Austral Ecology (2005) 30, 719-738

Fauna habitat modelling and mapping: A review and case
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Abstract Habitat models are now broadly used in conservation planning on public lands. If implemented
correctly, habitat modelling is a transparent and repeatable technique for describing and mapping biodiversity
values, and its application in peri-urban and agricultural landscape planning is likely to expand rapidly.
Conservation planning in such landscapes must be robust to the scrutiny that arises when biodiversity constraints
are placed on developers and private landholders. A standardized modelling and model evaluation method based
on widely accepted techniques will improve the robustness of conservation plans. We review current habitat
modelling and model evaluation methods and provide a habitat modelling case study in the New South Wales
central coast region that we hope will serve as a methodological template for conservation planners. We make
recommendations on modelling methods that are appropriate when presence-absence and presence-only survey
data are available and provide methodological details and a website with data and training material for modellers.
Our aim is to provide practical guidelines that preserve methodological rigour and result in defendable habitat
models and maps. The case study was undertaken in a rapidly developing area with substantial biodiversity values
under urbanization pressure. Habitat maps for seven priority fauna species were developed using logistic regression
models of species-habitat relationships and a bootstrapping methodology was used to evaluate model predictions.
The modelled species were the koala, tiger quoll, squirrel glider, yellow-bellied glider, masked owl, powerful owl
and sooty owl. Models ranked sites adequately in terms of habitat suitability and provided predictions of sufficient
reliability for the purpose of identifying preliminary conservation priority areas. However, they are subject to
multiple uncertainties and should not be viewed as a completely accurate representation of the distribution of
species habitat. We recommend the use of model prediction in an adaptive framework whereby models are
iteratively updated and refined as new data become available.
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INTRODUCTION

Governments at all levels place considerable emphasis
on urban and regional planning, and have commit-
ments to ensure that developments are socially and
ecologically sustainable (Commonwealth of Australia
2003). Protected area planning exercises in Australia
over the past 10 years have utilized statistical habitat
modelling methods to define biodiversity attributes
(National Parks & Wildlife Service 1998; Ferrier er al.
2002a). Many of the theoretical and technical
advances in habitat modelling and evaluation methods
have come about in response to the need for better
information in public land planning in Australia (Aus-
tin & Meyers 1996; Ferrier & Watson 1997; Elith &
Burgman 2002; Ferrier er al. 2002a,b; Pearce et al.
2001a).
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However, there is currently little scientific input into
the biodiversity aspects of the urban planning process
and consideration of biodiversity values is characteris-
tically ad hoc. Over 40% of Australia’s nationally listed
threatened ecological communities and more than
50% of threatened species occur in urban fringe areas
(Yencken & Wilkinson 2000) and rapidly increasing
urbanization rates are their primary threat. Although
the areal extent of urban development is usually rela-
tively small, the magnitude of the impacts is often
large. Urbanization is second only to land clearing
for agriculture as a threat to Australia’s biodiversity
(Burgman & Lindenmayer 1998) and there is an
urgent need to improve conservation planning prac-
tices in urban fringe areas.

The efficacy of conservation planning relies criti-
cally on the quality of the underlying biodiversity
information (Pressey et al. 1999; Wilson er al. 2005).
Several authors have noted the impracticality of com-
plete biological inventory and problems arising when
incomplete biological survey data are used as a basis
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for reserve planning (Burgman & Lindenmayer 1998;
Ferrier er al. 2002a). The role of habitat modelling
methods in addressing this problem is well established
(Burgman & Lindenmayer 1998; Ferrier et al. 2002a;
Wilson et al. 2005). Reliable and defendable methods
for defining and predicting the distribution of wildlife
habitat are critical components of conservation
planning.

Here we attempt to coalesce recent developments
in wildlife habitat modelling into one modelling and
evaluation framework and present them in a simple
enough manner that they may be applied by planners
with relatively little modelling experience.

REVIEW OF WILDLIFE HABITAT
MODELLING

At a simple level, a habitat model is a numerical rep-
resentation of a species’ habitat preferences. It may be
used to make inferences about a species habitat
requirements and likely response to environmental
change, or it may be used to predict a species abun-
dance, density, carrying capacity or probability of
occupying a location based on its environmental
attributes. The primary use of habitat modelling in
conservation planning is in predicting the spatial dis-
tribution of suitable habitat for species of interest in a
landscape. Many habitat modelling methods are avail-
able that may be more or less applicable depending on
the type of biological and environmental data avail-
able, the species of interest and the end use of the
model. There are numerous steps involved in fitting
most types of habitat model, each requiring subjective
judgements that are based on experience and statisti-
cal and biological insights. There are several detailed
reviews and comparisons of wildlife habitat modelling
methods in the literature (Franklin 1995; Manel ez al.
1999a,b; Elith 2000; Guisan & Zimmerman 2000;
Ferrier et al. 2002a; Zaniewski ez al. 2002). Our goal
is to briefly outline the available methods and present
those that we believe are most appropriate for predict-
ing the distribution of species habitat in a conservation
planning context in which technical expertise is lim-
ited. We seek to provide enough detail to allow plan-
ners with little statistical experience to follow our
recommendations. We have provided worked exam-
ples, along with code and data for fitting and evaluat-
ing statistical habitat models in the statistical freeware
R (R Development Core Team 2004). These materials
are available at http://www.botany.unimelb.edu.au/
envisci/brendan/model.html. It is important to note
that biological knowledge is a critical prerequisite to
sound habitat modelling. Our recommendations are
confined to addressing limitations in statistical exper-
tise and offer no means of overcoming a lack of avail-
able ecological expertise.

Choosing a modelling method appropriate for the
available data

A primary consideration in deciding on which model-
ling method to apply in any given situation is the type
of biological survey data that are available for model
development. There are five main levels of data avail-
ability: (i) Little or no data are available for habitat
modelling; (ii) presence-only (or ad hoc) data are avail-
able, where occupied locations are recorded but no
attempt has been made to record locations that are
unoccupied systematically; (iii) presence—absence (or
binary) data are available, where locations that are
occupied or unoccupied by a given species are
recorded, usually in a systematic survey; (iv) ordinal
categorical data are available, where the number of
individuals at survey locations is recorded in coarse
abundance categories; and (v) counts, where an
attempt is made to count the actual number of indi-
viduals of a given species at survey locations. The
latter two situations arise very rarely in conservation
planning because of the prohibitive costs associated
with capture of these data and are not dealt with in
detail here. The following sections outline the model-
ling methods available when presence—absence, pres-
ence-only or no data are available. Though we do not
tackle the no-data situation in our case study, we do
provide references and a description of the basic
approach. For details about modelling methods
appropriate for count and ordinal categorical data,
see Agresti (1996), Guisan and Harrell (2000), and
Pearce & Ferrier (2001).

