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EXECUTIVE SUMMARY
Purpose
The primary purpose of this Caring for Our Country project was to establish a
foundation for making more effective use of the large quantity of species-location
records now accumulated for the Australian continent, in a variety of biodiversity
assessment and planning activities undertaken by the Department of Sustainability,
Environment, Water, Population and Communities (SEWPaC), through the application
of advanced spatial modelling techniques.

Overview
•

The project has linked millions of records for over 20,000 species of plants,
vertebrates and invertebrates from SEWPaC’s Australian Natural Heritage
Assessment Tool (ANHAT) database, to state-of-the-art environmental layers,
to map fine-scaled spatial patterns in the distribution of biodiversity across the
entire Australian continent.

•

The project’s use of generalised dissimilarity modelling (GDM) has enabled
best-available data on a wide variety of taxa, most of which have never been
previously considered in conservation assessment, to be translated and
synthesised into spatial products that can directly inform National-level
conservation prioritisation, planning, monitoring and evaluation

Data preparation and model fitting
•

Biological data for over 20,000 species in eleven taxonomic groups comprising
four vertebrate groups (mammals, birds, reptiles and amphibians), six
invertebrate groups (butterflies, dragonflies, land snails, termites, ground
beetles and ground spiders) and vascular plants were extracted from the
ANHAT database for use in fitting the GDM models. Aggregated within 1km grid
cells, the original location data were condensed into nearly eight million records
(of a given species in a given cell). Rigorous procedures were put in place for
data filtering (including for spatial precision) and pre-processing, that
significantly extend previous data preparation strategies undertaken in the
2007-08 Natural Heritage Trust Spatial Information System project.

•

The available set of continent-wide environmental predictors for use in GDM
modelling was enhanced significantly to include an expanded set of soil
attributes, new climatic variables relating to rainfall seasonality, relative
humidity, and water balance, and a new suite of biotic attributes derived from
the National Vegetation Information System (NVIS) major vegetation subgroup
mapping. In total 74 abiotic and 26 biotic variables were assembled, at 1km grid
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resolution for the entire continent, and covering many of the major known
environmental drivers of distributional patterns in terrestrial biodiversity.
•

The assembled biological and environmental data were used to fit continentwide GDM models for all eleven taxonomic groups. Efficient procedures were
put in place to streamline model-fitting including new automated tools for
selection of environmental predictors and batch processing that are commonly
available in statistical software. The raw outputs of the fitted GDM models were
configured as a set of continent-wide spatial layers (1km grid resolution) to
facilitate their ongoing use in various forms of conservation assessment.

Demonstrated use of the models for National-level assessment
•

To demonstrate the potential use of the resulting GDM models in identifying
priority areas for further biological data collection at a National level, these
models were linked to a survey gap analysis procedure based on the
“environmental diversity” (ED) method. This approach offers a rigorous, and
highly practical, means of selecting new biological survey sites to maximise net
gain in biological information per unit effort or expenditure.

•

To demonstrate the potential use of these same models in National-level
conservation assessment, preliminary analyses were conducted of the extent to
which compositional diversity in the modelled taxonomic groups is represented
in the National Reserve System (NRS) and in remaining (extant) vegetation
across the continent.

Extensions to the modelling approach
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•

A new approach was developed, and trialled, for integrating IBRA bioregions
and NVIS vegetation types directly into the GDM-based modelling of ANHAT
data, to better accommodate the complementary strengths of well-established
and widely-used mapped biodiversity surrogates for the Australian continent,
and better account for the effects of biogeographic history in shaping biological
distributions. This approach shows considerable promise but still needs further
testing and refinement.

•

A new approach was also developed for incorporating information on
phylogenetic (evolutionary) relationships between species into continent-wide
GDM models, and was trialled using available data for two frog families
(Hylidae and Myobatrachidae) and a plant genus (Daviesia). This approach
offers considerable potential as a means of more effectively factoring
evolutionary history into the mapping of spatial pattern in biodiversity
composition, and into conservation assessments based on this mapping.

Potential applications in conservation assessment and
planning
•

The developed GDM models of spatial pattern in biodiversity composition
across the Australian continent are now available for potential use in a wide
range of conservation assessment and planning activities, including:
o

Cost-effective biological survey design. The approach to survey gap
analysis demonstrated in this project could play a key role in ensuring
that future biological surveys provide good value for money, thereby
maximising improvement in our knowledge of biodiversity, and its
distribution, over time.

o

Prioritisation of conservation investment. The developed models
constitute a valuable new source of information on the spatial
distribution of biodiversity to inform prioritisation of investment in various
forms of conservation action. However, this information should be used
as part of a comprehensive methodological framework giving due
consideration to distributional information for individual species or
ecological communities of particular conservation concern, and to other
key factors such as threats, costs, opportunities, and relevant ecological
processes.

o

Conservation status assessment and monitoring. The preliminary
analyses of representativeness performed in this project can be readily
extended to infer the overall proportion of compositional diversity
retained by any given spatially-explicit configuration of habitat condition
– either for the entire continent, or for any defined region of the
continent (e.g. a bioregion). By repeating this type of analysis using a
time series of remotely observed changes in land use (or in vegetation
condition itself) this approach offers a means of monitoring, and
reporting on, inferred changes in overall compositional diversity.

o

Global-change scenario analysis. This general approach can be further
extended to forecast the possible consequences for biodiversity of
future scenarios of climate and land-use change. This potential has
already been demonstrated during the past six months through the use
of GDM models from this project in a separate SEWPaC-funded project
– “Assessment of the impact of climate change on the National Reserve
System: Phase 2”.
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ALUM

The Australian Land Use and Management (ALUM) classification system provides a nationally
consistent method to collect and present land use information for a wide range of users across
Australia. See http://adl.brs.gov.au/mapserv/landuse/index.cfm

AML

Arc Macro Language is a scripting language used with ESRI ArcInfo workstation geographic
information system software.

ANHAT

Australian Natural Heritage Assessment Tool Database compiles species location records from
around Australia and is used to help identify and prioritise areas for their natural heritage
significance, focusing on biodiversity. See http://www.environment.gov.au/heritage/anhat/index.html

ANU

The Australian National University, Canberra. See http://www.anu.edu.au/

ANUCLIM

ANUCLIM is a software package that produces estimates of monthly mean climate variables,
bioclimatic parameters, and indices relating to crop growth. The main components of the package
are ESOCLIM, BIOCLIM and GROCLIM. It has been developed at the ANU Fenner School and
consists of ESOCLIM for calculating values of monthly mean climate; BIOCLIM and BIOMAP, the
bioclimatic prediction system; and GROCLIM, a simple generalised crop model. ANUCLIM uses
mathematical descriptions of the way a set of climate variables change across a region (known as
surfaces) in order to estimate those climate variables, or parameters derived from them, at user
specified points within the region. The basis for combining all the programs into the one package is
their complete reliance on climate surface coefficient files as created by the ANUSPLIN. See
http://fennerschool.anu.edu.au/publications/software/anuclim.php

Beta Diversity

Beta Diversity (β-diversity) is a measure of biodiversity which works by comparing the species
diversity between ecosystems or along environmental gradients. This involves comparing the
number of taxa that are unique to each of the ecosystems. It is the rate of change in species
composition across habitats or among communities. It gives a quantitative measure of diversity of
communities that experience changing environments (http://en.wikipedia.org/wiki/Beta_diversity)

BIOCLIM

see ANUCLIM. See http://fennerschool.anu.edu.au/publications/software/anuclim.php

Biodiverse

Biodiverse is software for the spatial analysis of diversity using indices based on taxonomic,
phylogenetic and matrix-based (e.g. genetic distance) relationships, as well as related
environmental and temporal variations. Biodiverse supports four processes: (1) linked visualisation
of data distributions in geographic, taxonomic, phylogenetic and matrix spaces; (2) spatial moving
window analyses including richness, endemism, phylogenetic diversity and beta diversity; (3)
spatially constrained agglomerative cluster analyses; and (4) randomisations for hypothesis testing.
Biodiverse is open-source and supports user developed extensions. It can be used both through a
graphical user interface (GUI) and through user written scripts. See
http://www.biodiverse.unsw.edu.au/

BiosEquil

BiosEquil models the landscape dynamics of water, carbon, nitrogen and phosphorus, developed
by Raupach and others (CSIRO). See
http://www.anra.gov.au/topics/soils/pubs/national/biostechreportb10.pdf
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CAPAD

The Ce collaborative Australia Protected Area Database stores information about the location and
management of protected areas across Australia from state and territory Governments and other
protected area managers. It is mainly used to provide a national perspective of the conservation of
biodiversity in protected areas and for reporting on the status of protected areas to meet
international obligations such as those in the Convention on Biological Diversity (CBD). See
http://www.environment.gov.au/parks/nrs/science/capad/

CSIRO

The Commonwealth Scientific and Industrial Research Organisation is Australia's national science
agency (http://www.csiro.au/)

DECCW

NSW Department of Environment, Climate Change and Water. http://www.environment.nsw.gov.au/

DEWHA

The Australian Department of Environment Water Heritage and the Arts; now the Department of
Sustainability, Environment, Water, Population and Communities; develops and implements
national policy, programs and legislation to protect and conserve Australia's environment and
heritage (http://www.environment.gov.au/)

ED

Environmental Diversity was proposed by D.P. Faith as a biodiversity surrogates method based on
the idea that environmental gradients explain the distribution of many different species. The
rationale is that the degree of environmental diversity represented by a set of localities will indicate
its relative species diversity. ED links species and environmental variation through an ecological
pattern/process model that assumes general unimodal responses of species to environmental. See
Faith, D.P., Walker,P.A., 1996. Biodiversity Conservation, 5:399–415.

EPBC Act

The Environmental Protection and Biodiversity Conservation Act 1999 is the Australian
Government's central piece of environmental legislation. It provides a legal framework to protect
and manage nationally and internationally important flora, fauna, ecological communities and
heritage places — defined in the Act as matters of national environmental significance. See
http://www.environment.gov.au/epbc/

ERIN

The Environmental Resources Information Network is a unit within DEWHA (SEWPaC) specialising
in online data and information management, and spatial data integration and analysis. ERIN aims to
improve environmental outcomes by developing and managing a comprehensive, accurate and
accessible information base for environmental decisions. See
http://www.environment.gov.au/erin/about.html.

ESOCLIM

See ANUCLIM. See http://fennerschool.anu.edu.au/publications/software/anuclim.php

GAM

Generalized Additive Models are an extension to generalised linear models (GLMs) in which the
linear predictor η is not restricted to be linear in the covariates X but is the sum of smoothing
functions applied to the covariates. This statistical model was developed by Trevor Hastie and Rob
Tibshirani for blending properties of generalized linear models with additive models.

GBIF

The Global Biodiversity Information Facility is an international organisation that is working to make
the world's biodiversity data accessible everywhere in the world. GBIF and its many partners work
to mobilise the data, and to improve search mechanisms, data and metadata standards, web
services, and the other components of an Internet-based information infrastructure for biodiversity.
See http://data.gbif.org
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GD Modeller

GD Modeller is .NET application software that implements generalised dissimilarity modelling and
associated tools to support user applications developed by Glenn Manion and Simon Ferrier. See
http://www.biomaps.net.au/gdm/

GDM

Generalized Dissimilarity Modelling is a statistical technique for analysing and predicting spatial
patterns of turnover in community composition (beta diversity) across large regions. The approach
is an extension of matrix regression, designed specifically to accommodate two types of nonlinearity
commonly encountered in large-scaled ecological data sets: (1) the curvilinear relationship between
increasing ecological distance, and observed compositional dissimilarity, between sites; and (2) the
variation in the rate of compositional turnover at different positions along environmental gradients.
GDM can be further adapted to accommodate special types of biological and environmental data
including, for example, information on phylogenetic relationships between species and information
on barriers to dispersal between geographical locations. See http://alatools.pbworks.com/GDM

IBRA

The interim definition of 85 bioregions for Australia is derived from the work of state and territory
agencies who map vegetation communities and land systems. See
http://www.environment.gov.au/parks/nrs/science/bioregion-framework/ibra/index.html

IUCN

The International Union for Conservation of Nature is an international organization dedicated to
natural resource conservation. The stated goal of the organization is to help the world find
pragmatic solutions to the most pressing environment and development challenges. See
http://www.iucn.org/

Maxent

Maxent is a software package developed by Steven Phillips that allows for the prediction of the
distribution of a species on the basis of geographically referenced records of its presence. Maxent
uses a maximum entropy method; in Bayesian probability terms, the principle of maximum entropy
is a postulate which states that, subject to known constraints (called testable information), the
probability distribution which best represents the current state of knowledge is the one with largest
entropy. See http://www.cs.princeton.edu/~schapire/papers/ecolmod.pdf

MDS

Multidimensional Scaling is a set of related statistical techniques often used in information
visualization for exploring similarities or dissimilarities in data. MDS is a special case of ordination.
An MDS algorithm starts with a matrix of item–item similarities, then assigns a location to each item
in N-dimensional space, where N is specified a priori. For sufficiently small N, the resulting locations
may be displayed in a graph or 3D visualisation. The original method is principal coordinates
analysis (based on principal components analysis)
(http://en.wikipedia.org/wiki/Multivariate_statistics)

Multicollinearity

A statistical phenomenon in which two or more predictor variables in a multiple regression model
are highly correlated. In this situation the coefficient estimates may change erratically in response to
small changes in the model or the data. Multicollinearity does not reduce the predictive power or
reliability of the model as a whole; it only affects calculations regarding individual predictors. That is,
a multiple regression model with correlated predictors can indicate how well the entire bundle of
predictors predicts the outcome variable, but it may not give valid results about any individual
predictor, or about which predictors are redundant with others
(http://en.wikipedia.org/wiki/Multicollinearity)

MVG

Major Vegetation Groups for Australia based on the National Vegetation Information System
(NVIS). See http://www.environment.gov.au/erin/nvis/mvg/index.html#mvg
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MVS

Major Vegetation Subgroups for Australia based on the National Vegetation Information System
(NVIS). See http://www.environment.gov.au/erin/nvis/mvg/index.html#nvis31

NCRIS

The National Collaborative Research Infrastructure Strategy invests in world-class research
facilities, networks and infrastructure that are accessible to researchers and meet their long-term
needs. See http://ncris.innovation.gov.au

NHT

The Natural Heritage Trust was set up by the Australian Government in 1997 to help restore and
conserve Australia's environment and natural resources. Thousands of community groups and
organisations have received funding through the Trust for environmental and natural resource
management projects (http://www.nht.gov.au/). The Natural Heritage Trust ceased on 30 June
2008. It has been replaced by Caring for our Country.

NRS

The National Reserve System is Australia's network of protected areas, conserving examples of our
natural landscapes and native plants and animals for future generations. Based on a scientific
framework, it is the nation's natural safety net against our biggest environmental challenges. The
reserve system includes more than 9,000 protected areas covering more than 13 per cent of the
country. It is made up Commonwealth, state and territory reserves, Indigenous lands and protected
areas run by non-profit conservation organisations, through to ecosystems protected by farmers on
their private working properties. See http://www.environment.gov.au/parks/nrs/index.html

NVIS

The National Vegetation Information System is a comprehensive data system that provides
information on the extent and distribution of vegetation types in Australian landscapes. Highly
detailed data is received from state and territory custodians with standard NVIS attributes, and
compiled into the national NVIS database. The resultant datasets are suited for use at a regional
scale. The detailed data is also generalised and added to non-NVIS data to fill gaps, and
recompiled to create the NVIS Major Vegetation Group (MVG) and Major Vegetation Subgroup
(MVS) products. These generalised data are suited for national-scale analyses. See
http://www.environment.gov.au/erin/nvis/index.html

SEWPAC

The Australian Department of Sustainability, Environment, Water, Population and Communities;
formerly Environment Water Heritage and the Arts (DEWHA); develops and implements national
policy, programs and legislation to protect and conserve Australia's environment and heritage
(http://www.environment.gov.au/)

SGAT

The Survey Gap Analysis Tool software developed by Glenn Manion and Simon Ferrier. It
implements the ED-complementarity algorithm – which is the complement of environments within
the study region not yet sampled to the same degree as other locations. See
http://www.mssanz.org.au/modsim09/F13/manion_F13b.pdf

Solum

Solum in soil science refers to the surface and subsoil layers that have undergone the same soil
forming conditions. The base of the solum is the relatively unweathered parent material, termed
substratum (http://en.wikipedia.org/wiki/Solum)

TERN

The NCRIS Terrestrial Ecosystem Research Network establishes the necessary cooperative and
data frameworks for a national, collaborative approach to ecosystem infrastructure and research. It
comprises governance, data management and modelling facilities, and a national observing site
system based on existing infrastructure investments and collaborations. See
http://www.tern.org.au/.

xxvi

1

1.

INTRODUCTION

1.1

Background

INTRODUCTION

2010 is a significant year for biodiversity. At an international level it has been
designated by the United Nations as the “International Year of Biodiversity”, with a key
goal of increasing awareness of the importance of biodiversity for human well-being. It
also marks the deadline for the 2010 Biodiversity Target, adopted in 2002 by
signatories to the Convention on Biological Diversity (CBD) for “a significant reduction
of the current rate of biodiversity loss”, and has seen the release of the Global
Biodiversity Outlook 3 report, with its conclusion that biodiversity loss will continue at a
high rate well into the future, unless major actions are taken. At a national level, 2010
is due to see the release of a new National Biodiversity Strategy for Australia.
Against this backdrop of interest and concern, the need for a rigorous evidence base to
inform National-level decision making around biodiversity conservation has never been
stronger. This is the case not only for programs seeking to prioritise investment in
conservation action, such as the National Reserve System and Caring for Our Country
schemes, but also for programs assessing and monitoring change in the conservation
status of biodiversity, such as State of the Environment reporting.
One of the most fundamental requirements of all such programs is spatially-explicit
(mapped) information on the distribution of biodiversity – i.e. where on the continent
are the elements of biodiversity (species, communities etc) we are seeking to
conserve. This information forms the logical starting point for many conservation
assessment activities, around which information relating to other key factors is collated
– e.g. relating to threats, costs, opportunities, and relevant ecological processes.
National-level assessment and decision-making has, to date, relied largely on two
types of information on the distribution of terrestrial biodiversity: 1) mapped land
classifications in which classes, such as IBRA bioregions and subregions or NVIS
vegetation types, are assumed to function effectively as surrogates for spatial
biodiversity pattern; and 2) mapped distributions or habitats for individual threatened
species, and limited sets of other species in a few better-known biological groups (e.g.
birds).
Little use has yet been made of the very large numbers (many millions) of digital
location records (from both specimen collections and field observations) now available
for a wide range of other groups of vertebrates, invertebrates and plants (many
thousands of species). The largest, and most comprehensive, source of such data is,
at present, the Australian Natural Heritage Assessment Tool (ANHAT) database
established by SEWPaC through collation (under licence) of primary biological
datasets from a large number of herbaria, museums, State and Commonwealth
departments, and private individuals. While these data have been collected over many
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decades for a range of reasons, interest in bringing them together and harnessing their
potential to inform better decision making is a more recent development.
Despite the magnitude of these datasets in terms of numbers of taxa and numbers of
location records, direct use of these records in conservation assessment is challenged
by gross spatial incompleteness in sampling – i.e. at the spatial resolution at which
conservation decisions are typically made, a very high proportion of locations simply
have no biological data. Statistical modelling of relationships between recorded species
locations and remotely-mapped environmental attributes (e.g. climate, terrain and soil
attributes) offers a powerful means of interpolating biological distributions across
unsampled areas, thereby providing the complete, relatively fine-scaled, geographical
coverage demanded by many conservation assessment activities. However, modelling
distributions of the many thousands of species in the ANHAT database one at a time
would be a daunting task, as would accommodating such a large number of modelled
outputs (i.e. a separate map for each and every species) in practical decision-making.
The project described here has instead addressed this problem by using generalised
dissimilarity modelling (GDM, Ferrier et al., 2007) to model and interpolate patterns, in
the relationship between biodiversity observations and remotely-mapped
environmental gradients, emerging from simultaneous consideration of large numbers
of species.

1.2

What is GDM?

Generalised dissimilarity modelling (GDM) is a statistical technique for modelling the
compositional dissimilarity between pairs of geographical locations, for a given
biological group (e.g. reptiles), as a function of environmental differences between
these locations (Ferrier et al., 2007). The “compositional dissimilarity” between a given
pair of locations is most easily thought of as the proportion of species occurring at one
location that do not occur at the other location (averaged across the two locations) –
ranging from 0 if the two locations have exactly the same species through to 1 if they
have no species in common.
GDM uses data on the presence and absence of all species in a group of interest (e.g.
all vascular plants) at a sample of locations across the region of interest (in this project
the entire Australian continent) to fit a model predicting the compositional dissimilarity
between pairs of locations as a non-linear multivariate function of the environmental
attributes of these locations. Another way of viewing this is that GDM effectively
weights and transforms the environmental variables of interest such that distances
between locations in this transformed multidimensional environmental space now
correlate, as closely as possible, with observed compositional dissimilarities between
these same locations (see Ferrier et al., 2007 for full explanation).
Readers familiar with species distribution modelling – including techniques such as
Maxent, GAM and BIOCLIM (see Elith & Leathwick, 2009 for a recent review of this
field) – will see obvious parallels between these techniques and GDM. Both use
statistical modelling to link sparse biological observations to remotely-mapped
environmental layers. The key difference is that in species distribution modelling a
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separate model is developed for each individual species – i.e. species are modelled
one at a time – whereas in GDM all species in a group of interest are modelled
together (potentially many hundreds or thousands of species), resulting in a single
model describing compositional patterns and relationships for the group as a whole.
GDM is therefore a form of what Ferrier and Guisan (2006) refer to as “community-level
modelling”.
Once a GDM model has been fitted using biological data from a sample of locations,
this model can then be used to predict the level of compositional dissimilarity expected
between locations lacking biological data, based purely on the mapped environmental
attributes of these locations. This predictive capacity provides, in turn, a foundation for
performing a wide variety of subsequent spatial analyses – e.g. conservation
assessments and survey gap analyses. While developed originally in Australia this
general approach is now being explored increasingly in other parts of the world – e.g.
in Panama (Faith & Ferrier, 2002), Madagascar (Allnutt et al., 2008), New Zealand
(Overton et al., 2009), Ecuador (Thomassen et al., 2010), and globally (Ferrier et al.,
2004).

1.3

Project purpose and aims

As part of a Natural Heritage Trust Spatial Information System project in 2007-08
DEWHA (SEWPaC), with expert assistance from the developers of GDM (Dr Simon
Ferrier, CSIRO, and Glenn Manion, NSW Dept of Environment, Climate Change and
Water), trialled and demonstrated the potential for using this technique to link ANHAT
data for a number of taxonomic (biological) groups to best-available abiotic
environmental surfaces (climate, terrain, soils; prepared by Dr Janet Stein, ANU),
thereby interpolating spatial patterns of community composition across the entire
continent.
The primary purpose of this Caring for Our Country project has been to build on the
success of that initial trial by greatly extending and refining the GDM-based modelling
of ANHAT data, and thereby provide a stronger foundation for factoring these data into
continental-scale biodiversity assessment and planning activities. More specifically, the
aims of this project, as described in the Caring for Our Country Funding Agreement
between DEWHA (SEWPaC) and CSIRO, have been to:
• Extend the approach to a wider range of terrestrial plant, vertebrate and
invertebrate groups and, in doing so, develop and implement rigorous
procedures for filtering, extracting and pre-processing ANHAT data for use in
GDM modelling.
•

Collate and make use of a more comprehensive, state-of-the-art set of
continent-wide environmental predictors, focusing particularly on variables
known to be key drivers of biological distributions; and develop and implement
rigorous statistical procedures for selecting the subset of predictors included in
each GDM model.

•

Explore new ways of integrating IBRA bioregions and NVIS vegetation types
directly into the GDM-based modelling of ANHAT data, to better accommodate
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the complementary strengths of well-established and widely-used mapped
biodiversity surrogates, and better account for the effects of biogeographic
history in shaping biological distributions.
•

Explore new ways of incorporating phylogenetic information, where available for
selected taxa, into the GDM modelling, thereby factoring evolutionary
relationships into modelled distributional patterns.

•

Demonstrate how the resulting GDM models can be used to identify, through
survey gap analysis, priority areas for further biological data collection, thereby
enabling greater cost-effectiveness of investment in future biological surveys.

•

Demonstrate how these models can also be used to inform spatial analyses of
the extent to which compositional diversity in the modelled taxonomic groups is
represented in the National Reserve System (NRS), and in remaining (extant)
native vegetation.

Mapped land
classifications (IBRA,
NVIS etc)

Pressures &
threats

GDM-based modelling
of compositional
diversity

Distribution of
biodiversity values
of interest

Spatial (mapped)
information

Individual species
mapping / modelling

Costs &
opportunities

Other environmental,
social & economic
values

Understanding of
relationships, interactions
& processes

Biodiversity conservation
prioritisation, planning,
monitoring & evaluation

Figure 1-1. GDM-based modelling of compositional dissimilarity viewed as part of the bigger picture of
biodiversity conservation assessment

It is important to note that the overall purpose of this project has been to generate
improved continent-wide information on the distribution of biodiversity for use in
prioritising national conservation investment, not to actually generate any such
prioritisation. As discussed above, information on spatial pattern in the distribution of
biodiversity is just one (albeit important) input needed to inform sound conservation
prioritisation, planning, monitoring and evaluation. Future conservation assessment
activities making use of outputs generated by this project will desirably do so as part of
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some comprehensive methodological framework giving due consideration to other key
factors such as threats, costs, opportunities, and relevant ecological processes (see
Ferrier & Wintle, 2009). Such assessments may also employ the modelled outputs
from this project – focusing on compositional patterns exhibited by highly diverse, often
less well known, components of biodiversity – alongside distributional data or models
for individual species, or ecological communities, of particular conservation concern
(e.g. those listed under the EPBC Act). The schematic diagram presented in Figure 1-1
offers a way of thinking about how the modelling work performed in this project fits into
the bigger picture of conservation assessment. This issue is also discussed further in
Section 9.
As conveyed in Figure 1-1 the modelled products from this project are intended to
serve as inputs to a wide range of subsequent assessment activities. This means that
the project’s primary, and arguably most important, output is not actually this report but
rather the generated set of GDM models, and associated continent-wide spatial layers,
describing distributional patterns in a wide range of taxonomic groups. As will be
detailed later in the report all of these modelled products are being provided to
SEWPaC in digital form, to facilitate their dynamic use in future assessment work.

1.4

Structure of this report

The remainder of this report is divided into the following sections (see Figure 1-2):
7. Integrating
biogeographic
regions & structural
vegetation classes

2. Biological
data preparation

5. Identifying
gaps in biological
datasets
4. GDM model
fitting

6. Assessing
representativeness
of the National
Reserve System &
extant vegetation

3. Environmental
data preparation

9. Future
directions and
opportunities

8. Incorporating
information on
phylogenetic
diversity

Figure 1-2. Relationships between major sections of the report.

•

Section 2: Biological data preparation describes the selection of taxa used to
develop the GDM models, and the filtering and pre-processing of ANHAT data
for these taxa.
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•

Section 3: Environmental data preparation describes the selection and
derivation of environmental predictors used in the modelling.

•

Section 4: GDM model fitting describes the overall model-fitting strategy used to
integrate the biological and environmental data from Sections 2 and 3, and
presents the resulting GDM models.

•

Section 5: Identifying gaps in biological datasets describes how the fitted
models from Section 4 were used, through survey gap analysis, to identify and
prioritise gaps in the coverage of existing biological datasets for each of the
modelled taxa.

•

Section 6: Assessing representativeness of the National Reserve System and
extant native vegetation describes how the fitted models from Section 4 were
also used to assess the extent to which compositional diversity in the modelled
taxonomic groups is represented in the NRS, and in remaining (extant) native
vegetation.

•

Section 7: Integrating biogeographic regions and structural vegetation classes
describes the trial integration of IBRA bioregions and NVIS major vegetation
groups into the GDM models developed in Section 4.

•

Section 8: Incorporating information on phylogenetic diversity describes the
exploratory integration of phylogenetic relationships within selected taxa into the
GDM models for these taxa.

•

Section 9: Future directions and opportunities reflects on the overall
achievements of the project, before discussing potential opportunities for
applying outputs in a wide range of conservation prioritisation, planning,
monitoring and evaluation activities.

Appendices to this report are compiled in a separate document (Williams et al., 2010).
The relationship between sections in this report and appendices are shown in Table
1-1 (over page).

6

Harnessing Continent-Wide Biodiversity Datasets

1

INTRODUCTION

Table 1-1. Relationship between Main Report Sections and Appendices.

Section
of Main
Report

Append
ix

2

A

Supporting information for the method used to select data quality filters based on spatial
accuracy and number of records in different bioregions

2

B

Example script used with the GDM beta-diversity site-pair generator

3

C

Metadata for environmental predictors, brief descriptions and images of each predictor

3

D

Supporting information for the method used to derive biotic attributes

4

E

Details of GDM software enhancements - .NET GD Modeller

4

F

Comparison of preliminary models with different richness thresholds

4

G

Details of fitted coefficients for final models

4

H

Summary and graphical output for three final models – birds, plants, land snails

6

I

Supporting information describing the spatial mask and condition layers developed for the
assessment of representativeness

6

J

Additional examples for proportion of effective habitat remaining

7

K

Supporting information for the method used to group IBRA bioregions where taxonomic
groups are sparsely sampled

Purpose
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Introduction

Central compilation of biodiversity information at relevant jurisdictional levels is
essential to making informed decisions about managing our natural resources and
mainstreaming biodiversity as a consideration at all levels of land assessment,
planning and policy. In this context, and to underpin the needs of Natural Heritage
assessment in Australia which considers all forms of biodiversity, a National database
of biodiversity information was created. Integrated within the Australian Natural
Heritage Assessment Tool (ANHAT), this biodiversity information can be combined
with predictive tools such as generalised dissimilarity modelling and used more
effectively to map patterns in biodiversity distribution and identify areas of relative
uniqueness, applicable to a wide range of conservation assessment questions. A key
objective of this report is to make more effective use of the ANHAT database to
prioritise national conservation investment through GDM-based modelling of continentwide patterns in compositional diversity for a wide range of plant, vertebrate and
invertebrate taxa. In this section we outline the sources of biological data available in
ANHAT and its preparation for GDM analysis. These data are then combined with
environmental predictors (described in Section 3) in subsequent GDM analyses
(described in Section 4).

2.1.1 ANHAT Database
Biological data for GDM analysis were derived in July 2009 from SEWPaC’s Australian
Natural Heritage Assessment Tool (ANHAT) Database (Department of the Environment
Water Heritage and the Arts, 2009). ANHAT compiled over 32 million records on
locations where species were observed or collected in Australia and managed by a
wide range of institutions and individuals (Table 2-1). All species information used in
ANHAT is checked to ensure it refers to a valid species by its currently accepted name.
Species occurrence data often include exotic species, spelling errors and other
anomalies. To manage this ANHAT uses a taxonomic hierarchy - the 'tree of life' - to
resolve the available species information to a consistent set of locations assigned to
the correct taxonomic group.
Taxonomic checking occurs before species are included in ANHAT. As this is a
rigorous process that takes time, not all species are covered. New groups of species
are continuously being processed for incorporation in ANHAT. At the time of writing,
ANHAT included a broad range of biodiversity including all vertebrates except fish
(>2,100 species of birds, frogs, reptiles and mammals); 83 families of vascular plants
comprising the majority of Australia's named plant species (> 12,900 species); a range
of invertebrate groups including numerous insect families (> 4,100 species), all land
snails (> 2,100 species), selected spider families (> 900 species), and rotifers – aquatic
wheel animals (> 500 species).
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Table 2-1. Acknowledgement of sources of data compiled in ANHAT.

Data Custodian
The Australian Museum
CSIRO Australian National Insect Collection
CSIRO Australian National Wildlife Collection
Museum and Art Gallery of the Northern Territory
Museum Victoria
Northern Territory Herbarium
Queen Victoria Museum and Art Gallery Launceston
Queensland Herbarium
Queensland Museum
Royal Botanic Gardens Melbourne
Royal Botanic Gardens Sydney
South Australian Museum
State Herbarium of South Australia
Tasmanian Herbarium
Tasmanian Museum and Art Gallery
Western Australian Herbarium
Western Australian Museum
Birds Australia

2.2

Data Custodian
Commonwealth Department of Defence
Commonwealth Department of Environment, Water,
Heritage and the Arts
NSW Department of Environment and Climate Change
NSW Department of Primary Industry, Forests NSW
Northern Territory Department of Natural Resources,
Environment and the Arts
Queensland Environmental Protection Agency,
WildNet
South Australian Department for Environment and
Heritage (Biological Survey of South Australia
Database)
Tasmanian Department of Primary Industries and
Water (Natural Values Atlas)
Victorian Department of Sustainability and
Environment
Western Australian Department of Environment and
Conservation
Mr Russell Sheil (Rotifers of Australia)
Mr David Crosby (Lepidoptera of Victoria)

Methods and Results

2.2.1 Selection of Taxa
Taxonomic groups selected for analysis were those with adequate National coverage;
that is, for which data have been received from among major custodians and collectors
in National and State natural history institutions. Twelve taxonomic groups were initially
identified for analysis (Table 2-2). These were later reduced to 11 when two spider
groups were combined. A list of all families covered by these groups is available from
the ANHAT website (http://www.environment.gov.au/heritage/anhat/index.html)
(DEWHA 2008).
The Streptobionta (vascular plants) are represented by 83 Families that do not include
Poaceae. The Lepidoptera are represented by the butterflies and do not include moths.
The Mygalomorphae (wolf spiders) and Sparassidae (trapdoor spiders) were grouped
together as ‘ground spiders’ and do not include huntsman spiders.
Several other taxonomic groups are being prepared for incorporation into ANHAT—
Hemiptera (true bugs), Trichoptera (caddis flies), Buprestidae (jewel beetles),
Scarabaeinae (dung beetle groups), Formicidae (ants), Poaceae (grasses)—but were
not completed during the period of data pre-processing described here.

10

Harnessing Continent-Wide Biodiversity Datasets

2

BIOLOGICAL DATA PREPARATION

The ANHAT Management Tool (for managing the taxonomic hierarchy) was used to
obtain the list of taxon IDs (Figure 2-1), representing the first step in the process of
extracting data from ANHAT. The taxon IDs represent the highest convenient position
in the taxonomic hierarchy below which ‘ecological’ groups of species were extracted
from ANHAT for GDM analysis. Henceforth we refer to the common name for the
taxonomic group throughout this report. The nominated taxon level does not mean that
all species below that level were available in ANHAT for analysis. ANHAT is
continuously reviewing and incorporating new groups of taxa.
Table 2-2. Taxonomic groups selected for analysis.

Target Taxonomic group

Taxon level

Common name

ANHAT ID

Species #

Streptobionta
Mammalia
Aves
Reptilia
Amphibia
Gastropoda
Isoptera
Lepidoptera
Odonata
Carabidae
Lycosidae
Mygalomorphae

Subkingdom
Class
Class
Class
Class
Class
Order
Family
Order
Family
Family
Suborder

Vascular Plants
Mammals
Birds
Reptiles
Frogs
Land Snails
Termites
Butterflies
Dragonflies
Ground Beetles
Wolf Spiders
Trapdoor Spiders

17965
4172
5
4171
4170
78474
6486
46614
5735
8377
79142
66285

12,881
298
690
819
218
2774
252
398
318
1264
146
650

> ANHAT ID represents the highest level ID in the taxonomic hierarchy below which all levels are captured
to sub-taxa (species, subspecies, varieties etc)

Figure 2-1. Example of interface with the ANHAT database used to obtain taxon IDs. The taxon ID is given
in the open form, as shown above the taxon ID for Aves is ‘5’.
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2.2.2 Data Filtering
Biological collection data are known to contain significant errors of location and
taxonomic identification (Chapman, 2005b, a). Some of these errors were addressed
by custodians before data were incorporated into ANHAT. However, significant bias or
uncertainty remains. While ANHAT conducts logical tests on data before incorporation
(for example, see Slatyer et al., 2007), the checking of millions of individual records is
beyond the scope of any single project. Therefore we developed additional filters for
inclusion/exclusion of records to improve data quality based on geo-reference
precision, where known, and to exclude exotic or marine taxa from the analysis of
terrestrial biodiversity, with some exceptions, as follows:
•

Species classified as marine/aquatic were excluded (i.e. terrestrialmarine=2).
(Except seal species with a land base which were included in the list for
mammals.)

•

Exotic species - weeds and ferals were excluded.

