| dentifying suitable habitat, uncertainties, and pre-import decisions
SessionScience and Economics of Pre-Import Screening for Animal Species
Simon C Barry

Invasive species represent a significant thre#tteéonvorld economy and environment.
Because of this threat there is interest in exptprivays of predicting when a
particular species will be invasive in a new enwm@nt. This information can then
be used by policy makers as they consider theaatagsues in their jurisdiction.

Reviews of studies to predict invasiveness have lsaeried out by Kolar and Lodge
(2001) and updated by Hayes and Barry (2008). gAificant body of literature has
built up across a range of taxa looking at coreslabf invasion success. Several
points can be made from this literature. Firstilevmvasiveness cannot be predicted
with certainty, statistical approaches can prodoe®lels that on average provide
significant discrimination, and characterise théure of this uncertainty. Second,
while a range of factors are related to invasiveriesparticular circumstances, few
consistent predictors have been found. In sumnadirgatic match, history of
invasiveness and number of releases/size of releaseconsistently related to
establishment success.

This result is not particularly surprising biologily. The factors that are important to
success will critically depend on the context. Theact of climate on species is not
controversial, and the effect of release size anchber of releases is clearly
interpretable. In considering the risk of an intpton, the habitat suitability is

therefore an important component of assessingikbéy limpacts of the species if it

escapes captivity

Approaches to predicting habitat suitability hawveloped significantly over the last
30 years. The original approaches such as BIOC(BMsby, 1991) and DOMAIN
(Carpenteet al, 1992) sought to define regions in the environmalespace defined by
measured variables where the species was pres@iile significant in their time,
these approaches suffered from dimensionality prabland could not adequately
deal with complex patterns in environmental space.

Advances came by viewing the problem as a regnmessioblem: what was the
probability that a species is present given thesmesl environmental conditions.
This developed from the use of simple generalisedal models to generalised
additive models and regression tree approachebeinl®90’s (Austin and Meyers,
1996). These models were an improvement becaegentbre more flexible and data
driven that the simple GLM’s.

In the previous seven years there has been anesaieh in the use of techniques
from the statistics and machine learning commusitiad improvements have been
significant. Boosted regression trees and Maximunrindpy modelling (Phillips et al,
2006) have been particularly successful. The modechniques are better at
modelling complicated interactions in the data. eyfhdo not impose as rigid
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constraints and assumptions such as linearity dddivty and provide a better trade
off between flexibility and over-fitting.

This discussion is reflected in the results of adtaark empirical study on the
performance of species prediction models. Hithl (2006), in a major collaboration
between practitioners in the field, assessed thgireral performance of a range of
approaches. They demonstrated that on averagermotehine learning techniques
out performed other approaches.

This presents an attractive path for pre-imporeascmg. The distribution of a species
could be modelled in its current range and this @haduld then be projected onto the
potential recipient region and the results couldifed in the decision making. Issues
with this approach arise.

First, while techniques have improved there aitkestiors and uncertainties in almost
all predictions made from models. Barry and E[B006) have considered these.
They typically arise from the effects of signifitavariables not available for the

analysis and from global misspecifications in resmostructure. These errors and
uncertainties can be intractable. They represaihiré in the amount of available

information and cannot be rectified by a model eitin the systematic or random

component. They are typically not spatially oriemvmentally homogeneous.

In addition there are a number of particular isshas arise:

Novel climates: Particular climatic conditions that are conducivdlte persistence of
the species may not occur in the established rangeso there is no information to
test the suitability of these climates.

Biotic interactions. Species distribution is a combination of the théoaé biological
niche, historical effects and other biotic interags. Thus the established range may
overestimate/underestimate the potential range inew site when other biotic
interactions are present.

Taxonomic problems. The question about which records of a speciesede®ant to

a particular introduction attempt will arise. Dapgeg on the effort of taxonomists
species can have large or small ranges. How #ges to translocation success is
understood in only a limited number of examples.

Data quality: For many species the available presence recordsoméignited. Data
can refer to entire countries or have suspect elesnerhe most time consuming and
difficult part of the analysis is the generationqufality assurance of the data. Thus
global attempts to standardise and collate suchalatimportant.

Summary statistics: After the analysis the question of how to best samnse a
prediction and how to bring this into the decisinaking process is important.

While the previous discussion may highlight thaigssin the use of the techniques it
should not be taken as an argument against themalFof these limitations there is
significant evidence that quite coarse approacbedimate matching will improve
the ability to predict invasiveness (for exampledtgth et al, 2006). What should be



avoided are narrow arguments that one technigbetter than another, undermining
confidence in the system. Effort is better expendieveloping constructive
approaches to habitat suitability modelling. Theseild set out clearly the steps in
the analysis so that different individuals with theme information would come to
approximately the same conclusion. This would cdxeatment and assessment of
data, validation and modelling technique and prevad key building block for a
transparent, science based decision making system.
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