Lattle or no data

The absence of biological survey data does not pre-
clude the development of a habitat model. Habitat
suitability indices (HSIs) were introduced by the
United States Fish and Wildlife Service as a means
of mapping species habitats for the purpose of
impact assessment and conservation planning (Van
Horne & Wiens 1991). A HSI model for a given
species and area of land represents a conceptual
model that relates each measured variable of the
environment to the suitability of a site for the spe-
cies, scaled from O (for unsuitable habitat) to 1 for
optimum conditions (Burgman eral. 2001). HSIs
are very flexible and have been widely applied in
conservation management (Reading ezal. 1996;
Breininger et al. 1998). The weakness of HSIs is
that their credibility depends wholly on the credibil-
ity of the expert(s) who constructs them. The lack
of independent data in the process makes them
impossible to evaluate statistically and therefore less
robust to scrutiny.
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Presence-only data

Presence-only data are the most common form of
observation data, and are usually available from muse-
ums and herbaria (Graham er al. 2004). Presence-only
data suffer from the problems that observations are
unplanned and tend to be biased toward towns and
roads, they are often of dubious reliability and unspec-
ified spatial accuracy, and the variation in survey effort
between different environments and geographical
areas cannot be controlled or adjusted in model fitting
(Ferrier et al. 2002a; Kadmon ez al. 2003). Nonethe-
less, presence-only modelling methods are widely
applied due to the prevalence of presence-only data.
Presence-only data may be modelled using a variety of
modelling packages that are based on different ecolog-
ical assumptions. Presence-only methods fall into
three main categories: (i) those that use the species
data without reference to any environmental data; (ii)
those that model a species-environment relationship in
reference to the species presence data; and (iii) those
that model a species-environment relationship by
characterizing the ‘background’ environment across
the region of interest, and modelling the species pres-
ence in comparison to this background. The first cat-
egory includes hulls and kernels (Worton 1989);
which can be thought of as geographical envelopes.
They are primarily useful for estimation of ranges but
not for more detailed maps of species distribution,
because the envelopes will generally encompass many
sites that are unsuitable habitat for the species. A lim-
itation of all envelope methods is that they are partic-
ularly sensitive to missing data and spatial error. The
second category includes BIOCLIM (Nix 1986) and
DOMAIN (Carpenter et al. 1993). BIOCLIM is a
climate envelope method that maps habitat that is
climatically suitable for the species, based on the dis-
tribution of the known presence records across a suite
of climate variables derived from long-term records of
temperature, rainfall and radiation. It is useful over
large extents for broadly defining climatically suitable
regions, but because of its orthogonal geometries the
envelope approach tends to include many sites that are
in fact unsuitable for the species (Elith & Burgman
2003). DOMAIN takes an opposite approach by
determining the similarity of each cell in a map to a
known presence site. That is, it measures the environ-
mental similarity between a target site and the most
similar known record site, using the Gower metric
(Legendre & Legendre 1998).

The third category includes most other presence-
only methods, including ENFA (Hirzel 2001), the
genetic algorithm GARP (Stockwell & Peters 1999),
and presence—absence methods adapted to presence-
only data. These have various strengths and weak-
nesses, and some are more thoroughly tested than
others (Elith & Burgman 2003). Of these methods,

regression models (generalized linear models: GLMs
and generalized additive models: GAMs) are ecologi-
cally realistic and have shown reasonable performance
when used as logistic models that have been adapted
to allow modelling of presence-only survey data
(Ferrier & Watson 1997; Zaniewski et al. 2002). We use
them in the case study, and present justifications for
their use in the following sections.

A substantial draw-back to the use of presence-only
data is the lack of available and broadly accepted
methods for evaluating the predictive performance of
fitted models. There are some methods currently
under development, but which at the time of publica-
tion remain largely untested and not broadly accepted
(Philips er al. in press). For this and other reasons
mentioned earlier, we would always consider pres-
ence-only data, and therefore presence-only models to
be inferior to presence-absence data and models.
However, due to the prevalence of presence-only data
we have provided a demonstration of their use in hab-
itat modelling our case study.

Presence—absence data

A number of public planning exercises in Australia
have utilized presence—absence data for deriving
habitat models and maps (National Parks & Wildlife
Service 1998, 2000; Ferrier er al. 2002a). Presence—
absence data may suffer from the problem of uncertain
zeros (MacKenzie er al. 2002; Tyre et al. 2003), but
have the advantage that they are usually collected in a
‘systematic’ manner, involving some level of geograph-
ical and environmental stratification in the sampling
design (Austin & Heyligers 1989). Consequently, such
data are more likely to contain samples that span the
environmental gradients of interest, making model fit-
ting more reliable.

There is a broad range of modelling methods that
can utilize presence-absence data, and assessment of
their relative performance has been the subject of con-
siderable research effort (Ferrier & Watson 1997;
Manel er al. 1999a,b; Elith 2000; Moisen & Frescino
2002). Multivariate association methods such as
canonical correspondence analysis (ter Braak 1986),
machine learning methods such as genetic algorithms
(Stockwell & Peters 1999) and neural networks
(Moisen & Frescino 2002), and tree-based methods
such as classification and regression trees (Breiman
et al. 1984) have all been proposed as potentially use-
ful methods for modelling habitat preferences with
presence—absence data.

Comparative studies have found the performance
of logistic regression to be typically at least as good
as other methods, if not better (Ferrier & Watson
1997; Elith 2000). Of the competing methods
mentioned above, only logistic regression naturally
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assumes data are derived from a binomial process,
which is the correct distribution when data are
binary and observations independent. Regression
methods, primarily GLMs (McCullagh & Nelder
1989) and GAMs (Hastie & Tibshirani 1990) have
been a commonly applied method for modelling and
predicting habitat occupancy for planning purposes
(e.g. National Parks & Wildlife Service 1998, 2000;
Li et al. 1999; Loyn er al. 2001). One of the advan-
tages of GLMs and GAMs is the availability of free
statistical software (R Development Core Team
2004) and detailed documentation and guidance for
fitting and interpreting models (Harrell 2001; Hastie
et al. 2001; R Development Core Team 2004). For
these and other reasons described below, we focus on
the use of GLMs and GAMs in describing species-
habitat relationships and predicting the spatial distri-
bution of suitable habitats.

GLMs and GAMs in habitat modelling

All GLMs are composed of a random component,
described by the assumed distribution of the observa-
tion data (either binomial or Poisson for many wildlife
observation data), a systematic component specifying
a linear combination of explanatory (or independent)
variables, and a ‘link’ between the random and sys-
tematic components of the model that specifies how
the mean response (i.e. observation) relates to the
explanatory variables in the linear predictor (Agresti
1996). When observation data are binary (presence—
absence), the expected value may be modelled as Pr
(Y =1) using the ‘logit’ transformation to link the
random and systematic component. In this case, the
regression model becomes (Agresti 1996):

o »,
logit(p,) = log(—1 o j o
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where p; is the probability that the species will be
present at site i, 3, is the intercept coefficient, the x,
are the habitat variables, and the 3, are habitat variable
coefficients. Equation 1 defines the special case of the

GLM known as the logistic regression model.
Generalized additive models are a non-parametric
generalization of GLMs in which the relationships
between the dependent and independent variables are
defined by non-parametric smoothing functions
(Hastie er al. 2001). In practice, this means that the

k
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relationship between the dependent and explanatory
variables in GLMs is replaced by smoothing functions

k
(ﬁ0+2 f](x])) The f; are estimated in a ‘flexible’
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manner, and there are a range of alternative smoothers
available (Hastie er al. 2001). This flexibility confers
an advantage to GAMs over GLMs in that they are
able to ‘fit’ data more closely for a given number of
degrees of freedom because they are not constrained
to fit predefined parametric shapes (Bio er al. 1998).
However, for the same reason, GAMs cannot be as
easily interpreted as GLMs. Indeed, GAMs do not
actually have a retrievable model formula in the classic
sense, and interpretation generally requires a plot of
the fitted response curves. Statistical packages such as
R (R Development Core Team 2004) provide this
facility for both GLMs and GAMs. GAMs can be
fitted with the same ‘link’ functions as GLMs so are
capable of fitting logistic regression models.

