 
evaluate whether a particular rule should be included. 
As implemented here, each run continues for either 
1000 iterations or until addition of new rules has no 
appreciable effect on the accuracy measure. Dependent 
variable input took the form of 582 point locations of 
O. europaea presence and a set of random absence 
locations in the study area. Independent variable input 
took the form of the fi rst three principal components 
derived from a set of 35 climatic surfaces generated 
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in BIOCLIM, plus a suite of soil characteristics. All 
input datasets are 10 m resolution raster layers. An 
independent test dataset of O. europaea point records 
in the study area was used to calculate accuracy of the 
fi nal predictive habitat surface. The accuracy measure 
used here is the area under the curve (AUC) statistic 
from a threshold-independent Receiver Operating 
Characteristic (ROC) Plot (Fielding and Bell 1997). 
A ROC plot is obtained by plotting sensitivity values 
(true positives) on the y-axis against 1 – specifi city 
values (false positives) for all probability thresholds 
on the x-axis. Land use information was included to 
add further realism to the heterogeneous landscape. 
Land use was classifi ed according to its suitability 
for O. europaea establishment and survival, with less 
intense land uses considered to be more conducive to 
survival. This classifi ed layer was multiplied with the 
genetic algorithm output.

Modelling population growth   Models of weed popu-
lation growth have as a central aim the calculation of 
annual (λ) and/or intrinsic (r) population growth. The 
values obtained for r and λ have instant meaning. If r 
>0 and λ >1, then the population is increasing. If r <0 
and λ <1 then the population is decreasing, while if r = 
0 and λ = 1, then the population is stable. Most popula-
tion biology texts will contain a review of approaches to 
modelling (e.g. Silvertown and Charlesworth 2001).

A relatively simple population transition matrix was 
developed for O. europaea. Changes in total population 
from one time step to the next were expressed as nt+1 

= Mnt, where nt is a column vector (n1, n2, …ni) 
representing the structure at time t of a population 
divided into i stages and M is a square matrix of order 
i. After a certain number of iterations, population 
structure usually attains a stable age distribution with a 
fi xed ratio between n1, n2, …ni. Elements of the matrix 
M were extracted from published transition rates of 
a cohort of O. europaea in southern Spain (Rey and 
Alcantara 2000). Rey and Alcantara (2000) followed 
the cohort over a seven year period, from birth to early 
adulthood. The dominant eigenvalue of M represents λ 
(Silvertown and Charlesworth 2001). The intrinsic rate 
of population increase (r) was calculated using r = lnλ. 
Density-dependent fecundity, carrying capacity and 
transition probability stochasticity were also included 
in the matrix model.

Modelling spread   A core component of modelling 
invasive plant spread is an understanding of dispersal 
dynamics. Again, much literature explains techniques 
to quantify dispersal of species (e.g. van der Pijl 1982), 
and then to model dynamics of spread via the construc-
tion of a dispersal kernel (e.g. Willson 1993), although 

much of this work has been on wind-dispersed species 
(Nathan et al. 2001). The dispersal kernel presented 
here is a three component mixture model (similar to 
that employed by Higgins and Richardson (1999)). 
The components represent the dominant forms of 
O. europaea dispersal fi tted to Weibull curves: short 
distance by small frugivores; medium distance by 
the common starling (Sturnus vulgaris L.); and long 
distance by the European fox (Vulpus vulpus L.). The 
kernel was parameterised using published accounts 
(Debussche and Lepart 1992) of relationships between 
distance and probability of dispersal by the three 
dispersal modes. The kernel was solved to attain a 
measure of mean dispersal distance, MD(t).

A derivation of the simple Fisher-Skellam equation 
of spread was solved as a preliminary attempt at deter-
mining the rate of spread of O. europaea. Briefl y, the 
asymptotic linear rate of spread for large time (Andow 
et al. 1990) can be found using VF = √(4rD), where VF 
is the velocity of the advancing front of the invasion, 
r is the intrinsic rate of population growth and D is 
diffusivity. D was solved using the equation D = 2MD(t) 
/πt, where MD(t) is the mean dispersal of individuals t 
time units after their release (Andow et al. 1990).

An individual-based model (IBM) was developed 
that tracks the dispersal and fate of each individual O. 
europaea seed in the study area. A set of nested looping 
procedures was written in a programming language 
compatible with the GIS. One loop represents annual 
time steps and the other loops represent individual 
dispersal events. Dispersal direction of each seed was 
chosen randomly. Dispersal distance was selected from 
a list of randomly generated distances (from the dis-
persal kernel above). Fate of the seed after dispersal 
is dependent on two factors: arrival in suitable habitat 
(from the genetic algorithm output above); and sur-
vival, growth and reproduction (from the population 
transition matrix above). Only if a seed reached a safe 
site and survived to reproductive stage would further 
seed disperse from that location. The IBM was simu-
lated over a 20 year time period.