•

Undefined species names at the genus level ‘sp.’ were excluded (i.e.,
taxonlevelid <= 2).

•

Taxon levels below species (e.g. subspecies, infraspecies, variety, etc) were
ignored by grouping at the species level.

The resulting number of records, sites summarised within grid cells and species in
each taxonomic group are summarised in Table 2-3. Taxon levels were harmonised at
the species level because of inconsistency in the determination of observations at
levels below species. This inconsistency in which some taxa are denoted at species
and sub-species levels, contributes to error in the measure of dissimilarity.
Additional filters were developed for spatial precision by reviewing the spread of data in
bioregions and classes of spatial precision (i.e., +/- radius from a point of 1-1000m,
1001-2000m, 2001-5000m, 5001-10,000m, 10,001-20,000m, null or 0). The
summarised data are presented in Appendix A. Although a reasonable upper limit of
spatial precision for the analysis of 1000m grid cells (0.01 geographic degrees) would
be around 1000m, it was necessary to accept all available data for some taxonomic
groups in sparsely sampled regions (Table 2-4). In this case an upper limit of 20,000m
was used. The resulting numbers of records for GDM analysis are listed in Table 2-4
by taxonomic group in contrast with the unfiltered number of records in Table 2-3. The
geographic pattern of sites within each bioregion for each taxonomic group for GDM
analysis is presented in Figure 2-2 to Figure 2-12. Sites for some groups are
dominated by ‘singletons’ where only one species has been recorded (Table 2-3). In all
cases, data are more intensely collected near human population centres and along
accessible roads.
For GDM analysis, sites were summarised within 0.01 geographic degrees of latitude
and longitude (grid cells). Species recorded multiple times within a grid cell (including
with different sub taxa) were represented by a single record. The species group filter
formed part of the SQL queries used to extract data from ANHAT. The geographic site
filter was implemented in Biodiverse software (Laffan et al., 2009; Laffan et al., in
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press) to match the centroids of the spatial environmental data. The GD Modeller
software (Manion, 2009c) also summarises species by location data into grid cells.
Table 2-3. Summary of ANHAT data available for the taxonomic groups selected for GDM analysis.

Unfiltered*
Target
Taxonomic
group

Filtered

# Species

# Sites†

# Records:
species by
sites†

#species

# sites† with
single
species

Total
# sites†

12,881

465,592

2,995,841

12,660

152,803

374,640

Mammals

298

134,989

331,890

294

53,265

100,369

Birds

690

257,544

4,046,352

673

63,456

242,814

Reptiles

819

104,642

312,437

805

41,131

83,661

Frogs

218

54,852

135,617

218

53,077

100,143

Land Snails

2774

20,321

52,715

2550

10,173

19,118

Termites

252

5369

11,638

251

3030

5324

Butterflies

398

10,801

51,048

391

5002

10,628

Dragonflies

318

4541

15,008

315

2083

4488

Ground Beetles

1264

2952

10,089

1260

1339

2931

Wolf Spiders

146

7130

11,662

145

4570

7018

Trapdoor
Spiders

650

4270

6909

647

2899

4241

Vascular Plants

* Unfiltered numbers based on SQL queries for all records with precision ≤ 20,000 or null, species-level
taxon, excluding undefined species labelled ‘sp.’, not marine

† sites are 0.01º geographic grid cells

Figure 2-2. Location
of vascular plant
sites (0.01 grids)
used for GDM
analysis showing
bioregion boundaries
(IBRA 6.1).
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Table 2-4. Filters used to customise queries by spatial precision and IBRA region for each taxonomic
group.

Target Taxonomic
group

Broad Description of Filter

Vascular Plants

Customise by region, set precision limits, mostly
<=2000m, drop null in some cases

Mammals

Customise by region, set precision limits, mostly
<=1000m or <=5000m with null, drop null in some cases

Birds

Use precision <=5000 and null

Records*

% records
extracted

2,340,886

78.1

257,510

77.6

3,912,192

96.7

Reptiles

Use precision <=2000 and null, drop null in selected
regions dominated by precise records (consider using
precision <=5000 with null as there may be many
imprecise null records)

249,169

79.8

Frogs

many regions could be sampled with 5000m precision,
and some with 2000m precision or better, with scope to
drop null in a few cases where sampling density is very
high

115,175

84.9

Land Snails

many regions could be sampled with precision <=10000
and null, and in some regions <=20000 and null, or
<=5000 and null

50,749

96.3

Termites

Use precision <=10000 and null

11,638

100.0

Butterflies

Use precision <=5000 and null

50,974

99.9

Dragonflies

Use precision <=10000 and null

15,004

100.0

Ground Beetles

Use precision <=5000 and null

10,051

99.6

Wolf Spiders

Use precision <=1000 and null

11,528

98.9

Trapdoor Spiders

Use precision <=20000 and null

6876

99.5

*records
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Figure 2-3.
Location of
mammal sites
(0.01 grids) used
for GDM
analysis showing
bioregion
boundaries
(IBRA 6.1).

Figure 2-4.
Location of
birds sites (0.01
grids) used for
GDM analysis
showing
bioregion
boundaries
(IBRA 6.1).
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Figure 2-5.
Location of
reptile sites
(0.01 grids) used
for GDM
analysis showing
bioregion
boundaries
(IBRA 6.1).

Figure 2-6.
Location of frog
sites (0.01 grids)
used for GDM
analysis showing
bioregion
boundaries
(IBRA 6.1).
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Figure 2-7.
Location of land
snail sites (0.01
grids) used for
GDM analysis
showing
bioregion
boundaries
(IBRA 6.1).

Figure 2-8.
Location of
butterfly sites
(0.01 grids) used
for GDM
analysis showing
bioregion
boundaries
(IBRA 6.1).
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Figure 2-9.
Location of
dragonfly sites
(0.01 grids) used
for GDM
analysis showing
bioregion
boundaries
(IBRA 6.1).

Figure 2-10.
Location of
ground beetle
sites (0.01 grids)
used for GDM
analysis showing
bioregion
boundaries
(IBRA 6.1).
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Figure 2-11.
Location of
ground spider
sites (0.01 grids)
used for GDM
analysis showing
bioregion
boundaries
(IBRA 6.1).

Figure 2-12.
Location of
termite sites
(0.01 grids) used
for GDM
analysis showing
bioregion
boundaries
(IBRA 6.1).
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2.2.3 Site-Pair Sampling for GDM Input
The response variable for GDM analysis is the compositional dissimilarity in species
between pairs of sites (Ferrier et al., 2007). For a given number of sites, n, the number
of site-pairs generated is: n × (n − 1) . In the case of vascular plants (Table 2-6), the
2

possible number of site pairs is: 70,177,377,480. Depending on the number of sites for
analysis it is often not possible to include all site-pairs. Therefore the site-pairs for
analysis must be sub-sampled. The method of sampling has implications for how well
the sample represents the true structure of the data, which depends on how well the
data itself represents the true structure of the population (i.e., presence and absence
locations of all species of interest).
The goal of most sampling procedures is to obtain a representative sample. Even
assuming no computation constraints, including all site pairs may not be the best
strategy to deliver a representative sample of the data. Sub-sampling could be applied
to sites or site-pairs or both. Because we are modelling species compositional
dissimilarity between site-pairs, we chose to generate a representative sub-sample of
site-pairs. However, the act of sampling can introduce uncertainty or bias. In our case,
we are sub-sampling data which is a sample of the taxonomic group that is itself not
representative. Because we don’t know how biased the data is (although see Section 5
for an analysis and discussion of gaps in biological survey data), we can’t easily correct
it but we can identify covariates that we believe are correlated with the bias (discussed
below in Section 2.2.4).
We applied a stratified-random sub-sampling routine using the 85 IBRA bioregions that
were developed for biodiversity assessment (Thackway & Cresswell, 1995) as a
surrogate for variation in environmental classes. A generalised GDM beta-diversity
site-pair generator (Rosauer, 2009) was scripted in Perl as an additional module for
Biodiverse (Laffan et al., 2009; Laffan et al., in press). The GDM site-pair generator
allows the user to specify different sub-sampling options from completely random to
stratified-random, and the number of target site-pair samples to output as well as other
settings to weight or filter the data (Table 2-5). The script calculates the compositional
dissimilarity of the site-pair (Sørensen index) and outputs the data in a format suitable
for direct input to GDM.
The sub-sampling routine requires a moderate level of computer resources and time.
For the larger samples—taxonomic groups such as birds and plants—each subsampling routine may take hours or days depending on available computer resources.
Sub-sampling may extend to weeks if selecting sites to fill specified dissimilarity
classes. To enable flexibility with subsequent GDM analysis and to test sub-sampling
criteria, different sub-samples were derived with different settings for sample_count,
min_group_richness, and region_quota_strategy, for each taxonomic group. Constant
settings were used for the other criteria (Table 2-5). The implications of different subsampling regimes on the resulting GDM and therefore the choice of sample to use in
subsequent analyses is presented and discussed in Section 4. An example script is
given in Appendix B.
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The min_group_richness option was applied as a filter to remove sites (0.01 grids) that
are under-sampled (possible false absence for some species). Including such sites
would potentially bias the GDM analysis compared with the preferred sample of
species presence/absence. The proportion of sites excluded from the site-pair
sampling for different richness thresholds is shown in (Table 2-6) and the number of
species removed from the analysis is shown in (Table 2-7).
Table 2-5. User settings available in the GDM beta-diversity site-pair generator software written by D
Rosauer to sub-sample site-pairs for GDM analysis (Rosauer, 2009). An example script is given in
Appendix B.

Setting
Sample_count
Min_group_richness

Min_group_samples

Sample_by_regions

Region_quota_strategy

within_region_ratio

Description
number of samples requested in output (e.g. 100,000)
minimum number of taxa at a site - sites with less than this number
will not be used (e.g. 2)
minimum number of samples in a site, for it to be included even if it is
below the minimum site richness. For example, a site has only 1
species, and the richness limit is set to 2. But that single species has
been recorded there 5 times, so it may be appropriate not to dismiss
it as simply undersampling. If min_group_richness is 3 and
min_group_samples is 5, this means exclude sites with < 3 species
unless they have 5 or more records.
If 1: stratify sampling by regions, setting quotas for the number of site
pair between each pair of regions according to the parameter
region_quota_strategy
Chooses from different strategies to set the quota of site pairs to
sample from each region pair. 'Equal' divides the requested number
of site pairs equally between all region pairs; 'log_richness' divides
the requested number of site pairs in proportion to sum of the logs of
the species richness of the two regions + 1.
Increases the site-pair quota for within regions, compared to between
regions. For example, if there are 80 regions, then a given region
would have 1/80th of its comparison quota with each other region and
similarly 1/80th within the region, potentially under-representing local
patterns. But if the within_region_ratio is 8, then approximately
8/80th, or 1/10th of site pairs would be within region.

Setting used
Varied from
100,000 to
900,000
Varied from 1-14

Ignored

1

Equal

10

The region_quota_strategy relates the number of site-pairs generated to the number of
species shared between regions (the ‘log_richness’ setting). An ‘equal’ region subsampling strategy removes the bias toward the well-sampled regions that would be
present with no region quotas. The log richness strategy reinstates this bias to a very
limited degree within a framework that recognises that higher levels of richness are
often also associated with environmental heterogeneity. For example, two regions with
50 species each would receive 2.1 times as many site pairs as 2 regions with 5 species
each. We therefore generated different site-pair sub-samples for the alternate settings
(‘equal’ and ‘log_richness’), all else being equal. In subsequent experimental GDM
analyses with a standard set of predictors we found that the ‘equal’ setting resulted in
higher levels of explained deviance than the ‘log-richness’ setting. However, more
experimental testing of sub-sampling routines within the context of conceptual
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frameworks for compositional dissimilarity measures are needed to determine the most
appropriate setting.
Table 2-6. Percent of sites (0.01 grids) potentially excluded from analysis in each richness class threshold.

Species Richness Threshold | % of Sites Excluded
Target Taxonomic
group
Vascular Plants

1

2

3

4

5

10

20

40.8

55.1

63.0

68.2

72.0

82.8

92.5

Total #
sites
374,640

Mammals

46.3

66.9

79.1

87.0

91.6

98.9

100.0

100,369

Birds

26.1

34.3

39.1

42.6

45.5

57.7

74.6

242,814

Reptiles

49.2

65.3

74.9

81.1

85.8

96.0

99.4

83,661

Frogs

53.0

69.7

79.0

84.9

88.8

97.5

99.9

100,143

Land Snails

53.2

72.0

80.9

86.0

89.4

96.3

99.4

19,118

Termites

56.9

75.4

85.3

90.3

93.2

98.6

99.9

5324

Butterflies

47.1

62.5

71.3

76.6

80.5

90.1

95.6

10,628

Dragonflies

46.4

63.7

73.0

78.3

83.0

94.5

98.9

4488

Ground Beetles

45.7

62.5

72.9

79.2

84.6

95.1

98.5

2931

Wolf spiders

65.1

85.3

93.0

96.7

98.3

99.8

100.0

4241

Trapdoor spiders

68.4

85.1

92.4

96.3

98.2

99.9

100.0

7018

Ground Spiders

61.7

81.2

89.7

94.1

96.4

99.6

100.0

10,025

Table 2-7. Cumulative number of species potentially excluded from analysis for each richness class
threshold.

Species Richness Threshold | Number of Species Excluded
Target Taxonomic group

1

2

3

4

5

10

20

Vascular Plants

62

132

196

268

337

676

1244

Total #
species
12,660

Mammals

1

3

5

5

8

15

79

294

Birds

0

0

0

0

0

0

0

673

Reptiles

10

18

21

25

31

57

174

805

Frogs

1

3

8

11

16

53

103

218

110

242

394

530

663

1205

1848

2550

Termites

3

3

10

15

22

62

151

251

Butterflies

3

5

6

7

7

9

15

391

dragon flies

6

9

9

10

11

36

82

315

Ground Beetles

46

81

116

143

180

352

569

1260

Wolf spiders

5

10

17

26

41

78

122

145

131

205

278

338

415

609

647

647

99

171

227

279

333

613

755

792

Land Snails

Trapdoor spiders
Ground Spiders
(Wolf and Trapdoor)
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2.2.4 Under-Sampling Covariates as Predictors
False absences of species in sampled sites, resulting from incomplete sampling of
those cells, may result in inflated estimates of compositional dissimilarity between sites
(Cardoso et al., 2009). We addressed this effect through inclusion of a measure of
under-sampling as a covariate predictor in the GDM models. For each taxonomic group
the number of species recorded in each grid cell was treated as an approximate
indicator of the sampling effort expended within that cell. In simple terms, the level of
under-sampling was therefore assumed to be related to the inverse of this number for
any given cell. This approach is an attempt to account for known bias in the geographic
and representative sampling of species presences and absences by sites in the
Australian landscape, the nature and level of which requires more comprehensive
assessment.
For each taxonomic group, the number of species recorded in each 0.01 degree grid
cell was converted to a raster dataset. All other locations were assigned a zero value
for richness. The under-sampling covariate is the normalised inverse of the logarithm of
number of species recorded applied as shown in Equation 1.

Equation 1: COVARIATE =

⎡
⎤
1
− 1× ⎢
⎥ × log 10(spp + 1) + 1 ,
⎣ max(log 10(spp + 1)) ⎦
where spp is the number of species
recorded in the 0.01 grid cell.

The under-sampling covariates incorporated the species-richness values of all sites for
each taxonomic group (see Figure 2-2 to Figure 2-12), ensuring complete coverage
and flexibility in relation to sites included in the random site-pair subsample for GDM
analysis. The covariate value used for any sampled site-pair was calculated as the
average of the values for the two sites concerned.
As an extension of this approach, covariates were generated based on sample size
(the number of survey locations per site). Both covariates were tested as predictor
variables in developing a fitted model, potentially influencing the coefficient values of
other predictor variables, but were not included in subsequent predictive analyses.

2.3

Discussion

The process of biological data preparation for GDM analysis is similar to those for other
biological modelling applications. Species observation data need to be sourced, quality
assured in terms of taxonomic hierarchies and geographic location, and annotated by
field survey methodology and contextual information (Kodric-Brown & Brown, 1993;
Austin, 1998; Ponder et al., 2001; Chapman, 2005b, a, c; Chapman & Wieczorek,
2006). Many of these preparatory or data-cleaning steps are routinely applied by the
ANHAT team before the data are used in heritage assessment. The data in ANHAT are
mainly drawn from institutional collections – museums and herbariums – only a small
proportion of which result from systematic surveys yielding presence and absence
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records for species, with the remainder resulting from incidental or opportunistic
sampling, yielding information about presence only. Ideally, biological data for GDM
analysis is drawn from systematic, comprehensive biological surveys, but these are
rarely representative of the environmental range within a study domain. Inevitably
therefore, biological data are drawn from various sources which may or may not be
attributed fully with collection methodologies, requiring the use of relatively imprecise
data quality filters to standardise the information or describe variation that is correlated
with sampling variation. Where sufficient information exists about the method of data
collection and its reliability, covariates can be generated to account for various types of
systematic sampling bias. In preparing the biological data available in ANHAT for use
in GDM, we selected biological groups that were sampled across their environmental
range, and reviewed associated database fields designing filters which excluded some
records and defined covariates to describe variation associated with sampling
effectiveness. Data extraction and manipulation required customised SQL queries and
high performance computing to interface with the Oracle database.
The data compiled for GDM analysis consisted of approximately 20,000 species within
11 taxonomic groups comprising four vertebrate groups (mammals, birds, reptiles,
frogs), vascular plants, and six invertebrate groups (land snails, butterflies, dragonflies,
termites, ground beetles, and ground spiders). Aggregated within approximately 1km
grids, the original location data were condensed into nearly eight million records, most
of which are either birds or vascular plants. This scale is suitable for continental-level
analyses, but the data could equally be compiled and analysed at finer scales, as
relevant to the purpose.
Inconsistencies in the determination of taxon levels below species (i.e. subspecies,
infraspecies, variety etc.) were ignored by grouping taxa at the species level. For
taxonomic groups such as plants, there is considerable variation between sites in the
recording of taxon levels. For example, a taxon may be recorded at levels below the
species at one site and only at the species level at another site. In a GDM, these sites
would be treated as though this species was not common to both. Note that unnamed
taxa with distinct manuscript names at species or genus level, for example, were
included in the analysis. While lower taxon levels below species were excluded to
ensure reasonable consistency in modelling beta-diversity patterns this may result in
under-representation of diversity within a taxonomic group or location. Such biases will
vary considerably between taxonomic groups and can be largely eliminated through
the use of taxonomic diversity or phylogenetic diversity information in the GDM
analysis. For example, section 8 of this report describes an application of phylogenetic
beta diversity which is equally applicable to taxonomic beta diversity.
Because biological data are notoriously location-biased and contain significant spatial
error, we investigated ways to filter the data using available database fields (spatial
accuracy and geographic stratification). Upon review, the location data for each
taxonomic group were broadly filtered by spatial accuracy where known, if sufficient
data existed in each of Australia bioregions. In many instances we lacked sufficient
information about the data source, sampling method and spatial accuracy to make
consistent use of filters. These sources of systematic error are expected to influence
the statistical fit of subsequent models. More complete and specific information about
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spatial accuracy and survey methodology from collectors and database custodians
would enable consistent filters to be applied and improve data quality for GDM
analysis, or to generate suitable covariates to account for known sources of error.
The response variable for GDM analysis is the species-based dissimilarity value
between site pairs (phylogenetic GDM being a special case, discussed in Section 8).
Even a small number of sites can result in millions of site-pairs. We found that using
current high-performance desk-top computers with 32-bit Windows operating systems,
the GDM analysis was limited to about one million site-pairs. Customised PERL scripts
(Rosauer, 2009), which enabled a stratified-random sample of site-pairs of specified
size and structure to be generated, coupled with GDM software to cater for response
data in site-pair format provided sufficient flexibility for the user to generate alternative
sets of response data for analysis and experimentation. Initial GDM analysis results
indicated that site-pairs generated randomly with respect to the response axis
(dissimilarity) but stratified with respect to the explanatory axis (geographic location)
resulted in higher explained deviance. Subsequent site-pairs were therefore generated
using the ‘equal’ setting for the ‘region_quota_strategy’ parameter (Table 2-5), without
implementing a quota by classes of dissimilarity. Our initial analyses, however, suggest
that different options for generating a sample of site-pairs on the resulting GDM
analysis could be more systematically assessed. This is an area that would benefit
from further research in collaboration with a statistician.
Although presence/absence data are preferred, most GDM analyses are conducted
with data compiled mainly from presence-only sources. At the aggregated 1km grid
scale, as few as one species within a taxonomic group may be represented at a site.
For the more species-rich groups such as plants and mobile groups such as birds,
larger numbers of species are expected from any single site. The number of species at
a site was therefore used as a data filter for sampling comprehensiveness. This
enabled different species-richness thresholds to be tested for each taxonomic group in
subsequent experimental GDM analyses (described in Section 4) to determine which
subset to use.
To control for residual bias in sampling comprehensiveness, an under-sampling
covariate was derived from the number of species or records within each
approximately 1km2 resolution site. The under-sampling covariate was included as a
predictor variable in developing the fitted model for its potential influence on the
coefficient values of other predictor variables (described in Section 4), but was not
included in subsequent predictive analyses (described in Sections 5 and 6). There is
potential for additional sampling covariates or reliability measures to be generated
using existing database fields, such as the spatial precision of records, and tested as
covariate predictors in GDM analysis.
Despite significant attention to filtering and sub-sampling the biotic data to reduce
known and unknown sources of error and bias, we acknowledge the limitation of
presence-only, relatively coarse-resolution data for modelling biodiversity patterns.
While presence-absence data are expected to provide a more representative sample of
biodiversity occurrence, resulting in more robust statistical models, the 1km grid
resolution of our continental analyses is expected to deliver more sites approaching a
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presence-absence sample at those scales. However, relatively coarse resolution
biological records (e.g. spatial precision > 1000m) are expected to produce false
presences whereas sampling bias (lack of sampling in some regions) will produce false
absences; both contribute to unexplained variation (sources of systematic error) in
subsequent models.
In summary, we implemented some novel solutions to the problem of sampling bias
inherent to compiled ecological data by 1) filtering the source data by spatial-precision
and species-richness, 2) stratified-random sampling of site pairs, and 3) introducing an
under-sampling covariate as a predictor variable. These solutions were developed to
address known data quality issues, but could be better addressed by data custodians
through consistent annotation of database records with survey methodology fields. We
further addressed computation constraints by generating different size and composition
of site-pair sub-samples for GDM analysis. We used bioregions as our stratification
unit, because these were convenient geographic units that were developed for
biodiversity assessment, recognising that a more comprehensive model of
environmental stratification could be developed for each taxonomic group (for example
see Section 5).
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ENVIRONMENTAL DATA PREPARATION
Introduction

Environmental data, along with biological data (described in Section 2), are the building
blocks of GDM analysis (described in section 4). They are essential to the process of
modelling biodiversity patterns and mapping predicted distributions as surrogates for
biodiversity, common to both species and community modelling. In a statistical model,
environmental attributes (or layers) serve as predictor variables, also termed
explanatory variables, with fitted coefficients that determine the relative importance and
non-linear rescaling required to best explain biological patterns. Unexplained variation
remains as residuals (the difference between observed and predicted responses). A
key objective of environmental data preparation therefore is to explain as much as
possible about the relationship between the biodiversity response (e.g. compositional
dissimilarity) and environmental phenomena, and to minimise residuals. Because
statistical approaches rely on correlation between pattern of biological response and
environmental predictor, we need to compile different types of environmental data
(biotic and abiotic) that correspond with current understanding of the drivers of
biodiversity distribution.
Niche theory and the continuum concept in ecological science provide a general
framework for helping us to choose environmental data to use as predictors in
statistical models of biodiversity distribution (Austin, 2002). The general framework of
approach in species distribution modelling is equally applicable to species
compositional modelling. In such correlative studies, a wide range of environmental
predictors may be sourced and tested for significance. These include factors thought to
influence biological variation across spatial and temporal scales of dispersal, growth,
reproduction and survival among individual species’ populations.
However, because knowledge about spatial variability of environment is often sparse or
incomplete in some regions, the choice of predictor variable may be limited to relatively
indirect or imprecise factors (proxies). Wherever sourced, each predictor variable
requires some degree of justification for its use in a model, and this justification needs
to draw on conceptual understanding of habitat relationships. In their review of
predictive habitat distribution models in ecology, for example, Guisan and Zimmerman
(2000) summarised the conceptual model for vegetation distribution as relationships
between resources, direct and indirect environmental gradients that influence growth or
performance. They note that although it is preferable to use environmental predictors
that have a direct physiological influence on biodiversity, indirect variables are often
used in local studies because of their good correlation with observed biodiversity
patterns.
In choosing environmental predictors for modelling beta diversity using GDM, we
needed to account for the different habitat requirements of a wide range of plants and
animals (vertebrates and invertebrates), and how this may vary geographically and in
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relation to turnover in species composition at local and regional scales. The continental
scale of our GDM analysis also requires complete spatial coverage of environmental
predictor data. In this context, we sought to capture explanatory factors of environment
to adequately represent the range of resources and conditions, their variability (in
space and time) and interactions (including periodic extreme events and physical
barriers) that influence the norms of physical and biotic habitat in which species have
adapted and differentiated. In particular, consistent with a key objective of this project,
we focused on compiling biotic predictors to complement the more readily available
abiotic environmental factors. We also selected predictors for their potential correlation
with historical factors of landscape including disturbance regimes, some of which are
related to climatic extremes. Other predictors were selected because they represent
possible improvements over existing predictors in resolution, accuracy or the
perception of a more proximal relationship to physiological responses and drivers of
distribution pattern in biodiversity. Because of uncertainty in choosing the best
predictor from a set of highly correlated variables, these variables may be tested to
determine which is the most significant for a particular model, or more than one
variable from the set may be included if together they explain different parts of the
geographic pattern.

3.2

Methods and Results

3.2.1 Review of National Environmental Datasets
An assessment of the availability of National environmental datasets, conducted in
2007/2008 led to the derivation of 54 environmental predictor variables as 0.01 degree
raster grids describing 38 climate, 3 soil, 4 lithology and 9 topography factors; compiled
by Stein (2008). Gaps in the national coverage of the lithology variables and the
potential availability of additional National datasets (e.g. 1:1M Geology for Australia)
prompted a reassessment of available layers (Table 3-1). Furthermore, potential gaps
in climatic variation represented by the 35 bioclimatic predictors (Hutchinson et al.,
2000) were addressed by including standard metrological calculations for relative
humidity and vapour pressure deficit.
Additional environmental predictors for GDM analysis were generated from existing
data by resampling to the analysis scale (0.01 geographic degrees) or developing new
combinations. The sources, derivation and justification for including these predictors
are outlined in the following subsections. Metadata, summary descriptions and images
are given in Appendix C.
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Table 3-1. Review of available National Environmental Data with resolution 1-5km grids or better for
biodiversity modelling using GDM.

Data /
Description

Contact/Source

Comments

1:1 Million
Geological
Map of
Australia
(2008)

Geoscience
Australia (2008);
see Raymond
(2008)

Supersedes Geology of Australia 1976 map (Bureau of Rural Sciences, 1991),
and incomplete lookup table for extracting rock attributes noted in Stein (2008),
but need to define rock attributes (e.g. see De Vries (2009)).

Digital
Elevation
Model

Geoscience
Australia

1:2 Million
Atlas of
Australian
Soils

ASRIS
http://www.asris.c
siro.au/themes/Atl
as.html (Johnston
et al., 2003;
McKenzie et al.,
2005), Peter
Wilson CSIRO

Geophysics
data:
radiometrics,
gravity,
magnetics

Remote
Sensing of
land cover

Geoscience
Australia, various
datasets, release
dates

Department of
Climate Change
(former Australian
Greenhouse
Office);
CSIRO/Bureau of
Meteorology

Possible indices: geological age from time scales database.
Version 3 of the 9-second DEM was released in September 2008 (Hutchinson
et al., 2008) from comprehensively revised and augmented national
topographic source data and version 5.2.2 ANUDEM (Hutchinson, 2007).
Best available National data is currently Atlas of Australian Soils (Northcote et
al., 1960-1968; Bureau of Rural Sciences, 2000) and associated attributes
(McKenzie & Hook, 1992; McKenzie et al., 2000; Western & McKenzie, 2004).
A few of these soil attributes were compiled at 0.01 grid resolution (Stein,
2008), potential for additional attributes to be compiled.
Modelled soil properties at 5km resolution by Raupach et al. (2001a; 2001b;
2005)
Refined soil attribute mapping possible via ASRIS and ACLEP collaborators,
e.g. pH and organic carbon (P Wilson pers. comm.).
National coverage exists for gravity surveys with a cell size of 800m
(Geoscience Australia, 2009) and magnetics with a cell size of 250m (Milligan
et al., 2004).
National Radiometrics coverage with a cell size of 100m is incomplete for the
continent (Minty et al., 2008; Minty et al., 2009).
National coverage of forest canopy cover >20% at 100m grid resolution 19722006 (Furby, 2002), potential to derive 30-year potential canopy cover for
natural areas.
Average monthly NDVI anomaly from AVHRR data (e.g., see McVicar et al.,
2003). Data commenced in 1992, data gaps and data quality issues limit use
(see http://www.eoc.csiro.au/cats/ and
http://www.bom.gov.au/climate/austmaps/about-ndvi-maps.shtml)
National vegetation coverage compiled and standardised (NVIS – (Executive
Steering Committee for Australian Vegetation Information, 2003; Department
of the Environment and Water Resources, 2007b) from State vegetation
survey and mapping programs
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Data /
Description

Contact/Source

Comments
Updated climate surfaces for Australia representing the 30-year mean for the
period 1975-2005 have been developed for use in ANUCLIM v6 (T Xu and M
Hutchinson pers. comm.).

Climate data

Water
Balance

Bureau of
Meterology / ANU
Fenner School /
Queensland
Department of
Natural
Resources

BOM/CSIRO

Potential to derive standard metrological calculations of relative humidity and
vapour pressure deficit (e.g. Allen et al., 1998; Bureau of Meteorology,
undated) from the monthly ESOCLIM variables (Hutchinson et al., 2000).
Potential to derive other factors of climate, such as rates of change in monthly
values representing shifts in seasonal phenomena related to changes in
phenology.
Silo Australian daily historical climate database at 5km gridded resolution
(Jeffrey et al., 2001), is a potential source of information to derive indices of
extreme climatic conditions (event duration, intensity and periodicity). Higher
spatial resolution (e.g. < 1km grids) daily historical climate data are currently
under development by ANU Fenner School and Bureau of Meteorology.
Potential application of water balance models that more accurately represent
the effect of soil structure and terrain on surface runoff and lateral distributed
movement of water in the landscape (e.g. Teng et al., 2005). For example,
Raupach et al. (2008) applied the multi-layered WaterDyn model to simulate
soil water availability at continental scales (5km gridded climate values) on a
near real-time daily time step for the Australian Water Availability Project
(www.csiro.au/awap) (though not currently adequately supported by soil data).

3.2.2 Additional Environmental Predictors for GDM analysis
Soil Data
The soil environment is a multi-attributed key determinant of biodiversity patterns. Soil
is functionally important in the storage and provision of water and nutrients, provides
space and structural support for plant roots, and physical habitat for a wide range of
flora and fauna. Currently, the best Australia-wide coverage of soil information is the
Atlas of Australian Soils with a generalised scale of 1:2 million (sources vary between
1:1 to 1:3 million; Northcote et al., 1960-1968; Bureau of Rural Sciences, 2000). These
data, when coupled with an interpretation of soil properties (McKenzie & Hook, 1992;
McKenzie et al., 2000), can be used to derive gridded soil attributes. For example,
Western and McKenzie (2004) derived 1km gridded soil hydrology attributes for use in
water balance modelling. These variables, among others, were compiled by Stein
(2008) for GDM analysis.
To complement the existing hydrology attributes we gridded five other soil properties of
relevance to biodiversity (Table 3-2): nutrient index, percentage clay content, soil
structure (grade of pedality; Figure 3-2), the presence or absence of calcrete (a layer of
gravel and sand cemented by calcium; Figure 3-1) and an index of interpretive
reliability (McKenzie et al., 2000). For comparison and consistency with the method
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used to generate gridded soil attributes, the previously derived attributes for soil depth,
water holding capacity and saturated hydraulic conductivity (Stein, 2008), were also
generated (Table 3-2). The continuous soil attributes were treated as categorical for
raster processing, requiring nearest neighbour resampling algorithms when applying
projection shifts or resizing grids.

Figure 3-1.
CALCRETE –
presence of a
conglomerate of
surficial gravel
and sand
cemented by
calcium, and
located in or
below the soil
profile.

There can be slight differences in the method used to spatially represent soil attributes.
McKenzie et al. (2000) provide median values for attributes associated with A and B
soil horizons and, in the case of soil depth, the overall solum thickness. From the data
compiled by Western and McKenzie (2004), Stein (2008) generated 1km gridded
values for saturated hydraulic conductivity of the A soil horizon (AKSAT in Figure 3-3).
Based on McKenzie et al. (2000) and weighted by the respective depths of the A and B
horizons, we further generated the average saturated soil hydraulic conductivity
(LOGKSAT in Table 3-2 and Figure 3-4). The solum average saturated hydraulic
conductivity may be relevant to plants that explore deeper soil horizons. Either of these
similar factors may be included in a model following tests to determine the most
effective alternative. In comparative tests of the two soil hydraulic conductivity layers
through preliminary GDMs for vascular plants we found that the solum average
(surface and subsoil layers) was a more effective predictor, possibly because this
factor represents more of the landscape variability in the mapped soil classification.
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Table 3-2. Revised set of soil attributes compiled from the 1:2M Atlas of Australian Soils based on their
assignment to principle profile forms (PPF) by McKenzie et al (2000), sourced from ASRIS
(http://www.asris.csiro.au/themes/Atlas.html). Each attribute is calculated as the average of up to 5 PPF’s
per map unit, and where applicable, also average-weighted by the depth of the A and B horizons.

Soil Attribute

Description

CLAY50

Median %clay content – calculated as the average of up to 5 PPF’s per map unit, weighted by
the depth of the A and B horizon

PEDALITY

Median grade of pedality (soil structure) – calculated as the average of up to 5 PPF’s per map
unit, weighted by the depth of the A and B horizon

ABDEPTH

Median soil depth – calculated as the average of up to 5 PPF’s per map unit, weighted by the
depth of the A and B horizon

CALCRETE

Relative presence of calcrete in or below the soil profile – calculated as the average of up to 5
PPF’s per map unit

LOGKSAT

Median Log10 of saturated hydraulic conductivity (mm/hour) – calculated as the average of up
to 5 PPF’s per map unit, weighted by the depth of the A and B horizon

NUTRIENTS

Nutrient status of the solum: low (1), moderate (2), high (3) – calculated as the average of up
to 5 PPF’s per map unit

PAWHC/
SOLPAWHC

Plant-available water holding capacity of the solum in mm – calculated as the average of up to
5 PPF’s per map unit

RELIABLE

Reliability of interpretation (1: >20 profiles + ancillary data, 2: 5-20 profiles + ancillary, 3:
interpolated from other PPF interpretations) – calculated as the average of up to 5 PPF’s per
map unit

SOLUMDEEP/
SOILDEPTH

Median solum thickness (metres) – calculated as the average of up to 5 PPF’s per map unit

Nutrient status is one of the key limiting factors determining the productivity of
Australian vegetation systems, but is only broadly represented by the soil properties
compiled from the Atlas of Australian Soils (McKenzie et al., 2000). We therefore
additionally compiled the 0.05°gridded pre-European (base) predictions of carbon,
nitrogen and phosphorous distributions which are outputs of the BiosEquil model
developed by Raupach et al. (2001a; 2001b). These data are available from the
Australian Natural Resources Atlas at http://www.anra.gov.au/ (
Table 3-3). Inputs to the pre-European models included meteorological surfaces of
daily gridded data at 0.05° spatial resolution (for Australia) (Jeffrey et al., 2001), soil
characteristics for current conditions derived from the Atlas of Australian Soils
(McKenzie et al., 2000), and vegetation characteristics (Leaf Area Index) (Lu et al.,
2001). An example layer is presented for mineral nitrogen concentration in soil water in
Figure 3-5.
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Figure 3-2.
PEDALITY – soil
physical
structure as
grade of pedality
(based on the
relative
proportion of
peds in the soil),
a factor that
influences the
hydraulic
conductivity of
soils .

Figure 3-3.
AKSAT - soil Ahorizon
saturated
hydraulic
conductivity.
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Figure 3-4.
LOGKSAT - soil
saturated
hydraulic
conductivity, as
the solum
average.