It is easy to build models that are ecologically unre-
alistic. Predictions from unrealistic models will have
large errors and are likely to be less robust and gener-
alizable than those from realistic models (Austin
2002). Model interpretability should therefore influ-
ence the choice of modelling method because a model
can only be checked for its realism if it is interpret-
able. Two key features of ecological realism are the
choice of explanatory variables included in the model
and the shape of the response fitted for those variables
(Austin 2002). Methods such as neural networks and
genetic algorithms are difficult to interpret on both
counts. Ennis ez al. (1998) found that logistic regres-
sion provided as good, or better, performance than
more complicated methods including multivariate
adaptive regression splines (Friedman 1991) and
back-propagated neural networks (Ripley 1995). Sim-
ilar results have been found in other comparisons
(Elith & Burgman 2002; Moisen & Frescino 2002).
Even though GAMs tend to perform better than
GLMs in such comparisons, the simplicity of GLLMs,
their broad availability in statistical packages, the ease
with which they can be applied within a geographical
information system (GIS) framework, and the ready
availability of prediction intervals mean that they are
still useful and frequently implemented. The con-
struction of a mathematical formula that describes the
relationship between the dependent variable and the
environment provides a compact and communicative
representation of a model. A logistic regression GLM
formula that is published in a report or thesis can be
used to predict species occurrence and compute pre-
diction intervals without any direct reference to the
data on which the model was fitted (providing that
due care is taken not to extrapolate beyond the envi-
ronmental scope of the original data). This degree of
generality is not a feature of other modelling methods.
A further strength of GLMs is the ease with which
uncertainty about coefficients and predictions can be
conveyed as standard errors and prediction intervals.
Prediction intervals are not yet easily obtained from
GAMs.
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A CASE STUDY: HABITAT MODELLING
FOR CONSERVATION PLANNING IN
CENTRAL NSW

The Lower Hunter and Central Coast (LHCC) region
of New South Wales (NSW) presents an opportunity
to study urbanization pressures in a relatively pristine
landscape with substantial biodiversity values. The
region includes the seven local councils of Cessnock,
Gosford, Lake Macquarie, Maitland, Newcastle, Port
Stephens and Wyong (Fig. 1). It comprises large areas
of native forest in both public and private tenures
(National Parks & Wildlife Service 2000). The region
is approximately 7200 square kilometres of which
approximately 65% is under forest cover. The LHCC
Regional Environmental Management Strategy
(LHCCREMS) seeks to integrate biodiversity infor-
mation into future land use planning and development
in the region (LHCCREMS 2004). Biodiversity
projects under the LHCCREMS include the develop-
ment of vegetation mapping for the region, a gap
analysis of biological survey data for the region and
subsequent fauna surveys to augment existing biodi-
versity data (Ecotone Ecological Consultants 2001),
the development of wildlife habitat models and habitat
maps for priority species in the region (Wintle ez al.
2004), and the development of preliminary conserva-
tion recommendations for each species (LHCCREMS
2004). This paper reports on the methods used to
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develop and evaluate habitat models and maps for
each of the priority species in the region.

Priority species and their habitat requirements

Seven fauna species were selected for modelling on the
basis of data availability and ‘priority’ status, with pri-
ority largely determined by threatened species status.
By choosing species on the basis that they were
deemed particularly sensitive to identifiable threats,
the selection process loosely followed the rationale of
the focal species approach (Lambeck 1997). The pri-
mary threatening process in the LHCC region is land
clearing for development, though commercial forestry
on public land may potentially pose a threat to some
species (LHCCREMS 2004).

The koala (Phascolarctos cinereus), the yellow bellied
glider (Petaurus australis) and the squirrel glider
(Petaurus norfolcensis) are arboreal marsupials that are
broadly distributed throughout forest and woodlands
of eastern Australia. The suitability of habitat for arbo-
real marsupials is influenced by the size and species of
trees present, soil nutrients, climate, rainfall, and the
size and disturbance history of the habitat patches
(Reed & Lunney 1990). The two gliders are specifi-
cally reliant on tree hollows for shelter. The squirrel
glider requires food supplied by flowering acacias and
banksias (Russel 1995) and the yellow bellied glider

Vegetation cover
Vegetated
Non-Vegetated

[ ocet govermmentareas

Fig. 1. The Lower Hunter Central Coast (LHCC) region, situated north of Sydney in New South Wales. Seven local councils
are located in the region. Light shading indicates areas under forest cover.
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needs particular species of sap-trees and winter flow-
ering eucalypts (Goldingay & Kavanagh 1993). Avail-
able habitat for these species is becoming increasingly
fragmented due to habitat destruction and fragmenta-
tion caused by urban and infrastructure development,
agriculture and mining (Reed & Lunney 1990).

The tiger quoll (Dasyurus maculatus) is a medium-
sized, carnivorous marsupial that inhabits a wide range
of habitat types from sclerophyll forest and woodlands,
to coastal heathlands and rainforests (Edgar & Belcher
1995). The species requires suitable den sites (such as
hollow logs, tree hollows, rock outcrops or caves) and
a large area of intact vegetation for foraging (Edgar &
Belcher 1995).

The powerful owl (Ninox strenua), the sooty owl
(Do tenbricosa) and the masked owl (T3ro novaehollan-
diae) are broadly distributed throughout forest, wood-
land and rainforest of eastern Australia. All owl species
tolerate some degree of fragmentation and discontinu-
ity in forest cover. However, they do rely on large tree
hollows for nesting and denning and prey on forest
dependent species such as marsupial gliders and small
ground mammals, making them susceptible to
declines in prey abundance resulting from high levels
of forest fragmentation (Kavanagh 2002).

The choice of model variables was driven by what
was known about the habitat requirements of each
species. Of the species modelled, home range esti-
mates vary from as low as 0.65 ha for the squirrel
glider (Russel 1995) to 20 km? for the tiger quoll
(Edgar & Belcher 1995). A modelling grid cell size of
1 ha was chosen on the basis that it approximates the
home range size of the smallest ranging species.

Data collation, filtering and handling

Biological data

Data for the seven target species were obtained from
the biological systematic survey (BSS) module of the
NSW NPWS Wildlife Atlas database and from surveys
commissioned by the LHCCREMS  specifically
undertaken to fill gaps in the Atlas data for priority
species (Ecotone Ecological Consultants 2001). Sys-
tematic survey data contained records of both pres-
ence and absence for each of the seven priority species.
The availability of systematic survey data reduced the
effort required to prepare data for modelling, as survey
method and effort covariates were available for data
filtering. Only data collected after 1990 and using
survey methods appropriate to detect each species
were used in modelling. Records were filtered to
ensure a minimum geographical separation distance of
at least 500 m in an attempt to increase the probability
that observations were independent. Presence records
were retained in preference to absence records when

Table 1. Number of presence and absence sites derived
from the LHCCREMS and BSS databases used in model
building and evaluation for each of the seven priority species

Presence Absence
Species records records Total
Koala 88 162 250
Tiger quoll 36 75 111
Squirrel glider 112 129 241
Yellow-bellied glider 92 152 244
Masked owl 55 149 204
Powerful owl 97 142 239
Sooty owl 56 156 212

BSS, biological systematic survey; LHCCREMS, The
Lower Hunter and Central Coast Regional Environmental
Management Strategy.

two (or more) records fell within 500 m of each other.
The data that remained for model building and testing
are summarized in Table 1.

Survey method or effort covariates may be incorpo-
rated in models when survey data are collected using
methods of variable reliability (Pearce ez al. 2001a). In
our study, such covariates were not required because
data used for modelling were relatively uniform with
respect to method and effort.

Environmental data

One of the primary limitations of the predictive per-
formance of wildlife habitat models is the availability
of broadly mapped environmental variables that are
closely related to environmental attributes that affect
the distribution of wildlife. Austin (2002) delineated
two types of independent variables for model building:
(i) ‘proximal’ (direct) variables are those that represent
resource, shelter or thermal gradients that have a
direct influence on a species distribution (e.g. temper-
ature and foliar-nutrient); and (ii) ‘distal’ (or indirect)
variables that have no physiological effect on the spe-
cies but are correlated with ‘proximal’ variables (e.g.
altitude, latitude). Modelling with proximal variables
will more often produce a model that makes transport-
able and robust predictions, whereas models based on
distal predictors are likely to be more specific to the
location in which they were constructed (Austin
2002). However, direct variables are not always avail-
able as GIS layers because they tend to be difficult to
map (Guisan & Zimmerman 2000), so model building
for the purpose of prediction is often undertaken using
distal variables.