RESULTS
Figure 1 highlights the variation in probability of 
suitable O. europaea habitat predicted by the genetic 
algorithm and land use data. Accuracy of the prediction 
is rated as a ‘useful application’ (AUC = 0.845) on the 
Swets (1988) scale. A total of 135 km (7.3% of the 
study area) was predicted to have a probability of suit-
able habitat of 0.75 or more. This cut-off was applied 
when considering suitable habitat in the IBM. From 
the population transition matrix for O. europaea, λ = 
1.1 and r = 0.095 at t = 20. From the dispersal kernel, 
MD = 670.4 m and D = 14 306 m at t = 20. Therefore, 
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from the Fisher-Skellam equation, the rate of spread 
at t = 20 equals 164.3 m per year. Figure 2 presents 
a subsection of O. europaea spread predicted by the 
IBM in the study area. The average annual rate of O. 
europaea spread predicted by the IBM over the 20 
years was 146.5 m per year.

DISCUSSION AND CONCLUSION
This section proposes a series of ‘recipes’, or op-
tions, for those wishing to determine the likelihood 
that a weed will spread and the time span in which 
this may occur. The ‘ingredients’ of each ‘recipe’ are 
designed to suit different levels of expertise and time 
(i.e. resources) available for assessing weed risk and 
investigating weed management options. The scale of 
modelling and management is at the regional level.

Recipe 1: Limited resources   A valuable assessment 
of potential distribution of an invasive plant can be 
completed if faced with very limited resources, 
including minimal human resource GIS capacity. 
Several hundred individual presence and absence point 
records of the weed can be collected in a matter of days 
using a global positioning system. This data can be 
used to train and test a simple genetic algorithm surface 
of predicted probability weed presence/absence based 
on a set of independent environmental variables. The 
methods are not complicated and could be performed 
with a relatively limited knowledge of GIS. The output 
of this ‘recipe’ is a heterogeneous landscape of varying 
probability of weed establishment. The output could 
be used to assess the risk of weed establishment in the 
surrounding landscape. Other spatial information, such 
as signifi cant native vegetation, could be overlaid to 
assess other threats. However, this is a static model 
that does not directly consider dispersal or population 
dynamics. The next recipe includes this information, 
but in only limited form.

Recipe 2: Some GIS/research capacity and moder-
ate resources   The previous recipe can be built upon if 
resources include staff with sound GIS/research skills 
and knowledge, and greater amounts of time to devote 
to risk management. The Fisher-Skellam velocity of 
spread equation can be solved, and the solution used 
in combination with outputs of ‘recipe 1’ to determine 
the time it takes for the weed to spread into the nearest 
signifi cant native vegetation. Calculation of intrinsic 
population growth (r), the dispersal kernel and 
diffusivity (D) requires some time, particularly if this 
information is not readily available. Detailed literature 
searches and/or empirical data collection will be 
required. The likelihood and time taken for the weed to 
spread can then be estimated based on simple distance 

measurements and surrounding habitat suitability. 
The impact of different management strategies (e.g. 
reduction in reproductive adults, reduction in fruit 
production, control of dispersal agents) on the rate 
of weed spread can also be estimated by modifying 
the transition matrix (controls r) and dispersal kernel 
(controls D) accordingly. The impact on spread rates can 
only be taken as a general estimate. No consideration 
is given toward the underlying landscape because 
spread is assumed to be uniform and homogeneous. 
Recipe 3 improves on this limitation by incorporating 
heterogeneous landscapes and stochastic dispersal.

Recipe 3: High level GIS/research capacity and a 
large pool of funds   This recipe is a viable option 
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Figure 1.   Probability of suitable habitat for Olea 
europaea as predicted by the genetic algorithm. Also 
includes land use information.

Figure 2.   Spread of Olea europaea across a subsec-
tion of the study area after 20 years, as predicted by 
the IBM.
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only if there is access to high GIS/research profi ciency 
and the time to complete lengthy model designs and 
simulations. Given such capacity, population and 
dispersal data can be used to develop and run an IBM 
to simulate the spread of the weed from its current 
approximate distribution. The dispersal kernel is used 
to generate the dispersal distances and the population 
transition matrix determines population parameters in 
the IBM. The landscape to which the IBM is applied is 
the predicted probability of suitable weed habitat. The 
IBM can be used to predict the impacts on spread and 
spatial distribution following the implementation of 
management strategies. Questions to be answered may 
include: what will the distribution of the weed be at t 
= 40 years if 80% of individuals (juveniles and adults) 
are removed at t = 20 years; or, what will the impacts 
of spread and distribution be if control programs are 
implemented every fi ve years?

Which recipe?   The recipe to use is determined by 
the resources and capacity of those managing the 
risk. None of the techniques presented in this paper 
are overly complex or demand the skills of a team of 
technical experts. Empirical data can be collected by 
individuals with sound ecological fi eld-based skills, 
while modelling and analysis can be completed by 
those with moderate computer/GIS proficiency. 
Regardless of which recipe is chosen, quantitative 
modelling to predict weed risk is a signif icant 
advance on the anecdotal/qualitative assessments of 
risk traditionally associated with weed management.
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