Table 3-3. Predicted carbon, nitrogen and phosphorous concentrations in pre-European Australian soils,
combining A and B horizons (Raupach et al., 2001); source: http://www.anra.gov.au/.

Soil Attribute

Description (derived from the metadata for each soil attribute)

COrg0.Base

Mean annual store of soil organic carbon (kgC ha-1). This is the basic measure of the store of
soil organic matter on the landscape. Like plant and litter carbon stores, the soil carbon stores
are strongly controlled by Net Primary Production (NPP), and hence by rainfall and saturation
deficit. All these C stores are also modulated by temperature because low temperatures slow
the decay of plant material and high temperatures promote rapid decay. Typically, most soil
carbon occurs in the upper soil layer.

NMnl0.Base

Mean annual store of mineral nitrogen (kgN ha-1). Of the plant-available N, only a small
fraction is in mineral form. The rest is "in use" in biomass or "on return" through litter and soil
organic matter. N storage maps strongly resemble the maps of C storage and Net Primary
Production (NPP), because the N stores are coupled to C stores through well-defined (though
not constant) N/C ratios in leaves, wood, roots, litter and soil organic matter. In particular,
saturation deficit and temperature exert similar controls on N stores as they do on C stores, in
the absence of agricultural inputs of N.

NMnlConc0.Base

Mean annual concentration of mineral nitrogen in soil water (mgN kgH2O-1). The dissolved N
concentration is calculated as the ratio of the mineral N store to soil water store, which
assumes that the entire mineral N is in solution. Rainfall has a strong influence on the pattern
of both these stores, but not on their ratio. The pattern of mineral N concentrations is explained
by the effect of air dryness (saturation deficit) on the mineral N store (mainly controlled by NPP)
which is greater than the effect of air dryness on the soil water store (mainly determined by
rainfall or energy limitation). This gives a pattern of N concentration in soil water that decreases
as the climate-average air dryness increases from temperate to semi-arid tropical
environments.
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Soil Attribute

Description (derived from the metadata for each soil attribute)

NTot0.Base

Mean annual store of total plant-available soil nitrogen (kgN ha-1). Total plant-available soil
nitrogen consists of the organic N in litter and soil plus the mineral plant-available N (including
both ammonium and nitrate). The pattern of this store strongly resemble the maps of C storage
and NPP, because the N stores are coupled to C stores through well-defined (though not
constant) N/C ratios in leaves, wood, roots, litter and soil organic matter. In particular, air
dryness (saturation deficit) and air temperature exert similar controls on N stores to those on C
stores, in the absence of agricultural inputs of N.

PMnl0.Base

Mean annual store of plant-available mineral phosphorus (kgP ha-1). Plant-available mineral P
stores are far from the total P store in the landscape, because much of the mineral P in the soil
is tightly chemically bound to the soil matrix and is therefore only weakly available for plant
growth (secondary P) or unavailable in time scales less than centuries (occluded P). However,
mineral P values from soil tests include some of this unavailable P. Hence, soil test data are
not directly comparable with these data, which incorporate only the P component which is
directly plant-available, or in other words is available for interaction with the carbon cycle. This
complication does not arise for nitrogen, because (to a good approximation) all landscape N
stores are plant-available. For the plant-available phosphorus budget, the inflows include
physical or biological weathering which releases P from inert soil pools, and fertilisation;
outflows include leaching, export in runoff (in both dissolved and sediment-bound forms) and
removal by harvest/browsing.

PMnlConc0.Base

Mean annual concentration of dissolved phosphorus in soil water (mgP kgH2O-1). The dissolved
P concentration is calculated as the ratio of the plant-available mineral P store to soil water
store. Rainfall has a strong influence on the pattern of both these stores, but not on their ratio.
The pattern of dissolved P concentrations is explained by the effect of air dryness (saturation
deficit) on the dissolved P store (mainly controlled by NPP) which is greater than the effect of
air dryness on the soil water store (mainly determined by rainfall or energy limitation). This
gives a pattern of P concentration in soil water that decreases as the climate-average air
dryness increases from temperate to semi-arid tropical environments.

PTot0.Base

Mean annual store of total plant-available soil phosphorus (kgP ha-1). Total plant-available soil
phosphorus consists of the organic P in litter and soil plus the plant-available mineral P. Plantavailable P stores are far from the total P store in the landscape, because much of the mineral
P in the soil is tightly chemically bound to the soil matrix and is therefore only weakly available
for plant growth (secondary P) or unavailable in time scales less than centuries (occluded P).
However, mineral P values from soil tests include some of this unavailable P. Hence, soil test
data are not directly comparable with these data, which incorporate only the P component
which is directly plant-available, or in other words is available for interaction with the carbon
cycle. This complication does not arise for nitrogen, because (to a good approximation) all
landscape N stores are plant-available. For the plant-available phosphorus budget, the inflows
include physical or biological weathering which releases P from inert soil pools, and fertilisation;
outflows include leaching, export in runoff (in both dissolved and sediment-bound forms) and
removal by harvest.
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Figure 3-5.
NMNLCONC0 mineral nitrogen
concentration in
soil water.

Geology Data
A new seamless, digital, surface geology dataset covering Australia at 1:1 million was
released by Geoscience Australia on 16 December 2008 (Raymond, 2008). The new
data replace the 1:2 500 000 scale digital map published by Geoscience Australia in
1998 (Shaw et al., 2008). The improved coverage in the new dataset is exemplified by
an increase from 8 000 to 247 000 polygons, and the increase from 200 to around
5 900 described geological units.
For these data to be useful in a continental GDM analysis, the categorical classes of
geology need to be attributed with continuous or ordinal bedrock properties, such as
hardness, grainsize, nutrient supply potential and acidity/alkalinity. For example, Geoff
Tassell allocated ratings for bedrock properties to each of the individual lithologies
described for a mapping unit on the digital edition of the 1976 Geology of Australia map
(Bureau of Rural Sciences, 1991). The mean values of these ordinal ratings were
weighted according to their relative dominance to derive continuous gridded values
(Nix et al., 1992). A similar allocation of bedrock properties to the individual lithologies
in the 1:1 million geology dataset would significantly value-add the product and enable
continuous variables to be derived and used in ecological models. In the absence of
suitable data and to address the gap in lithology information and attribute tables, two
factors were derived from the 1:1 million surface geology for Australia (Table 3-4).
An index of substrate fertility was developed by de Vries (2009) using a scheme from
the Broad Classification of Parent Material for Pedologic Purposes (Gray & Murphy,
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1999) (Figure 3-6). De Vries (2009) notes that the fertility index may be further
improved by experts using the detailed descriptions catalogued in the Australian
Stratigraphic Units Database, knowledge of soil formation, plant nutrition and ecology.

Figure 3-6.
FERT – an index
of inherent rock
fertility derived
from the 1:1
million surface
geology of
Australia by de
Vries (2009).

An index of geological age (millions of years before present) was derived from the 1:1
million geology dataset by combining the descriptive geological age fields with the
timescales database to assign numerical ages (Laurie, 2008). The geological age
attributes are expected to represent broad differences in substrate type related to
earth’s history, aspects of which may be indirectly correlated with substrate
disjunctions, rock attributes related to weathering such as hardness, grainsize and
nutrient supply potential related to acidity/alkalinity; which are themselves indirect
correlates with biological distribution patterns.
Because a mosaic of lithologies may occur in a map unit, the geological dataset
defines the minimum and maximum geological ages (zones) at the level of substage
and above. Descriptive name mismatches between the geology dataset and the
timescales database were corrected by J Laurie of Geoscience Australia, enabling
attributes to be assigned to each zone (minimum and maximum geological ages). Two
indices of geological age—mean (Figure 3-7) and range—were derived from the four
numerical age values for each map unit (Table 3-4). The age values were logtransformed for use as environmental predictors. The geological age datasets are
expected to represent broad differences in substrate type related to earth’s history,
aspects of which may be indirectly correlated with substrate disjunctions, rock
attributes related to weathering such as hardness, grainsize and nutrient supply
potential related to acidity/alkalinity.
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The continuous geology attributes were treated as categorical for raster processing,
requiring nearest neighbour resampling algorithms when applying projection shifts or
resizing grids.
Table 3-4. Geological attributes compiled from the 1:1M Surface geology of Australia for GDM analysis.

Attribute
FERT

GEOLLMEANAGE

GEOLLRNGEAGE

Description
An index of inherent rock fertility by de Vries (2009) for the 1:1 million geology of Australia
(Raymond, 2008) based on a scheme from the Broad Classification of Parent Material for
Pedologic Purposes (Gray and Murphy 1999). The scheme ranks lithological types on a 1 to 6
scale from rocks that are extremely siliceous (>90% silica) with an extremely low base content
(<3% Ca, Mg, Fe oxides) to those that are ultramafic (<45% silica and >30% base content).
The original data range (1-6) has been multiplied by 2: values now range from very low fertility
(2) to very high fertility (12). Rock voids without data including lakes were filled by
neighbourhood statistics.
Mean geological age (logarithm to base 10 millions of years before present) derived from the
1:1 million surface geology of Australia (Raymond, 2008) by combining the descriptive
geological age fields with the timescales database (Laurie, 2008) to assign numerical ages to
each map unit. The mean age values represent the average of the age values in four fields
(MIN_TOPAGE, MAX_TOPAGE, MIN_BOTAGE, MAX_BOTAGE). Rock voids without data
including lakes were filled by neighbourhood statistics.
Range in geological ages (logarithm to base 10 millions of years before present) derived from
the 1:1 million surface geology of Australia (Raymond, 2008) by combining the descriptive
geological age fields with the timescales database (Laurie, 2008) to assign numerical ages to
each map unit. The range in age values is derived from the maximum and minimum of four
fields (MIN_TOPAGE, MAX_TOPAGE, MIN_BOTAGE, MAX_BOTAGE). Rock voids without
data including lakes were filled by neighbourhood statistics.

Figure 3-7.
GEOLLMEANAGE
- geological age
(logarithm to base
10 of years before
present) derived
from the 1:1
million surface
geology of
Australia.
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Geophysics Data
Geoscience Australia is the custodian of the most comprehensive publicly available
airborne magnetic, gamma-ray, elevation, electromagnetic and gravity databases with
Australia-wide coverage. Airborne geophysical methods have traditionally been used in
geological mapping and mineral exploration. However, these remotely-sensed
measures of substrate may also act as spatial surrogates of soil properties influencing
vegetation distribution patterns. For example, Smyth et al. (2009) used the substrate
signature in radiometrics data as a predictor of biodiversity distribution patterns in
central Australia, along with other factors. We therefore investigated the potential
availability of complete continental coverage of National geophysics data. Three
National geophysics datasets have become available in recent times: magnetics
(Milligan et al., 2004), gravity (Geoscience Australia, 2009) and radiometrics (Minty et
al., 2008; 2009). While continental coverage for gravity and magnetic datasets is
complete, the National levelled radiometrics coverage is incomplete. We therefore
compiled the gravity (Figure 3-8) and magnetics (Figure 3-9) data as potential novel
predictors for GDM analysis (Table 3-5) in the absence of higher resolution substrate
information of more direct relevance to biodiversity distribution patterns.

Table 3-5. Geophysics attributes compiled for GDM analysis.

Attribute

Description

MAGNETICS

Magnetic anomaly grid of the Australian region, 3.1. Geoscience Australia (Petkovic & Milligan 2002).
Magnetic anomaly unit is nanoTesla (nT). Appropriate IGRFs have been removed. Small areas without
data were filled by neighbourhood statistics.

GRAVITY

The 2009 edition of the onshore gravity grid of Australia is a compilation of over 1.4 Million gravity
stations using Bouguer gravity anomalies in galileo units of acceleration (Gal). The original resolution
data were bilinear-resampled from 400m resolution to 1km. Small areas without data were filled by
neighbourhood statistics.

Magnetic survey data are used to identify favourable locations for mining ore bodies
and to detect new ore bodies. Magnetic anomalies arise from sources at all depths
within the earth’s crust and magnetic surveys potentially provide 3D geological
information (Clark, 1997). Systematic associations of magnetic minerals occur in many
mineral deposits and, consequently, the probable presence of mineral deposits can be
deduced from anomaly patterns in magnetic data if changes in depositional
environment, metamorphic grade or structural setting are also taken into account
(Clark, 1997; Gunn & Dentith, 1997). The natural remnant magnetism of a rock reflects
its history and the ambient field. Some rocks carry isothermal remnant magnetism as a
result of exposure to magnetic fields and some surface exposures may be lightening
affected. Magnetism may also be affected by weathering and sedimentation processes,
as well as rock metamorphism and hydrothermal reactions (Clark, 1997). Because
magnetism captures information about different rock types, it may also reflect
disjunctions in substrate type. Some of these signatures may be correlated indirectly
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with biodiversity distributions and therefore be useful predictors in some parts of the
Australian landscape. The magnetic anomaly dataset of Australia has been derived at
250m and 400m grid cell spacing’s (Milligan et al., 2004). A downloadable dataset has
been released at approximately 1km resolution (0.01 degrees) in GDA 94 (Petkovic &
Milligan, 2002). We reprojected this dataset to the standard datum WGS84 in
geographic format for use as an environmental predictor.
Gravity survey data are used along with magnetic anomaly data to detect ore bodies.
Regional gravity highs reflect areas of crustal thinning and gravity lows indicate areas
of low density sediment infill (Gunn, 1997). Mafic ore bodies may cause regional
magnetic anomalies and add to gravity highs, and so the geophysics datasets are often
used together. The 2009 edition of the gravity grid of Australia and surrounding areas
is a compilation of over 1.4 Million onshore gravity stations and offshore marine gravity
data derived from satellite altimetry with a cell size of 800m for the Lambert Conic
Conformal Projection grids and 0.00833333 degrees for the geodetic grids
(Geoscience Australia, 2009). The onshore component which uses Bouguer gravity
anomalies was projected to the standard datum WGS84 in geographic format and
resampled to 1km using cubic convolution for use as an environmental predictor.

Figure 3-8.
GRAVITY - 2009
edition of the
onshore gravity
grid of Australia
compiled from
over 1.4 Million
gravity stations
using Bouguer
gravity
anomalies in
galileo units of
acceleration
(Gal).
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Figure 3-9.
MAGNETICS Magnetic
anomaly grid of
the Australian
region, 3.1.
Geoscience
Australia
(Petkovic &
Milligan, 2002).

Soil and Atmospheric Water Availability
Soil moisture and atmospheric humidity are important drivers of biotic responses and
therefore commonly used as physiologically-relevant predictors in models of
biodiversity distribution to improve their generality (e.g., Randin et al., 2006;
Zimmermann et al., 2009). Indices of soil moisture can be derived using the GROCLIM
module of ANUCLIM and have been included in the derivation of growth indices (Stein,
2008). However, the current suite of ANUCLIM-derived moisture indices for GDM
analysis were generated using a constant soil type, but capacity exists to use a gridded
layer of spatially varying soil types (Hutchinson et al., 2000). To more effectively
capture the interaction between soil and climate, we applied a simple tipping bucket
water balance model, similar to that used in GROCLIM to estimate soil water
availability (e.g., Walker & Langridge, 1996) using the soil water holding capacity
attribute derived from the Atlas of Australian Soils (SOLPAWHC, Table 3-2).
Our water balance model is an extension of the WatBal and WatStat models
underpinning PlantGro (Keig & McAlpine, 1974; Hackett, 1988) developed in a
previous study (Battaglia & Williams, 1996; Williams, 1998) and later implemented in
AML (Williams et al., 2006). A continuous soil-water retention function (Walker &
Langridge, 1996) allowed spatial variation in soil water holding capacity and water
extraction to be incorporated. For simplicity, we used a constant soil water retention
function scaled between field capacity and wilting point. The water balance model
takes monthly inputs of rainfall and evaporation, initialised with soil water holding
capacities at half their maximum levels and equilibrated over two annual cycles after
which the monthly outputs—soil moisture content (volumetric water content in mm),
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surplus water (mm) and water deficit (mm) (Figure 3-10)—are retained (Table 3-6). The
soil moisture content is converted into physiological units of water potential (varying
between field capacity at 0 and wilting point at -1.5 MPa or 15 bars).
Table 3-6. Derived soil and atmospheric water balance variables (12 months representing long-term
average conditions) as environmental predictors for GDM analysis.

Variable

Description

Soil water potential
(MPa, WPOT)

The soil volumetric water content in units of pressure potential between field capacity (0
bars) and wilting point (-15 bars / -1.5 MPa), derived from a model of water balance.

Soil water deficit (mm,
WDEF)

The residual evaporative demand that is in excess of soil moisture at wilting point (-15
Bars) including rainfall, derived from a model of water balance.

Soil water surplus (mm,
SPLS)

The precipitation that is in excess of maximum soil water holding capacity including
evaporative demand, derived from a model of water balance.

Crop factor (unitless,
EAEO, ETa/E0)

The ratio of actual evapotranspiration to potential (pan, free-water surface) evaporation.
Adapted from the index by Specht and Jones (1971). Actual evapotranspiration (ETa) is an
output of a water balance model, and potential evaporation is an input. This ratio
represents a water stress index and has been termed the ‘crop factor’ (Doorenbos & Pruitt,
1975).

Water stress index
(unitless, PWAT,
ETa/ET0)

Water stress is the percentage of actual to potential evapotranspiration. Adapted from the
index by (Hackett, 1988). Actual evapotranspiration (ETa) is an output of a water balance
model, and potential evapotranspiration (ET0) is the pan evaporation (free-water surface)
adjusted by the coefficient of potential evapotranspiration (PETCF). A constant PETCF
value of 0.9 was used for all months which assumes constant leaf area index.

Dryness index
(unitless, ET0/P)

The ratio of potential evapotranspiration to precipitation. A numerical indicator of the degree
of dryness of the climate at a given location (Zhang et al., 2004). Where potential
evapotranspiration (ET0) is the pan evaporation (free-water surface) adjusted by the
coefficient of potential evapotranspiration (PETCF), as described above for PWAT (not
calculated).

Aridity index (unitless,
ARID, P/E0)

The ratio of precipitation to potential evaporation (pan, free-water surface). A numerical
indicator of the degree of dryness of the climate at a given location. Adapted from the index
proposed by UNEP (1992; cited in Middleton and Thomas (1997)). An indirect gradient.

Precipitation deficit
(mm, P-E0)
ADEFI, ADEFX

The difference between precipitation and potential evaporation (pan, free-water surface),
atmospheric only, without accounting for soil buffering capacity on water availability (after
Harmsen et al. (2009), adapted from De Pauw (2002)). Also known as water deficit or
hydrological deficit. An indirect gradient.

Vapour pressure deficit
(VPD)
VPDMAX, VPDMIN

The difference between the amount of moisture in the air (actual vapour pressure) and how
much moisture the air can hold when it is saturated (saturation vapour pressure).
Saturation vapour pressure is derived from minimum and maximum daily air temperatures.
Actual vapour pressure is derived from 1) relative humidity, 2) dew point, or 3) wet and dry
bulb temperatures with known psychrometric parameters.

Relative Humidity (RH)
RHU215_X, RHU215_I

The percentage ratio of actual vapour pressure to saturation vapour pressure (see VPD).
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Figure 3-10.
WDEF_MAX maximum annual
water deficit
(residual evaporative
demand) that is in
excess of soil
moisture at wilting
point, derived from
monthly
waterbalance with
solpawhc and
constant soil drying
curve (mm).

Further indices of soil and atmospheric water balance were derived for comparative
purposes as environmental predictors in GDM analysis. These include the water stress
index (crop factor), aridity index and precipitation deficit (Table 3-6). The water stress
index has been termed the ‘crop factor’ because it reflects the capacity of the
vegetation-soil interface to resist evaporative demand; an indicator of water use
efficiency (Doorenbos & Pruitt, 1975; 1977; Lal, 1991). Specht and Jones (1971)
developed this index for comparing the water use of plant communities growing in
different environments. Because actual evapotranspiration, derived using a water
balance model, expresses the evaporative power of the atmosphere and the availability
of water in the soil to plant roots, it effectively integrates the resulting processes of soil
water holding capacity, physical soil water retention curves (saturation to wilting point)
and canopy resistance factors (often assumed constant, e.g. 0.9, but is seasonally
varying with leaf area index).
Hackett (1988) developed a similar index as the percentage of actual to potential
evapotranspiration. Potential evapotranspiration is pan evaporation adjusted by the
potential evapotranspiration coefficient (PETCF) which simulates seasonal variation in
canopy resistance. For simplicity we assumed PETCF was seasonally unvarying with a
value of 0.9, but different values could be used where spatial and temporal variation in
vegetation parameters can be estimated from data or simulations. The precipitation
deficit (Figure 3-11) has been used to broadly compare the hydrological regimes of
sites and evaluate climate change implications (Harmsen et al., 2009). A positive value
indicates water in excess of crop water requirements and a negative value indicates a
deficit in terms of crop water requirements. An alternative expression is the aridity
index (Figure 3-12) which is the ratio of precipitation to evaporation (UNEP 1992 cited
in Middleton and Thomas (1997)), or the inverse ratio as the dryness index (Zhang et
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al., 2004). The choice of index to include in GDM analysis will depend on the stress or
productivity factors driving the patterns of distribution among the biota in question.
In each case, the minimum and maximum values of the monthly outputs described in
Table 3-6 were compiled for GDM analysis.

Figure 3-11.
ADEFI minimum
atmospheric
water deficit of
all the monthly
values (highest
moisture stress),
calculated as the
difference
between
precipitation and
potential
evaporation.

Figure 3-12.
ARID_MAX maximum aridity
index of all the
monthly aridity
indices,
calculated as the
ratio of
precipitation to
potential
evaporation,
indicating
degree of
dryness of the
climate.
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The precipitation deficit is an indirect measure of atmospheric water deficit. A more
direct measure is vapour pressure deficit (VPD) which characterises the diffusion
gradient between the atmosphere and the leaf or canopy, for example influencing
evapotranspiration rates through instantaneous stomata responses (Waring &
Running, 1988). Vapour pressure deficit is the difference between the amount of
moisture in the air (actual vapour pressure) and how much moisture the air can hold
when it is saturated (saturation vapour pressure). A related measure is relative
humidity (RH) which is the percentage ratio of actual vapour pressure to saturation
vapour pressure. Relative humidity is an important factor in models of fire behaviour
(Marsden-Smedley & Catchpole, 1995) and some humidity-dependent fauna such as
frogs (Najera-Hillman et al., 2009).
Both measures (VPD and RH) require estimates of actual and saturation vapour
pressure at the same temperature. As saturation vapour pressure is related to air
temperature, it can be calculated from the air temperature. Although it is not possible to
directly measure actual vapour pressure it can be derived from relative humidity or
dewpoint temperature with known parameters for atmospheric pressure, latent heat of
vaporisation and the psychrometric constant (e.g., Allen et al., 1998). Dewpoint
temperatures can be calculated from measurements of wet and dry bulb temperatures
(psychrometer) when air temperatures are greater than 0ºC, and relative humidity can
be measured directly with a hygrometer which uses temperature of condensation,
changes in electrical resistance, and changes in electrical capacitance to measure
humidity changes. There is also potential for satellite based estimation of VPD
(Hashimoto et al., 2008).
Depending on available meteorological data, there are different ways to estimate
relative humidity and vapour pressure deficit (Allen et al., 1998). Interpolated monthly
measures of dew point temperature, and wet and dry bulb temperatures from climate
station records can be generated from the ESOCLIM module of ANUCLIM (Hutchinson
et al., 2000). We used these monthly measures to calculate vapour pressure deficit
following the approaches outlined in Allen et al. (1998) (Equation 2). For relative
humidity we adopted the equation used by the Australian Bureau of Meteorology (after
Abbott & Tabony, 1985) (Equation 3). Because dew point can be estimated from
different data sources and we did not know how it was derived in ESOCLIM, we chose
to use the psychrometric data method to estimate actual vapour pressure (Equation 2).
Vapour pressure deficit and relative humidity can be calculated for 9am and 3pm daily
readings of wet and dry bulb temperatures. Because daytime measurements represent
the dominant influence on the relationship between plant productivity and water use,
and affects the radiation-use efficiency of crops (Tanner & Sinclair, 1983; Stöckle &
Kiniry, 1990), we chose to use derivatives of the monthly 3pm estimates of relative
humidity (Figure 3-14) and the maximum of either monthly 9am and 3pm vapour
pressure deficit (Figure 3-13) as environmental predictors for GDM analysis (Table
3-6). In each case, the minimum and maximum values of the monthly outputs were
compiled for GDM analysis (Appendix C).
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Figure 3-13.
VPD_MAX maximum
vapour pressure
deficit of all the
monthly either
9am and 3pm
values,
calculated as
the difference
between actual
and saturated
vapour
pressure.

Equation 2: Alternative calculations of vapour pressure deficit as outlined in Allen et al. (1998).

The vapour pressure deficit (es – ea) is the difference between the saturation (es) and actual vapour pressure (ea) for
a given time period. For time periods such as a week, ten days or a month es is computed using the Tmax and
Tmin averaged over the time period and similarly the ea is computed using average measurements over the same time
period. Where mean saturation vapour pressure, es: is:

Where eº(Tmin), is the saturation vapour pressure at the daily minimum air temperature and eº(Tmax) is the saturation
vapour pressure at the daily maximum air temperature for the period (e.g. day, week, decade, month), and where
saturation vapour pressure in kPa, eº for different air temperatures, T°C (e.g. Tmin, Tmax) is:

Where actual vapour pressure (ea) is derived from dewpoint temperature
As the dewpoint temperature is the temperature to which the air needs to be cooled to make the air saturated, the
actual vapour pressure (ea) is the saturation vapour pressure at the dewpoint temperature (Tdew) [°C], or:

Or actual vapour pressure (ea) is derived from psychrometric data
The actual vapour pressure can be determined from the difference between the dry and wet bulb temperatures (wet
bulb depression), expressed by the following equation: ea = e° (Twet) – γ psy (Tdry – Twet), where:
ea actual vapour pressure,
e°(Twet) saturation vapour pressure at wet bulb temperature,
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γ psy psychrometric constant of the instrument [kPa °C-1],
Tdry-Twet wet bulb depression, with Tdry the dry bulb and Twet the wet bulb temperature [°C].
Where the psychrometric constant, γpsy = apsy P:
P atmospheric pressure,
λ latent heat of vaporization, 2.45 [MJ kg-1], at 20ºC air temperature
cp specific heat at constant pressure, 1.013 10-3 [MJ kg-1 °C-1],
ε ratio molecular weight of water vapour/dry air = 0.622.

, where:

The coefficient apsy depends mainly on the design of the psychrometer and rate of ventilation around the wet bulb. A
value of 0.000662 was used to represent a ventilated (Asmann type) psychrometer, with an air movement of some 5
m/s. Atmospheric pressure (kPa) for different altitudes, P:
where z = altitude (e.g. from station location)
Actual vapour pressure (ea) derived from relative humidity data
The actual vapour pressure can also be calculated from the relative humidity. Depending on the availability of the
humidity data, different equations should be used. Assuming RHmax the actual vapour pressure is:

Where eº(Tmin), is the saturation vapour pressure at the daily minimum air temperature, defined above, the
calculation of which enable the estimation of actual vapour pressure deficit from maximum relative humidity data.

Equation 3. Alternative calculations for relative humidity as outlined by the Australian Bureau of
Meteorology (after Abbott & Tabony, 1985).
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Figure 3-14.
RHU215_X maximum 3pm
relative humidity
of all the
monthly 3pm
relative
humidity,
calculated as
the ratio of
actual to
saturated
vapour
pressure.

Seasonal Rates of Change in Climate
Many species respond to the regular progression in seasons utilising environmental
cues to trigger particular phenological responses that result in a productivity advantage
(growth, reproduction) or to avoid extreme conditions (drought, frost). For example,
many tree species are able to adjust, through acclimation, their optimum temperature
for photosynthesis with changes in environmental temperatures (Battaglia & Sands,
1997; Hikosaka et al., 2006). Rapid rates of change in environmental temperature, for
example inland regions versus coastal regions, may limit this acclimation response and
trigger frost-tolerance responses such as dormancy instead. Different species therefore
occupy different environments related to their adaptive capacity through phenology
responses to environmental cues.
While environmental differences may appear marginal, phenological phenomena are
often very sensitive to small variations in climate, especially temperature which exhibits
less inter-annual variability than rainfall. Phenology has therefore become of particular
interest as an indicator of climate change (e.g., Edwards & Richardson, 2004; Walther
et al., 2005). For example, Visser and Both (2005) recommend using the shift in the
seasonal changes in ecological conditions as a yardstick to assess whether the
change in phenology observed under climate change is sufficient or not to limit species
fitness.
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To capture some of the climatic cues potentially correlated with phenology responses,
we generated indices of seasonal rates of change in temperature and rainfall as the
difference between months in a forward succession (i.e., January values minus
December values, February values minus January values, etc) (Equation 4). The
minimum (negative indicating decreasing temporal trends) and maximum (positive
indicating increasing temporal trends) values of the monthly outputs were compiled for
GDM analysis (Figure 3-15, Figure 3-16, Table 3-7 and Appendix C).

Equation 4. Calculations for seasonal rates of change in temperature and rainfall.

For maximum or minimum temperature, the average daily rate of change in degrees-Celsius
per month was estimated as RT = Ti+1 - Ti , where i = 1, 2, 3, …, 13 (month 13 = month 1)
For rainfall, the average daily rate of change in mm per month was estimated as RP = (Pi+1 Pi)/Di, where i = 1, 2, 3, …, 13 (month 13 = month 1) and D is the number of days in the month

Table 3-7. Seasonal rates of change in temperature and rainfall as predictor variables for GDM analysis.

Variable

Description

RTI
(°C/day)

Change in seasonally varying minimum temperatures. The monthly average daily difference in minimum
temperatures between successive months (i.e., January values minus December values, February
values minus January values, etc), representing increments of change in the seasonal progression of
overnight temperatures. Minimum and Maximum values of the monthly variation were compiled for
analysis.

RTX
(°C/day)

Change in seasonally varying maximum temperatures. The monthly average daily difference in maximum
temperatures between successive months (i.e., January values minus December values, February
values minus January values, etc), representing increments of change in the seasonal progression of
daytime temperatures. Minimum and Maximum values of the monthly variation were compiled for
analysis.

RPREC
(mm/day)

Change in seasonally varying rainfall. The monthly average daily difference in rainfall between
successive months (i.e., January values minus December values, February values minus January
values, etc), representing increments of change in the seasonal progression of rainfall, standardised by
the average number of days in a month. Minimum and Maximum values of the monthly variation were
compiled for analysis.
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Figure 3-15.
RTIMIN minimum
change in
minimum
temperatures
between
successive
months.

Figure 3-16.
RTXMAX maximum
change in
maximum
temperatures
between
successive
months.
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Rainfall Seasonality
Rainfall across Australia is strongly seasonal, and this seasonality is a significant
determinant of biodiversity patterns influencing the timing of reproduction and growth
capacity. It strongly influences the balance between annual and perennial life cycle
strategies among plants. A winter-dominated rainfall regime occurs in the south and a
summer-dominated regime in the north. Uniform rainfall occurs across much of New
South Wales, parts of eastern Victoria and southern Tasmania. The monsoonal rains of
the extreme north fall between November and March and are often unreliable. More
than 80% of the continent has at least three months each year that are without
effective precipitation, resulting in drought conditions when this occurs during periods
of high temperature. We therefore considered measures of rainfall seasonality a priority
for the continental GDM analysis.
Indices of rainfall seasonality have been previously derived and used as predictors in
models of species distribution patterns. For example, the coefficient of variation in
monthly rainfall (standard deviation / mean) is used to represent rainfall seasonality as
one of 35 bioclimatic predictors derived using ANUCLIM software (Hutchinson et al.,
2000). In previous studies of plant distributions in north-eastern NSW, an index of
rainfall seasonality was used with considerable success (Austin, 1998). This index was
derived as the ratio of summer to winter rainfall where summer is defined as the total
rainfall over the three months December to February and winter as the total rainfall
June to August, beginning with the solstice months.
For continental Australia, we derived a composite rainfall seasonality index to
emphasise the north-south gradient in conditions from summer to winter-dominated
rainfall, and applied the same framework in developing an index of seasonal variability
beginning with the equinox months (spring-autumn dominated rain events) (Equation
5). For comparison, we also generated an index of annual rainfall seasonality broadly
based on the 6 warmest months (October to March) and 6 coolest months (April to
September) and the simpler form of the indices as previously used in the NSW studies
(Austin, 1998) (Appendix C). Because summer rainfall volumes are often many
magnitudes greater than winter rainfall volumes, we developed two forms of the index,
one of which used the logarithm of rainfall (Table 3-8). Preliminary GDM analyses
subsequently indicated that the two seasonal indices (SRAIN1 - Figure 3-17, SRAIN2 Figure 3-18) were the most effective predictors.
Equation 5. Derivation of rainfall seasonality indices from 12 months of total rainfall. Alternative form of
equation does not use the logarithm of rainfall.

Warm season rainfall (RONDJFM) is the total of rainfall in the six months from October to Match
Cool season rainfall (RAMJJAS) is the total of rainfall in the six months from April to September
Summer rainfall (RDJF) is the total of rainfall in December, January and February
Winter rainfall (RJJA) is the total of rainfall in June, July and August
Spring rainfall (RSON) is the total of rainfall in September, October and November
Autumn rainfall (RMAM) is the total of rainfall in March, April and May
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Seasonality of rainfall (summer-winter) (SRSW) (SLRAIN1):

⎡ log10 ( RDJF + 1) ⎤
⎡ log10 ( R JJA + 1) ⎤
⎥ − 1 ; else, SRSW = − ⎢
⎥ +1
⎣ log10 ( R JJA + 1) ⎦
⎣ log10 ( RDJF + 1) ⎦

if, RDJF ≥ RJJA, then: SRSW = + ⎢

Seasonality of rainfall (spring-autumn) (SRSA) (SLRAIN2):

⎡ log10 ( RSON + 1) ⎤
⎡ log10 ( RMAM + 1) ⎤
⎥ − 1 ; else, SRSA = − ⎢
⎥ +1
⎣ log10 ( RMAM + 1) ⎦
⎣ log10 ( RSON + 1) ⎦

if, RSON ≥ RMAM, then: SRSA = + ⎢

Annual seasonality of rainfall (warm-cool) (SRWC) (SLRAIN0):

⎡ log10 ( RONDJFM + 1) ⎤
⎥ − 1 ; else,
⎣ log10 ( R AMJJAS + 1) ⎦

if, RONDJFM ≥ RAMJJAS, then: SRWC = + ⎢

⎡ log ( R
+ 1) ⎤
SRWC = − ⎢ 10 AMJJAS
⎥ +1
⎣ log10 RONDJFM + 1) ⎦
Alternative form does not use logarithm of rainfall (SRAIN1, SRAIN2, SRAIN0)

Table 3-8. Rainfall seasonality factors as predictor variables for GDM analysis.

Variable

Description

SLRAIN0 /
SRAIN0

Annual rainfall seasonality: A factor variable in which warm-season-dominated rainfall is the ratio +
warm-season/cool-season, and cool-season-dominated rainfall is the ratio -(minus sign) coolseason/warm-season; where the warm season rainfall is defined as the logarithm of the sum of rainfall
over the six months Oct-Nov-Dec-Jan-Feb-Mar and the cool season rainfall is defined as the logarithm of
the sum of rainfall over the six months Apr-May-Jun-Jul-Aug-Sep [alternative form does not use
logarithm]

SRAIN0MP

Annual rainfall seasonality is the ratio warm/cool season precipitations, where warm season precipitation
is defined as the sum of Oct-Nov-Dec-Jan-Feb-Mar precipitation and cool season precipitation is defined
as the sum of Apr-May-Jun-Jul-Aug-Sep precipitations (Austin, 1998)

SLRAIN1 /
SRAIN1

Summer-Winter rainfall seasonality: A factor variable in which summer-dominated rainfall is the ratio +
summer/winter, and winter-dominated is the ratio -(minus sign) winter/summer; where summer
precipitation is defined as the logarithm of the sum of Dec-Jan-Feb precipitation and winter precipitation
is defined as the logarithm of the sum of Jun-Jul-Aug precipitation [alternative form does not use
logarithm]

SRAIN1MP

Summer-winter rainfall seasonality is the ratio summer/winter precipitations, where summer precipitation
is defined as the sum of Dec-Jan-Feb precipitation and winter precipitation is defined as the sum of JunJul-Aug precipitation (Austin, 1998)

SLRAIN2 /
SRAIN2

Spring-Autumn rainfall seasonality: A factor variable in which spring-dominated rainfall is the ratio +
spring/autumn, and autumn-dominated rainfall is the ratio -(minus sign) autumn/spring; where spring is
defined as the log of the sum of rainfall in Sep-Oct-Nov and autumn is defined similarly as March-AprilMay [alternative form does not use logarithm]

SRAIN2MP

Spring-Autumn rainfall seasonality is the ratio spring/autumn precipitations, where spring precipitation is
defined as the sum of Sep-Oct-Nov precipitation and winter precipitation is defined as the sum of MarchApril-May precipitation (Austin, 1998)
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Figure 3-17.
SRAIN1 summer (+ve) or
winter (-ve)
rainfall-dominated
season.