Experts should play a role in the identification of
environmental variables that may be important predic-
tors of a species habitat. They may be useful in
developing new variables that are combinations or der-
ivations of distal variables. For example, indices such
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as a ‘hollows index’ or ‘“foliar nutrient index’ have been
developed from maps of forest age and floristic com-
position and used in habitat modelling in the past
(National Parks & Wildlife Service 1998). Similarly,
vegetation variables with many categories of vegetation
are often difficult to use as habitat variables in their
raw form. Experts may be used to aggregate vegetation
classes into those most likely to be of relevance to the
species being modelled or to develop interaction terms
between, for example, vegetation type, topographic
context and forest age. Derived variables may serve as
useful predictors of habitat where the raw variables do
not. Similarly, neighbourhood measures, such as ‘the
proportion of old forest within 2 km’ have also been
used successfully in habitat modelling (Ferrier ez al.
2002a). Neighbourhood measures convey the local
environmental context of a site, which may be as
important as the attributes of the site itself, especially
in the case where the home range of a species is larger
than the cell size used in modelling, or where survey
locations are imprecisely known. Compiling a set of
candidate environmental variables should involve
careful consideration of the biology of the species
being modelled.

A set of climatic variables derived from ANUCLIM
(Houlder et al. 1999) were available for use in model
development. These may have a direct role in deter-
mining species distributions through metabolic con-
straints. However, the remainder of available predictor
variables would be considered distal. Neighbourhood
measures were derived and tested for all species at a
range of neighbourhood distances. The absence of pre-
dictor variables relating to forest growth stage, a com-
monly used surrogate for tree-hollow and denning
availability (National Parks & Wildlife Service 1998,
2000; Loyn er al. 2001) is likely to place substantial
limitations on the predictive performance of final
models. All environmental variables were stored as
spatial layers (or grids) in a GIS with a grid cell reso-
lution of 100 m, which was satisfactory with respect
to the home range size of the target species.

Testing the adequacy of survey data based on
environmental strata

There were a sufficient number of species survey data
points in the region for fitting statistical models for
each of the seven priority species. However, having a
sufficient number of data points for fitting a regression
model does not guard against inherent bias in survey
data. To address concerns about geographical and
environmental biases, data were tested for their cover-
age of key environmental strata. This was undertaken
to ensure that models developed would be relevant
to the range of environmental conditions present in
the region and that excessive extrapolation of fitted

responses would not be required. Environmental strata
were defined by overlaying GIS raster maps (1 ha grid
cell size) of four key variables; broad vegetation cover
(seven classes), topographic position (three classes),
mean annual temperature (four classes) and mean
annual rainfall (seven classes), resulting in 384 possible
strata, 256 of which were represented by at least 50 ha
of forest in the region. By overlaying survey locations
and the map of environmental strata it is possible to
tabulate the proportion of sampled versus un-sampled
strata for each species. Maps showing the regional
coverage of sampled and unsampled strata were cre-
ated for each species to illustrate where model predic-
tions may be less reliable and where future biological
surveys could be targeted.

Model development and evaluation

Data preparation

Geographical information system layers representing
environmental variables were sampled at each survey
location using ArcInfo (ESRI 1997) to construct a
modelling data frame for each species. Similar func-
tions are available in most GIS software. Each row of
data contained the survey observation (1 = species
present, 0 = species absent) and values for each of the
candidate predictor variables at the survey locations.
This resulted in an n*(k + 1) data matrix, where 7 is
the number of survey locations and % is the number
of potential predictor variables.

In order to construct presence-only models, a sec-
ond data matrix was created for each species that
contained records for which the species was present.
Background samples (sometimes termed ‘pseudo-
absence’ data) were generated for 10 000 random
locations across the landscape according to methods
described by Ferrier and Watson (1997) and using
software developed by Landcare New Zealand (J.
Overton, pers. comm. 2005). The rationale for using
background samples when no ‘real’ or systematic
absence data exist is that it can be used to create an
environmental profile of the study area, which is then
compared with the environmental profile of known
‘presence’ locations. An n*(k+ 1) modelling matrix
was created as for the presence—absence data, where n
is equal to the number of presence observations plus
the 10 000 random ‘observations’ of absence.

Data transformation

In some instances, the distribution of environmental
variables at survey locations may be long-tailed. This
may bring about problems with model fitting due to
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points in the tails having high leverage, and tends to
reduce the explanatory power of independent vari-
ables. Data may be transformed to avoid this problem.
A common transformation is the log-transformation,
though a range of other transformations exist. Inspec-
tion of our modelling data revealed no substantial
problems with long-tailed predictor variables.

Variable reduction

Approximately 50 variables were available that
described the environmental characteristics which
may govern site occupancy for the seven target species.
It is common to offer all possible variables as candi-
date model predictors (e.g. National Parks & Wildlife
Service 1998) and utilize an automated variable selec-
tion routine to eliminate inappropriate predictors and
to specify the final model. However, offering many
candidate variables tends to result in models that
include nonsense predictors and exclude variables
that, in fact, influence the probability of occupancy
(Derksen & Keselman 1992; Chatfield 1995; Steyer-
berg et al. 2001a). This is especially problematic when
the number of species observations is low compared
with the number of candidate predictors.

An alternative approach is to minimize the number
of variables that are offered to the variable selection
routine. Harrell ez al. (1996) recommend a rule of
thumb that less than »/10 predictor degrees of free-
dom (PDF) should be offered as candidates to a vari-
able selection routine such as backward selection,
where m equals the number of observations of the least
prevalent class in the modelling data set (often the
number of presence observations). PDF indicates the
number of possible parameters estimated in the largest
model that could be constructed from the set of can-
didate predictors. The number of parameters depends
on the number of predictors and the form in which
the predictor variables are used in the model (see next
section). For categorical variables or non-linear
responses there are more than one PDF for each envi-
ronmental variable. For example, categorical variables
have a parameter for all but one category, sometimes
leading to many PDF per categorical variable. Simi-
larly, quadratic or cubic functional forms require two
and three PDF respectively. In our situation, m ranges
from 36 for the tiger quoll to 112 for the squirrel glider
(Table 1). Therefore, the maximum number of candi-
date PDF offered to the variable selection routine
should be no more than 4 or 11 respectively. In this
case, the allowable PDF is much less than the total
number available. The number of candidate PDF was
firstly reduced by removing distal variables that were
highly correlated with proximal variables (R > 0.6) in
the context of biological or metabolic requirements of
the species.

Irrespective of variable reduction issues, fitting sta-
tistical models with collinear predictor variables may
cause statistical problems and should be avoided
(Belsley et al. 1980). Expert opinion and previous hab-
itat models were consulted where further variable
reduction was required. The number of candidate
model variables (and PDF) offered to the variable
selection routine varied for each species depending on
the amount of biological survey data available. The
final set of candidate predictors, presented in Table 2,
includes variables that were offered as candidates for
at least one species.

Variable form

One of the strengths of GLMs and GAMs is the pos-
sibility of fitting non-linear relationships between the
dependent variable (probability of occurrence) and the
independent environmental variables. However, it may
be difficult to know a priori whether a particular rela-
tionship is likely to be linear, quadratic, cubic or other.
One strategy that is commonly employed is to allow
an automated variable selection routine full freedom
to fit any relationships using a trade-off between com-
plexity and variance explained. However, it has been
shown that such an approach may result in the fitting
of spurious relationships with no logical interpretation
(Steyerberg er al. 2001a). Consequently, we recom-
mend either choosing functional forms with no
automated variable selection or limiting the range of
functional forms available to the variable selection
algorithm, to those that are supported by sound eco-
logical intuition and preliminary data analysis. In this
exercise we conduct preliminary analyses on response
shapes by fitting univariate GAMs with five degrees of
freedom and visually inspecting plots of response
shapes (Austin & Meyers 1996). This approach allows
the user to assess whether more complicated responses
appear sensible and are justified by the data. Visual
inspection of fitted response shapes is used again later
in the process for evaluating the ecological realism of
final selected models (see below).