Figure 3-18.
SRAIN2 - spring
(+ve) or autumn
(-ve) rainfalldominated
season.
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Inter-Annual Climatic Variability
The seasonality, growing season lengths, climatic extremes and stochastic (interannual variability) nature of rainfall and temperature are strong determinants of
breeding patterns and reproductive success among Australian fauna and flora,
especially in arid and Mediterranean regions (e.g., Lamont et al., 2007). Although
biologists have long-recognised the importance of unpredictability in rainfall on the
patterns of distribution of biota and migration events, there have been few attempts to
develop predictors using the historical climatic data (although see Zimmermann et al.,
2009). Historical climatic data record temporal patterns in the intensity and duration of
extreme events linked to gradients in productivity or stress across continental Australia.
Extreme (stress) events include periods of drought (e.g. combinations of temperatures
> 35ºC without rain, over extended periods defined in days), flood and damaging wind
(e.g. cyclones). Productivity events might include aseasonal summer rainfall,
combinations of unusually cool summer temperatures and regular rainfall maintaining
equitable soil moisture levels, resulting in the periodic filling of inland lake and river
systems. The long term average monthly climate surfaces available with ANUCLIM
utilise the historical climate data, and some predictors may be correlated with the
likelihood of inter-annual stress or productivity events.
As an interim solution and to complement existing climatic factors, we compiled
continental indices for temperature extremes that were developed by Williams et al.
(2006) to map suitable areas for macadamia horticulture. Indices of average extreme
cold or hot conditions were derived from the 5km gridded values of daily climate over
50 years (c.1955-2005) (Jeffrey et al., 2001) resampled to 1km (Table 3-9). The
temperatures of the (absolute) hottest or coldest day per month were averaged over 50
years and expressed as the respective maximum or minimum (e.g. Figure 3-19) and
mean for the year. Preliminary GDM analyses subsequently indicated that these
indices were often less effective as predictors than the long-term climatic averages.
Higher resolution climatic data coupled with a comprehensive assessment of the
structure, type and utility of indices for biodiversity modelling would likely improve their
effectiveness.
Table 3-9. Long-term temperature extremes as predictor variables for GDM analysis.

Variable

Description

TMAXABSM

The annual mean absolute mean maximum temperature (ºC) based on the 50-year
average absolute maximum temperatures recorded daily per month (to 2005), derived from
SILO 5km gridded interpolations of daily climate

TMAXABSX

The annual maximum absolute mean maximum temperature (ºC) based on the 50-year
average absolute maximum temperatures recorded daily per month (to 2005), derived from
SILO 5km gridded interpolations of daily climate

TMINABSI

The annual mean absolute mean minimum temperature (ºC) based on the 50-year average
absolute minimum temperatures recorded daily per month (to 2005), derived from SILO
5km gridded interpolations of daily climate

TMINABSM

The annual minimum absolute mean minimum temperature (ºC) based on the 50-year
average absolute minimum temperatures recorded daily per month (to 2005), derived from
SILO 5km gridded interpolations of daily climate
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Figure 3-19.
TMINABSI minimum of mean
minimum daily
temperatures
(absolute) per
month.

General Bioclimatic Factors
A wide range of bioclimatic indices (climatic factors that influence living organisms) are
considered relevant to the distribution of biodiversity, encompassing essential
resources (water) or conditions determining growth and survival (frost, heat, drought,
wind) or linked to disturbance events (e.g. fire, cyclone, flood). As a result, a large
number of bioclimatic indices have been developed for modelling biodiversity patterns
(Nix, 1986; Busby, 1991). These and related factors (currently 35 indices) have been
incorporated into the ANUCLIM software package (Hutchinson et al., 2000) and widely
used in Australia and overseas to model species distributions. A key feature of these
bioclimatic indices is the two-way combination of climatic factors such as the mean
temperature of the driest quarter, where the driest quarter may be any consecutive 12
week period within the year. By ignoring the time of year, seasonal variation in
conditions that equate across wide geographic ranges are automatically taken into
account.
While many of the bioclimatic variables appear meaningful, and some may be equated
with interaction terms in a model, they can result in unusual spatial patterns with
arbitrary sharp boundaries. Therefore, we generated a suite of simple climatic factors
as the minimum and maximum of the monthly values (e.g. Figure 3-20, Figure 3-21) to
use as predictor variables in GDM analysis (Table 3-10). Some of these climatic factors
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replicate the bioclimatic variables (e.g. Bioclim variable 5 is maximum temperature of
the warmest period).
Table 3-10. Simple climatic factors (maximum and minimum values) derived from the annual variation in
rainfall, temperature, solar radiation and evaporation, as predictor variables for GDM analysis.

Variable

Description

EVAPI

Minimum monthly evaporation (mm)

EVAPX

Maximum monthly evaporation (mm)

RAINI

Minimum monthly precipitation (driest period, mm)

RAINX

Maximum monthly precipitation (wettest period, mm)

RADNI

Minimum monthly solar radiation (rainfall adjusted, flat surface) (W/m2)

RADNX

Maximum monthly solar radiation (rainfall adjusted, flat surface) (W/m2)

MAXTI

Minimum monthly maximum Temperature (C)

MAXTX

Maximum monthly maximum Temperature (C)

MINTI

Minimum monthly minimum Temperature (C)

MINTX

Maximum monthly minimum Temperature (C)

TRNGA

Absolute maximum monthly diurnal temperature range (maxtx-minti) (C)

TRNGI

Minimum monthly diurnal temperature range (maxt-mint) (C)

TRNGX

Maximum monthly diurnal temperature range (maxt-mint) (C)

Figure 3-20.
RANDX maximum solar
radiation (long
clear days).
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Figure 3-21.
TRNGX maximum of all
the monthly
diurnal
temperature
ranges. Each
month’s diurnal
range is the
difference
between that
month's
maximum and
minimum
temperature.

Geographic (positional) Factors
A commonly used indirect factor in biodiversity modelling, as a gross abstraction of
underlying causal factors, is the geographic gradient in north-south or latitudinal
dimensions. The latitudinal gradient in terrestrial species richness is commonly known
as Rapoport’s Rule (Stevens, 1989; Taylor & Gaines, 1999; Gaston, 2000; Willig et al.,
2003). Positional factors are not direct determinants of biodiversity pattern, but
correlate with a number of potential causal environmental factors (Austin, 1980;
Gaston, 2000; Austin, 2002).
Geographic location layers (East-West, North-South) were derived by the ERIN Unit of
SEWPaC (J Tranter pers. comm.). A slightly improved derivative of the north-south
factor related to the energy budget and influencing phenology is day length. Day length
is a rescaling of the latitudinal gradient that is more relevant to biological responses.
We therefore applied the day length model developed by Forsythe et al. (1995) in
which the timing of sunrise/sunset is defined when the centre of the sun is even with
the horizon. This definition is applicable to ecological studies where there is effective
light for photosynthesis (Brock, 1981; Running & Coughlan, 1988). We developed
monthly estimates of day length as the 15th day of each month within a year. We
selected two indices to describe day length – the shortest day (minimum in June) and
the longest day (maximum in December) (Figure 3-22).
The day length variable replaces the north-south latitudinal variable. Although day
length is related to the energy budget through potential solar radiation, it is more
distally related to the resources or conditions that directly influence species

Harnessing Continent-Wide Biodiversity Datasets

57

3

ENVIRONMENTAL DATA PREPARATION

distributions. Solar radiation and maximum (daytime) temperature are resource or
direct environmental factors that are correlated with day length. For example, day
length is an input to diurnal models of growing degrees derived from maximum and
minimum temperature variation (e.g., Sands, 1995). Day length however is more
directly related to photoperiod which is a significant factor in plant phenology
responses (Rathcke & Lacey, 1985). These more direct factors (temperature and solar
radiation) would supersede the use of day length in GDM analysis. In preliminary GDM
analyses, we found that day length was a strong predictor of biodiversity pattern,
largely because of its direct correlation with latitude and other predictors, often
replacing these with a marginal increase in explanatory power. Therefore we did not
include day length as a primary predictor for GDM analysis, but tested it for residual
significance in fitted models after including more direct factors.
Table 3-11. Location variables as indirect factors potentially tested as predictor variables for GDM analysis.

Variable

Description

EASTWEST

The geographic position in metres as the Easting or Longitude.

NORTHSOUTH

The geographic position in metres as the Northing or Latitude.

DL_P0
DL_P0_MIN,
DL_P0_MAX

The length in hours of the month with the shortest day (as 15th June) where sunrise/sunset
occurs when the centre of the sun is even with the horizon, using the calculations in
Forsythe et al. (1995).

Figure 3-22.
DL_P0_MAX The longest day
length of all the
monthly day
lengths, where
day length is
calculated
between sunrise
and sunset when
the centre of the
sun is even with
the horizon
(Forsythe et al.,
1995).
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Distance to Natural Water Sources
Regular access to water in pools and drainage lines is necessary for many animals,
especially amphibians, birds and many mammals. As a result, biodiversity often
concentrates around permanent water sources during extended periods of dry weather
and the availability of water influences seasonal migration patterns. We therefore
developed environmental predictors reflecting the straight-line distance to permanent
and non-permanent water sources; recognising that animals may not necessarily
access water in a straight line because of differences in mobility, rugged terrain and
presence of predators.
Perennial and temporary water features were derived from the hydrography data
provided with the National Geodata Topo 250K Series 3 (Geoscience Australia, 2006).
Natural areas were selected from categories defined as: waterholes, waterpoints,
springs, lakes, watercourse areas, and watercourse lines. Attributes within these data
allowed permanent and temporary water features and minor and major watercourses to
be distinguished. We used this information to numerically weight the relative
importance of different water features. In the absence of empirical data, perennial
water features were considered three-times more important to biodiversity in general
than temporary water, and major water courses were considered three times more
important than minor water courses. Water bodies which include larger features such
as lakes were treated as major water features. A weight was therefore assigned to
each category as shown in Table 3-12. We recognise, however that most arid animals
other than macropods and granivore birds do not rely on permanent water sources as
we perceive them. Our weighting system is therefore preliminary and could be
customised for particular taxa groups. In some arid systems, for example, equal
weighting of permanent and temporary water features may be more realistic where
fauna have evolved life history strategies to take advantage of the temporary water (A
Smyth pers. comm.).
Table 3-12. Water features and weights used in generating an index of distance to natural water sources.

Water Feature

Importance of
Feature

Assigned
Weight

Major

9

Minor

3

Major

3

Minor

1

Perennial

Major

9

Temporary

Major

3

Type of Feature
Perennial

Drainage Line
Temporary

Water body

Each geographic water feature was converted to a grid with resolution 0.01 degrees.
Perennial and temporary water features were analysed separately, and where drainage
and water bodies overlapped, the maximum assigned weight applied. The Euclidean
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distance from any location within the Australian continent to the water feature was
determined using the EUCDISTANCE function in GRID ArcInfo 9.2 (Environmental
Systems Research Institute, 2004). Three alternative layers were generated for testing
as predictor variables for GDM analysis (Table 3-13). Figure 3-23 shows the resulting
spatial pattern for distance to permanent water features. These models of landscape
water sources are preliminary and could be significantly refined, for example by
developing separate layers for minor and major water features that may be flexibly
used as independent predictors and weighted by the statistical relationships relevant to
the biota in question.

Figure 3-23.
DISTPERMWAT Euclidean
distance (in
geographic
degrees) from
any point in a grid
to permanent
water features
weighted by
minor/major fresh
waterbody or
watercourse.

Table 3-13. Distance to water predictor variables for GDM analysis.

Variable

Description

DISTNONPERMW

Euclidean distance (in geographic degrees) to temporary water features weighted by
minor/major waterbody or watercourse

DISTPERMWAT

Euclidean distance (in geographic degrees) to permanent water features weighted by
minor/major waterbody or watercourse

DISTANYWATER

60

Euclidean distance (in geographic degrees) to any water feature (permanent or temporary)
weighted by minor/major waterbody or watercourse
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Vegetation Data (pre-1750 NVIS)
To complement the abiotic environmental predictor variables, we generated a suite of
biotic predictors to represent spatial patterns in habitat structures and broad
compositional types of vegetation as predictor variables for GDM analysis. We used
descriptive information associated with the National Vegetation Information System
(Executive Steering Committee for Australian Vegetation Information, 2003;
Department of the Environment and Water Resources, 2007b) combined with the preclearing mapping of 67 major vegetation subgroups (Department of the Environment
and Water Resources, 2006) to derive indicators of variation in vegetation structure
(height, cover), major structural dominants and formation types (Table 3-14; detailed in
Appendix D). The indices aim to capture broad variation in habitat characteristics (e.g.
Figure 3-24 and Figure 3-25) potentially relevant to one or more of the taxonomic
groups in this study. The binary attributes characterise broad variation in vegetation
type, and are not based on mutually exclusive NVIS categories, but represent the
presence of an attribute in descriptive text associated with map categories. This
process often results in a map category being represented more than once across the
derived binary attributes.

Figure 3-24.
MVS31_CCMF median canopy
cover percent of
the tallest stratum
(U, M, G) derived
from canopy
cover range for
pre-European
major vegetation
subgroup defined
in NVIS 3.1.

Table 3-14. Vegetation attributes for GDM analysis derived from NVIS major subgroups by disaggregating
the map classes based on interpreted descriptions and supporting information (detailed in Appendix D
where assignment by MVS ID is given in Appendix Table 8). NEXT PAGE
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Vegetation
Attribute

Description

Median Height
(MVS31_HTMF)

The median height in metres of the tallest stratum (U, M, G) derived from the
indicative height range implied by the description

Range Height
(MVS31_HTRF)

The height range in metres of the tallest stratum (U, M, G) derived from the
height range implied by the description

Cover Median
(MVS31_CCMF)

The median canopy cover in percent of the tallest stratum (U, M, G) derived
from the indicative canopy cover range for the description

Cover Range
(MVS31_CCRF)

The canopy cover range in percent of the tallest stratum (U, M, G) derived
from the canopy cover range implied by the description

Eucalypt-dominated
(MVS31_EUCF)

The presence of eucalypts (=1) as a dominant or characteristic of the tallest
stratum

Acacia-dominated
(MVS31_ACAF)

The presence of acacia (=1) as a dominant or characteristic of the tallest
stratum

Banksia and undefined
heath or shrub lands
(MVS31_BKAF)

The likely presence of banksia or other undefined heath or shrubland (=1) as
a dominant or characteristic of the tallest stratum (NVIS ID: 16, 30, 32, 50,
97)

Other Myrtaceae
(MVS31_MYRF)

The likely presence of Melaleuca or Leptospermum (=1) as a dominant or
characteristic of the tallest stratum

Grassy2
(MVS31_GS2F)

The presence of grasses (=1) other than tussock and hummock grasses, as
a dominant feature or characteristic of the ground stratum

Grassy
(MVS31_GSYF)

The presence of grasses (=1) including tussock and hummock grasses, as a
dominant feature or characteristic of the ground stratum

Shrubby
(MVS31_SBYF)

The presence of shrubs (=1) as a dominant feature or characteristic of the
middle stratum

Tussocky
(MVS31_TSYF)

The presence of tussock grasses (=1) as a dominant feature or characteristic
of the ground stratum

Hummocky
(MVS31_HMYF)

The presence of hummock grasses (=1) as a dominant feature or
characteristic of the ground stratum

Rainforest
(MVS31_RFTF)

The presence of rainforest or wet forest (=1) as a dominant feature or
characteristic of the tallest stratum

Chenopods
(MVS31_CPDF)

The presence of chenopods or samphire (=1) as a dominant feature or
characteristic of the middle or ground stratum

Bare (MVS31_BREF)

The presence of bare rock, sand, mudflats, salt lakes, or alpine fjeldmark (=1)
as a dominant feature or characteristic of the ground stratum

Saline (MVS31_SLEF)

The presence of saline habitats (=1) including salt marshes, mangroves and
estuarine areas as a dominant feature or characteristic of the ground stratum

Freshwater aquatic
(MVS31_AQAF)

The presence of freshwater habitats (=1) including lakes, wetlands and
marshes as a dominant feature or characteristic of the ground stratum

Vegetation structure
index (MVS31_XX1F)

A multiplicative combination of vegetation height and cover variables (Median
Height X Median Cover)

Vegetation formation
complexity
(MVS31_XX2F)

An additive combination of vegetation ‘presence’ attributes: eucalyptdominated + acacia-dominated + banksia + grassy2 + shrubby + tussocky +
hummocky + rainforest + chenopods + bare + saline + freshwater aquatic

Vegetation complexity
(MVS31SO)

Vegetation complexity from tropical rainforest (=1) to arid grasslands (=60),
based on the variable SORTODER (the sort-order defined for the preEuropean major vegetation subgroups in NVIS 3.1)
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Figure 3-25.
MVS31_XX1F vegetation
structure index
calculated as the
multiplicative
combination of
vegetation height
and cover
variables (Median
Height X Median
Cover) for preEuropean major
vegetation
subgroup (NVIS
3.1).

3.2.3 Predictor Data Preparation for GDM
Several pre-processing steps were applied to each dataset for GDM analysis, semiautomated in ArcInfo AMLs:
-

Standardise all data layers (spatial projection, extent, cell size, etc)

-

Expand data zones to fill no-data regions where applicable

-

Create a mask and mask all layers to generate a consistent stack

The GDM software specifies the input format of the predictor data. All predictor data
must be in DIVA float (decimal) grids of the same dimension (rows, columns), cell size,
spatial position and mask (valid data, no-data). For the continental GDM, we adopted
the WGS84 spatial system in geographics with a cell size of 0.01 degrees of latitude
and longitude (Table 3-15). Our mask defining data/no-data extents was derived from a
composite of predictor layers by summing the values across all grids and then dividing
by the same, as follows:
Mask =

P1 + P2 + P3 + ... + Pn
, where Pn is predictor layer n, etc
P1 + P2 + P3 + ... + Pn

No-data values in one or more predictor layers are incorporated in the GDM mask. The
GDM mask contains some data gaps above the tip of Cape York which result from the
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extent of climate data generated by Williams et al. (2006). Each layer was
subsequently ‘masked’ using the SETMASK environment setting in ArcInfo GRID when
creating the final raster saved to a new workspace. The resulting set of grids is
sometimes known as a ‘stack’ – an ordered set of spatially overlapping grids (layers)
with the same map extent, cell size, data type and projection.
The masked layers were then converted to DIVA-GIS float-grid data format required by
the GDM software. ESRI grids can be converted to ASCII files and these ASCII files
are imported as float grids via DIVA-GIS 5.4 (noting that the data format of DIVA-GIS
version 7.1.7 (beta) is presently not compatible with .NET GDM software). A
conversion tool written in Avenue and run through ARCVIEW 3.x provides an easy
solution to data format conversion (DIVA2ESRI / ESRI2DIVA: Manion, undated).
To ensure a consistent stack of predictor data, and to minimise the occurrence of
unnecessary ‘no-data’ cells in the mask caused by a few datasets (mainly soil and
geology data), each dataset was pre-processed to remove missing values (e.g. null
values and zero values that represent null values) and to incorporate a more complete
coastline boundary. An AML to expand data into no-data cells was developed by the
ERIN Species and Communities team (R. Storey pers. comm.), mainly to ensure
coastline consistency in their data stack for MaxEnt software modelling. This AML was
applied routinely to data layers for GDM analysis as a pre-processing step. It was
modified to cater for categorical (e.g. NVIS, IBRA) as well as continuous data, and for
contextual differences in data where 0 values reflect no-data.
Table 3-15. Standard specifications for predictor data used with GDM software for the continental analysis.

Specification

Description

Cell size
Spatial System
Rows / Columns

DIVA-GIS float *.grd up to version 5.4
(http://www.diva-gis.org/);
DataType=FLT4BYTES
DIVA-GIS integer *.grd up to version
5.4 (http://www.diva-gis.org/);
DataType=INT4BYTES
Must be consistent
Must be consistent
Must be consistent

Extent Coordinates

Must be consistent

Mask

Must be consistent data/no-data cells

Predictor Data Format
and Type
Mask Data Format and
Type

Continental GDM Standards
As specified.

As specified.
0.01 geographic degrees
WGS84 in geographics
Columns=4074; Rows=3480
MinX=112.90; MaxX=153.64; MinY=-43.80;
MaxY=-9.00
Value = 1 (data); Data = 6,981,063 (cells);
No-data = 7,196,457 (cells)

In most instances, the floating point (double precision, decimal) data format is required
for GDM analysis. Data extent masks and condition masks (for post-processing gap
analyses) can be applied in integer or float format as applicable. However region
masks for residual analysis of biogeography predictors must be applied in integer
format.
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3.2.4 Digital Elevation Model (DEM)
Predictor data compiled for the continental GDM analysis derive from versions 2 and 3
of the 9-second DEM (Hutchinson et al., 2008). Some of the climate data were based
on data compiled for an analysis of macadamia growing areas by Williams et al. (2006)
which used version 2 of the 9-sec DEM. More recently compiled data derive from
version 3 of the 9-sec DEM (Stein, 2008).
We created a 0.01 geographic degrees version of the version 3 DEM for use with
ANUCLIM, via cubic resampling of the 9-second DEM. This DEM does not capture all
land areas. In future processing, we recommend updating the 0.01 resolution DEM with
additional land values (altitude), based on the 9-second DEM and the 1:100,000
coastline (Geoscience Australia 2004) even though some these areas may be less
than half the size of 0.01 grid.

3.2.5 Coastline Mask
A coastline mask with resolution 0.01 degrees was generated from the current extent
of the Australian coastline and surrounding islands defined by the GEODATA Coast
1:100,000 topographic vector data series (Geoscience Australia 2004). The coastline
mask captured some of the smaller land elements by buffering the vector data by 0.005
degrees before converting to raster using the cell centre option.
The coastline mask (OZCSTM_1KM) is designed as a mask to restore the boundary of
data generated from this project to reflect the GEODATA coastline (rather than the
‘expanded’ GDM analysis extent). This coastline incorporates some minor land and
island locations that are not yet captured by the 9-second digital elevation model
(Hutchinson et al., 2008).

3.3

Discussion

The suite of environmental predictors compiled and used in subsequent GDM analyses
are summarised in Table 3-16 and Appendix C. These data were broadly grouped into
similar types. Some of these types are expected to influence biodiversity distribution
patterns directly. Others are related through resources that affect life history strategies
or conditions limiting growth or survival, or have indirect effects through correlation with
one or more of the direct factors, often in ill-defined ways.
In addition to environmental predictors we compiled a suite of biotic predictors from the
National Vegetation Information System, a key objective of this project. The biotic
predictors were generated from the subgroup classification of major vegetation types
for Australia (Executive Steering Committee for Australian Vegetation Information,
2003; Department of the Environment and Water Resources, 2007b). In addition to
structural vegetation features (canopy height and cover architecture) and indices
related to vegetation complexity, we compiled a set of binary attributes to characterise
the broad range in vegetation types by disaggregating the map categories using key
words in the descriptions and supporting information based on NVIS major vegetation
subgroups (details are given in Appendix D). These attributes are relatively coarse and
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incorporate a degree of known error or uncertainty in map classifications, and are likely
to be significantly improved with higher resolution vegetation mapping and associated
descriptions, as State-based mapping becomes available and harmonised Nationally.
Table 3-16. Summary of environmental predictors for GDM analysis. Variable descriptions are given in
Appendix C. Predictors in brackets were not tested or excluded following preliminary analysis.

Variable Group

climate‐growth‐
index
climate‐humidity

List and Number of Predictors
C4GI, MEGAGI, MESOGI, MICROGI (4)
RHU215_I, RHU215_X, [VPDMAX, VPDMIN] (2)
ADEFI, ADEFX, ARID_MAX, ARID_MIN, EVAPI, EVAPX, RAINI, RAINX,

Climate‐moisture

RPRECMAX, RPRECMIN, [SLRAIN0]/SRAIN0, [SLRAIN1]/SRAIN1,
[SLRAIN2]/SRAIN2 (13)

Climate‐soil‐water‐
balance
Climate‐solar‐
radiation
Climate‐
temperature
Distance
Geophysics
location
substrate‐geology
substrate‐soil‐
attribute
substrate‐soil‐
nutrient
substrate‐terrain

EAEO_MAX, EAEO_MIN, PWAT_MAX, PWAT_MIN, SPLS_MAX, SPLS_MIN,
WDEF_MAX, WDEF_MIN, WPOT_MAX, WPOT_MIN (10)
RADNI, RADNX (2)
MAXTI, MAXTX, MINTI, MINTX, RTIMAX, RTIMIN, RTXMAX, RTXMIN, TRNGA,
TRNGI, TRNGX, [TMAXABSM, TMAXABSX, TMINABSI, TMINABSM] (11)
DISTANYWATER, DISTNONPERMW, DISTPERMWAT, [DISTCOAST] (3)
GRAVITY, MAGNETICS (2)
[NORTHSOUTH, EASTWEST, DL_P0_MAX, DL_P0_MIN] (0)
FERT, GEOLLMEANAGE, GEOLLRNGEAGE (3)
CALCRETE, CLAY, LOGKSAT/[AKSAT], NUTRIENTS, PEDALITY, RELIABLE,
SOLPAWHC/[PAWHC], [SOLUMDEEP/ABDEPTH]/SOILDEPTH (8)
CORG0, NMNLCONCN0, NMNLN0, NTOTN0, PMNLCONCN0, PMNLN0,
PTOTN0 (7)
RELIEF, ROUGHNESS, EROSIONAL, MRRTF, MRVBF, RIDGETOPFLAT,
SLOPE, TWI, VALLEYBOTTOM (9)
MVS31_ACAF, MVS31_AQAF, MVS31_BKAF, MVS31_BREF, MVS31_CCMF,
MVS31_CCRF, MVS31_CPDF, MVS31_EUCF, MVS31_GS2F, MVS31_GSYF,

vegetation‐attribute

MVS31_HMYF, MVS31_HTMF, MVS31_HTRF, MVS31_MYRF, MVS31_RFTF,
MVS31_SBYF, MVS31_SLEF, MVS31_TSYF, MVS31_XX1F, MVS31_XX2F,
MVS31SO (26)

Many environmental variables are direct derivatives, or superseded versions, of each
other. For example, soil depth and water holding capacity were derived from the Atlas
of Australian Soils using slightly different ways of combining the vector data with the
matrix of attribute values developed by McKenzie et al. (2000). In other cases,
alternative ways to represent the same type of process may be relevant to one or other
taxonomic group. For example, atmospheric humidity may be represented in terms of
relative humidity (the ratio of saturated to actual vapour pressures) or as vapour
pressure deficit (the difference between saturated and actual vapour pressures).
Similarly, there are various direct and indirect ways to express the derivatives of water
balance modelling and some of these are explored here (e.g. crop factor and water
stress indices). Because the choice is not necessarily obvious, and to some extent
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depends on the biota in question, alternatives were retained in the set to be tested for
inclusion in a fitted model.
The environmental variables compiled for GDM analysis contain a variety of direct and
indirect factors that with further testing could be substantially reduced to a minimum set
of useful predictors. To simplify the process of fitting models in the first instance, and
because of spurious spatial patterning in part attributed to numerical precision, we did
not use the 35 bioclimatic parameters. These were effectively replaced by the minimum
and maximum of the 12 monthly values, some of which are identical to the bioclimatic
variables.
Drawing on niche theory and the continuum concept, widely applied in ecological
science to species distribution modelling, we compiled or generated environmental
data representing variability in resources and conditions associated with climate,
terrain, substrate and biota for use as predictors in GDM analysis. We built upon an
initial set of 54 environmental predictors compiled by Stein (2008) in 2007/2008, and
sourced additional National datasets that have recently become available or expanded
the set of attributes captured from existing data such as soils and mineral nutrients,
generated alternative climatic predictors including rainfall seasonality, and created new
data as combinations of a range of sources, such as distance to water, relative
humidity and water balance. Of the predictors listed in Table 3-16, 74 abiotic factors
and 26 biotic factors were screened for significance in GDM models.
In developing these predictors, we converted existing data formats to the standards
required for GDM analysis. Considerable effort is needed to synchronise environmental
data for spatial modelling applications including appropriate conversion from
categorical to continuous form and from vector to raster (Chapman et al., 2005), but
once complete, the data have wide application and can be used over and over again in
both species and community-based modelling. Care is needed in preparing
environmental data because errors in the underlying spatial data or artefacts
introduced by the spatial processing can affect the resulting model and maps.
Many more environmental predictors were compiled than will be used in any one fitted
GDM model. Different combinations of predictors along with non-linearity in the
relationship applied through I-splines are needed to provide flexibility in fitting models
to different patterns of compositional dissimilarity among plants, vertebrates and
invertebrates. As new data are generated to describe different aspects of environment
with greater accuracy in terms of simulated physical processes or spatial resolution,
these data can be compiled as predictors and tested in GDM analysis. In future
applications, we expect improvements in water balance and terrain modelling, including
the effects of topography on solar radiation and climate, to provide more effective
predictors that result in fewer variables being included in fitted models for the same
statistical deviance explained.
Areas in which we see opportunities for better environmental predictors include:
-

Development of rock attributes based on the 1:1M surface geology for Australia

-

Completion of National radiometrics mapping

-

Refinement of soil attributes through use of best available soil data and
modelling techniques (more than just hydrology attributes)
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-

Application of SRAD or similar software to generate topographically adjusted
solar radiation, applied to temperature, evaporation and water balance

-

Application of a distributed and multi-layered water balance model

-

Higher resolution vegetation (habitat) structural attributes and characteristic
dominants using detailed descriptive information such as Level V NVIS
attributes (M Bolton pers. comm.), to be used as surrogates for some animal
habitats and understorey plants

-

Development of indices for natural disturbance regimes and extreme events
(periodicity, intensity, duration) related to fire, cyclone, flood, erosion, and
climatic periodicity, etc

-

Contextual factors for particular ecological groups of species (e.g. distance to
water, migratory routes, network analysis, neighbourhood analysis, etc)

Some remotely-sensed satellite land cover indices may be relevant in relatively
natural regions where land use and climate change have not significantly altered
the pre-European state of vegetation structure and cover, but care is needed in
choosing indices to avoid confounding effects of land degradation. Therefore, for
the purpose of predicting original patterns of biodiversity distribution, we have not
used satellite remote sensing of land cover change or mapping of land use
pressures. These indices are applicable in subsequent analyses of landscape
condition and the consequences for biodiversity in terms of effective habitat areas
(for example, see analyses in Section 6 and discussion of future directions in
Section 9).
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GDM MODEL FITTING
Introduction

As described in Section 1, Generalised Dissimilarity Modelling (GDM) is a statistical
technique for analysing and predicting patterns of turnover in community composition
(beta diversity) across large regions. The approach is an extension of matrix regression
designed to accommodate the two different types of non-linearity encountered in largescale data sets discussed previously (Ferrier et al., 2007). The response variable in
GDM is the compositional dissimilarity between pairs of sites – i.e. the proportion of
species occurring at one site that do not occur at the other site (averaged across the
two sites). The predictors consist of values for the two sites (in each site pair) in
relation to a set of environmental variables (described in Section 3).
The challenge in generating a GDM model is one of fitting a function to each of the
environmental variables, such that a model based on environmental distances
measured from these functions, provides the best possible fit between predicted and
observed compositional dissimilarity. The relationship between compositional
dissimilarity and environmental distance is not typically linear. The effect which a given
difference in environment may have on compositional turnover depends on where it
occurs along the environmental gradient. This flexibility of response shape is modelled
by fitting an I-spline function for each environmental predictor variable (Manion,
2009b). In GDM, Ferrier et al. (2007) also make the reasonable assumption that
compositional dissimilarity can only increase, not decrease, with increasing separation
of sites along an environmental gradient. The functions are therefore constrained to be
monotonic.
In fitting a GDM model, two key challenges need to be addressed: 1) selecting, in an
objective manner, predictors for inclusion in the model, and 2) evaluating and verifying
the predictive performance of the fitted model. For the continental application of GDM,
described here, we focused on 1) and initiated the development of tools and
approaches for addressing 2). The following section describes how we developed fitted
GDM models and the results for each taxonomic group. Concurrent with this work, the
GDM software was extended or enhanced to enable or automate the applications
described here (detailed in Appendix E).

4.2

Methods

4.2.1 Choosing the response sample
Although presence/absence data are preferred, most GDM analyses are conducted
with data comprised mainly of presence-only sources which is the nature of the data
compiled in ANHAT. Even when aggregated within 1km grids, as few as one species
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within a taxonomic group may be represented at a site. The number of species at a site
was therefore used as a filter to improve sampling comprehensiveness by removing
potentially under-sampled sites (possible false absences for some species) associated
with the response data for GDM. Sampling comprehensiveness was determined
qualitatively by experimenting with different filters applied to the number of species at a
site. In Section 2.2.3, we outlined how we derived different sub-samples of site-pairs
with different species-richness thresholds for each taxonomic group using the
generalised GDM beta-diversity site-pair generator (Rosauer, 2009).
Preliminary GDM models were run to determine which sub-samples of site-pairs to use
in developing fitted models. In each case, samples comprised 200 000 site-pairs. A
standard set of 57 predictors plus geographic distance were used. These preliminary
models are indicative of the maximum percent ‘explained deviance’ that may be
achieved for the subsample. As the richness threshold was increased, sites and in
some instances species were eliminated from the set used to generate site-pair
samples. In some cases, as the minimum threshold for species richness increased,
sites in sparsely sampled bioregions were completely removed, potentially introducing
geographic bias in the sub-sample. A trade-off existed between sampling
comprehensiveness (improving statistical fit) and geographic representativeness
(improving prediction robustness).
Results were therefore assessed in terms of:
•

the overall deviance explained by the standard model contrasted with the
number of species eliminated from the set (higher percent deviance explained
preferred), and

•

reduction in geographic representation among sample sites (based on the
number of bioregions represented by <11 sites and nil sites) (complete
geographic representation preferred).