Variable selection and model fitting

Final GLMs and GAMs for all species were selected
and fitted to both presence—absence and presence-
background data using a backward stepwise variable
selection algorithm (Venables & Ripley 2003) in R,
resulting in four models for each species. The variable
selection algorithm tests a series of nested models
using Akaike’s information criterion (AIC: Akaike
1973; Venables & Ripley 2003) to select between mod-
els. The choice of algorithm may influence the struc-
ture of the final model and alternative automated
model selection algorithms, including forward selec-
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Table 2. Abbreviated names and definitions of mapped environmental data used as candidate predictor variables for inclusion
in habitat models. All environmental data were available in raster format with 100 m (side length) grid cell size

Candidate variable

Definition

Temp Mean annual temperature derived from ANUCLIM

Cold Mean temperature of the coldest period derived from ANUCLIM
Rain Mean annual rainfall derived from ANUCLIM

Dry 2000 The percentage of cells in a 2000-m radius containing dry forest
Rf2000 The percentage of cells in a 2000-m radius containing rainforest
Solar The solar radiation index of a cell derived from ANUCLIM

Elev The elevation of a cell (in metres) above see level

Rugg250 (500, 1000)
Terr250 (500, 1000)
Topo

Unmod500
Unmod2000
Wet500

Wet2000

Fert

Percnonfor2k
Ybglexp2000t
Sqglexp2000*
Sowlexp2000*
Mowlexp2000*
Powlexp2000*
Koalexp2000*

Topographic ruggedness (standard deviation in elevation) in a 250-m, 500-m and 1000-m radius,
Relative terrain position in a 250-m, 500-m and 1000-m radius

The topographic position of a cell ranging from gully to ridge top (0-100)
The percentage of cells in a 500-m radius containing unmodified forest

The percentage of cells in a 2000-m radius containing unmodified forest
The percentage of cells in a 500-m radius containing wet forest

The percentage of cells in a 2000-m radius containing wet forest

Index of the soil nutrient content at a site based geochemical data (CSIRO)
The percentage of cells in a 2000-m radius classified as cleared land

The percentage of cells in a 2000-m radius containing suitable ybgl habitat
The percentage of cells in a 2000-m radius containing suitable sqgl habitat
The percentage of cells in a 2000-m radius containing suitable sowl habitat
The percentage of cells in a 2000-m radius containing suitable mowl habitat
The percentage of cells in a 2000-m radius containing suitable powl habitat
The percentage of cells in a 2000-m radius containing suitable koal habitat

fdenotes expert variable derived from vegetation classes (Michael Murray pers. comm. 2004); koal, koala; mowl, masked

owl; powl, powerful owl; quol, tiger quoll; sowl, sooty owl; sqgl, squirrel glider; ybgl, yellow-bellied glider.

tion, are available. The backward selection algorithm
is generally preferred to the other standard automated
methods because it generally performs better in the
presence of collinear candidate variables and because
it requires consideration of the full model fit (Harrell
2001). There is a substantial body of literature dedi-
cated to model selection issues and automated algo-
rithms have been criticized (Chatfield 1995; Hoeting
et al. 1999; Harrell 2001). However, the alternatives
tend to be complicated. We have chosen to use a pack-
aged model selection algorithm as a compromise
between practicality and sophistication. We reiterate
that expert reduction of predictor variables prior to
final model selection is critical to the successful
application of automated variable selection routines
(Harrell 2001).

Model evaluation statistics

Presence—absence models were evaluated using two
statistics: (i) the area under the receiver operating char-
acteristic (ROC) curve (Hanley & McNeil 1982)
(ROC area), closely related to the Mann—Whitney U-
statistic; and (i) Miller’s calibration slope (Miller ez al.
1991; Pearce & Ferrier 2000). The ROC area evaluates
a model’s ability to discriminate between presence and
absence sites, and is therefore referred to as a measure
of model (or predictive) ‘discrimination’ (Pearce &

Ferrier 2000). This provides an indication of the use-
fulness of the models for prioritizing areas in terms of
their relative importance as habitat for the particular
species. The ROC area ranges from 0 to 1, where a
score of 1 implies perfect discrimination and a score
of 0.5 implies predictive discrimination that is no bet-
ter than a random guess (Bambar 1975). The actual
value of the ROC area has a straightforward interpre-
tation. It is the probability that, for a randomly selected
pair of presence—absence observations derived from
field surveys, the model prediction for presence will
be greater than the prediction for absence.

Miller’s calibration statistics (MCS) evaluate the
ability of a model to correctly predict the proportion
of sites with a given environmental profile that will be
occupied. MCS are derived from a logistic regression
of observations on the logit of predicted probabilities.
The rationale is that the slope of the regression would
be equal to one and the regression intercept would
equal zero if the predictions from the model were
perfectly calibrated (Harrell 2001; Pearce & Ferrier
2000). The model is known as the ‘logistic calibration
equation’. The two calibration statistics are literally the
logistic regression slope (‘calibration slope”) and inter-
cept (‘calibration intercept’), though it is common just
to report the calibration slope.

The presence-background models were evaluated
qualitatively. The statistics available for evaluating
presence-only models are limited, and a fair com-
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parison with the presence—absence models was not
possible here.

The model evaluation method (bootstrapping)

Presence—absence models for each species were eval-
uated using a ‘bootstrapping’ approach (Efron &
Tibshirani 1997; Harrell 2001). Naively testing a
model on the data that were used to fit it (also
known as ‘in-sample validation’) is inappropriate and
known to provide optimistic estimates of model per-
formance (Fielding & Bell 1997; Steyerberg er al.
2001b), despite being a commonly used approach to
model evaluation (National Parks & Wildlife Service
1998, 2000). Ideally, models should be tested on a
completely independent data set, with data collection
and stratification specifically designed for model eval-
uation. However, this is seldom a practical option, and
may also be prone to high variance unless samples are
large (J. Elith unpublished data 2005). Bootstrapping
provides a realistic estimate of the predictive perfor-
mance of a model, without incurring the expenses of
collecting a completely new model-testing data set.
Bootstrapping involves resampling the modelling data
and conducting a series of model building and testing
simulations that provide an estimate of the optimism
arising from in-sample validation. The estimate of
optimism is used to provide an adjusted estimate of
the model evaluation statistics (ROC and MCS). The
bootstrapping version implemented here is believed to
provide the least biased estimate of predictive perfor-
mance of any of the model evaluation methods that
are based on re-sampling, including cross-validation
(Hastie eral. 2001). Cross-validation (Efron &
Tibshirani 1997) provides an alternative approach to
model evaluation, and might be more feasible with
methods or data sets that create large computational
loads. However, its estimates of error rates with inde-
pendent data can be less precise than those derived
from bootstrapping (Steyerberg ez al. 2001b), which
can be thought of as a smoothed version of cross-
validation (Efron & Tibshirani 1997). The bootstrap-
ping method (the 0.632+ bootstrap) is detailed in
Appendix I. R code for obtaining bootstrapped esti-
mates of ROC and MCS is available from the URL
given previously.

Inspecting models for ecological realism

Final models were inspected for their ecological
realism using partial plots of univariate fitted functions
(Venables & Ripley 2003), similar to those used to
determine the complexity of candidate response
shapes. Partial plots are available as an option in sta-
tistical software and provide a ready means to evaluate

the ecological realism of fitted responses. If an implau-
sible fitted relationship between the probability of
occupancy by the species and a particular environ-
mental variable was observed in the partial plots, the
variable was excluded from the model, or the model
was re-fitted with fewer degrees of freedom for that
particular environmental variable.

Case study results and interpretation

The adequacy of species survey data for model fitting

Environmental strata were reasonably well sampled,
even for the species with the least and most restricted
survey data. For six of the seven species, sampled
strata make up at least 70% of the region that is under
forest cover, with the only exception being the quoll,
for which only 56% of the region comprises sampled
strata. Similarly, the geographical spread of sampled
strata was reasonable for most species, with maps of
sampled strata showing good coverage of the region
for all species (Fig.2). The maps of sampled and
unsampled strata provide an indication of the areas in
which habitat model predictions may be less reliable.

Models and predictive performance

The best models in terms of both predictive discrim-
ination and calibration were those for the sooty owl,
squirrel glider, yellow-bellied glider, koala and tiger
quoll, all of which had predictive discrimination
greater than 0.75 for their best model (Table 3). The
worst models were the powerful owl and masked owl
models, with bootstrapped ROC areas ranging from
0.61 to 0.69. In general, GAMs had similar variable
structure and degrees of freedom to GLMs and
comparable predictive discrimination. However, boot-
strapped predictive calibration was always better for
GAMs than for GLMs (Table 3). This is probably
because the smooth functions in GAMs are better at
fitting complex responses over the complete environ-
mental range of the response, leading to more accurate
predicted probabilities

Presence-only models had similar model structures
to the presence—absence models. The result suggests
that the survey absence data used in the modelling
exercise was not much more useful than a background
random sample in defining unsuitable habitat for most
species. This may result from the difficulties associated
with obtaining reliable absence data for cryptic spe-
cies. In addition, the quality of the presence-only data
used in this modelling exercise is likely to be high
compared with presence-only data found in most
museums and herbaria because they were derived
from systematic stratified surveys. Other studies have
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Fig. 2. Coverage of sampled strata over the greater LHCC region for the best ((a): Koala) and worst ((b): Quoll) sampled
species. Unsampled strata are represented by the light grey shading. Remaining areas within the region (not shaded) contain
sampled strata or are non-forest and therefore not included in the analysis.

Table 3. Final presence—absence models and bootstrapped estimates of predictive discrimination (ROC) and calibration
ROC Area Calibration
Preferred

Species Preferred model model type GAM GLM GAM GLM

Koala sp. ~ s(temp,2) + s(dry2000,3) + s(rugg500,2) + GAM 0.76 0.76 0.84 0.75
unmod2000 + percnonfor2k

Quoll sp. ~ temp + rain + percnonfor2k + GLM 0.71 0.75 0.73 0.59
poly(dry2000,2)

Sqgl sp. ~ s(rugg500,3) + sqglexp500 + GAM 0.78 0.77 0.76 0.68
s(unmod500,2)

Ybgl sp. ~ s(temp,2) + s(rain,2) + s(rf2000,2) + unmod2000 + GAM 0.78 0.77 0.73 0.63
s(ybglexp2000,3) + percnonfor2k

Mowl sp. ~ s(cold,2) + mowlexp2000 + rf2000 + GAM 0.63 0.61 0.63 0.55
s(unmod2000,2) + wet2000 + percnonfor2k

Powl sp. ~ s(cold,3) + s(rain,2) + s(rugg500,2) GAM 0.69 0.68 0.80 0.62

Sowl sp. ~ s(rain,2) + rugg500 + s(sowlexp2000,3) + GAM 0.85 0.85 0.74 0.67

s(ter1000,2) + unmod2000

Only the preferred model, selected from the presence-absence models (either a generalized linear model or a generalized
additive model) is presented for each species. Column ‘preferred model type’ indicates which of the methods produced the
final preferred model for each species. ROC and calibration slope statistics are presented for the model derived under each
modelling method. Variable abbreviations and details are given in Table 2. The expressions ‘poly(variable, #)’ and ‘s(variable,
n)’ in the preferred model column indicate variables included as polynomial (‘poly’) or smoothed (‘s’) terms with ‘»’ degrees

of freedom. ROC, receiver operating characteristic.

shown a decline in performance when fitting models
with background samples compared with using pres-
ence—absence data (Ferrier & Watson 1997).
Preferred models were primarily chosen on the basis
of predictive discrimination and calibration. Plausibil-
ity of response shapes was used to discern between
models that showed similar predictive performance.
Only model structures for the preferred model for

each species are presented in Table 3. There was some
variation between the four modelling methods in
terms of the variables retained and their response
shapes for each species. For example, the yellow-bel-
lied glider GLLM contained the term ‘dry 2000’°, while
the GAM for the same species did not include this
term. Similarly, the sooty owl GLM contained rainfall
as a linear term, while the GAM for that species
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included rainfall as a smoothed spline with two
degrees of freedom (a non-linear term). However, the
structural differences between GLM and GAM mod-
els were minor and the similarity in ROC areas of the
two model types across all species (Table 3) implies
that the differences had a minor impact on predictive
discrimination.

Plots of fitted functions

Plotting fitted relationships provided a useful means
to visualize and manipulate the behaviour of fitted
models to ensure that they were ecologically meaning-
ful. In general, fitted relationships were found to be
ecologically plausible. Plots of sooty owl response
shapes (Fig. 3) show how the probability of sooty owl
site occupancy varies with each of the predictor
variables contained in the final GAM model for that

species. Fitted functions for individual variables in
a multivariate model may be different to univariate
fitted functions because of interactions between
predictor variables. Consequently, it is important to
observe response shapes for the final model to ensure
that they remain ecologically reasonable in the multi-
variable context.

Habitat maps

A habitat map is provided for the sooty owl as an
example of the type of output that can be used in
conservation planning (Fig. 4). The map shows the
predicted probability of sooty owl presence through-
out the region. Probabilities have been classified into
four categories (0-0.2, 0.21-0.5, 0.51-0.7, 0.71-1.0)
for presentation. These maps also display the pres-
ence records for the species that were used in model
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Fig. 3. Partial plots of the relationship between the probability of occupancy and environmental variables included in the
final sooty owl model. The X-axis represents the range of values for each environmental variable. Probabilities on the Y-axis
are plotted in transformed ‘logit’ space, so that they can be interpreted in the same way as linear regressions. Response shapes
in each plot represent the relationship between each variable and the probability of sooty owl occupancy in the multivariate
model context, independent of the other variables included in the model. Dashed lines represent 95% confidence intervals
around the fitted response shape. Rugg500, topographic ruggedness (standard deviation in elevation) in a 500-m radius;
Sowlexp 2000, the proportion of suitable vegetation (as defined by experts) in a 2000-m radius; terr1000, relative terrain
position in a 1000-m radius; unmod2000, the percentage of cells in a 2000-m radius containing unmodified forest.



HABITAT MODELLING FOR CONSERVATION PLANNING 731

Fig. 4. The predicted probability of sooty owl occupancy
across the LHCC region. Probabilities are represented as a
grey-scale (white = 0-0.2, light grey =0.21-0.5, medium
grey = 0.51-0.8, dark grey = 0.81-1.0). The open triangles
show point survey locations where the sooty owl is recorded
as present. Habitat maps were constructed by creating a
vector of habitat model predictions (one for every 1 ha grid
cell in the landscape) in R using the ‘predict.gam’ command.
The prediction vector is then written to an ascii text file in
the correct dimensions for the landscape and imported to
Arclnfo (or ArcView) for display.

fitting, allowing a visual assessment of predictive
performance. Mapped predictions and uncertainties
(based on upper and lower 95% prediction intervals)
for the remaining six species are available from the
authors.

DISCUSSION

The importance of ecological realism in modelling
and the role of experts

The choice of modelling methods and approach to
model building and evaluation presented in this paper
reflects the importance we place on maintaining eco-
logical realism throughout the model building process.
While maintaining statistical rigour is central to good
model building, there is an expansive literature on the
statistical nuances of model fitting, interpretation and
prediction (Guisan & Zimmerman 2000). Conversely,
there is much less literature available concerning the
importance of maintaining ecological realism in model
building (Austin 1991, 2002). The process of plotting
and evaluating fitted functions throughout model
building and interpretation is fundamental to ensuring
the ecological realism and general credibility of the
final models.