4.2.2 Variable selection and fitting strategy
We developed a systematic procedure for working through a large number of potential
predictor variables. Available predictor variables were grouped into relatively correlated
sets of environmental factors, broadly representing variation in climate (moisture,
temperature, light), substrate (soil, lithology), landform (terrain indices) and biotic
factors (vegetation structure, cover and type) (Table 3-16). Predictors within a group
generally have a common derivation, and between groups are considered relatively
independent. That is, predictors from different groups are expected to add information
to the model that further explains (discriminates) pattern in the response data, whereas
predictors from within a group may be highly correlated and replaceable in the model.
Due to memory constraints in computing, it was not possible to test all predictors at
once. We therefore clustered the groups of predictors into four sets and successively
tested these using a type of forward selection procedure to generate an over-fitted
model as the starting point for backward elimination. The over-fitted model here is
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defined as the subset of 100 predictors (e.g. 50) that in combination are statistically
associated with the sub-sampled response comprising 200,000 site pairs (100,000 sitepairs were used if necessary within computer memory limits), even if that association is
close to negligible due to multicollinearity. The output of the model at each step in
developing the over-fitted model is a set of active predictors with fitted coefficient
values for the minimum, three I-spline base functions and a set of inactive predictors
with zero coefficient values. Inactive predictors were removed (to restore computing
memory) and the next set of predictors tested along with the remaining ‘active’
predictors. The motivation for this initial forward selection procedure was the
computation trade-off between the number of site-pairs and the number of predictors
that could be included in a single test run, while also taking into account the inevitable
correlation between predictors which required them to be tested together. Alternative
approaches exist, such as a priori selecting relatively uncorrelated environmental
predictors considered to have the most influence on biodiversity patterns for use in all
subsequent analysis.
Once the over-fitted model was derived, a process of backward elimination followed.
These over-fitted models must be pruned to eliminate correlated and unnecessary
predictors. We developed a process of backward elimination to incrementally remove
predictors. Because the number of site-pairs in the subsample can influence the choice
of predictor variables, due to under-sampling of the available variation in the data, we
aimed to maximise the number of site-pairs that resulted in a successful model within
available computation limits. Therefore we periodically tested an increase in number of
site-pairs during the elimination process. While it would also be prudent to test for an
increase in the number of I-splines associated with a predictor variable, and preliminary
tests indicated this would be appropriate for some variables, we decided to use the
minimum 3 I-splines in all cases.
The GD Modeller software now includes an automated backward elimination function
which determines the predictor variable with the least loss of deviance or summed
coefficient values to drop at each step (detailed in Appendix E). (Summed coefficients
are the sum of each coefficient value fitted to each of three I-splines). This procedure
conducts rigorous tests by removing each predictor and running the alternative model.
(This procedure presently does not work with under-sampling covariates, but future
refinements of GD Modeller software will enable these covariates to be included in
automated routines.) The user can nominate a stopping rule for elimination based on
the partial deviance explained by the predictor variable (the loss in percent deviance
explained if the variable is removed), or a minimum summed coefficient value.
Because this procedure takes a long time to execute (i.e. for 45 variables, the GDM
model may be run 760 times and take weeks to complete), we primarily used a manual
backward elimination procedure in which the variable with the smallest summed
coefficient value is dropped following a single run. After each 2-5 variables are dropped
the model is tested for an increase in the number of site pairs that can be used, so that
the final fitted model is based on the largest possible number of site pairs (e.g. up to 1
million). This process requires about 30-40 runs to complete and a high level of user
intervention, but will be automated in future versions of GD Modeller. Tests for an
increase in the number of site-pairs often fail, and need to be rerun. The GDM batch
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module enables these alternatives to be set up and run sequentially, thereby improving
the efficiency of user intervention.
The backward elimination process effectively prunes the over-fitted model by removing
minor correlated predictors that contribute little or nothing to the final fitted model. Due
to multicollinearity among predictor variables, the coefficient estimates may change
erratically in response to small changes in the model or the data. The initial model
effectively over-fits the calibration data (meaning the model is able to accurately
classify the calibration data, but the model performs poorly when predicting test data).
It is not always clear when to stop eliminating variables from the model. Mainly we wish
to avoid an over-fitted model and likewise, we would want to include all predictors that
make a significant contribution in explaining the response patterns within reasonable
limits of parsimony. In the absence of permutation tests, one rule of thumb is that about
10-15 predictors are likely to be useful. Fewer predictors may be desirable for
subsequent processing (e.g. gap analyses) which is equally computationally intense.
Another rule of thumb is to check for correlated variables (multicollinearity) from the
same group that possibly represent the same environmental effect and could be
eliminated. It is preferable to have conducted a preliminary analysis of variable
correlations to get an understanding of how they are structured relative to each other,
but this process does not necessarily indicate which variable is the better predictor of
the response requiring that each be tested, or an a priori decision made based on
ecological grounds. In a pruned model, we would expect one of a pair of highly
correlated variables to be eliminated without much loss in deviance. These criteria are
therefore taken into account in deciding on the final model.
Our model-fitting strategy therefore involved the following steps:
1. Identify groups of predictors and successively add these to generate an overfitted model, while removing inactive predictors at each step, using 100 000 to
200 000 site-pairs within available computing resources.
2. Conduct backward elimination on the over-fitted model to derive a ‘final model’
using consistent criteria and incrementally increase the number of site-pairs
within available computing resources. Consistent criteria are defined in terms of
the change in percent deviance explained or increase in summed predictor
coefficient values, and a target number of predictor variables.
3. If the under-sampling covariate was removed from the final model to facilitate
automated backward elimination, manually test the significance of the undersampling covariate and include it in a revised final model if it meets the criteria
(e.g. change in percent deviance explained or increase in summed predictor
coefficient values, as used for other environmental variables in Step 2).

4.2.3 Model outputs
Transformed environmental grids were generated from the final fitted model for use in
subsequent conservation assessment analyses (described in Sections 5 and 6).

72

Harnessing Continent-Wide Biodiversity Datasets

4

GDM MODEL FITTING

Models were fitted using the range of observed values for the predictor variables
represented by the response sample data, which often fall within the full range of
values occurring across the continent as a whole. When transformed environmental
predictors (spatial layers) are generated using GD Modeller tools, the slope of the line
is linearly extended beyond the maximum or minimum values. Therefore, to minimise
extrapolation when applying the results of the model to the predictor surfaces, we used
the minimum and maximum range of predictor values.
The transformed environmental predictors can be individually mapped and visualised.
Each map shows regions of the landscape which have been influential in explaining
patterns of compositional dissimilarity and other areas of less importance. Aspects of
the GDM model fitting process and outcomes can be visualised by showing
transformed environmental predictors alongside the fitted function and the
corresponding legend, and spatial patterns compared with untransformed predictors.
Because predicted compositional dissimilarities are based on cell-pairs, specialised
tools are needed to visualise results. Ferrier et al. (2007) describe a number of ways in
which predicted compositional dissimilarities may be mapped to visualise spatial
patterns and various post-processing tools have been implemented in GD Modeller to
support the presentation of results. For example, predicted dissimilarities can be used
to cluster grid cells into discrete classes employing some form of numerical
classification. We therefore generated unsupervised classifications for each taxonomic
group applied to the transformed environmental predictors as a standard way to
visualise and compare results, using the tools and settings in GD Modeller. This
classification is performed for a random sample of cells, with each of the other cells
assigned to one of the resulting classes based on a k-nearest neighbour analysis
(Ferrier et al., 2007).
Colouring of the classes uses red, green, and blue (RGB) combinations, such that grid
cells mapped in a similar colour are predicted to have similar biological composition,
while cells mapped in a very different colour are predicted to be highly dissimilar in
composition. A colour in the RGB colour model is described by indicating how much of
each of the red, green, and blue is included. The colour is expressed as an RGB triplet
(r,g,b), each component of which can vary from zero to a defined maximum value. If all
the components are at zero the result is black; if all are at maximum, the result is the
brightest white than can be represented. In 8-bit computing, the component values of
red, green, blue colour combinations are stored as integer numbers in the range 0 to
255 (256 distinct values). This colour model is presently used in GD Modeller. There
are 256 possible classes for each of the R, G and B values, thus 232 possible colours.
However, the number of classes in a classification is limited by available computing
(linked also to the number of samples used in the classification) with 250-300 classes
generally recommended. GD Modeller generates six different colour variations
resulting in different visual impressions of the same classification. One of these colour
variations is selected for the figure presentations, a subjective choice of colours that
approximate trends in wet (greens) to dry (browns).
For consistency in comparing classifications at continental scales between biological
groups we used 10,000 sample points and the full colour spectrum in 300 classes. For
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regional comparisons we used 5,000-10,000 sample points and the full colour
spectrum in 255 classes.

4.3

Results

4.3.1 Choosing the response sample
Preliminary models for each taxonomic group with different richness thresholds guided
the choice of site-pair (response) sample to use in subsequent GDM model fitting
(Appendix F). Two-thirds to three-quarters of sites may be removed from the sample
depending on the richness threshold used. We found a trade-off between increasing
deviance explained, increasing geographic bias and decreasing sample size. It was
necessary to choose between these criteria in determining which site-pair to use for
each taxonomic group. Principally we aimed for a reasonable geographic spread of
samples, using bioregions as an indicator, and were less concerned with the loss of
species from the sample as a whole.
For invertebrate groups, we chose a threshold of one species per site (Table 4-1),
primarily because of sparse continental sampling. That is, sites (0.01 degree grids) with
only one species recorded were removed from consideration.
Table 4-1. Results of preliminary models for each taxonomic group testing different site-pair samples with
varying species richness threshold.

34.54

Number
of
regions
with <11
sites
0

Number
of
regions
with nil
sites
0

99.23

52.94

29

2

9.50

98.10

53.59

42

5

52.10

17.45

98.62

30.31

17

2

>1

38.93

28.10

96.35

54.32

61

14

Ground Spiders

>1

24.35

14.99

87.5

18.81

37

9

Mammals

>3

36.30

14.00

98.30

20.97

3

0

Plants

>5

49.76

37.52

97.34

27.98

0

0

Reptiles

>3

43.86

19.55

97.39

25.11

7

0

Snails

>1

40.92

34.18

95.69

46.79

12

3

Termites
Trapdoor
Spiders
Wolf Spiders

>1

19.87

11.21

98.80

43.09

30

6

>1

39.82

34.03

79.75

31.64
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30

>1

22.76

12.21

96.55

34.88

39

11

Species
Richness
Threshold
(included)

%
Explained
Deviance

Sum of
Coefficients

%species in
data

%sites
in data

Birds

>14

46.07

7.56

100.00

Butterflies

>1

17.47

11.15

Dragonflies

>1

17.35

Frogs

>2

Ground Beetles

Taxonomic
group

74

Harnessing Continent-Wide Biodiversity Datasets

4

GDM MODEL FITTING

Higher richness thresholds were used with plants and vertebrate groups (Table 4-1).
The highest was for birds (≥15) which are comprehensively sampled mainly through
the coordinated efforts of interest groups such as Birds Australia. Even with this
richness threshold, which reduced the data to about one third of sites, all species and
bioregions were represented. We did not filter migratory or vagrant species, and so it is
likely these observations will depress the predicted level of compositional dissimilarity
between pairs of sites. Most of these observations turn up along coastal Australia
although some may be recorded on inland freshwater lakes with muddy edges (A
Smyth, pers. comm.). As a result, most coastal sites will be different from non-coastal
ones and this effect is most obvious between summer and winter records. Vascular
plants are also comprehensively surveyed, however a richness threshold of 6 or more
species was found to be a reasonable compromise, incorporating about one third of
sites without excluding species while representing all bioregions.
Preliminary GDM models (Table 4-1) for eight taxonomic groups were found to have
potential maximum percentage deviance explained of 30% or more (birds, frogs,
ground beetles, mammals, plants, reptiles, snails and trapdoor spiders). Lower levels
were recorded for the remaining invertebrate taxonomic groups (butterflies, dragonflies,
termites, wolf spiders). Trapdoor spiders and wolf spiders were subsequently grouped
as ground spiders, although rarely recorded in the same grid cell (site). Thus the vast
majority of ground spider sites recorded only one species – that is, only 18.8% of sites
are represented in the data after removing those with only one species (Table 4-1).

4.3.2 Variable selection and fitting strategy
The initial process of variable selection involved generating an over-fitted model for
each taxonomic group by screening 74 abiotic factors and 26 biotic factors for
statistical significance. Two under-sampling covariates (described in Section 2.2.4)
were also tested as predictor variables. The resulting over-fitted models contained
between 41 variables (for ground beetles) and 70 variables (for plants). Summed
coefficient values for any one predictor varied between less than 0.01 (most models)
and 7.7 (plants and reptiles). The backward elimination process successively removed
50-70% of predictors with low summed coefficient values, so that the lowest value for
final fitted models varied between 0.07 (butterflies, dragonflies) and 0.5 (termites and
plants). The low summed coefficient values for butterflies and dragonflies are biotic
factors which were retained in the model following automatic elimination using
deviance explained as the selection criterion. Although the summed coefficient values
were lower than other variables, the deviance explained contribution was higher. Two
other invertebrate models (ground spiders and termites) were derived using deviance
explained with the automated backward elimination procedure. Thus, the choice of
criterion for removing predictors can influence which are included in the final models.
The deviance criterion ensures relatively independent variables that significantly
contribute to the explanatory power of the model are included, even if they contribute
less in terms of biological turnover. Using the summed coefficient criterion for
elimination, the biotic predictors and many substrate factors were not included and
climatic factors dominate in most of the other models (vertebrates and vascular plants).
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The number of predictors in the final model was limited to 23 or less, imposed by a
computation limit for subsequent gap analysis.
The final model’s fitted coefficients for each taxonomic group are detailed in Appendix
G and summarised in Table 4-2. Eight-one of the 100 environmental predictors (abiotic
or biotic) selected for testing in GDM models were represented in at least one of the
eleven taxon models. The most frequently selected predictors and their summed
coefficient values are summarised in Table 4-3, and grouped by type of predictor in
Table 4-4. Predictors associated with climate (rainfall, temperature, solar radiation and
growth indices) dominated in most cases, but non-climatic factors associated with
terrain and substrate were also represented. Biotic factors were less often included; in
part because the predictor selection method based on summed coefficients was most
commonly used, as discussed above. An under-sampling covariate was included as a
predictor in all fitted models except plants and ground spiders (Table 4-4). In the case
of plants, it was the 24th predictor but the model was pruned to 23 predictors.
Table 4-2. Summary of final models for each taxonomic group using the selected site-pair samples (details
of predictors are given in Table 4 of Appendix C).

%
Explained
Deviance

Sum of
Coefficients

Number
predictors

48.58

7.43

22

Number
Coefficients >
0
42

1.612784

16.98

10.54

22

28

MEGAGI

999846

1.418780

15.15

8.83

22

30

MEGAGI

Frogs

997625

0.352393

51.50

18.18

22

35

SRAIN1

Ground Beetles

999976

0.592845

45.94

34.40

22

37

RADNI

Ground Spiders

999279

1.004841

22.68

16.07

23

39

RADNI

Mammals

897892

0.755233

34.60

13.68

23

44

SCOVAR

Plants

899367

1.510796

49.52

32.00

23

47

SRAIN1

Reptiles

898468

0.964852

42.99

18.59

23

37

RPRECMAX

Snails

998943

0.771344

38.80

28.27

22

43

SRAIN1

Termites

899266

1.336822

16.48

10.59

23

39

SRAIN1

Taxonomic
group

Site-pair
Sample
size

Birds

898518

Butterflies

898551

Dragonflies

Intercept
0.747202

Main
Predictor
(Sum Coeff)
RPRECMAX

A small number of predictors were common to the majority of initial over-fitted models
(Table 11 in Appendix C) and four of these dominated the fitted models (Table 4-2).
These were the summer to winter-dominated rainfall seasonality factor (SRAIN1),
minimum solar radiation (RADNI), the growth index for C3 megatherm plants, and the
maximum for monthly change in precipitation (RPRECMAX). Unexpectedly, the fitted
model for mammals is dominated by the sampling covariate, suggesting considerable
bias exists in sampling for this taxonomic group that warrants further attention.
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Of the predictors that were tested, 24 were not included in any final model (Table 4-5),
although some may have been included in over-fitted models prior to backward
elimination. Thirteen of the 26 biotic predictors were not included in any model. The
aridity index and soil water potential also were not included. While the aridity index,
which is the ratio of precipitation to evaporation, was not included in any model, the
precipitation deficit (e.g. ADEFI) which is the difference between precipitation and
evaporation was often included. Aridity and other factors listed in Table 4-5 could be
dropped from consideration in future continental GDM models.
A synthesis of results is presented in Figure 4-1 which shows the relationship between
species richness (drawn from Table 2-3) and the sum of coefficients (drawn from Table
4-2) for each taxonomic group. The sum of predictor coefficients provides an indication
of the total amount of compositional turnover occurring within a given group. Not
surprisingly, groups exhibiting higher levels of compositional turnover along
environmental gradients such as plants, snails and ground beetles, are also those
exhibiting higher levels of overall (collective) richness for the continent.

Birds

Butterflies

Dragonflies

Frogs

Ground beetles

Ground Spiders

Mammals

Plants

Reptiles

Snails

Termites

Frequency
Included

Table 4-3. Predictor variables and summed fitted coefficients for final models for each taxonomic group:
most frequently selected variables (included in at least three models) (details in Appendix G). Details of
predictors are given in Table 4 of Appendix C.
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Figure 4-1. Relationship between species richness within a taxonomic group and compositional turnover
(related to the sum of predictor coefficient values).
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Table 4-4. Summary of predictors represented in each model (details in Appendix G).

Climate-growth-index

2

3

3

3

1

3

2

3

3

1

2

Climate-humidity

0

1

0

1

0

1

0

0

0

0

1

Climate-moisture

5

4

3

4

5

3

4

6

5

6

2

Climate-soil-water-balance

1

1

1

0

1

1

1

1

1

0

1

Climate-solar-radiation

1

1

1

2

2

1

2

2

2

2

2

Climate-temperature

5

2

3

3

3

1

5

5

4

4

4

Distance

1

0

1

1

2

2

2

0

1

1

1

Geophysics

0

1

1

1

1

2

1

2

2

1

0

Substrate-geology

0

0

1

0

1

2

1

1

1

1

1

Substrate-soil-attribute

2

3

1

1

0

3

1

2

2

2

2

Substrate-soil-nutrient

2

1

3

2

1

2

2

0

1

2

2

Substrate-terrain

2

1

1

2

1

1

1

1

0

1

2

Vegetation-attribute

0

2

1

1

3

1

0

0

0

0

2

Under sampling covariate

1

2

2

1

1

0

1

0

1

1

1

Total number of predictors

22

22

22

22

22

23

23

23

23

22

23

Harnessing Continent-Wide Biodiversity Datasets

79

4

GDM MODEL FITTING

Table 4-5. Unselected predictor variables. Details of predictors are given in Table 4 of Appendix C.

Predictor
Variable
ARID_MAX
ARID_MIN
EAEO_MAX
PWAT_MAX
SPLS_MIN
WPOT_MAX
WPOT_MIN
TRNGI
DISTANYWATER
EROSIONAL
MRRTF
MVS31_ACAF
MVS31_CCRF
MVS31_CPDF
MVS31_EUCF
MVS31_GSYF
MVS31_HMYF
MVS31_HTMF
MVS31_HTRF
MVS31_MYRF
MVS31_RFTF
MVS31_SBYF
MVS31_TSYF
MVS31SO
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Group
Climate-moisture

Climate-soil-water-balance

Climate-temperature
Distance
Substrate-terrain

Vegetation-attribute
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4.3.3 Model outputs
A wide range of graphical output can be generated for each fitted model, including
histograms and plots of the observed and predicted response (e.g. Figure 4-2), as well
as fitted functions and maps of transformed grids for each predictor variable. Sample
outputs of models are presented in full for plants, birds and snails in Appendix H. A
summary presentation depicting the GDM modelling process and showing some of the
predictors is given for plants (Figure 4-3), land snails (Figure 4-4) and birds (Figure
4-5). In these figures, the central classification is shown derived from the transformed
environmental predictors, the transformations (fitted functions) for which are shown
alongside the predictor with its legend shown to scale beside the fitted function. In
these figures, 9 of the 22-23 predictors are shown, with predictors selected as
representatives of dominant groups (climate, terrain, substrate).
There are more than 7 million value cells in each layer representing far greater detail in
data than can be shown here in schematic images. To demonstrate some of this rich
detail, we generated regional classifications of the predicted compositional dissimilarity
for a few biological groups and two regions: butterflies, vascular plants, land snails and
frogs in the Cape York region (Figure 4-6 to Figure 4-9); vascular plants, land snails
and reptiles of the Kimberley region (Figure 4-10 to Figure 4-12). The full range of RGB
colour combinations were then assigned to these regional classes, allowing much more
detail to be depicted than is possible when this colour range is spread across the entire
continent. Grid cells mapped in a similar colour are predicted to have similar biological
composition, while cells mapped in a very different colour are predicted to be highly
dissimilar in composition. In some of these images, the raster outline of coarser-scale
environmental data (for example, the 5km gridded soil nutrient attributes) is apparent in
the background of 1km gridded data.

Figure 4-2.
Fitted model
for birds observed
compositional
dissimilarity
by ecological
distance (link
function
applied).
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Figure 4-3. A schematic
diagram showing some
results of the fitted
model for vascular
plants. The central
image is a 300-group
classification of the
transformed predictors
generated using a GD
Modeller postprocessing tool. The
fitted functions for
selected predictor
variables (9 of 23) are
shown alongside an
image of their predictor
transformed by the fitted
function. Legends for
transformed predictors
are scaled as shown in
adjacent fitted functions.
Legible figures and all
fitted functions are
presented in Appendix
H. Details of predictors
are given in Table 4 of
Appendix C.
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Figure 4-4. As above, a
schematic diagram
showing some results of
the fitted model for land
snails (9 of 22
predictors). Legends for
transformed predictors
are scaled as shown in
adjacent fitted functions.
Legible figures and all
fitted functions are
presented in Appendix
H. Details of predictors
are given in Table 4 of
Appendix C.
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Figure 4-5. As above, a
schematic diagram
showing some results of
the fitted model for
terrestrial birds (9 of 22
predictors). Legends for
transformed predictors
are scaled as shown in
adjacent fitted functions.
Legible figures and all
fitted functions are
presented in Appendix
H. Details of predictors
are given in Table 4 of
Appendix C.
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Figure 4-6. Butterflies of the Cape York region: classification of predicted compositional dissimilarity using
5000 samples and 255 groups. Cape York bioregional boundary is faintly superimposed on this figure.
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Figure 4-7. Vascular plants of the Cape York region: classification of predicted compositional dissimilarity
using 5000 samples and 255 groups. Cape York bioregional boundary is faintly superimposed on this
figure.
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Figure 4-8. Land snails of the Cape York region: classification of predicted compositional dissimilarity using
5000 samples and 255 groups. Cape York bioregional boundary is faintly superimposed on this figure.
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Figure 4-9. Frogs of the Cape York region: classification of predicted compositional dissimilarity using
10000 samples and 255 groups. Cape York bioregional boundary is faintly superimposed on this figure.
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Figure 4-10. Vascular plants of the
Kimberley region: classification of
predicted compositional dissimilarity using
10000 samples and 255 groups.
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Figure 4-11. Land snails of the Kimberley
region: classification of predicted
compositional dissimilarity using 10000
samples and 255 groups.
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Figure 4-12. Reptiles of the Kimberley
region: classification of predicted
compositional dissimilarity using 10000
samples and 255 groups.
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Discussion

Following a process of preliminary model testing to determine which site-pair to use,
and development of new automation tools to streamline the model-fitting strategy (the
latter described in Appendix E), we generated fitted GDM models for eleven taxonomic
groups: birds, butterflies, dragonflies, ground beetles and ground spiders, frogs,
mammals, plants, reptiles, land snails and termites. The choice of predictors included
in a model was determined using a combination of forward-selection and backwardelimination procedures. Specifically we applied a backward elimination procedure to
systematically reduce the number of variables in our fitted ‘full’ model (resulting from
the manual forward selection procedure) to a set that explain significant amounts of
variation in the response variable (species compositional dissimilarity), assessed using
the percentage deviance explained criterion.
We noted early in the fitting process that the number of site-pairs significantly affects
the set of predictors and their coefficients included in a model. We therefore
incrementally increased the number of site-pairs included in the model as we stepped
through the elimination process. More could be done to verify the optimal number of
site-pairs around which to develop a fitted model. However, this would first require
software that could be applied on LINUX/UNIX or 64bit systems with fewer computation
constraints than we experienced.
Recommended model fitting strategy
Ferrier et al. (2007) noted that when automated variable selection strategies are
applied to GDM, as for linear matrix regression (Legendre et al., 1994), significance
testing must be performed using matrix permutation. That is, the significance of adding
or removing a predictor (or an I-spline basis function for any given predictor) is
evaluated by first calculating the difference in deviance between two models — i.e. one
with, and the other without, the predictor (or I-spline basis function) of interest. The
observed difference in deviance is then compared to a distribution of differences
obtained by repeatedly fitting the two models using a large number of random
permutations of the order of sites in the response (compositional dissimilarity) matrix.
The first stage of this automated process has been implemented in GD Modeller: the
significance of adding or removing a predictor (see Appendix E for details). The second
stage will involve testing I-spline basis functions. The third stage involves implementing
permutation tests.
Drawing from a large pool of potential abiotic and biotic environmental predictors
(described in Section 3), the variable selection and GDM model fitting strategy
implemented here provides a framework for efficiently developing fitted GDM models. A
process of manual backward elimination and fitting strategies slowed the development
of models in the first instance, requiring the use of short-cuts that departed from the
recommended use of permutation tests for individual predictors (Legendre et al., 1994;
Ferrier et al., 2007). Our short-cuts, implemented as a backward elimination procedure,
involved identifying the predictor with the lowest summed coefficients (the sum of the
coefficients of the I-spline basis functions) for removal, and the model fitting process
repeated. We used this strategy of ‘rapid elimination’ applied manually, instead of the
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automated backward elimination procedure via predictor tests, because of time and
computation limits. This procedure may be automated in future versions of GD
Modeller. Other tools for automated backward elimination via predictor tests and batch
modules, implemented in the course of this project (detailed in Appendix E), provide a
range of flexible solutions for future applications and experimental analysis.
In developing the models reported here, we conducted a large number of tests to
determine the best approach to variable selection, choice of site-pair subsample and
model fitting strategy. Many of these tests need to be conducted within an experimental
design framework to demonstrate and report the advantages and limitations of different
approaches. For example, depending on the criterion used for predictor selection
(change in deviance explained, value of summed predictor coefficients), different
models result that are probably equally effective. We found that individual biotic
predictors were included more often when the change in deviance criterion was used
suggesting they contributed a small amount of independent variation (residual variation
after including other factors such as climate and substrate in a model), without affecting
the overall amount of compositional turnover (indicated by the magnitude of the
summed predictor coefficient values). When several such binary biotic attributes are
included on the basis of their deviance contributions, in combination they significantly
contribute to compositional turnover, when compared with their continuously varying
climate and substrate counterparts.
We generated a large number of binary biotic factors from the NVIS vegetation
classification, each of which describes different, but often overlapping spatial patterns.
Perhaps because these variables are derived from relatively low resolution vegetation
data (NVIS subgroups) with known inconsistencies between State-based mapping
programs, they individually do not result in high summed coefficient values compared
with climatic predictors. We understood the limitations presented by the NVIS level 3
data for generating biotic attributes, and while we would prefer to use NVIS level 5 data
(as discussed with M Bolton, ERIN), such higher resolution data is not presently
consistently available across the entire continent.
Even when conducting manual elimination tests using the summed predictor
coefficients criterion (due to time and computation constraints), it was clear that
dropping some biotic variables resulted in a larger reduction of overall model explained
deviance than was the case when dropping a correlated climatic factor, especially as
the over-fitted model was pruned below about 30 predictors. This suggests that some
variables with relatively low summed predictor coefficient values (usually substrate and
biotic factors) could be retained in a model on the basis of their explained deviance
contribution. A hybrid model fitting strategy is therefore recommended that uses a
summed predictor coefficients criterion during early stages of predictor elimination from
the fill model (to remove unnecessary correlated predictors) followed by a deviance
criterion following tests for each predictor to finalise the model. In this strategy, the
summed coefficients criterion would be used to 1) rapidly prune predictors one at a
time without testing individual contributions, while there is minimal change to the
overall model deviance, and then 2) the deviance criterion would be used to test the
contribution of all predictors and determine which to sequentially remove. The first
stage would be applied while reduction of deviance explained is minimal or negligible
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(and likewise, the summed coefficients of all predictors). Rate of deviance reduction
determines the point at which the rapid elimination procedure should be succeeded by
a more comprehensive predictor selection process. Further work is needed to validate
the utility of the rapid-elimination approach using the summed predictor coefficients
criterion compared with the more time-consuming and statistically comprehensive
change in deviance approach, and the hybrid method described here.
Predictor variables
The set of predictors differed between models, but some predictors were frequently
included (listed Table 4-3). Of particular note were the summer to winter-dominated
rainfall seasonality factor (SRAIN1), minimum solar radiation (RADNI), the growth
index for C3 megatherm plants (MEGAGI), and the maximum month of rate of change
in precipitation (RPRECMAX). These predictors capture gross spatial and temporal
variation in rainfall and radiation at continental scales, but may not necessarily be the
most important factors for any one region. Although 24 predictors were not included in
any final model (Table 4-5), they may have formed part of the initial over-fitted model
for one or more taxonomic groups. Systematic testing using the deviance criterion for
backward elimination is needed to determine which of these predictors should be
removed from future consideration.
Some predictors represent complex interactions based on the simulation of physical
processes (e.g. water balance), or are variants describing the same basic process with
different levels of elaboration involved in their calculation (e.g. aridity index and
precipitation deficit). On an a prior basis, using expert opinion, it might be possible to
identify the groups of predictors (e.g., water-related, temperature-related, soil-related,
topography-related, vegetation-related, etc) from which one or two relatively
independent variables might be selected and included in a model. However, it is not
always clear which predictor from among a set of correlated variables within a group,
or which combinations of relatively independent variables between groups, will be the
most effective in models of different taxonomic groups. As one predictor is replaced by
another, we know that the cross-group interactions may alter the balance between
predictors affecting the choice of predictor-sets that result in the greatest overall
explanation of response patterns. An exhaustive determination process based on
permutation tests and model comparisons would be needed, as discussed above.
Predictor selection is further complicated by the fact that GDM model fitting is datadriven. Different site-pair subsets also vary in how well they represent the true
response. We attempted to reduce this variation by maximising the size of the site-pair
subsample within computation limits. However, our sample data is not drawn from a
systematic and comprehensive survey of presence/absence observations of species
occurrences and therefore it necessarily departs from the true response in unknown
ways. Therefore, we saw little advantage in using an a priori approach to predictor
selection based on relatively unsystematic data. To qualitatively address these
“unknown errors” within a data-driven modelling framework, we implemented a
geographically-representative sub-sampling method to define our response variable
(sample of site-pairs) and a consistent approach to model development and predictor
selection. To supplement this strategy, but not attempted here, we recommend
developing correlation indices and two-way plots for each of our predictors. A better
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understanding of these correlations would facilitate more objective variable selection
decisions before and during the model fitting process.
Under-sampling covariates (described in Section 2) are a new application feature in
GD Modeller developed during this project and were often included in the final fitted
model (see Table 4-4). These covariates aim to reduce the effect of inflated estimates
of compositional dissimilarity between sites as a result of incomplete or biased spatial
sampling (but not temporally).
Increasing the number of I-splines
Throughout the backward elimination process each predictor variable was assessed for
retention in the model using the minimum of three I-splines. In preliminary tests, we
found that varying the number of I-splines beyond the minimum of three could increase
the relative importance of individual predictors and overall proportion of deviance
explained because natural break-points in the data are more accurately defined. For
example, a point of inflection may be defined by a different value without increasing the
number of inflection points, but the slope may be affected. Changing the number of Isplines necessarily affects the correlation structure between predictor variables in
relation to the response and some variables may be dropped as a result. There is a
trade-off between complexity and parsimony to consider. Too many I-splines or
predictor variables introduce unnecessary complexity to the model and it will be overfitted—accurately classifying the training data including elements of systematic and
random error resulting in poor performance when predicting test data. Visual inspection
of the shape of fitted functions is one way to determine whether an I-spline effectively
contributes to the model or over-fits the data. For example, an I-spline that results in a
change in the relative importance of a predictor and its shape appearing smoothed
rather than over-fitted (kinked or stepped around the point of inflection) might be
retained. I-splines that result in little or no change in the predictor or that appeared to
over-fit the data would be dropped, unless this represents the natural shape of the
predictor (e.g. SRAIN1, which is a factor-variable comprising two seasonal components
adjoined).
Consistent with a backward elimination strategy and tests for parsimony we propose
introducing a semi-automated framework in GD Modeller software for testing additional
I-splines, for example up to five, as an option in the backward elimination strategy
using the difference in deviance between two models – one with and one without the
higher order I-spline (Ferrier et al., 2007). The addition of I-splines also increases the
size of the data matrix to be computed and it may not be possible to fit the model with
available computing resources without also reducing the number of site-pairs. In an
unbalanced sample, changing the number of site-pairs potentially changes the
correlation structure between predictors in relation to the response and therefore the
choice of predictors dropped or I-splines reduced at each elimination step may be
altered.

Model evaluation and validation
In this continental GDM study we focussed on developing techniques and automated
routines to streamline the process of fitting a model from a large pool of potential
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predictors. However, we recognise that fitted models also need to be verified. We
therefore began a process of developing tools and methods to enable test and training
data to be generated for future evaluation. The new GDM Site Pair Generator module
developed by Rosauer (2009), for example, was extended to include parameters for
setting aside a portion of the subsampled data as the test set for model evaluation
purposes. While we were not able to explore GDM model evaluation here, it remains a
key area for future development.
The accuracy of a model’s predictions may be tested through additional field work,
statistical assessment using an independent dataset, or congruence among predictions
derived using different models. Validation enables the suitability of a model for a
specific application to be determined. Because there are few alternative approaches to
modelling species compositional dissimilarity measures, we anticipate evaluation of
GDM predictive performance will be conducted through statistical assessment by
splitting the response data into training (calibration) and test (evaluation) sets. A useful
summary of validation approaches for species distribution modelling is given in
Pearson (2007). There are several ways to validate model predictions and the
approach taken depends on the method of data splitting or resampling including
bootstrapping, randomisation and k-fold partitioning. Suitable approaches for validating
continuous variation in predicted compositional dissimilarities need to be developed.
For example, a preliminary application of data splitting is presented in Section 8 where
test data are used to evaluate the effect of tree depth in phylogenetic GDM models.
We recommend collaborating with a statistician to design model evaluation and
validation procedures relevant to GDM, implemented as standard procedures within
GD Modeller software, along with permutation test procedures, as discussed above for
linear matrix regression (Legendre et al., 1994; Ferrier et al., 2007).
Conclusions
The process of GDM model fitting requires a conceptual understanding of the drivers of
spatial pattern in species compositional dissimilarity which underpin the statistical
method (outlined in Section 1), appropriate consideration of sampling
comprehensiveness and accuracy in preparing the biological data for analysis (outlined
in Section 2) and reasonable attention to detail in preparing spatial environmental data
of suitable resolution and accuracy relevant to the response (outlined in Section 3).
This is consistent with recommended good practice in species distribution modelling,
outlined in Austin (2002). If all these aspects are considered and understood, the GDM
process is relatively easy to learn and implement. An informed user could apply the GD
Modeller tools with considerable flexibility for manual, batch and semi-automated
modes to develop fitted models. The results are sensitive to decisions made along the
way that affect the design of the model inputs (structure and content of biological and
environmental data), but are relatively robust to the selection strategy. Model
evaluation is an important area for further development. The success of this work is the
result of effective collaborations between scientist and software engineer in developing
the statistical method (GDM) and its application with the user in mind (GD Modeller).
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Introduction

Information on the distribution of biodiversity is essential for robust environmental
decision-making, yet biological data are often scarce and spatially biased, affecting the
reliability of planning decisions in under-sampled regions (Ferrier, 2002). Therefore,
systematic identification and filling of knowledge gaps has long been a key objective of
biodiversity assessment systems (Austin, 1998; Margules & Pressey, 2000). The
purpose of statistical modelling tools such as GDM is to utilise the relationship between
biodiversity patterns and the environment to predict distributions into regions that are
less well known, so that existing biological information can be more consistently
applied in planning and decision making (Ferrier et al., 2002). The predictive accuracy
of GDM is likewise influenced by how well the biological data represent distribution
patterns. Furthermore, the ability to predict patterns of compositional turnover in
unsurveyed parts of a region provides a basis for directing new survey effort to
locations that best complement those places already surveyed; thereby maximising the
likelihood of encountering species not yet sampled within the region (Ferrier et al.,
2007).
Ferrier (2002) described an approach for incremental refinement of biological data in
data poor regions that links GDM to a survey-gap analysis procedure based on the
“environmental diversity” (ED) technique of Faith and Walker (1996b). A schematic of
this approach is shown in Figure 5-1. In this section we provide some background
about the survey gap analysis method and use the outputs of GDM models for the 11
taxonomic groups described in Section 4 to identify gaps in the biological data used
and an initial set of priority locations for further survey. Our objective is to demonstrate
one of the applications of GDM that could contribute significantly to the design of
biological surveys by targeting areas that would add the most to new knowledge about
biodiversity, essentially an iterative process that is updated as new locations are
surveyed.

5.1.1 Survey Gap Analysis Method
A range of ecological sampling allocation methods have been developed to obtain a
representative sample of biodiversity within a region by maximising the coverage of
environmental variation (see review by Hortal & Lobo, 2005). In their review, Hortal and
Lobo (2005) note that the ED-criterion (Faith & Walker, 1996a) was an improvement
over previous classification approaches to ecological survey (Austin & Heyligers, 1989;
Bunce et al., 1996; Hirzel & Guisan, 2002) because it utilises continuous variation in
environmental gradients and accounts for regional complementarity (biodiversity
variation throughout a region) in species data or biodiversity surrogates. The ED
approach (described below) has been commonly used in reserve selection algorithms
(Faith & Walker, 1996c; Faith et al., 1996; Faith & Walker, 2002), and extended to
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biological survey in Australia (Ferrier, 2002; Faith 2003; Ferrier et al., 2007) and
elsewhere (Funk et al., 2005; Hortal & Lobo, 2005; Williams et al., 2008).

Figure 5-1. An integrated strategy for modelling differentiation diversity (e.g. application GDM) in regional
conservation planning, showing how strategic location of new surveys (red circle in the diagram) can
improve representativeness of biological survey data (source: figure 3 in Ferrier, 2002).

ED is a specific family of related “environmental diversity” calculations (Faith & Walker,
1996b, a; Faith 2003; Faith et al., 2004). It integrates available species data (such as
museum collections data) and available environmental data (Faith & Walker, 1996b, a),
typically using an environmental gradients space derived using compositional
dissimilarities. The example in Figure 5-2 illustrates how ED applies a p-median
criterion based on sites or localities and demand points. Note that all ED variants retain
the core idea of evaluating how well sites represent species that have general
unimodal responses and are centred on “demand” points distributed in environmental
space. Some ED variants depart from the p-median: “when we assign probabilities (of
expected species persistence or ‘presence’) to sites ... the p-median, which strictly
depends on nearest neighbours, is relaxed, and the total estimated diversity now
depends on summation over ordered nearest neighbours” (Faith et al., 2004).
The Survey Gap Analysis Tool (SGAT), developed by the NSW Department of
Environment and Climate Change in Armidale (National Parks and Wildlife Service,
1998; Manion, 2009a), is user-oriented software that applies the ED approach to
identify those areas that best complement existing survey sites (see Funk et al., 2005;
Hortal & Lobo, 2005; Ferrier et al., 2007). We used this tool to identify gaps in the
continental coverage of sampling for eleven biological groups. For SGAT, the best new
survey site is the one that fills the largest gap in the environmental space as defined by
the biggest reduction in the ED p-median score. The ED score is an estimate of the
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number of species still to be represented (complementing those already represented in
a biological database), given a set of survey localities. ED’s p-median criterion seeks to
minimise the sum of the distances from each point (a “demand point” that can be
pictured in an underlying environmental gradients’ space) to its nearest alreadysurveyed site. Here, the “distances” may be provided by GDM.
A.

B.

C.

D.

Figure 5-2. These figures provide more information about the Survey Gap Analysis (red circle) shown in
the schematic flow diagram (Figure 5-1). This example is an extension of the ED example for Panama
from Faith et al. (2004), illustrating how ED applies a p-median criterion in environmental space (here, of 2
dimensions) for Survey Gap Analysis. a) The Panama sample localities (hollow dots) are positioned in an
ordination space. The space was derived using multidimensional scaling, and can operate on
compositional dissimilarities provided from GDM. b) We characterise the environmental space as filled with
uniformly distributed “demand points” (solid dots). These points can be thought of as centres of species
distributions in the space. c) The best 5 localities to represent the space are shown as hollow dots. ED
selects these based on a p-median criterion applied to the localities and the demand points. d) We can
visualise how well ED has represented the space by drawing lines form each demand point to its nearest
selected locality. ED seeks to minimise the sum of these distances. Faith and Walker (1996) proved that
this minimisation maximised the number of species represented by the selected localities.

As Manion and Ridges (2009) summarise: “The survey-gap analysis tool adapted Faith
and Walker’s (1996a) environmental diversity (ED) measure and was developed for
selecting sets of sites that represent regional biodiversity by providing the best possible
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coverage of regional environmental variation (Funk et al., 2005). In the context of the
survey gap analysis tool, the objects in the ED analysis are the geographical location of
the sites, which are represented as a matrix of pair-wise distances. The matrix can be
assumed to indicate relative underlying feature relationships. The pattern exhibited by
these relationships provides predictions to the degree of complementarity between a
particular site to any given set of sites. That is, the overall ED value, the p-median, will
decrease at a larger rate for sites with higher ED complementarity. Using this property,
sites that will contribute to the greatest reduction in p-median could be considered
candidates for survey.”

5.2

Methods

5.2.1 Study Area
The study area for our analysis was the entire continent of Australia, at a 1km grid cell
scale. This region comprises more than seven million cells and represents a significant
computation challenge. The number of demand points used in an SGAT analysis (e.g.
10,000) depends on the environmental complexity of the region to be assessed, and
may be limited by available computing resources.

5.2.2 Biological Survey Data
The biological survey data used to represent the current status of sampling for each
taxonomic group was drawn from the ANHAT database (described in Section 2).
Specifically, we used the same richness threshold criteria for filtering the data and
summarised in 1km grid cells as used in developing the fitted models (Table 4-1),
described in Section 4. In the case of birds, for example, a surveyed site was defined
as any 0.01 degree grid in which at least 15 species were recorded. For plants this was
at least six species. The richness thresholds were applied as a surrogate for sampling
comprehensiveness within grid cells.

5.2.3 Spatial Environmental Data
The spatial environmental data used to represent variation in environments or habitats
are drawn from the surfaces described in Section 3. Specifically, we used the rescaled
environmental predictors derived from the fitted GDM model for each of the 11
taxonomic groups (for example, see lists of predictors in Table 4-3 and Table 10 in
Appendix C).

5.2.4 Survey Gap Analysis Tool
The survey sites and environmental layers for each taxonomic group were organised in
the format required by the .Net Survey Gap Analysis Tool (SGAT) (Table 5-1). The
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SGAT reads the list of transformed environmental grids from the configuration file for a
fitted GDM model. In each case, we used 5000 demand points to generate a
representative sample of GDM-based distances to the survey points. The demand
points are an evenly spaced sub-set of data points that act as a covering mesh across
the grid data (Manion & Ridges, 2009). Up to 25 iterations were conducted, each
generating a new survey location and corresponding surface, based on the ED
algorithm, which represents the complement of environments within the study region
not yet sampled to the same degree as other locations (henceforth, EDcomplementarity surface). In the first iteration, the cell with the highest value in the EDcomplementarity surface is selected as the new survey location. In the second
iteration, this first survey location is assumed sampled (it is now a member of the
existing survey locations) and a revised surface is computed, identifying a further
survey location with the highest ED-complementarity value. This process is repeated
for the number of iterations specified.
Table 5-1. Overview of data and parameter inputs for the survey gap analysis tool.

Input Type

Format Description

Other notes

Locations

CSV file with ID, x, y

Masked by the domain

Environmental layers

DIVA float grids

Cell size and extent must be the same as the domain grid

Domain grid for
demand points

DIVA float grid

Defines the analysis extent and data/no-data cells in the
environmental layers where the demand points can be defined

Domain grid for
analysis region

DIVA float grid

A subregion of the domain grid, of the same extent as the
domain grid, that defines data/no-data cells for selection of new
survey locations

Demand points

Parameter value, user
specified

A high number, thousands, that requires testing to determine the
value that gives consistent results within available computing
capacity and project timelines

Iterations

Parameter value, user
specified

The number of priority locations (proposed new surveys) to
identify

Subrectangle

Parameter value, user
specified

Whether to switch on or off and specify a region of interest – a
sub-rectangle of the domain where the demand points can be
defined

A useful derivative is the calculation of differences between successive EDcomplementarity surfaces. For example, the initial ED-complementarity surface is
subtracted from the one generated when a new site is added to the set and a revised
ED-complementarity surface is calculated. The difference surface expresses
geographically the amount of environmental space that has been sampled by an
individual survey or set of surveys (these may be real surveys or hypothetical). These
surfaces have application to real-world survey design, providing some guidance on
alternative near locations that will contribute toward filling that gap in environmental
space, albeit not exactly.
The SGAT provides a range of user-oriented options and flexibility in how the gap
analysis method may be applied. For example, a sub-domain grid of the analysis
region may be used to restrict the selection of new proposed survey locations to part of
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the region. Here, we used the same region for the demand points as for the analysis
region—continental Australia—to generate an overview of sampling representativeness
for each taxonomic group.

5.3

Results

Due to various constraints related to time and computing resources, we were not able
to generate the 25 iterations for all taxonomic groups. The number of iterations
completed is summarised in Table 5-2. In each case, with 5000 demand points, a
138Gb “lookup file” was generated comprising the sample of Manhattan distances
(Manion & Ridges, 2009). This file is used in subsequent iterations to identify proposed
new survey locations. The values of the initial ED-complementarity surface generated
for each taxonomic group (in which no survey sites yet exist) varied according to
sampling representativeness and ecological distance. The measure of ecological
distance derives from the transformed predictor grids which are outputs of the fitted
GDM model for each taxonomic group.
Table 5-2. Summary of results and iterations completed for the analysis of biological survey gaps by
taxonomic group.

Taxonomic group

Highest p-median value
for initial
complementarity surface

Vascular Plants

0.00117791

17

9.466049

2

0.000123914

13

Reptiles

0.437867

13

Frogs

0.015518

9

Land Snails

0.076634

17

Termites

0.544265

10

Butterflies

3.392249

3

dragonflies

0.872454

2

Ground Beetles

0.253692

1

Ground Spiders

0.011458

3

Mammals
Birds

Number of proposed new
survey locations generated
(continent-wide)

An iterative example is presented for vascular plants in Figure 5–3. Although well
sampled across the majority of regions (Figure 2-2), there are significant gaps in plant
survey records in central Western Australia and inland regions of most States. As each
new survey is conducted in areas that are unsampled or poorly sampled, additional
information about plant biodiversity is gathered. A larger proportion of unsampled
environmental space, related to geographic space, is captured in the first two surveys
(Figure 5–3). Figure 5-3 shows the maximum potential for improvement in knowledge
assuming each new survey is located exactly where ED complementarity is highest.
Initially, repeated surveys in major gap regions are needed to complement the density
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of existing sampled regions. As these surveys are carried out (hypothetically), new
under-sampled regions are evident. For example, the bottom-left image in Figure 5–3
shows residual ED complementarity following 18 hypothetical surveys. Some regions in
south-western Queensland now appear with high complementarity values. With
additional iterations applied in the SGAT, hypothetical survey locations will be identified
in these areas too. Similar results can be expected for each of the biological groups, for
example land snails (Figure 5-4 and Figure 5-5).
For each taxonomic group the initial ED complementarity surface based on the existing
set of surveyed areas indicates the regions in which additional sampling would improve
overall representation of biodiversity (Figure 5-6 to Figure 5-13). In some cases, such
as frogs (Figure 5-8), the identified sampling gap may be in an area of anticipated low
diversity, such as the desert region of central Australia where suitable habitat for the
species is limited. In practical applications, areas where species are not expected to
occur would be masked from consideration and therefore not appear as a survey gap.

Figure 5-3. Decline in highest ED complementarity values for the continental surface associated with each
‘survey’ iteration for vascular plants. Each subsequent iteration (2 to 19) represents a new surface
generated following inclusion of a hypothetical survey in the exact location identified to have the highest
ED complementarity value in the previous iteration. The decline in ED complementarity values represents
the marginal gain in information (environmental variation represented) and therefore new knowledge
generated about the geographic distribution of biodiversity (e.g. new species or forms discovered).
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Figure 5-4. Decline in highest ED complementarity values for the continental surface associated with each
‘survey’ iteration for land snails. Each subsequent iteration (2 to 17) represents a new surface generated
following inclusion of a hypothetical survey in the exact location identified to have the highest ED
complementarity value in the previous iteration. The decline in ED complementarity values represents the
marginal gain in information (environmental variation represented) and therefore new knowledge generated
about the geographic distribution of biodiversity (e.g. new species or forms discovered).

Figure 5-5. Initial
ED
complementarity
surface
identifying major
environmental
sampling gaps in
biological records
for land snails,
showing existing
survey locations
and location with
highest EDcomplementarity
(point and circle
in the red
unsampled space
on the map).
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Figure 5-6. Initial
ED
complementarity
surface
identifying major
environmental
sampling gaps in
biological records
for terrestrial
birds.

Figure 5-7. Initial
ED
complementarity
surface
identifying major
environmental
sampling gaps in
biological records
for reptiles.
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Figure 5-8. Initial
ED
complementarity
surface
identifying major
environmental
sampling gaps in
biological records
for frogs,
showing existing
survey locations
and location with
highest EDcomplementarity
(point and circle
in the red
unsampled space
on the map)..

Figure 5-9. Initial
ED
complementarity
surface
identifying major
environmental
sampling gaps in
biological records
for butterflies.
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Figure 5-10. Initial
ED
complementarity
surface
identifying major
environmental
sampling gaps in
biological records
for termites.

Figure 5-11. Initial
ED
complementarity
surface
identifying major
environmental
sampling gaps in
biological records
for dragonflies.
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Figure 5-12. Initial
ED
complementarity
surface
identifying major
environmental
sampling gaps in
biological records
for ground
spiders.

Figure 5-13. Initial
ED
complementarity
surface
identifying major
environmental
sampling gaps in
biological records
for ground
beetles.
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Discussion

The linking of GDM models with a survey-gap procedure is an effective way to identify
geographically where additional sampling would significantly contribute to new
biodiversity knowledge. Using the fitted GDM models for 11 taxonomic groups, we
identified under-sampled regions. These regions vary for each taxonomic group but
generally represent the more remote, arid or northern regions of Australia. For
example, gaps in environmental space sampled for frogs are identified in the arid
regions west of central Australia (Figure 5-8). Although these regions are identified as
sampling priorities, relatively few species are adapted to the harsh conditions and
surveys in these remote areas are likely to yield a predictable suite of species. Survey
gap analysis procedures can be coupled with other predictive tools that indicate
regions of suitable habitat for the species of interest and unsuitable habitats can be
excluded from the analysis.
The survey gap analysis protocol is essentially a dynamic, iterative process. As new
surveys are conducted, these locations update subsequent analyses to identify the
next location that is least sampled. We ran several iterations of hypothetical surveys
assuming each sampled the point with highest ED-complementarity. In a real-world
situation, such exact sampling is rarely feasible. Rather, field survey costs and logistics
dictate where a survey can be conducted in the vicinity of the target location. Gradsect
sampling protocols, for example, were developed to address the need for cost-effective
surveys (Austin & Heyligers, 1989; Neldner et al., 1995; Wessels et al., 1998).
Therefore, it is useful to portray the region of the landscape around the target location
that would contribute toward sampling the target environmental space. We used a
subtraction analysis to show the region around a hypothetical survey that would result
in a change in complementarity. This subtraction analysis displays the geographic
region of ED-complementarity associated with a given priority survey location (images
to the right in Figure 5–3), providing some guidance about the region around a priority
location where a survey will sample more or less similar combinations of environment.
For real-world applications, the SGAT process can be combined with field survey
logistics, costs and constraints (Figure 5-14) to identify the suite of locations that best
optimise the trade-off space between costs and benefits (the ED-complementarity
value), as described in Faith and Walker (1996b). Such an assessment of cost-benefit
tradeoffs requires spatial surrogates for field logistic constraints (e.g. safety
considerations) and cost considerations (related to accessibility and mode of
transport). It has been established for some time that ED type methods can be
integrated with costs and other constraints or preferences (Faith, 1995; Faith & Walker,
2002). For example, a surveyor may prefer to sample regions where species diversity
(richness) is expected to be high because of the prospect for new species discovery. A
predictive layer for species richness could be coupled with the ED complementarity
‘benefit’ layer in the trade-off analysis by treating it as a ‘preference’ or ‘look here first’,
all else being equal (Faith & Walker, 1996c; Faith et al., 2003). Such a cost-benefit
analysis would identify a different set of priority survey locations that are feasible to
survey with available resources. A worked demonstration using real-world costs and
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constraints is needed to show how this trade-off analysis can be linked with survey gap
analysis protocols to help plan cost-effective biological surveys (Figure 5-14).

Figure 5-14. Schematic representation of a dynamic survey gap analysis process to identify cost-effective
survey locations.

Using ED complementarity in a survey gap analysis protocol, we showed how
strategically located new survey sites could contribute to gains in biodiversity
knowledge based on the principle of complementarity and the transformed
environmental layers generated in GDM. In addition to knowledge gains, this type of
analysis can consider losses, for example by indicating the inflation of ED
complementarity values over the region with the loss of a given site or sites. This
discussion highlights the need to consider the current extent and condition of
biodiversity when identifying priority locations for new survey. The sample of existing
survey locations can be filtered to remove those locations that are no longer intact, and
the SGAT analysis region restricted to those places in which biodiversity is relatively
intact. In this respect, the generality of the SGAT tool for conservation assessment
applications is highlighted. The method could be used to assess gains and loss in
biodiversity representation, for example, in new conservation areas, or following
disturbance and clearing equated with biodiversity persistence and altered habitat
condition. We can also report at any stage in the SGAT application the overall ED
complementarity value indicating the amount of biodiversity not yet represented in the
given set of survey sites. This given set also could be the set of already-reserved
locations, or other conservation assessment question. Thus, the overall ED
complementarity value is a measure of degree of representativeness of a given set of
sites.
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As an indicator of representativeness, the initial ED complementarity surface derived
from the outputs of a fitted GDM model, which uses the same sample of biological data
as the model to represent surveyed locations for each taxonomic group, can be related
to geographic areas of uncertainty in the fitted GDM model. In Section 4 we discussed
issues of sampling bias and sampling adequacy and introduced under-sampling
covariates based on species richness and sampling frequency as predictors of
systematic bias in sampling comprehensiveness. Here we suggest that the initial ED
complementarity surface may also be used as a covariate in a GDM model to account
for under-sampling of environmental space. We ran an initial test of this proposition for
vascular plants (results not shown) and demonstrated an improvement in model fit
(increased deviance explained, without affecting the relative importance of other
predictors already included in the model). The transformed environmental predictors
generated by the revised model would then be used in subsequent gap analysis
studies, excluding the covariates. The presence of the covariates in the models
demonstrates that some aspects of systematic sampling bias can be explained and the
overall model fit improved. Further work is needed to verify the scientific basis and
statistical rigour of this approach and its application linked with survey gap analysis and
other assessments (discussed in Section 6).
The application of ED in the SGAT software is mathematically described as ‘discrete’,
in contrasts with its ‘continuous’ formulation (Faith et al., 2004; Hortal et al., 2009).
Continuous ED is the recommended form for biodiversity assessment because it has a
clear link with underlying ecological diversity theory of species unimodal responses to
environmental gradients (Faith & Walker, 1996b). Note that “unimodal response”
includes skewed or asymmetric response curves; further, the dissimilarity, ordination
and ED methods are robust to “noise” and occasional departures form unimodality over
the set of species (see Faith et al., 1987). Because application of continuous ED in
operational settings is computationally challenging, it has rarely been implemented in
software. The model for use of discrete ED can be accurately applied so long as the
demand points are roughly uniformly distributed in the space to be sampled. Because
we are sampling environmental space, the demand points need to be uniformly
distributed in multivariate environmental space. In SGAT software, uniform sampling is
applied in geographic space as a surrogate for environmental space. This helps to
deliver a set of demand points that approximate a uniform distribution in environmental
space. This reduces, but does not eliminate the problem of “clumped” demand points in
environmental space. With uniform sampling, the resulting analysis will benefit from as
high a number of demand points as possible within computation limits. If clumped
sampling occurs, the high number of demand points may reproduce bias in
environmental space introduced by the sampling. Solutions to these problems have
been identified, including a thresholds sub-sampling method that is computationally
easy and provides a good uniform distribution of demand points in environmental
space (Faith et al., in prep.).
Analysis of biological survey gaps is an integral part of biodiversity assessment
providing information about key knowledge gaps and insight into areas of uncertainty in
biodiversity models and conservation assessment processes that utilise them. The
approach to survey gap analysis presented here has been widely applied in Australia,
particularly in NSW (Ferrier, 2002; Ferrier et al., 2007) and Queensland (A. Accad
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pers. comm.), and in various locations around the world (Funk et al., 2005; Hortal &
Lobo, 2005; Williams et al., 2008). It is also one of the spatial analysis tools accessed
online through Global Biodiversity Information Facility (GBIF) (Flemons et al., 2007).
The analysis of survey gaps does not depend on the link with GDM. Many examples
utilise environmental surfaces that have been selected and weighted by expert
understanding of species-habitat relationships (for example, gaps in frog surveys in
New Guinea – Williams et al., in prep). The integration of GDM with survey gap
analysis approaches however improves the rigour of the application and enables
incremental improvement in both representativeness of biological sampling and
robustness of models based on that data (Figure 5-1).
While this continental assessment provides a useful overview of gaps in biological
surveys, organisations rarely have the luxury of considering gaps at this scale. The
SGAT is designed to cater for regional and local analyses of survey gaps within a
broader context. An option in SGAT software allows the user to design an analysis
region within which new survey locations will be generated while also considering the
context of existing surveys in adjacent areas. For example, the analysis region could
be set to the current extent of pristine areas, or to the current extent of reserves. The
SGAT software provides a flexible framework for a wide range of user-defined settings
to suit the particular analysis objective.
Here we demonstrated the utility of combining the output of GDM with the ED approach
to survey gap analysis using SGAT software, developed for this purpose. The
approach is relevant to a wide range of biodiversity assessment questions exploring
the gains and losses in knowledge and information linked to conservation planning
objectives, given suitably scaled and formatted input data. The method could be further
operationalised for example by dynamically linking the process with National survey
objectives and applying cost-benefit analysis related to field logistics and available
resources.
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6.

6.1

ASSESSING REPRESENTATIVENESS OF THE NATIONAL
RESERVE SYSTEM AND EXTANT NATIVE VEGETATION
Introduction

To illustrate the potential utility of the fitted GDM models for continental-scale
conservation assessment, we used these models to conduct preliminary spatial
analyses of the ‘representativeness’ both of the National Reserve System (NRS) and of
extant (remaining) native vegetation – i.e. the extent to which the NRS and extant
vegetation include (i.e. ‘represent) the full range of compositional diversity exhibited by
each of the taxonomic groups modelled in this project. Conversely these analyses can
also be viewed as providing a spatially-explicit indication of gaps in the coverage of the
NRS, in terms of representation of compositional diversity, and of environments
exhibiting the highest levels of likely loss of compositional diversity through vegetation
(habitat) loss.
The analyses presented here are perhaps best thought of as direct analogues of
existing analyses of NRS coverage, or vegetation loss, based on discrete
classifications such as IBRA bioregions (and subregions) or NVIS vegetation types.
Many readers would be familiar with maps or tables reporting the proportion of the total
area of each bioregion, or pre-European distribution of each vegetation type, included
in reserves or covered by extant vegetation. The classes employed in these analyses –
e.g. bioregions, subregions, ecosystems, vegetation types – essentially serve as
surrogates for spatial pattern in the distribution of biodiversity. Each class is assumed
to contain a relatively homogeneous assemblage of species that is compositionally
distinct from the assemblages contained within the other classes. In the GDM-based
analyses presented here, biological composition is viewed as varying continuously
across the landscape (and therefore continent) rather than being constant within
mapped classes and changing abruptly between these classes. As we explain below in
Section 6.2.3 these analyses still result in maps of proportional representation in
reserves, or proportional retention of native vegetation, but these mapped proportions
now vary continuously across space. For further discussion of this distinction between
discrete and continuous approaches to conservation assessment see Ferrier (2002) or
Ferrier et al. (2009).
The maps presented in this section should not be interpreted as indicating spatial
priorities for any form of conservation action or investment. As discussed in Section 1,
information on spatial pattern in the distribution of biodiversity, and on representation of
this pattern in reserves and retained habitat, is just one (albeit important) input needed
to inform sound conservation prioritisation and planning. If identification of conservation
investment priorities is the aim, then to be of value, this information must be integrated
with information on other relevant factors, such as threats and costs.
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Methods

6.2.1 NRS Spatial Layer
The NRS is Australia's network of protected areas, conserving examples of our natural
landscapes and native plants and animals for future generations. The reserve system
includes more than 9,000 protected areas covering more than 11 per cent of the
country. It is made up Commonwealth, state and territory reserves, Indigenous lands
and protected areas run by non-profit conservation organisations, through to
ecosystems protected by farmers on their private working properties. We analysed the
representativeness of the NRS based on data derived from the collaborative Australia
protected area database (CAPAD), version 2006 (Department of the Environment
Water Heritage and the Arts, 2006). CAPAD collects information from state and
territory Governments and other protected area managers about the location and
management of protected areas across Australia.
The vast majority of NRS reserves are relatively small areas (< 10 ha). The small size
of many reserves was a consideration in defining the spatial mask. The purpose of our
analysis was to reflect significant gaps in biodiversity representativeness of the NRS at
a continental scale within approximately 1km grids (0.01 degrees). We considered
aggregate reserves that accounted for about ¼ of a grid to be significant in this context.
The lineage applied to create the final raster dataset (capad06ext) is summarised in
Appendix I and the resulting layer is shown in Figure 6-1.
Each reserve was treated as equivalent, even though conservation effectiveness varies
by protected area management category (IUCN, 1994) from strict nature reserves
(category 1a) to managed resource protected areas (category VI).

Figure 6-1. Australia’s
National Reserve
System as defined in the
collaborative Australia
protected areas
database (CAPAD),
version 2006. Reserves
(lilac colour, presence
denoted by value = 1)
with aggregate area less
than about ¼ of a grid
cell (0.01 degrees) were
excluded from the
analysis. All reserves
(IUCN categories I-IV)
are treated as equal.
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6.2.2 Extant (NVIS) Vegetation Spatial Layer
Data for the current distribution of native vegetation in Australia were derived from the
National Vegetation Information System (NVIS) version 3.1 of the major vegetation
subgroups (Department of the Environment and Water Resources, 2007a).
The original integer raster dataset (100m Albers, GDA94), was projected to geographic
format (0.001 geographic degrees, WGS84) and major vegetation subgroups were
reclassed into extant vegetation (Table 6-1). The 1:100,000 coastline of Australia
(Geoscience Australia, 2004) was used to assign a value (of 0) to cleared land areas in
the NVIS data (MVS_NO = 98, 99), which appear as ‘no-data’. The derived raster
layers were resampled to 0.01 geographic degrees using the ‘nearest’ option for
categorical data. Further spatial processing lineage applied to create the final raster
dataset (mvs31ex1k) is summarised in Appendix I and the resulting layer is shown in
Figure 6-2.
Table 6-1. Reclassification criteria used with NVIS major subgroups to generate extant vegetation layers.
Vegetation layer
Extant Vegetation,
MVS 3.1

MVS_NO

Value

Description

98, 99

0

Cleared

1-64, 90-93, 97,

1

Extant

Figure 6-2.
Extant
vegetation
(value = 1)
derived from
NVIS major
vegetation
subgroups (v
3.1) where
bufferedpolygons (0.005
degrees)
intersect 0.01
grid centroids.
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6.2.3 Analyses of representativeness of reserves and extant native
vegetation
As indicated at the start of this chapter, the analyses of representativeness conducted
here can be viewed as direct analogues of more traditional, and better-known,
analyses of “proportion of vegetation remaining” and “proportion reserved” based on
discrete classes such as bioregions or vegetation types. In those analyses each
location (grid cell) is a member of a particular class (e.g. a bioregion or a vegetation
type), and all cells in a given class are therefore viewed as having the same level of
proportional representation in reserves, or the same proportion of vegetation
remaining. In other words, the proportion assigned to a given cell does not reflect
whether that particular cell is reserved or vegetated, but rather the overall proportion of
cells in the same class (e.g. bioregion) that are reserved or vegetated.
Couching this traditional approach in terms of the language of this report, cells
occurring within the same class are treated as having a compositional dissimilarity of 0
(i.e. they are identical biologically) while cells in different classes are treated as having
a dissimilarity of 1 (i.e. they are totally distinct biologically). In the GDM-based
approach adopted here the dissimilarity between pairs of cells is allowed to vary
continuously across the landscape, and the estimation of proportional representation in
reserves, or proportion of vegetation remaining, has been adapted to reflect this. The
logic behind this approach, and examples of its previous application, are provided by
Ferrier et al. (2004) and Allnutt et al. (2008).
The starting point for these calculations is the prediction of dissimilarity between pairs
of cells, based on the GDMs fitted in Section 4. A GDM including n environmental
predictors x (transformed by the fitted non-linear functions) predicts the ecological
distance ΔE between two cells, i and j, as:
n

ΔE = ∑ xi − x j

[1]

x =1

which translates, via the model’s link function, into a compositional similarity between
the two cells (sij) of:

sij = e − ΔE

[2]

and a compositional dissimilarity (dij) of:

d ij = 1 − s ij

[3]

Figure 6-3 shows a worked example for two cells for a stack of three grids of
transformed environmental predictors. For further mathematical detail and explanation
see Ferrier et al. (2007).
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Figure 6-3. A worked example of calculating the dissimilarity between two cells in a grid based on a fitted
GDM model. a) three environmental predictors x = 1 to 3 (transformed by non-linear functions fitted in the
GDM) and the two cells, i and j; b) calculating the ecological distance as the sum of the absolute
differences between the values for each cell in each grid and c) calculating the similarity and dissimilarity
from this.

In addition to the abiotic environmental attributes, a cell may also have been assigned
some measure of ecological state or condition (c). In the analyses presented here we
worked with two different binary condition layers – one in which cells containing extant
vegetation are coded as 1 and all other cells coded as 0 (Figure 6-2), and the other in
which reserved cells are coded as 1 and unreserved cells as 0 (Figure 6-1). We also
experimented with a third layer in which condition varied continuously between 0 and 1,
as inferred from mapped land use (see Appendix I and Figure 9-2 in Section 9).
Looking outwards from a cell of interest (i), every other cell (j) will thus have both a
condition (cj), and a similarity (sij) to cell i. These can be used as a measure of the
contribution of cell j to the ‘effective habitat area’ of cell i—i.e. the total area of habitat
predicted to be similar in biological composition to the cell of interest—see Ferrier et al.
(2004) and Allnutt et al. (2008) for further explanation of this approach. If the condition
of j is 1, and its similarity is also 1, it represents a full kilometre square of habitat which
is compositionally similar to cell i. If either the condition or the similarity is reduced, so
will the contribution to the area of similar habitat to cell i, i.e. sijcj .
For any given cell we can then calculate the effective area of similar habitat as the sum
of these contributions for all n cells on the continent, such that the effective habitat area
of cell i (Hi) is given as:
n

H i = ∑ sij c j
j =1

[4]

The effective habitat area of each cell calculated using a given “condition” layer
(reserves, extant vegetation, landuse-condition) can then be expressed as a proportion
of the effective habitat area obtained if all cells on the continent were assumed to be in
pristine condition – i.e. assigned a condition value of 1:

Pi =
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Applying this approach using the reserves layer produces a grid in which the value for
each cell is the proportion of the total area of cells with a similar environment, and
therefore similar biological composition, included in the reserve system. As described
above, the contribution that other cells make to the calculation of this proportion is
weighted by the level of similarity predicted by the GDM for the biological group of
interest. Applying the approach using the extant vegetation layer produces a grid in
which the value for each cell is the proportion of the total area of similar environment,
and therefore similar composition, that remains as extant native vegetation.

6.3

Results

6.3.1 Proportional representation of habitat in the National Reserve
System
The resulting maps of proportional representation of habitat in reserves are presented
for each of the 11 modelled taxonomic groups in Figure 6-4 to Figure 6-14. The same
colour scale is used across all of these maps to facilitate comparison. Note the marked
differences between taxa in the extent to which representation of habitat in reserves
varies spatially across the continent. This is clearly linked to differing levels of
compositional turnover detected and modelled for these taxa. Groups such as birds
and dragonflies containing more widely distributed species, and therefore lower rates
of compositional turnover along environmental gradients, exhibit much less variation in
habitat representation compared with groups such as vascular-plants and land-snails
containing more narrowly distributed species, and therefore higher rates of
compositional turnover. Note also marked differences within a given taxon (e.g.
vascular plants, Figure 6-4) in the spatial grain of variation in representativeness for
different parts of the continent – e.g. higher variation in colour in the more dissected
terrain (and therefore steeper environmental gradients) of the far south-east relative to
the flatter arid interior.
We also derived an aggregate assessment of reserve representativeness (Figure 6-17
and Figure 6-18) by combining results from the 11 taxonomic groups. This was
achieved by a weighted averaging of results, in which the contribution of each taxon
was weighted by the “sum of coefficients” of the GDM model fitted for that taxon (see
Table 4-2). The logic behind this is that the sum of coefficients provides an indication of
the total amount of compositional turnover (diversity) exhibited by each taxon, and
therefore the extent to which this taxon is likely to serve as a good surrogate for other
unassessed components of biodiversity (see Moritz et al., 2001). This weightedaverage map can therefore be viewed as an approximate estimate of the proportional
representation of habitat in reserves considering biodiversity as a whole. More detail of
the spatial pattern exhibited by this measure is provided for the general Kimberley
region (Figure 6-15), Central Australia in the vicinity of the MacDonnell Ranges (Figure
6-16), the Cape York region of north-east Australia (Figure 6-19) and southern Western
Australia (Figure 6-20).
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Southern
Victoria

Figure 6-4. Proportional representation of vascular-plant habitat in the National Reserve System. The
value for each cell is the proportion of the total area of cells with a similar environment, and therefore
similar biological composition (if both cells were in a pristine state), included in the reserve system. The
contribution that other cells make to the calculation of this proportion is weighted by the level of similarity
predicted by the vascular-plant GDM. Darker blue colours indicate environments that are relatively well
represented with respect to vascular plants and redder colours indicate poorly represented environments.
The outline shows the boundary of the National Reserve System based on the CAPAD database, v. 2006.
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Figure 6-5.
Proportional
representation
of land snail
habitat in the
National
Reserve
System. See
Figure 6-4
caption for
description.

Figure 6-6.
Proportional
representation
of ground
beetles
habitat in the
National
Reserve
System. See
Figure 6-4
caption for
description.
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Figure 6-7.
Proportional
representation
of butterfly
habitat in the
National
Reserve
System. See
Figure 6-4
caption for
description.

Figure 6-8.
Proportional
representation
of dragonfly
habitat in the
National
Reserve
System. See
Figure 6-4
caption for
description.
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Figure 6-9.
Proportional
representation
of groundspider habitat
in the National
Reserve
System. See
Figure 6-4
caption for
description.

Figure 6-10.
Proportional
representation
of termite
habitat in the
National
Reserve
System. See
Figure 6-4
caption for
description.
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Figure 6-11.
Proportional
representation
of frog habitat
in the National
Reserve
System. See
Figure 6-4
caption for
description.

Figure 6-12.
Proportional
representation
of reptile
habitat in the
National
Reserve
System. See
Figure 6-4
caption for
description.
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Figure 6-13.
Proportional
representation
of bird habitat
in the National
Reserve
System. See
Figure 6-4
caption for
description.

Figure 6-14.
Proportional
representation
of mammal
habitat in the
National
Reserve
System. See
Figure 6-4
caption for
description.
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Figure 6-15. Kimberley region showing the proportional representation of habitat in the National Reserve
system based on weighted average of all modelled taxa (vascular plants, land snails, ground beetles,
butterflies, dragonflies, ground spiders, termites, frogs, reptiles, birds, mammals). Colours have been
scaled to span the range of values occurring in this region.

Figure 6-16. Central Australia region showing the proportional representation of habitat in the National
Reserve system based on weighted average of all modelled taxa (vascular plants, land snails, ground
beetles, butterflies, dragonflies, ground spiders, termites, frogs, reptiles, birds, mammals). Colours have
been scaled to span the range of values occurring in this region.

126

Harnessing Continent-Wide Biodiversity Datasets

6

ASSESSING REPRESENTATIVENESS OF THE NATIONAL RESERVE SYSTEM AND
EXTANT NATIVE VEGETATION

Figure 6-17. Proportional representation of habitat in the National Reserve System based on weighted
average of all modelled taxa (vascular plants, land snails, ground beetles, butterflies, dragonflies, ground
spiders, termites, frogs, reptiles, birds, mammals). ). The value for each cell is the proportion of the total
area of cells with a similar environment, and therefore similar biological composition (if both cells were in a
pristine state), included in the reserve system. The contribution that other cells make to the calculation of
this proportion is weighted by the level of similarity predicted by the GDM models. Darker green colours
indicate environments that are relatively well represented while browner colours indicate poorly
represented environments. Figure is continuous with Figure 6-18.
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Figure 6-18. Proportional representation of habitat in the National Reserve System based on weighted
average of all modelled taxa (vascular plants, land snails, ground beetles, butterflies, dragonflies, ground
spiders, termites, frogs, reptiles, birds, mammals). The value for each cell is the proportion of the total area
of cells with a similar environment, and therefore similar biological composition (if both cells were in a
pristine state), included in the reserve system. The contribution that other cells make to the calculation of
this proportion is weighted by the level of similarity predicted by the GDM models. Darker green colours
indicate environments that are relatively well represented while browner colours indicate poorly
represented environments. Figure is continuous with Figure 6-17.
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Figure 6-19. Cape York region showing the proportional representation of habitat in the National Reserve
system based on weighted average of all modelled taxa (vascular plants, land snails, ground beetles,
butterflies, dragonflies, ground spiders, termites, frogs, reptiles, birds, mammals). Colours have been
scaled to span the range of values occurring in this region.
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Figure 6-20. Southern Western Australia region showing the proportional representation of habitat in the National Reserve system based on weighted average of all
modelled taxa (vascular plants, land snails, ground beetles, butterflies, dragonflies, ground spiders, termites, frogs, reptiles, birds, mammals). Colours have been scaled
to span the range of values occurring in this region.
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6.3.2 Proportion of habitat remaining
Applying the same methodology as for reserve representativeness, we analysed the
proportion of effective habitat remaining for each taxonomic group. This analysis
assumed all areas of extant vegetation were in equally good condition. That is, for each
grid cell habitat is treated as being either present (condition=1) or absent (condition=0).
The results obtained for the individual taxonomic groups are presented in Appendix J.
As for reserve representativeness above, we developed an aggregate assessment of
effective habitat remaining for biodiversity as a whole (Figure 6-21). Here again, the
proportion of effective habitat remaining is based on a weighted average of each
taxon’s contribution to biodiversity turnover using the “sum of coefficients” of the GDM
model fitted for that taxon (see Table 4-2 in section 4). As expected, these results
mirror the intensive land use zones of south-eastern and south-western Australia,
where clearing is most extensive (shown in Figure 6-2).