Expert opinion forms an integral part of sound
model building and evaluation, irrespective of the
modelling platform and theoretical approach used
(Steyerberg et al. 2001b). Some modellers view expert
opinion as a source of undesirable subjectivity, and
prefer to let the data dictate the model. However this
ignores the limitations commonly encountered with
ecological data (small to medium-sized species data
sets that may include biases, and many candidate pre-
dictor variables) and the related challenges in devel-
oping robust and sensible models. Expert opinion can
(and should) be used to assist in the identification of
candidate model variables, interactions between vari-
ables, and likely response shapes (Pearce er al. 2001b;
Ferrier er al. 2002a), for corroboration of a model’s
ecological realism (Austin 2002), for ad hoc evaluation
of model predictions (National Parks & Wildlife
Service 1998), and for preparation of predictive maps
for use in decision making (Ferrier er al. 2002a).
Experts may also be used effectively in the creation of
indices that may themselves be used as candidate
variables for statistical modelling (National Parks &
Wildlife Service 1998). Consequently, the role of
experts should be thought of as complementary to
other, more data-driven methods, rather than as a
competing alternative. In our case study we emphasize
the use of experts in variable reduction prior to auto-
mated variable selection. We use Harrell’s (2001) rule
of thumb to identify the maximum PDF that should
be offered to the variable selection routine. We con-
tend that if expert knowledge is so lacking that reduc-
ing the candidate set to #/10 is impossible, resulting
models should be treated with scepticism.

The lack of an accepted model evaluation statistic
for presence-only models detracts from their utility in
conservation planning and increases the importance of
expert evaluation. Development of robust evaluations
of presence-only models is ongoing.

Interpretation of habitat maps

Threshold predictions

In some instances, users of habitat maps may wish to
identify a level of predicted probability of occupancy
below which an area would be considered ‘unsuitable’
habitat for a given species. In general, such an inter-
pretation of habitat maps is ill-advised unless the
model that underpins the map is particularly well
calibrated. However, in such instances where it is
required, thresholds could be assigned in a risk
weighted manner. For example, if it is very important
not to classify an area as ‘non-habitat’ when it may be
used by a species, a low probability threshold (e.g.
probability of occurrence =0.1) should be specified
when delineating non-habitat. By choosing a threshold
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of 0.1 for a well-calibrated model, it is implied that a
10% chance of a site (a grid cell of 100 m) being
occupied by the species is a tolerable risk of failing to
include areas that are, in fact, habitat for the species.
This decision must be made on a case-by-case basis
by evaluating the management costs of the two types
of error (a false-negative and false-positive prediction),
rather than by relying on an arbitrary threshold set by
the modeller.

Representing uncertainty

Many forms of uncertainty impact on maps of
predicted probability of species occurrence (Elith
et al. 2002). The prediction intervals available from
regression models describe the part of this uncer-
tainty associated with estimating model parameters,
and this stems from inadequate data, errors in mea-
surement, and natural variation (Elith er al. 2002).
There are additional uncertainties, such as model
selection uncertainty and errors in explanatory vari-
ables that are, however, not addressed by standard
prediction intervals. While some methods have been
developed for explicitly incorporating these forms of
uncertainty in prediction intervals (Burnham &
Anderson 2002; Wintle ez al. 2003), there is cur-
rently very little guidance on how prediction inter-
vals should be represented and interpreted in
applications of habitat modelling and conservation
planning.

Interpreting model evaluation statistics

The two statistics used for model evaluation in this
study address different model applications. Specifi-
cally, model discrimination, measured by the ROC
area, measures the degree to which the model suc-
cessfully ranks presence sites higher than absence
sites across the region in terms of predicted proba-
bility of presence. Models with satisfactory ROC
areas will provide reliable ranking of areas in terms
of habitat value. This mode of evaluation is relevant
when the goal of a model is to rank or prioritize
areas of interest in terms of their relative value as
habitat for a species. This goal is different to that of
accurately predicting the proportion of sites that are
expected to be occupied at a given predicted proba-
bility of occurrence. For instance, at sites with a
predicted probability of occurrence of 0.5, it is rea-
sonable to expect that approximately 50% of such
sites would contain the species. The degree to
which this is true is described as model calibration
(Miller ez al. 1991) and is assessed using the logistic
calibration equation. It is possible that a model with
good discrimination can have poor calibration. It is

also possible to improve a model’s predictive ability
by adjusting the model parameters with calibration
statistics (Harrell 2001) or other shrinkage methods
(Hastie er al. 2001). A model with poor calibration
may still be useful for prioritizing or ranking sites in
terms of habitat value, but should not be used to
predict the raw probability of finding a species at a
given site. The choice of whether to focus on ROC
areas or calibration statistics depends on the
intended application of the models.

The issue of occupancy versus persistence

Models of the sort discussed in this paper make the
implicit assumption that occupancy of a location
implies suitability of the habitat. Van Horne (1983)
identified problems associated with this assumption,
and Pulliam’s (1988) ‘source-sink’ model of popula-
tion dynamics formalizes its conceptual deficiencies.
Pulliam’s model differentiates ‘sink’ areas where mor-
tality exceeds population growth from ‘source’ areas
that maintain overall population size through emigra-
tion. Similarly, if the total population is in a state of
decline, it is possible that ‘remnant’ individuals may
exist in unsuitable habitat that will not be occupied in
the next generation. When a population is expanding
its range, observations of absence of the species may
falsely imply that the suitability of the habitat is low.
These anomalies arise due to what is known as the
‘equilibrium’ assumption, which underpins the cur-
rent static approach to wildlife habitat modelling
(Austin 2002). Inclusion of disturbance history vari-
ables, dispersal barriers, competition and successional
dynamics may assist in modelling such situations,
though examples of such approaches are rare.

Survey design and sampling issues

This paper has focused on the choice and execution
of particular modelling methods given a set of data.
Issues of data quality and sampling have not been
addressed. Because modelling results are only as good
as the available data, the issues of data quality and
sampling demand some discussion here.

Sample size

From a statistical perspective, the choice of sample
size is a function of the desired precision of results. In
studies where the goal is to make inference about a
particular effect (e.g. the influence of time since log-
ging on the probability of greater glider occupancy),
power analysis may be used to determine the sample
size required to achieve a statistically significant result
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for a given effect size, type I error rate, and sampling
variance (Burgman & Lindenmayer 1998). The rela-
tionship between statistical significance, power and
model predictive performance is unclear, and there is
no guarantee that a model with statistically significant
terms will give good predictive performance. Unfortu-
nately, there is no simple way to determine, a priori,
the predictive performance of a habitat model or to
calculate a sample size that will ensure a predictive
performance that is statistically significantly better
than that of a null or alternative model. We could find
only one attempt to address this problem in the statis-
tical literature (Obuchowski 1994), making this an
important area of future research. A simulation study
that provided rules of thumb about sample sizes
required to achieve a given predictive performance
under range of likely modelling scenarios would be an
important contribution to the habitat modelling
literature.

Data quality

A more subtle consideration is the geographical spread
and environmental stratification of observations com-
pared to the extent and environmental variability of
the region for which models are to be built. We briefly
touch on this issue in our case study when testing the
adequacy of survey data using environmental strata.
Little guidance is provided in the literature as to the
minimum geographical or environmental coverage of
data for statistical modelling, though it is common
sense to expect that model predictions are unlikely to
be reliable in environmental domains for which there
are no survey data (Austin & Meyers 1996). Stratified
sampling designs such as ‘GRADSECT’ (Austin &
Heyligers 1989), that ensure a geographical and bio-
climatic coverage of sampling locations, are therefore
appealing. GRADSECT theory, or newer develop-
ments such as Generalized Dissimilarity Modelling
(GDM: Ferrier et al. 2002b) or a p-median criterion
(Faith & Walker 1996), may also be applied to existing
data sets to identify ‘gaps’ in the geographical and
environmental coverage of samples.

Most statistical analyses, including the regression
methods used in our case study, assume that observa-
tions are independent of each other. Survey locations
that are close together are much less likely to be inde-
pendent, especially when surveys target animals with
large home ranges. Survey design should aim to ensure
a minimum separation distance that is at least as great
as the home range radius of the widest ranging species
in the study. Random sampling within geographical
and environmental strata assists in minimizing
unwanted dependencies in observation data. Guid-
ance on sampling theory should be sought from one

of the many texts that deal with the topic in detail (e.g.
Sutherland 1996; Thompson 2002).

Technical issues and promising advances in
modelling methods

Species versus community approaches

Models of the distribution of single species are not the
only way to approach conservation planning ques-
tions. Single species models are important for a subset
of species such as threatened, focal or flagship species.
However, landscape planning aims to conserve the
biodiversity of a region, and there are too many species
and too little data to achieve this through single-
species modelling. Therefore, there is a role for
community-level modelling (Ferrier et al. 2002b). One
example of community-level modelling is GDM,
already mentioned in the context of sampling; this
models compositional dissimilarity across the land-
scape. This could then contribute to a conservation
plan that aimed to span the range of species patterns
in the landscape. A further role for methods based on
data from many species is to use them for modelling
rare species or species in data sets with relatively few
records per species. In such situations there may be
insufficient data for developing a robust single-species
model. GDMs, canonical correspondence analysis
(CCA) or multivariate adaptive regression splines
(MARS) may be useful for this purpose.

Spatial autocorrelation

Spatial autocorrelation in wildlife observation data
arises when environmental processes and patterns that
influence the spatial distribution of wildlife are them-
selves spatially structured, and/or because the species
is subject to demographic processes, territoriality or
dispersal limitations, causing spatial dependence
(contagion or dispersion effects). Demographic and
environmental processes underlying spatial patterns in
wildlife distributions are usually poorly understood,
and therefore difficult to incorporate in model fitting.
Consequently, model residuals are often spatially
correlated (i.e. not independent), violating one of the
basic assumptions of regression modelling. In practice,
non-independence usually results in underestimation
of standard errors, and overestimation of the impor-
tance of habitat variables (Legendre & Fortin 1989).
Methods such as autologistic regression (Augustin
et al. 1996), generalized estimating equations (Albert
& McShane 1995) and geographically weighted
regression (Fotheringham ez al. 2002) may be used to
incorporate spatial autocorrelation in habitat analyses,
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but, they are still not incorporated in standard
statistical software and are technically demanding to
implement.

Model selection and model uncertainty

The standard approach to representing prediction
uncertainty involves the calculation of prediction (or
confidence) intervals that incorporate uncertainty
about parameter estimates. However, this approach to
prediction implicitly assumes that the model chosen is
the best available representation of the truth, and
effectively ignores model selection uncertainty, result-
ing in overconfident predictions. Automated variable
selection algorithms exacerbate this problem by pro-
viding a method for dredging through many candi-
date predictors in search of an explanatory model
(Chatfield 1995; Hoeting et al. 1999). One solution is
to completely avoid automated model selection and to
analyse only a small set of ‘a prior’’ models (Burnham
& Anderson 2002). This approach may be practical
when strong prior knowledge exists and where the
number of plausible models is small. However, if pre-
diction is the primary goal and many possible models
exist, some level of automated variable selection is
often desirable. Model averaging approaches, includ-
ing Bayesian model averaging have been promoted in
a range of disciplines as a means of incorporating
model selection uncertainty into statistical inference
and prediction (Hoeting ez al. 1999) and has been
applied in some ecological examples (Burnham &
Anderson 2002; Wintle ez al. 2003).

Estimating and incorporating detectability in habitat models

Unless the probability of detecting a species when it
is present is equal to 1, false negative observation
errors will occur in species surveys. The probability of
detecting the presence of the case study species in any
single standard survey based on spot-lighting and call
elicitation has been found to be very low (Pr[detec-
tion/presence] ~ 0.12-0.45; Wintle er al. in press),
making the reliability of absence data a potentially
serious form of uncertainty in our case study. Recent
studies have demonstrated the negative impact that
false-negative observation error may have on species-
habitat analyses (Tyre ez al. 2003), meta-population
models (Moilanen 2002) and monitoring studies
(MacKenzie eral. 2002). Recently developed tech-
niques for incorporating detectability in model estima-
tion (MacKenzie et al. 2002; Tyre er al. 2003) reduc
bias in model estimation brought about by false
absences, though little effort has been invested in test-
ing the relative predictive performance of such models.

Incorporating biotic interactions

Despite the prevalence of interspecific competition as
a key concept in community ecology (Diamond 1975),
very little has been attempted by way of incorporating
interspecific competition in distribution models (for
one exception see: Leathwick & Austin 2001). Regres-
sion models such as those described by Leathwick and
Austin (2001) could be applied to fauna species.
Future development of ‘loop analysis’ (LLevins 1975)
or systems of simultaneous regressions (Guisan &
Zimmerman 2000) may facilitate spatial models of
wildlife distributions that incorporate competitive
interactions.

The GLMs and GAMs presented here are relatively
simple, though suited to the conservation problem and
available data. There is scope for greater sophistication
in the modelling method where a high level of model-
ling expertise exists, though we believe our recom-
mended approach represents a reasonable trade-off
between practicality and rigour.

Model improvement and adaptive management

Due to environmental change, natural and anthropo-
genic disturbance and population stochasticity, all pre-
dictive models will become redundant if they are not
updated through time. We recommend that models be
applied in an adaptive framework (Walters & Holling
1990), allowing immediate application of models in
management, but ensuring a commitment to contin-
ual improvement of models through future data col-
lections and refinements to modelling methods.

Future data collection will be central to rigorous
model testing and model refinements. They should be
targeted to fill gaps in current data sets (Fig. 3). Par-
ticular attention should be paid to the collection of
high quality observation data based on multiple site
visits aimed at minimizing false absences (Wintle ez al.
2004). Some important environmental variables,
including those based on forest growth stage data were
not available for model fitting in the LHCC region. It
is likely that models would have better predictive accu-
racy if forest growth stage information became avail-
able and was incorporated in models.

CONCLUSION

Habitat models are now a widely used tool in public
land conservation planning. Systematic conservation
planning in the urban fringe will require such tools
to ensure transparency and repeatability of planning
outcomes. However, access to statistical and ecologi-
cal expertise for urban conservation planning is likely
to be limited when compared with the public land
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planning processes that have taken place in Australia.
It is therefore important that we continue to develop
and refine planning tools, including habitat modelling
methods, with an emphasis on statistical and ecologi-
cal rigour and simplicity.
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APPENDIX 1

Method for 0.632+ bootstrap evaluation, after Harrell
et al. (1996) and Efron and Tibshirani (1997).
1 Develop model on all # observations
2 Calculate the statistic(s) of choice for evaluation
on the same data (i.e. the training data) — call this
Stat,,, because it is the apparent value of the
statistic
3 Take a bootstrap sample, i.e. a sample of size n
with replacement, of rows of the data matrix.
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Keep track of which sites are in the bootstrap
sample, and which are excluded

Fit the model on the bootstrap sample (using the
same methods as used on the full set)

Compute the statistic on the bootstrap data set
(observations os. fitted values) and call it Staty,,,
Also compute the statistic on a version of the
bootstrap data where the observations are ran-
domized (Statyermute)

Use the bootstrap model to predict to the
excluded data set calculate the statistic on these
predictions: Stat.,

Use Staty,o Statpermue and Statey to calculate the
amount of overfitting, the relative overfitting rate

10
11
12

and weights that are then used to make a best
estimate of predictive performance, Staty . 1 his
statistic puts most emphasis on predictions to the
excluded data, particularly when the model is over-
fitted (i.e. when Stat,., — Stat., is large). For
details of this step see Steyerberg ez al. (2001b).
Measure how optimistic the fit on the bootstrap
sample was: O = Statyo — Statpeg et

Repeat steps 3-7, 100-200 times

Calculate an average optimism, O

Use to correct Stat,,, for its optimism: Stat,,, — O.
This is a near unbiased estimate of the expected
value of the external predictive performance of the
process that generated Stat,,.