Figure 6-21. Proportion of habitat remaining based on NVIS mapping of extant vegetation, and a weighted
average of all modelled taxa (vascular plants, land snails, ground beetles, butterflies, dragonflies, ground
spiders, termites, frogs, reptiles, birds, mammals). The value for each cell is the proportion of the total area
of cells with a similar environment, and therefore similar biological composition (if both cells were in a
pristine state), mapped as extant vegetation. The contribution that other cells make to the calculation of
this proportion is weighted by the level of similarity predicted by the GDM models. Darker brown colours
indicate environments with a small proportion of native vegetation remaining, while greener colours
indicate environments with higher proportional retention of native vegetation. State and bioregion
boundaries are overlain in white.
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6.4

Discussion

The fitted GDM models (described in Section 4) are ideally suited to continental-scale
assessment of biodiversity conservation status and trends. By way of demonstration,
we applied the same basic calculations—derived using existing techniques (Ferrier et
al., 2004; Allnutt et al., 2008)—to assess proportion of habitat associated with two
different land context layers: extent of the National Reserve System in Australia and
distribution of extant native vegetation. We reiterate however that the results presented
here should not be interpreted as conservation priorities. Rather they provide a
preliminary, relatively broad-scaled, assessment of areas potentially warranting more
detailed spatial conservation prioritisation, incorporating information on other key
factors such as threats, costs and opportunities in a spatial conservation prioritisation
process (Sarkar et al., 2006; Margules & Sarkar, 2007; Ferrier et al., 2009; Ferrier &
Wintle, 2009; Ferrier & Drielsma, 2010).

6.4.1 Reserve system representativeness
The question of reserve system representativeness has long been a central issue of
conservation assessment and reserve network design. Representativeness in this
context is one of several goals of reserve design and refers to the inclusion of areas
that encompass natural variation in biodiversity and landscapes using a surrogate
framework. This realisation led to an iterative process of assessing reserve
representativeness (Kirkpatrick, 1983) resulting in the principle of complementarity;
now a cornerstone of systematic conservation planning (Margules & Pressey, 2000). In
Australia, this surrogate system aims to capture local and regional variation within and
between ecosystems, such as mapped vegetation types, using bioregions as a
framework for prioritising regions and reporting on outcomes. The notion of
ecosystems as surrogates that represent assemblages of species or associated
habitats is well established in the context of coarse filters in conservation planning but
their effectiveness depends on how well they represent actual variation in target types
of biodiversity (Noss, 1996; Lombard et al., 2003; Noss, 2004; Stoms et al., 2005;
Rodrigues & Brooks, 2007). In this context, the fitted GDM models provide a more
direct link with species assemblages for assessing reserve system representativeness
and can be integrated with existing bioregion and ecosystem-based approaches.
The examples presented in Section 6.3.1 (based on CAPAD version 2006)
demonstrate the general approach to assessing gaps in representation of biodiversity
in conservation reserves. These results could be cross-referenced with bioregions, for
example, to determine how well biodiversity in each region is represented within
reserves, and given the historical time series of reserve gazettals, determine a region’s
progress toward biodiversity representativeness.
The results could also be compared or integrated with traditional ecosystem-based
approaches to conservation assessment. Because fitted GDM models provide a
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continuous assessment of biodiversity variation in the landscape, the approach to
representativeness presented here can be used to assess how well the variability
within an ecosystem (or mapped vegetation class) is captured within existing reserves.
Although GDM outputs are ideally suited to continuous assessment of conservation
representativeness, and in this form is a comprehensive use of available data, the
results could be classified (as described in Section 4) for use in traditional target-based
assessments.
Our examples, presented in section 6.3.1 are based on a binary interpretation of
reserve effectiveness. Each reserve is assumed equal in its ability to preserve
constituent biodiversity. However, reserves vary in their management objectives and
effectiveness (Hockings et al., 2006), and therefore in the levels of protection actually
afforded to biodiversity. Each reserve in the NRS has been assigned to one of the six
protected area management categories based on primary management objective
(IUCN, 1994). This classification potentially provides a framework for a more
continuous assessment of biodiversity representativeness in which the level of
protection (and therefore the potential for all forms of biodiversity to persist in situ
within the reserve) is assigned a value between 0 and 1 (currently each reserve is
assigned a rating of 1) wherein a strict nature reserve (IUCN category Ia) would be
assigned the highest rating.
In addition to measures that improve the accounting of biodiversity representativeness
in reserves by relating this to management objectives, the landscape context in which
the reserve is situated and the state or condition of the reserve (linked to management
effectiveness) are further considerations in conservation assessment, discussed below.

6.4.2 Proportion of habitat remaining
Human activities are largely responsible for the current rates of biodiversity extinction.
The Millennium Ecosystem Assessment (2005), for example, highlighted a substantial
and largely irreversible loss in the diversity of life on Earth, with some 10-30% of
vertebrate species threatened with extinction. This biodiversity crisis is reflected in the
current plethora of conservation assessments, indicators and analyses that aim to
highlight the overall loss or change in biodiversity applied within regions, countries and
globally (Butchart et al., 2010). Despite global recognition of the need to reduce the
rates of biodiversity loss, the third global biodiversity outlook (Secretariat of the
Convention on Biological Diversity, 2010) noted that the five principal pressures directly
driving biodiversity loss (habitat change, overexploitation, pollution, invasive alien
species and climate change) are either constant or increasing in intensity.
As an adjunct to other indicators of species loss based on individual models (e.g. (e.g.
Thomas et al., 2004), the fitted GDM models provide a basis for assessing the likely
loss of species compositional diversity attributed to habitat loss and degradation. The
example presented in Figure 6-21, which used a weighted average of 11 modelled
taxonomic groups, shows the proportion of habitat remaining after accounting for
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vegetation loss. Here we used a binary measure of extant vegetation derived from
NVIS mapping of major vegetation subgroups (version 3.1) in which a value of 1
implies habitat in pristine condition; that is, supporting the full complement of
biodiversity that would be present within an intact landscape. However, the state or
condition of extant vegetation is known to vary as a function of its landscape situation
(environment, matrix context and configuration of habitat patches) and management
objectives which address habitat degradation through controls on threats and
threatening processes (e.g. grazing, changed fire regimes, mining, weeds, feral
herbivores and predators, etc). While some areas are managed for their conservation
values, other relatively natural areas are managed for their production values (e.g.
fodder and wood products), with varying intensity of use.
In section 6.2.3 and Appendix I, we developed a continuous measure of condition in
which a value of 1 refers to pristine condition habitat and values between 0 and 1
reflect habitat which has been degraded by human use to varying degrees. In this case
we inferred landscape condition (sensu Drielsma & Ferrier, 2006) from a National
classification of land use (Bureau of Rural Sciences, 2006b) which we grouped into
vegetation states (Thackway & Lesslie, 2006; Thackway & Lesslie, 2008) and used
ranks to assign a continuous score (detailed in Appendix I). We applied the analysis
described in section 6.2.3 to derive the proportion of habitat remaining after accounting
for both vegetation loss and the degradation attributed to variation in land use intensity
and management regime (results are presented in Appendix J and Figure 9-3 in
Section 9); an extension of the analysis presented in Figure 6-21. This supplementary
analysis more comprehensively estimates the loss of overall diversity within a region,
and similar to the discussion of reserve system representativeness above, can be used
to derive regional report cards of biodiversity loss (or gain). Because land use and land
cover are now monitored remotely or mapped regularly, it is feasible to also report on
dynamic loss or gains in regional compositional diversity (where habitat loss and
degradation are related through vegetation loss). For example, a preliminary time
series assessment of biodiversity change is presented in Appendix J using condition
inferred from version 3 land use of Australia over 6 periods from 1992/93 to 2001/02
(Bureau of Rural Sciences, 2006a). This analysis could be further enhanced by more
comprehensively considering other landscape context factors that influence the
dynamics of habitat condition and biodiversity persistence such as edge interactions,
connectedness and management regime (Ferrier & Drielsma, 2010), and using other
time series data such as forest extent and change since 1988 developed for the
National Carbon Accounting System (Australian Greenhouse Office, 2005). Such
dynamic assessments have implications for a wide range of monitoring and evaluation
studies, including for example targeting areas for Stewardship programs, and status
and trends reporting, particularly in the intensively used regions of Australia.

6.4.3 Future directions
In this section, we outlined a number of ways in which the preliminary conservation
assessments presented here may be improved with information on land management
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objectives (e.g. levels of protection, land use and condition) and landscape context
(e.g. spatial configuration). Enhanced assessments have implications for more
realistically representing the state of biodiversity within the National Reserve System or
within extant areas, and how this might be tracked by integrating results with remotesensing and monitoring systems over time.
These assessments are just a few examples of a wide range of possibilities. Further
discussion of these and other potential conservation assessment applications of fitted
GDM models is included in Section 9.
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7.

INTEGRATING BIOGEOGRAPHIC REGIONS AND
STRUCTURAL VEGETATION CLASSES

7.1

Introduction

One of the objectives of this project (as specified in the Funding Agreement) was to
extend the GDM modelling of ANHAT data to “incorporate IBRA regions and broad
vegetation types (from NVIS) as additional predictors alongside the environmental
surfaces (thereby providing a direct link with, and adding value to, mapped
classifications already widely used in national assessments)”.
This objective was motivated by two potential shortcomings of the initial GDM
modelling of ANHAT data conducted by the NHT Spatial Information System project in
2007-2008:
1. Modelling biodiversity composition purely as a function of abiotic environmental
variables (climate, terrain, soils etc) may not adequately consider the important
role that historical factors can play in shaping biological distributions. Examples
include the role of past fire regimes in shaping the distribution of structural
vegetation types (e.g. rainforest versus sclerophyll woodland), or the role of
past biogeographical disjuncts in shaping compositional divergence between
areas with otherwise-similar abiotic environments (e.g. the disjunct between
Mediterranean climate zones of south-west and south-central/east Australia).
2. GDM models based purely on abiotic environmental predictors may also be
perceived as representing a competing, and therefore complicating, alternative
to well-established mapped classifications already being employed widely in
continental-scaled assessments – particularly IBRA bioregions and NVIS
vegetation types.
The current project set out to address both of these concerns by exploring new ways of
integrating IBRA bioregions and NVIS vegetation types directly into the GDM-based
modelling of ANHAT data. In the case of IBRA the idea has been to use the 85
mapped bioregions as the primary spatial units, or ‘building blocks’, for assessing and
incorporating large-scaled disjunctions in biological composition not adequately
accounted for by the abiotic predictors alone.
In the case of NVIS a two-pronged strategy has been employed. Mapping of vegetation
types has already been incorporated to some extent in the GDM models described in
Section 3, through the inclusion of 21 vegetation attributes derived directly from the 67
major vegetation subgroups delineated by the National Vegetation Information System
(NVIS)(see Section 3.2.2 and Table 3-14). These attributes included quantitative
indices of vegetation structure – e.g. height, cover, complexity – as well as binary (0/1)
indicators of the presence or absence of vegetation features such as eucalyptdominants, rainforest, or a grassy ground stratum. The second part of the strategy for

136

Harnessing Continent-Wide Biodiversity Datasets

7

INTEGRATING BIOGEOGRAPHIC REGIONS AND STRUCTURAL VEGETATION
CLASSES

integrating NVIS data has involved using the NVIS classes themselves (in this case the
major vegetation groups, MVGs), rather than attributes derived from these classes, as
predictors in the GDM fitting.
This chapter describes the methods and results of a trial integration of IBRA bioregions
and NVIS major vegetation groups into the GDM modelling of ANHAT data. As will be
apparent, the approach employed here is still at an experimental stage, and requires
further work to resolve a number of issues. The outcomes of this trial nevertheless
suggest that the general approach being pursued offers a promising way forward
towards better accounting for the effects of biogeographic history, and better
integrating the complementary strengths of multiple sources of mapping, in GDMbased modelling.

7.2

Methods

7.2.1 Structural Vegetation Classes
We used NVIS Major Vegetation Group (MVG) mapping version 3.0 (Figure 7-1) which
defines the pre-European extent of 27 vegetation types (Executive Steering Committee
for Australian Vegetation Information, 2003; Department of the Environment and Water
Resources, 2007b). The data were projected to the standard format (WGS84) and
resampled to 0.01 degree grids using the NEAREST (search) function. Five classes
were treated as no-data (Table 7-1). The EXPAND function in GRID (ArcInfo 9.2) was
used to extend the data values around the coastline and other ‘no-data’ regions using a
list of 25 valid vegetation categories.
Table 7-1. NVIS major vegetation groups (v3.0, pre-European extent) used to derive GDM predictors.
Classes 26, 28, 29, 99 were treated as no-data values (note: class 25 is not represented in the preEuropean extent).

NO
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16

MVG_NAME
Rainforests and Vine Thickets
Eucalypt Tall Open Forests
Eucalypt Open Forests
Eucalypt Low Open Forests
Eucalypt Woodlands
Acacia Forests and Woodlands
Callitris Forests and Woodlands
Casuarina Forests and Woodlands
Melaleuca Forests and Woodlands
Other Forests and Woodlands
Eucalypt Open Woodlands
Tropical Eucalypt Woodlands/Grasslands
Acacia Open Woodlands
Mallee Woodlands and Shrublands
Low Closed Forests and Tall Closed
Shrublands
Acacia Shrublands

NO
17
18
19
20
21
22
23
24
25
26
27
28
29
99

MVG_NAME
Other Shrublands
Heathlands
Tussock Grasslands
Hummock Grasslands
Other Grasslands, Herblands, Sedgelands
and Rushlands
Chenopod Shrublands, Samphire Shrublands
and Forblands
Mangroves
Inland aquatic - freshwater, salt lakes,
lagoons
Cleared, non-native vegetation, buildings
Unclassified native vegetation
Naturally bare - sand, rock, claypan, mudflat
Sea and estuaries
Regrowth, modified native vegetation
Unknown/no-data
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Figure 7-1. NVIS Major Vegetation Group (MVG) mapping version 3.0 which defines the pre-European
extent of 27 vegetation types.

7.2.2 Biogeographic Regions
The biogeographic regions employed in the GDM analysis were based on the Interim
Biogeographic Regionalisation for Australia (IBRA) (Thackway & Cresswell, 1995)
(Figure 7-2). We used IBRA version 6.1 which is updated from version 5.1 with
additional data from New South Wales, Queensland, Victoria and Western Australia
(Environment Australia, 2000). The data were projected to the standard format
(WGS84) and resampled to 0.01 degree grids using the NEAREST (search) function.
The EXPAND function in GRID (ArcInfo 9.2) was used to extend the data values
around the coastline and other ‘no-data’ regions using a list of 85 valid categories.

138

Harnessing Continent-Wide Biodiversity Datasets

7

INTEGRATING BIOGEOGRAPHIC REGIONS AND STRUCTURAL VEGETATION
CLASSES

These classes were further grouped to ensure adequate sampling among some
taxonomic groups, described in Section 2.

Merging Poorly Sampled IBRA Regions
Data scarcity for some taxonomic groups in some remote regions, especially the arid
interior, may reduce the effectiveness of bioregions as units for assessing
biogeographic patterns. Therefore, bioregion classifications were customised for each
taxonomic group by merging adjacent poorly sampled regions. The choice of adjacent
IBRA to merge was based on sample size, IBRA size and ecological similarity. In the
previous National application of GDM by DEWHA in 2008, knowledge of ecological
similarity among IBRA regions was provided by a few scientists with field experience in
these regions. To supplement this process and overcome some of the uncertainty in
choosing pairs of IBRA to merge, we used NVIS major groups as an indicator of broad
ecological similarity in plant communities.
The area proportion of each NVIS major group in each IBRA was derived from a union
between the two National datasets (pre-1750 NVIS version 3.2, IBRA version 6.1).
These proportions were treated as ‘relative abundances’ in calculating the matrix of
Bray-Curtis similarities and paired-group classification trees using PAST software
(Hammer et al., 2001) (Appendix K). Three NVIS groups describing other shrublands,
other forest and woodlands and other grasslands, were considered too general for the
analysis and were removed from consideration (NVIS IDs: 10, 17, 21). This affected
three IBRA regions in which these NVIS types make up at least 1/3rd their extent (TWE,
GS, SWA).
The matrix of similarities and the classification tree were used to guide the choice of
adjacent IBRA to merge with the 55 target IBRA. Target IBRA were defined as those
IBRA with 10 or fewer sites (0.01 grids) containing at least one taxon from among the
eleven groups for analysis. Seven taxonomic groups were found to fall into this
category (butterflies, frogs, ground beetles, ground spiders, snails, termites and
dragonflies). Up to 11 adjacent IBRA were defined as IBRA that shared a boundary
with the target IBRA as options for merging. Summary tables listing the similarity of
adjacent IBRA were developed for each target IBRA.
Using the available tools (similarity matrices, classification trees, IBRA mapping in
ARCGIS, sample location maps for each taxonomic group, expert review) and applying
simple decision criteria, a draft grouping of target IBRA with adjacent IBRA was
developed. In addition, a simple index of sampling inadequacy (representativeness)
was calculated for each taxonomic group by IBRA as the ratio of the IBRA size
(percentage of continent) to the number of samples for analysis (presence in 0.01
grids).
For each taxonomic group, starting with the least sampled IBRA, a merge was
proposed with an adjacent IBRA if it was relatively similar and also a target IBRA. If the
adjacent IBRA contained more than 10 samples but fewer than 20, it was considered
an option to merge with a target IBRA if its index of sampling inadequacy was > 0.12,
otherwise an alternative suitable adjacent IBRA was sought. If two target IBRA were
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merged but the total sample size remained < 10, an alternative suitable two-way merge
was sought. If no suitable two-way merge was found then a three-way merge was
considered, following similar search criteria. Choices were cross-checked with the
classification and compared with previous merged IBRA proposed for the same
taxonomic groups in 2008. Differences may be attributed to changes in the size of
samples in some regions, with additional data incorporated into ANHAT and
refinements in the process and criteria. Proposed merges for the seven taxonomic
groups were reviewed by a scientist (D Yeates) with general knowledge of the
environments and species in question.
The final merged IBRA regions for each taxonomic group were converted to raster
layers with the same cell size, mask and dimensions as the environmental predictors
for GDM (described in Section 3). The EXPAND function in GRID (ArcInfo 9.2) was
used to extend the data values around the coastline and other ‘no-data’ regions using a
list of valid categories. The masked grids were converted to DIVA grids using Avenue
script (Manion undated). For consistency with GDM post-processing tools, the
minimum value of zero in the DIVA grids (*.GRD file) is edited to read the correct
minimum value of one (1).
The approach taken here has improved the consistency with which decisions about
merging adjacent IBRA are made, but the process still requires judgement in assessing
choices and expert review.

Figure 7-2. Interim Biogeographic Regionalisation for Australia (IBRA) version 6.1, comprising 85 regions.

140

Harnessing Continent-Wide Biodiversity Datasets

7

7.3

INTEGRATING BIOGEOGRAPHIC REGIONS AND STRUCTURAL VEGETATION
CLASSES

Model Fitting Strategy

Integration of IBRA bioregions and NVIS major vegetation groups into the GDM
modelling of ANHAT data was trialled using newly developed software functions in the
post-processing toolset of the GD Modeller software (see Appendix E).
Integrating the IBRA bioregions involved the following steps:
1. Generate residuals (i.e. observed minus predicted dissimilarity) for all site pairs
used to fit the GDMs described in Section 4.
2. Calculate the mean residual dissimilarity between all possible pairs of the 85
IBRA bioregions (or amalgams of these, as described above) – e.g. for
bioregions A and B this is the mean residual for all site pairs in which one site
occurs in bioregion A and the other in bioregion B.
3. Subject these mean residual dissimilarities to metric multidimensional scaling
(MDS, also known as principal coordinates analysis).
4. Use the scores of the IBRA bioregions against the first few (typically between 5
and 10) fitted MDS axes as additional GDM predictors.
5. Refit the GDM with these new predictors added to the set of environmental
predictors already included in the model, and then drop any of the new
predictors that prove to be making an ineffective contribution to the model,
using backward-elimination stopping rules similar to those described in Section
4.2.2.
Integrating the NVIS major vegetation groups involved the same steps but using 27
major vegetation groups in place of 85 bioregions. For this trial application of the
approach, IBRA bioregions and NVIS major vegetation groups were added separately
to the models for all 11 biological groups. In addition, for vascular plants we tested the
combined integration of both IBRA and NVIS into a single model. This involved two
stages – first using the residuals from the original plant GDM (described in Section 4)
to fit a model incorporating the NVIS major vegetation groups, and then in turn using
the residuals from this revised model to incorporate the IBRA bioregions.
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7.4

Results

7.4.1 Merging Poorly Sampled IBRA Regions
Seven of the 11 biological groups are sparsely sampled in one or more IBRA
bioregions, requiring decisions to be made about grouping bioregions. Using an
objective process, combined with expert opinion, we generated revised ‘IBRA’
classifications for these seven biological groups (detailed in Appendix K). For example,
sparse sampling of ground beetles resulted in 50 classes replacing the original 85
bioregions (Figure 7-3) and 70 classes for ground spiders (Figure 7-4). These classes
form the basis of bioregion predictors derived from residuals of the final models
(reported in Section 4).
Table 7-2. List of IBRA (version 6.1) masks (integer grids: 0, 1) generated for each taxonomic group.
IBRA Mask

Description

IBRA_INT

85 IBRA regions assigned as Region_no

IBRA_BEET

IBRA regions grouped for ground beetles into 50 regions assigned as region_no
(not consistent with IBRA_code)

IBRA_BIRD

85 IBRA regions assigned as Region_no renamed for birds

IBRA_BUTT

IBRA regions grouped for butterflies into 80 regions assigned as region_no (not
consistent with IBRA_code)

IBRA_DRAG

IBRA regions grouped for dragonflies into 73 regions assigned as region_no (not
consistent with IBRA_code)

IBRA_FROG

IBRA regions grouped for frogs into 83 regions assigned as region_no (not
consistent with IBRA_code)

IBRA_MAMM

85 IBRA regions assigned as Region_no renamed for mammals

IBRA_PLANT

85 IBRA regions assigned as Region_no renamed for plants

IBRA_REPT

85 IBRA regions assigned as Region_no renamed for reptiles

IBRA_SNAIL

IBRA regions grouped for snails into 81 regions assigned as region_no (not
consistent with IBRA_code)

IBRA_SPID

IBRA regions grouped for goundspiders into 70 regions assigned as region_no
(not consistent with IBRA_code)

IBRA_TERM

IBRA regions grouped for termites into 75 regions assigned as region_no (not
consistent with IBRA_code)
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Description
Figure 7-3.
Grouping of IBRA
into 50 contiguous
bioregions
(contrasting
colours) with at
least 10 Ground
Beetles sites (0.01
degree grid cells).
The 85 IBRA 6.1
boundaries are
outlined in grey.
Most groupings
occurred in
northern, central
and western
regions. Sites
shown here have
been further
filtered by richness
(excluding sites
with only one
species recorded).

Figure 7-4.
Grouping of IBRA
into 70 contiguous
bioregions
(contrasting
colours) with at
least 10 Ground
Spiders sites (0.01
degree grid cells).
The 85 IBRA 6.1
boundaries are
outlined in grey.
Most groupings
occurred in
northern, central
and western
regions. Sites
shown here have
been further
filtered by richness
(excluding sites
with only one
species recorded).
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7.4.2 Trial integration of bioregions and structural vegetation types into
GDM modelling
Table 7-3 summarises changes to GDM models that resulted from integrating IBRA
bioregions and NVIS major vegetation types, for all 11 biological groups. Improvements
in the two key indicators of model performance – “% deviance explained” and “sum of
coefficients” – were often less than what we had hoped would be achieved, particularly
for the integration of IBRA bioregions. This raised some doubts as to whether all
aspects of the algorithm described above (Section 7.3) were being implemented
correctly in the new GD Modeller software functions. Unfortunately there was
insufficient time available in the current project for these doubts, once raised, to be
properly addressed and resolved (see Section 7.1 below for further discussion of this
issue).
Despite these concerns, the mapped examples presented in Table 7-4 and Table 7-5,
and Figure 7-4 to Figure 7-6 instil some confidence that this approach is at least
heading in the right direction. For example the effect of including NVIS major
vegetation groups in the GDM is evident to some extent in Figure 7-5 and Figure 7-6
for birds and snails respectively. However, this effect often seems quite marginal, due
to the existence of reasonable concordance between patterns exhibited by the initial
GDM-based classification and the NVIS mapping, even before explicitly integrating
NVIS major vegetation groups into the GDM modelling. This concordance, itself
encouraging, probably results from commonality in the abiotic environmental drivers
underlying patterns in vegetation structure and biodiversity composition, combined with
the effects of NVIS-based vegetation attributes already included in the original GDMs.
Note that unlike the IBRA regions, the NVIS major vegetation groups were not merged
to over come data scarcity, if such existed.
The effect of integrating IBRA bioregions, as primary spatial units for delineating
biogeographical disjuncts, is evident in the land-snail example presented in Figure 7-7.
Inclusion of IBRA bioregions has here resulted in much greater compositional
discrimination along the coastal fringe of eastern Australia. Note how the continuous
band of green (of varying shades) running right down the coast in the “Without IBRA”
map is replaced by a much greater variation in colour in the “With IBRA” map,
indicating a more complex pattern of biogeographical disjuncts and resulting
compositional turnover and endemism. Another particularly encouraging example of
the improvement in GDM modelling that can be achieved by incorporating bioregional
effects is provided in Section 8, where combining the integration of IBRA bioregions
with incorporation of phylogenetic information for Myobatrachid frogs accounted for
major biogeographical disjuncts that had been poorly addressed by the original model
for this group (see Figure 8-9).
Table 7-3. Summary of models for each taxon, testing the integration of biogeographic regions and
structural vegetation classes. ’Final’ is the final model presented in Table 4-2 rerun using the same number
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of site-pairs for comparison. ‘IBRA’ is the model resulting from integration of IBRA bioregions into the Final
model; ‘MVG’ is the model resulting from integration of NVIS major vegetation groups. ‘MVG-IBRA’ is the
model resulting from integration of both bioregions and major plant groups (plants only). NEXT PAGE

Taxonomic
group

Birds

Butterflies

Dragonflies

Frogs

Ground
Beetles

Ground
Spiders

Mammals

Plants

Reptiles

Snails
Termites

7.53

Number
of
predicttors
22

Number
Coefficients >
0
42

49.51

7.93

26

46

1,2,4,5

0.74

48.81

7.69

24

45

2,5

598142

1.61

17.02

10.80

22

31

-

IBRA

598142

1.59

17.22

11.73

32

33

1,4,10

MVG

598142

1.59

17.05

10.88

23

33

10

Final

599853

1.38

15.87

9.03

22

29

-

IBRA

599853

1.36

16.06

10.38

25

33

1,2,3

MVG

599853

1.38

15.87

9.08

23

30

3

Final

498199

0.35

51.49

17.15

22

38

-

IBRA

498199

0.36

53.96

21.87

28

38

1,2,7,8,9,10

MVG

498199

0.35

51.50

17.30

23

40

3

Final

599934

0.66

45.80

33.02

22

39

-

IBRA

599934

0.66

45.80

33.17

24

40

6,7

MVG

599934

0.66

45.80

33.59

23

39

2

Final

599308

1.02

23.11

15.49

23

38

-

IBRA

599308

1.02

23.12

15.64

33

44

5,6,8,9,10

MVG

599308

1.02

23.11

15.76

24

41

3

Final

597714

0.75

34.80

14.21

23

45

-

IBRA

597714

0.77

36.01

14.34

25

45

1,2

MVG

597714

0.75

34.82

15.56

25

47

1,3

Final

598721

1.51

49.52

31.26

23

46

-

IBRA

598721

1.54

50.38

33.40

33

53

1

MVG
MVGIBRA
Final

598721

1.47

49.77

31.27

25

49

598721

1.53

50.41

34.36

25

47

599189

0.95

43.39

18.50

23

35

1, 7
1MVG,
1IBRA
-

IBRA

599189

0.97

43.99

19.07

25

38

3,4

MVG

599189

0.95

43.42

18.33

24

37

6

Final

600360

0.72

39.86

28.89

22

43

-

IBRA

600360

0.73

40.64

31.37

28

51

3,4,6,9

MVG

600360

0.69

40.01

29.20

25

48

10

Final

498700

1.33

17.83

10.81

23

40

-

IBRA

498700

1.32

18.13

13.10

29

43

1,3,4,6,7,9

Model

Site-pair
Sample
size

Intercept

%
Explained
Deviance

Sum of
Coefficients

Final

598616

0.74

48.71

IBRA

598616

0.74

MVG

598616

Final
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Taxonomic
group
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Model

Site-pair
Sample
size

MVG

498700

Intercept

%
Explained
Deviance

Sum of
Coefficients

1.29

18.06

11.91
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Table 7-4. Terrestrial bird example of models separately incorporating MVG (NVIS major vegetation groups) and IBRA (bioregion) predictors, contrasted with the original
Final model. Classifications were derived using 10,000 samples and 300 classes. Each classification is coloured separately, wherein similar colours represent similarity
among classes within each map, but not between maps. Details of predictors are given in Table 4 of Appendix C.

With MVG predictors

With IBRA predictors

300gp Classification

Predictor Histogram

‘Final’ model
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Table 7-5. Land snail example of models separately incorporating MVG (NVIS major vegetation groups) and IBRA (bioregion) predictors, contrasted with the original
Final model. Classifications were derived using 10,000 samples and 300 classes. Each classification is coloured separately, wherein similar colours represent similarity
among classes within each map, but not between maps.

300gp Classification

Predictor Histogram

‘Final’ model
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Figure 7-5. Birds of inland southwest
Australia: comparison of unsupervised
classifications of models with and without
structural vegetation classes (NVIS 3.1
major vegetation groups). The vegetation
classes introduce spatial complexity and
influence some boundaries in the
classification. The circle highlights a
location where the inclusion of structural
vegetation classes is more apparent.
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Figure 7-6. Snails at the top-end of
northern Australia: comparison of
unsupervised classifications of models
with and without structural vegetation
classes (NVIS 3.1 major vegetation
groups). The vegetation classes
introduce spatial complexity and
influence some boundaries in the
classification. The circles highlight
locations where including structural
vegetation classes are more apparent.
Correspondence between the
classification without structural
vegetation classes and vegetation map
boundaries is a coincidence and
suggests the two classifications have
common derivatives in some of the
underlying abiotic variables, or modelled
and classified plant compositional
diversity is reasonably congruent with
broad vegetation boundaries.
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Figure 7-7. Snails of eastern Australia: comparison of unsupervised classifications of models with and without integration of IBRA bioregions. Inclusion of the bioregions
has allowed much greater compositional discrimination along the coastal fringe. Note how the continuous band of green (of varying shades) running right down the coast
in the “Without IBRA” map is replaced by a much greater variation in colour in the “With IBRA” map, indicating a more complex pattern of biogeographical disjuncts and
resulting compositional turnover and endemism. .
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7.1

Discussion

As indicated in the Introduction, the approach used in this trial integration of IBRA
bioregions and NVIS major vegetation groups is still at an experimental stage. The
purpose of this application was two fold. Firstly we aimed to demonstrate how
independent predictors of biogeography history influencing evolutionary processes may
be taken into account using the residuals of an initial fitted model. Secondly we wished
to demonstrate the potential utility of existing National datasets commonly used in
biodiversity assessment. While some of the results obtained are promising, further
work will be needed to ascertain whether all aspects of the algorithm described in the
Methods have been implemented correctly in the extended software. Further work is
also needed to investigate potential improvements to the algorithm itself. One
possibility worthy of particular attention would be to adapt the analysis of residual
dissimilarities to detect and model biogeographical patterns (not explained by
environmental predictors) within continuous geographical space, rather than in relation
to discrete predefined regions. Early thinking on this idea suggests that it may have
considerable potential.
In this application we recognise that the IBRA regions and NVIS major vegetation
groups are relatively weak surrogates for biogeographic history and broad scale habitat
variation. While we were committed to their application in this case, we recognise that
higher resolution datasets, such as NVIS major subgroups and IBRA subregions, may
result in marginal improvements. In future applications we recommend development of
more effective surrogates for geographic and historical barriers to dispersal and other
drivers of evolutionary processes to supplement the environmental predictors. We
note however that incorporation of pre-classified boundaries, as applied here, has
other potential uses – for example, in regionalisation studies where the goal is to
conservatively update an existing boundaries such as IBRA that are already embedded
in policy frameworks. While not specifically developed for this purpose, the
incorporation of IBRA boundaries along with other environmental predictors in a GDM
is an effective way to combine expert opinion and data-driven processes in a mapping
revision of an existing classification.
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INCORPORATING INFORMATION ON PHYLOGENETIC
DIVERSITY
Introduction

Phylogenetic data, which show how species are related to each other, are increasingly
used in spatial studies to describe and explain the spatial processes of evolution and to
identify conservation priorities (Sechrest et al., 2002; Soutullo et al., 2005; Forest et al.,
2007; Rosauer et al., 2009). Biological diversity is distributed unequally between
species as well as between places. Some areas hold far more (or less) diversity at risk
than would be apparent from species based measures alone, and it has long been
argued that we can target conservation priorities for a greater benefit to biodiversity if
we consider not just the species living in each area, but also the relationships between
them (Vane-Wright et al., 1991; Faith, 1992; Forest et al., 2007).
Here we present the first implementation of a technique to not only describe and
compare spatial patterns of phylogenetic diversity, but to predict such patterns across a
study area, beyond sampled locations. It may have significant advantages for
conservation planning by enabling phylogenetic relationships to be included directly in
assessments of biodiversity loss and conservation gaps as presented in this report.
Further, the approach presented here can often provide a more accurate spatial model
of biodiversity because it considers not just areas which share species, but also areas
which share closely related species.
Because phylogenetic turnover can be calculated between any biota whose locations
and phylogenetic relationships can be defined, one could use the same technique to
model spatial structure within species, or in situations where taxonomic identification is
not possible or not practical. A GDM model of this type thus offers the potential to
broaden the range of taxa and data sources which can be included in conservation
assessments, to cover taxonomic groups which are currently not used due to a lack of
reliable taxon location data.
Gene sequencing is rapidly becoming cheaper and faster. This has led to a rapid
growth in the publication of phylogenetic trees (also known as phylogenies) which
compare gene sequences to infer the ancestral relationships between species,
populations or individuals. These relationships are represented as a phylogenetic tree
(phylogeny) which is rather like a family tree, in which the length of a branch is
proportional to either the genetic similarity between two species or lineages, or the time
since those lineages shared a common ancestor.
GDM as previously applied, models turnover in species composition, to represent the
spatial structure of species diversity. The newly implemented technique presented
here, phylogenetic generalised dissimilarity modelling (phylo GDM) models the spatial
structure of phylogeny, the relationships between species or other lineages. With this
technique, instead of modelling the degree to which different locations share species,
we can model the degree to which the biotas of these locations are related to each
other, and thus apply a more meaningful measure of biodiversity to conservation
questions.
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8.1.1 A rationale for phylo GDM
While species GDM is remarkably useful for analysis of multi species spatial structure,
it is limited in one key respect. In species GDM, biological distance between sites is
represented by the Bray-Curtis index (Bray & Curtis, 1957), which gives a value
ranging from 0 (same species found at both sites) to 1 (no species shared between the
sites). GDM models this change of species composition with changing environment at
sampled sites, to generate an overall model of the spatial structure of species level
biodiversity which can be extrapolated to predict biological similarity across the area of
interest. As one compares sites with different species complements along an
environmental gradient, the Bray-Curtis distance generally increases with increasing
distance in environmental space, but once a point is reached where no species are
shared, the Bray-Curtis measure is saturated at 1 and no further biological distance
can be represented. For example, two rainforest patches with distinct but closely
related species, would share the same Bray-Curtis distance as a rainforest and a
desert site which have no overlap even at family level.

Hypothetical phylogeny for species occurring at two sites, i and j. This phylogenetic information can be
used to derive an extended version of the Bray-Curtis dissimilarity index by redefining the quantities A,
B, and C (see equation 1 below) in terms of phylogenetic branch length, where A is the total branch
length shared by the two sites, B is the total branch length unique to site i, and C is the total branch
length unique to site j (Ferrier et al., 2007).

Figure 8-1. Estimating phylogenetic dissimilarity on a phylogeny.

A solution to this problem, may be found in phylogenetic beta diversity (Lozupone &
Knight, 2005; Ferrier et al., 2007; Bryant et al., 2008; Graham & Fine, 2008) which is
analogous to species beta diversity, except that the units shared between sites are not
species, but branches on the phylogeny, representing features (Faith, 1992) or units of
evolutionary history in common. The approach proposed by Ferrier et al. (2007) is
illustrated in Figure 8-1.
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Several recent studies have used phylogenetic beta diversity to quantify
phylogeoegraphic structure along environmental gradients (Bryant et al., 2008; Faith et
al., 2009; Graham et al., 2009). There are many applications of this approach to
biological distance (see Graham & Fine, 2008), but importantly for GDM, the measure
responds to differences in the composition between sites even where no species are
shared, giving a far broader range of distance measurement. For example, as
composition changes along an environmental gradient, a species may be replaced by
close relatives, and this is reflected by a phylogenetic distance measure.
As illustrated in Figure 8-1 and Figure 8-2, two sites may share no species, but still
have a biological distance less than 1 if they share common ancestors within the
phylogeny used for analysis. In this way, the reach of the biological distance measure
can be extended to distinguish varying levels of dissimilarity between sites which share
no species, and give a more refined measure of dissimilarity even where species are
shared. Phylogenetic beta diversity can be calculated using a modified form of BrayCurtis distance:

d ij = 1 −

2A
2A + B + C

(1)

where A is the length of the branches common to both sites, i and j; B is the length of
the branches present only at site i; and C is the length of the branches present only at
site j. A branch is present at a site if it is on the path linking the taxa at the site to the
root of the phylogenetic tree (Faith, 1992).

The solid black line represents species beta diversity,
comparing each site to site A. This measure is saturated
once no species are shared. The dashed line, for
phylogenetic beta diversity, reflects the PD shared with site
A, measuring biological distance in the absence of shared
species. Top panel adapted from Ferrier et al (2007).

Harnessing Continent-Wide Biodiversity Datasets

155

8

INCORPORATING INFORMATION ON PHYLOGENETIC DIVERSITY

Figure 8-2. Comparing species and phylogenetic beta diversity along an environmental gradient.

Ferrier et al. (2007) proposed that a measure of phylogenetic beta diversity could be
used in a GDM framework to model phylogenetic turnover, and hence to apply
phylogenetic relationships in a range of broad scale problems such as environmental
classification, conservation assessment, climate change impact assessment and
survey gap analysis (see also Graham & Fine, 2008; Faith et al., 2009).
We can thus develop a model of the spatial structure of phylogenetic turnover,
considering not the degree to which areas share species, but how closely related the
biota of those areas are, or in other words, the degree to which they share common
evolutionary history.
In principle, a phylo GDM approach also removes the need to work at species level,
and to use named taxa. Distances can be calculated between any biota whose
locations and phylogenetic relationships can be defined. Much of Australia’s
biodiversity is still to be taxonomically described, but can be readily sequenced and
represented in phylogenies. So a method which is able to include these biota in
biodiversity models conservation planning and other purposes covered in this report,
may have considerable potential to contribute to decision making on biodiversity.

8.1.2 Ancient lineages and current day environment – a challenge
While the tips on a phylogeny represent currently occurring biota whose locations are
mediated by the current environment, the deeper branches infer past lineages which
may have lived in entirely different locations and / or environments to those now
occupied by their living descendants. For this reason the fact that two species share a
large component of evolutionary history via a branch deep in the tree, may not be
reflected in the similarity of the environments which they now occupy. Deep branches
on the tree may thus serve to confound, rather than strengthen the relationship
between biological and ecological distance.
So we are considering two opposing factors which appear to lead to different
conclusions. On the one hand we have argued that we can better model biological
turnover in environmental space by incorporating the relationships between closely
related taxa which replace each other along environmental gradients. But against this,
we know that the correlation of deep branches to current environment may be highly
variable, and thus confound the model.
We thus hypothesised that the fit of a GDM model to present environment would be
improved by incorporating phylogenetic relationships between more recently diverged
taxa, compared to a species GDM model, but that at some point deeper branches,
representing more ancient ancestry, would cause the model fit to decrease (Figure
8-3).
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model
performance

8

depth of tree included
0 depth = current species only

full tree = deep ancestry

Hypothesised relationship between GDM model performance and
depth of tree included in the phylogenetic beta diversity measure.

Figure 8-3. Relationship between GDM model performance and depth of tree.

Further research could consider the form of the relationship presented in Figure 8-3, for
example by relating real paleo-climatic events to the dates implied by a temporal
analysis of model fit such as this. But our interest in tree depth here is simply to find the
depth, or age on the tree which provides the GDM model of biological turnover to help
assess habitat loss, conservation priorities and other questions covered in this report.

8.2

Generating Phylogenetic GDM Models

The phylogenetic GDM method is illustrated here for three groups of taxa: the peaflowered shrub genus Daviesia, and the Australian members of two frog families,
representing 91% of the continent’s 229 amphibian species, Hylidae and
Myobatrachidae. Each of these groups represents a separate radiation within
Australian (and New Guinea for the frogs) with nearly all species restricted to Australia.
A GDM was fitted to both phylogenetic and species dissimilarity data for each group.

8.2.1 Phylogenetic Data
In addition to the species location data (section 2) and environmental data (section 3),
phylogenetic GDM requires two extra components:
•

a phylogenetic tree which defines the evolutionary relationships between the taxa
to be included in a model. A tree in the widely used nexus or newick file formats
can be read by the Biodiverse GDM Site Pair Generator.

•

a table to match the taxon names in the species site data with the taxon names on
the phylogeny

The phylogenetic data used for this project were prepared for spatial analysis as part of
Dan Rosauer’s PhD research. The preparation involved:
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•

liaising with a systematist to obtain a phylogeny in a suitable format. In many cases
a suitable phylogeny may be published in the scientific literature, or available online
on Treebase (www.treebase.org), although for the work presented here, the
phylogenies were unpublished when the spatial analysis was initiated.

•

checking the taxa in the phylogeny, and in the spatial data to ensure that a clear
link could be made between the taxa represented by the sequenced individuals,
and the distributions represented by the geolocated specimen and survey records.

•

creating table to match taxon names on the phylogeny with taxon names in the
spatial data.

One factor which currently limits the range of Australian taxa which can be included in
spatial phylogenetic analysis, is the need for relatively complete taxon sampling within
a phylogeny. Many phylogenetic projects sample just a selection of the species in a
given family or genus. Whilst important questions about the evolutionary relationships
within a taxonomic group or the processes of evolution of species and traits, can be
answered with data on a representative sample of the taxa within a broader group,
spatial analyses of the type presented here work best with all (or virtually all) of the
taxa included. This is because gaps on the phylogeny become in effect, spatial gaps,
because unsequenced taxa can’t easily be included in the spatial analysis. The
availability of phylogenies suitable for broad-scale spatial analysis will improve rapidly,
as a) reduced cost and effort of sequencing leads to the inclusion of more taxa in
studies and b) more sequencing projects have spatial analysis as a goal, and thus
collect data to meet the needs of such projects.

Hylidae (subfamily Pelodryadinae) – Tree Frogs
The Australian tree frogs, members of the family Hylidae represent a radiation
(grouping of related species) found through most of Australia and also in New Guinea.
There are 80 described species in Australia, of which 76 species had available genetic
information for inclusion in the phylogeny. A Bayesian inference phylogenetic tree
based on 1587 bp of aligned nucleotide sequence per taxon of the 12s and 16s rRNA
mitochondrial genes was prepared by Stephen Donnellan (published in Rosauer et al.
2009) which included 76 taxa sequenced with mitochondrial DNA. Four unsequenced
hylid species were excluded.
This tree had branch lengths proportional to the amount of genetic difference between
species. But to obtain a rate smoothed ultrametric tree, with branch lengths broadly
proportional to time, the penalised likelihood method was applied using the program
r8s (Sanderson, 2003, 2006). In the absence of dated calibration points, the root of the
tree was set to an arbitrary, unitless age of 1, with branch lengths representing
proportions of the total age of this group of species.
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Myobatrachidae – Myobatrachid Frogs
The family Myobatrachidae are a group of frogs found throughout Australia, with
several species occurring in New Guinea. The 115 species included in this study
represent 92% of the extant species described for Australia. Ten species of the genus
Uperoleia were excluded, as current taxonomic uncertainty prevented a reliable match
between taxon names, sequenced specimens and distribution data (Renee Catullo
2009, pers. comm.). A phylogenetic tree was prepared by Scott Keogh and David
Moore (unpublished data, 2009), inferred from a maximum likelihood analysis of an
alignment of 2467 base pairs of mitochondrial DNA (ND2 and 12s) from 117 species in
the family Myobatrachidae as well as one outgroup taxon. Multiple specimens of each
species were originally used to confirm the monophyly of the species, but a single
specimen of each species was then used in the final tree. Three species occurring only
in New Guinea were excluded before the spatial analysis.
Using the same method described for the Hylidae tree, a rate smoothed ultrametric
tree was obtained, with the root of the tree was set to an arbitrary age of 1, with branch
lengths representing proportions of the total age of the family.

Daviesia – Pea-flowered shrubs
The genus Daviesia comprises approximately 130 species of pea-flowered shrubs in
the family Fabaceae, found mainly across southern Australia, with scattered presence
in arid and northern Australia. A Bayesian phylogeny for Daviesia derived from
ribosomal DNA internal transcribed spacer (ITS) sequence data for 119 taxa was
derived by Mike Crisp and Lyn Cook using the program Beast (Drummond & Rambaut,
2007). This method was used to generate a chronogram (dated tree), using calibration
points to estimate the ages of nodes in the tree as part of the tree generation process,
so branch lengths represent millions of years.
Note that although the trees used for this project used different units of branch length,
the Bray-Curtis formula for phylogenetic dissimilarity cancels out units, so it is only the
relative lengths of branches within a tree which affect the result.

8.2.2 Species location data
The data and methods used were similar to those for the species GDM described in
section 2.2, so here, only differences from that method are covered.
Species location records were derived from essentially the same museum, herbarium
and government specimen and biological survey databases listed in section 2.2. In
addition, records for North Queensland Mixophyes frog species were made available
by Craig Moritz and by the Queensland Museum.
Because a smaller range of taxa were included in the phylogenetic GDM models, it
was possible to carefully check the distribution records for each species to exclude
records which were most likely erroneous locations or misidentified species.
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Cases where taxonomic revision has changed the species distribution were also
addressed.
Records for each species were mapped, and outlying records were checked for
discrepancies between the location coordinates and the text description of the location.
Species maps or specimen records were also reviewed by taxon experts as follows:
Daviesia: Mike Crisp (all species)
Frogs: Steve Donnellan, Luke Price, Frank Lemckert, Michael Mahoney, Conrad
Hoskin, Harry Hines, Paul Doughty, Renee Catullo, Keith McDonald, Andrew
Amey, Ken Aplin, Allistair Stewart. – each reviewed selected species depending on
taxonomic or regional expertise.
The three resulting ‘cleaned’ species location datasets contained 17 656 Daviesia
records, 106 302 Hylidae records and 150 669 Myobatrachidae records respectively,
which were summarised to 0.01 degree (~1km) sites.

8.2.3 Site pair sampling
For each group of taxa, a set of site pairs was generated using essentially the same
method described for species site pairs in section 2.2.4.
Singleton records at a site were not used for the GDM model, so a site was included if
it contained records for at least two species, or multiple records for a single species.
The richness / sampling threshold was set lower than for species GDM, in order to
avoid excluding species or regions from the analyses. Phylogenetic GDM is more
robust to poorly sampled sites. Whereas for species dissimilarity a comparison of two
single species sites can only yield two results – the same species (0) or different
species (1) – using phylogenetic dissimilarity a comparison of two species yields a
range of values depending on how closely related the species are.
Before sampling, the available sites for each taxonomic group were randomly split into
training (95% of sites) and test (5% of sites) sets.
The available species location datasets reflected the biases typical to such data, such
as heavier sampling in more populated or accessible locations. To obtain a balanced
representation of site pairs stratified the sites by IBRA bioregions (Thackway &
Cresswell, 1995), and set a quota for the set of site pairs from each possible pair of
regions. Because some regions contain far more diversity and compositional turnover,
we defined the quota of site pairs for each pair of regions in proportion to:
Log (richness of region 1) + log (richness of region 2) + 1
to adequately capture this turnover. A weighting was also placed on the number of
within region site pairs to ensure adequate sampling of local scale patterns.
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For each taxonomic group, a model training dataset of 300,000 site pairs was
generated from the training sites, using the above procedures.
The sampling strategies described above were automated for easy reuse, in the GDM
beta-diversity site-pair generator module (Rosauer, 2009) for Biodiverse. This module
links the phylogenetic and spatial data and traverses the tree to determine the length of
shared and unshared branches between the taxa at each pair of sites, and return a list
of site pairs with their phylogenetic dissimilarity.

8.2.4 Sampling by tree depth
As discussed in section 8.1.1, we expected the use of phylogenetic information to
produce a better fitting model, but that the deeper branches on the phylogeny might
confound the relationship to current environment.
To test this, and find the best set of phylogenetic information to include, we created
multiple versions of each tree by ‘cutting’ the tree to include only the relationships
between more recently diverged lineages. As shown in Figure 8-4, the depth at which
the tree was cut was defined as a proportion of the total age of the tree, from 1 (include
the full tree) to 0 (include only the tree tips, which is equivalent to a standard species
model). For each species group, a series of 11 trees were created by cutting at depths
for 0 to 1 in increments of 0.1. For each of the 11 trees, a set of 300,000 site pairs was
then generated along with a test set of site pairs for model evaluation.
Figure 8-4. Cutting the
phylogenetic tree at different
depths.

Cutting the phylogenetic tree at
different depths. The green
lines indicate potential tree
cutting points. In each case, all
of the branches to the right of
the line, to the tips of the tree
would be included, while
anything to the left of the line
would be excluded. This
procedure generates a model
which considers only the more
recent relationships between
lineages

8.2.5 Model Fitting
The initial fitting of phylo GDM models followed essentially the same processes of
iterative variable selection used for species GDM models.
The steps for predictor selection described in section 4 were applied. A process of
automatic backwards elimination was used to select those variables contributing at
least 0.1% to the deviance explained by the GDM model. For each species group, this
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process was repeated for 3 trees, with depths of 0, 0.5 and 1, to allow for variation in
the set of variables which would be significant at different tree depths. A combined set
of all of the variables which were significant at any of the three tree depths, then
formed a base set of predictors for that taxonomic group.
Using this base set of predictors, GDM models were then fitted using the site pairs for
each of tree depths, in turn. We could thus determine the tree depth which resulted in
the best fitting model, so that this model could be used in subsequent GDM
applications such as reserve gap analysis.

8.2.6 Biogeographic adjustment
An additional procedure was used to incorporate into the GDM models, elements of
compositional dissimilarity which are unrelated to measures of current day
environment. Where environmentally similar areas have different biota, for example
due to current or past dispersal barriers, a model based solely on environmental
distances would underestimate the biological distance between such areas. For
example, the south-east of South Australia and the south-west of Western Australia are
relatively close in ecological distance, but have very different biota, being separated by
the Nullarbor.
To incorporate these biogeographic disjunctions into the model, we used a new
biogeographic predictor function of GD Modeller, created for this project, to calculate
the model residuals between IBRA regions (see section 7). This region-by-region
residuals matrix was transformed by multi-dimensional scaling (MDS) to generate axes
accounting for the general pattern of residuals for each region. The first 5 MDS axes
were used to generate biogeographic predictor grids, reflecting the compositional
dissimilarity between regions that was not accounted for by the environmental model.
These biogeographic predictor grids were then added to the existing environmental
predictors, and the model was rerun.

8.3

Model Results and Evaluation

8.3.1 Important predictors
The most important predictor of compositional turnover across the phylogenetic GDM
models was difference in summer-winter rainfall seasonality (srain1 and slrain1).
For frogs, the plant growth indices (mesogi and microgi) were strong predictors in each
model. Slope was an important predictor of myobatrachid frog turnover, while the rate
of change in precipitation (rprecmin, rprecmax) and the lowest monthly solar radiation
in the year were important for predicting hylid turnover.
For Daviesia, temperature was important, with the average maximum temperature of
the coolest month (maxti), and the annual temperature range (trnga) playing a large
role in the models behind rainfall seasonality. The aridity index (arid_min) which is a
ratio of precipitation to potential evaporation was important, as was the magnetic
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anomaly index (magnetics) which presumably functions in this model as a surrogate for
other substrate properties relevant to plant growth. These predictors are described in
section 3.
Note that identifying correlates of compositional turnover in a GDM model such as
these does not indicate causality. The study design is directed to creating the best
possible model of compositional turnover from a set of partially correlated
environmental predictors, rather than establishing the statistical significance specific
predictors.

8.3.2 An extended biological distance measure
A comparison of the species and phylogenetic beta diversity results (Figure 8-5)
illustrates how the phylogenetic measure of biological distance gives a far broader
measure of biological distance. It successfully differentiates different biological
distances between site pairs which the species measure treats as of equivalent
distance (ie. 1) because they share no species. Figure 8-6 shows that whereas species
dissimilarities are concentrated at 1 for most of the ecological distance spectrum (top
plot), phylogenetic values below one predominate (bottom plot) until nearly the furthest
class of ecological distances on the graph. The intermediate plot, with tree depth = 0.5
shows the transition between these patterns. See Faith et al. (1987) on the expected
relationship between beta diversity and ecological distance.
The phylogenetic beta diversity measure thus has the potential to be a more
informative indicator of the broadscale spatial structure of biodiversity than is species
beta diversity, as it delivers far more information about compositional turnover at larger
ecological distances. The challenge, as discussed below, is to develop models which
effectively represent the spatial pattern in phylogenetic beta diversity.
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Phylogenetic beta diversity

0.8

1.0

Myobatrachidae - Phylogenetic Beta Diversity v Species Beta Diversity
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Species beta diversity
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Figure 8-5. Myobatrichidae –
phylogenetic beta diversity v
species beta diversity.
Phylogenetic β diversity values
show a broad range of
dissimilarity where the species
β diversity value is 1, indicating
a range in the amount of
shared evolutionary history
between sites which share no
species. The box represents
the interquartile range, with the
bold line for the median, and
dotted lines the full range. Box
and whisker widths are
proportional to the square root
of the number of observations
in each species β diversity
class, emphasising the
predominance of values of 1.
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The relationship between ecological distance and
biological distance changes with increasing tree
depth. The box represents the middle 50% of
biological distance values for that ecological
distance, with a thick black line for the median and
the box ends representing the 1st and 3rd quartiles,
while the dotted lines represents the outer 25% of
values. Species dissimilarity (bottom plot, tree
depth = 0) measures 1 between > ¾ of sites,
across all but the closest 3 of 12 ecological
distance classes. There are no site pairs with a
distance < 1 across the furthest 1/3 of the
ecological distance range. In contrast,
phylogenetic dissimilarity (top plot, tree depth = 1)
displays a good range of values for almost the
whole ecological distance range.

Figure 8-6. Relationship between ecological
and biological distance depends on tree depth.
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8.3.3 Model fit peaks at mid tree depth
As proposed above, the GDM model fit between compositional turnover and current
day environment was improved by including recent phylogenetic relationships in the
model, so that sites with more closely related species would have a lower dissimilarity
score. Including further tree depth led to a decline in model performance. As shown in
Table 8-1 and Figure 8-7, the ‘age’ at which the model fit peaks, and the amount of
improvement and subsequent decline, vary between taxonomic groups. The exact
point at which the best fit to current day environment is found, is sensitive to the
measure of model fit which is used, although the pattern of fit with tree depth is
consistent across measures for each taxonomic group.
Table 8-1. Predicted versus Observed correlations for species and phylogenetic models
Correlation - predicted v observed
dissimilarity

Correlation - ecological distance v observed
dissimilarity

Taxonomic
group

Species
GDM

Best partial tree fit

Full phylo
GDM

Species
GDM

Best partial tree fit

Full phylo
GDM

Hylidae

0.53

0.58 (depth = 0.4)

0.46

0.45

0.54 (depth = 0.6)

0.44

Myobatrachidae

0.57

0.58 (depth = 0.4)

0.50

0.49

0.53 (depth = 0.5)

0.48

Daviesia

0.58

0.67 (depth = 0.2)

0.52

0.43

0.53 (depth = 0.5)

0.48

There are two credible explanations for the observed pattern of model fit against tree
depth (Figure 8-7), one inherent in the process of evolution as proposed in section
8.1.1 above, the other specific to the modelling technique used.
Including phylogenetic relationships between recently diverged lineages in the
biological response data can better link compositional turnover to environment, so long
as species replacement along environmental gradients favours close relatives. This
can occur because the more closely related species have retained adaptations which
suit them to similar environments, or simply because their more recent common
ancestry means that they are more likely to occur near to each other, even if not at the
same sites, and hence share more similar environments. Neither of these processes is
captured by a species GDM model.
Inclusion of deeper branches however, is more likely to confound the model, as these
branches represent ancestors of current taxa, which may have lived in completely
different locations and environments to their current day descendants. The determining
factor is the degree of niche conservatism, the extent to which the current descendants
of a lineage occupy similar environments, presumably retained from their common
ancestor. There are, or course, many examples where this occurs, with whole genera
or families retaining physiological adaptations to similar environmental conditions, but
the converse where a lineage has radiated to exploit a range of radically different
environments, is also common. This can explain differences in the response of the
GDM model to older parts of the phylogeny.
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A methodological explanation for the observed pattern, which compounds the
evolutionary processes just described, is that the GDM link function assumes a
logarithmic relationship between ecological and biological distance where biological
distance quickly reaches values close to 1. But as we have shown, a different
relationship exists for phylogenetic dissimilarity which tends to remain below 1 over a
much greater environmental distance, and displays a relationship which may be closer
to linear than logarithmic (see Figure 8-2). But because GD Modeller software is
optimising for a logarithmic relationship, it may not find the best fit between ecological
and phylogenetic distances.

Model fit for a spectrum of tree depths from a
species model (depth = 0) to a full tree model
(depth = 1). Each model shows a modest
improvement in its prediction of compositional
turnover with inclusion of the more recent
relationships between species. The ‘age’ at which
the model fit peaks, and the amount of
improvement and subsequent decline, vary
between taxonomic groups.

Figure 8-7. Model fit and tree depth.

We found that the link function did improve the model fit in all cases, compared to a
direct correlation between ecological distance and phylogenetic dissimilarity, but the
magnitude of this improvement decreases with increasing tree depth, thus increasing
the decline in model fit with tree depth. This effect might be solved by using a more
appropriate link function, a subject for future research.
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These limitations do not prevent use of the phylo GDM method, or render its results
invalid. Rather, they present the possibility of achieving further improvement in the
model performance with future refinement of the method.

8.4

Applying Phylogenetic GDM Models

Phylo GDM models were applied to produce 3 mapped outputs, which each interpret
the spatial structure of biodiversity to answer the questions in the following list. The
approaches used here follow those presented in the preceding sections for species
GDM.
1. The modelled phylogenetic dissimilarities were used to cluster phylogenetically
similar areas
2. The model was used to assess the representativeness of the National Reserve
System for phylogenetic diversity in the 3 taxonomic groups.
3. The model was used to infer the effect of habitat loss on phylogenetic diversity.
The results for each of these analyses are presented in Figure 8-8 to Figure 8-17.

Figure 8-8 Myobatrachid frogs. Classification by predicted phylogenetic similarity. Similar colours indicate
more closely related species. Phylogenetic similarity is based on the phylogeny to depth 0.4.

Harnessing Continent-Wide Biodiversity Datasets

167

8

INCORPORATING INFORMATION ON PHYLOGENETIC DIVERSITY

The Myobatrachid frog
classification repeated, with
adjustment for the effects of
biogeographic isolation between
different regions of Australia. In
comparison to Figure 8-8, it
distinguishes the biota of SE and
SW Australia (pink and beige),
as well as the arid specialists
(blue) in Neobatrachus and
Uperoleia, with distributions
eastwards from the Kimberley
and Pilbara into central
Australia.

Figure 8-9 Classification by predicted phylogenetic similarity for myobatrachid frogs using biogeographic
adjustment to account for areas with similar environment but less closely related species. Similar colours
indicate phylogenetically similar areas. Phylogenetic similarity is based on the phylogeny to depth 0.4.

Figure 8-10 Proportional reservation of myobatrachid frog habitat. Blue indicates that a high proportion of
areas predicted to be phylogenetically similar to that site, are reserved. Brown indicates poor protection of
similar areas. Phylogenetic similarity is based on the phylogeny to depth 0.4.
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Figure 8-11. Remaining proportion of myobatrachid frog habitat. Green indicates that a high proportion of
areas predicted to be phylogenetically similar to that site have remaining habitat. Brown indicates poor
retention of similar areas. Phylogenetic similarity is based on the phylogeny to depth 0.4.

Figure 8-12. Hylid frogs. Classification by predicted phylogenetic similarity. Similar colours indicate more
closely related species. Phylogenetic similarity is based on the phylogeny to depth 0.4.
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Figure 8-13. Proportional reservation of hylid frog habitat. Blue indicates that a high proportion of areas
predicted to be phylogenetically similar to that site, are reserved. Brown indicates poor protection of similar
areas. Phylogenetic similarity is based on the phylogeny to depth 0.4.

Figure 8-14. Remaining proportion of hylid frog habitat. Green indicates that a high proportion of areas
predicted to be phylogenetically similar to that site have remaining habitat. Brown indicates poor retention
of similar areas. Phylogenetic similarity is based on the phylogeny to depth 0.4.
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Figure 8-15. Daviesia: Classification by predicted phylogenetic similarity. Similar colours indicate more
closely related species. Phylogenetic similarity is based on the phylogeny to depth 0.2.

Figure 8-16. Daviesia: Proportional reservation of habitat. Blue indicates that a high proportion of areas
predicted to be phylogenetically similar to that site, are reserved. Brown indicates poor protection of similar
areas. Phylogenetic similarity is based on the phylogeny to depth 0.2.

Harnessing Continent-Wide Biodiversity Datasets

171

8

INCORPORATING INFORMATION ON PHYLOGENETIC DIVERSITY

Figure 8-17. Remaining proportion of Daviesia habitat. Green indicates that a high proportion of areas
predicted to be phylogenetically similar to that site have remaining habitat. Brown indicates poor retention
of similar areas. Phylogenetic similarity is based on the phylogeny to depth 0.2.

Figure 8-18. GDM classification
for Myobatrachidae by
phylogeny to depth 0.4 for an
area of central eastern
Australia. The area comprises
the Brigalow Belt South,
Nandewar, New South Wales
North Coast and South East
Queensland IBRA bioregions.
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One of the limiting factors for GDM class colour maps, as for any map, is the ability of
the eye to distinguish finely differentiated colours. To illustrate this point and present
additional information available in the model at a regional scale, Figure 8-18 uses the
Myobatrachid continental model to classify phylogenetic spatial structure for an area of
eastern Australia. The area shown, comprising 4 IBRA bioregions (Thackway &
Cresswell, 1995), is the most speciose area for Myobatrachidae (Slatyer et al., 2007).
The full colour spectrum is used here to represent pattern of phylogenetic turnover in
this area as predicted by the continental model. The coastal plain (green), cooler,
heavily dissected escarpment (purple) and the drier country further inland (pink) each
show their own pattern in phylogenetic turnover.

8.5

Conclusion

Through the methods and results presented in this section, we have laid the foundation
for using measures of biodiversity relatedness between communities, in the form of
phylogenetic beta diversity to model the spatial structure in biodiversity beyond
sampled sites and thus to further include phylogenetic information in decisions about
conservation and sustainable use of biodiversity.
We have shown that by selecting the appropriate depth of phylogenetic information to
include, phylo GDM can provide a better fitting model of the spatial pattern in
biodiversity. And in all cases it provides valuable extra information by reflecting not only
the species shared between areas, but the closeness of the relationships. Phylo GDM
has great potential for application of spatial modelling to new, field survey methods,
such as ecogenomics and broad scale Barcode of Life surveys.
Further work will improve the application of phylo GDM, and the availability of more
phylogenetic data will broaden the scope for its application, but already it is a technique
which works, and which may provide valuable additional information for the
understanding and protection of Australia’s biota.
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FUTURE DIRECTIONS AND OPPORTUNITIES

In this section we first recap the achievements and outputs of the current project,
before identifying priorities for ongoing improvement and refinement of the developed
models, and exploring potential applications of these models in a wide range of
conservation assessment and planning activities.

9.1 Achievements and outputs of the current project
Major achievements and outputs of the current project, linked to each of the sections of
this report are:
•

Section 2: Biological data for over 20,000 species in eleven taxonomic groups
comprising four vertebrate groups (mammals, birds, reptiles and amphibians), six
invertebrate groups (butterflies, dragonflies, land snails, termites, ground beetles
and ground spiders) and vascular plants were extracted from the ANHAT database
for use in fitting the GDM models. Aggregated within 1km grid cells, the original
location data were condensed into nearly eight million records (of a given species
in a given cell). Rigorous procedures were put in place for data filtering (including
for spatial precision) and pre-processing.

•

Section 3: The available set of continent-wide environmental predictors for use in
GDM modelling was expanded significantly to include a number of new soil
attributes, new climatic variables relating to rainfall seasonality, relative humidity,
and water balance, and a suite of biotic attributes derived from NVIS vegetation
mapping. In total 74 abiotic and 26 biotic variables were assembled, at 1km grid
resolution for the entire continent, and covering many of the major known
environmental drivers of distributional patterns in terrestrial biodiversity.

•

Section 4: The assembled biological and environmental data were used to fit
continent-wide GDM models for all eleven taxonomic groups. Efficient procedures
were put in place to streamline model-fitting including new automated tools for
selection of environmental predictors and batch processing. The raw outputs of the
fitted GDM models were configured as a set of continent-wide spatial layers (1km
grid resolution) to facilitate their ongoing use in various forms of conservation
assessment.

•

Section 5: To demonstrate the potential use of the resulting GDM models in
identifying priority areas for further biological data collection at a National level,
these models were linked to a survey gap analysis procedure based on the
“environmental diversity” (ED) method. This approach offers a rigorous, and highly
practical, means of selecting new biological survey sites to maximise net gain in
biological information per unit effort or expenditure.

•

Section 6: To demonstrate the potential use of these same models in Nationallevel conservation assessment, preliminary analyses were conducted of the extent
to which compositional diversity in the modelled taxonomic groups is represented
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in the National Reserve System (NRS) and in remaining (extant) vegetation across
the continent.
•

Section 7: A new approach was developed, and trialled, for integrating IBRA
bioregions and NVIS vegetation types directly into the GDM-based modelling of
ANHAT data, to better accommodate the complementary strengths of wellestablished and widely-used mapped biodiversity surrogates for the Australian
continent, and better account for the effects of biogeographic history in shaping
biological distributions. This approach shows considerable promise but still needs
further testing and refinement.

•

Section 8: A new approach was also developed for incorporating information on
phylogenetic (evolutionary) relationships between species into continent-wide
GDM models, and was trialled using available data for two frog families (Hylidae
and Myobatrachidae) and a plant genus (Daviesia). This approach offers
considerable potential as a means of more effectively factoring evolutionary history
into the mapping of spatial pattern in biodiversity composition, and into
conservation assessments based on this mapping.

9.2 Potential ongoing improvement of the models
As we detail in Section 9.3 below, the GDM models generated by this project are now
available, and suitable, for use in a wide range of conservation assessment and
planning activities. However, there is also considerable potential for ongoing, iterative
improvement and refinement of these models, thereby progressively strengthening the
information base underpinning these activities. Areas of improvement and refinement
particularly worthy of future attention include:
•

176

Refinement of biological and environmental data used to fit the models. The
quantity, quality and accessibility of continent-wide biological and environmental
data will continue to improve over time, and it is therefore vital that the GDM
models developed in this project are re-fitted periodically to take advantage of
these improvements. Emerging improvements in available biological and
environmental data include:
o

Improved accessibility to primary biological specimen and observation
datasets from multiple institutions through the developing National
Collaborative Research Infrastructure Strategy (NCRIS) Atlas of Living
Australia initiative.

o

Major new National-level biological survey initiatives, including Bush
Blitz and TERN (the NCRIS Terrestrial Ecosystem Research Network).

o

Increasing interest in the potential use of environmental metagenomics
(ecogenomics) for rapid assessment of whole-community compositional
/ phylogenetic dissimilarity between survey sites, particularly for poorlyknown components of biodiversity such as soil microbes.
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o

Availability of the new 1-second (30m) SRTM digital elevation model
(DEM) for the entire Australia continent.

o

Rapid advances in National-level mapping of soil attributes by CSIRO
Land and Water and others, through the use of airborne radiometrics
etc.

•

More effective incorporation of the effects of biogeographic history. The approach
trialled in this project for using IBRA bioregions as building blocks for integrating
biogeographic effects into GDM modelling (see Section 7) requires further
evaluation and refinement.

•

Integration with modelling of richness. Modelling of compositional dissimilarity or
turnover (i.e. beta diversity) could be employed more effectively in conservation
assessment if it were combined with parallel modelling of continent-wide variation
in local richness (i.e. alpha diversity). Modelling of richness using ANHAT, and
similar datasets, presents major statistical challenges due to gross variation in
sampling effort between sites.

•

Better integrated, and more efficient, modelling infrastructure (software and
hardware). Developing the models described in this report often involved large
amounts of manual intervention and effort that could be greatly reduced through
further software refinement and integration. Development of the models also
stretched the storage and processing capacity of the employed desktop computers
to the limit. Much could be gained by reconfiguring this process to run on higherperformance Unix-based hardware.

•

Rigorous model testing and error estimation. Many future users of GDM models,
such as those developed in this project, are likely to ask “how accurate are these
models?” or “how much error or uncertainty is associated with the predictions?”. To
better answer these questions, procedures need to be developed and implemented
to evaluate the accuracy of predicted compositional patterns using various forms of
statistical cross-validation, error-estimation and independent field testing.

9.3 Potential applications in conservation assessment and
planning
9.3.1 Cost-effective biological survey design
As demonstrated in Section 5, combining the GDM models developed in this project
with ED-based survey gap analysis offers a rigorous, and highly practical, means of
selecting new biological survey sites to maximise net gain in biological information (i.e.
the most new species discovered, or the most different environments sampled for
known species) per unit effort or expenditure. Ideally this approach of survey design
needs to form part of an integrated process aimed at refining our knowledge of
compositional patterns in biodiversity incrementally over time, as proposed by Ferrier
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(2002). This process involves the following steps for any given biological group of
interest: 1) fit a GDM based on existing biological data (as described in this report); 2)
use this model, in conjunction with survey gap analysis, to select additional survey
sites; 3) use the new biological data collected at these sites to evaluate the predictive
performance of the initial model; 4) combine the new data with the existing biological
data and repeat steps 1 to 4.

9.3.2 Prioritising conservation investment
As indicated in Section 1, information on spatial pattern in the distribution of
biodiversity is just one (albeit important) input needed to inform prioritisation of
conservation investment. Future prioritisation activities making use of outputs
generated by this project will desirably do so as part of a comprehensive
methodological framework giving due consideration to other key factors such as
threats, costs, opportunities, and relevant ecological processes (see Ferrier & Wintle,
2009). Such assessments may also employ the modelled patterns of compositional
diversity from this project alongside distributional data or models for individual species,
or ecological communities, of particular conservation concern (e.g. those listed under
the EPBC Act). The schematic diagram from Section 1 depicting how the modelling
work performed in this project fits into the bigger picture of conservation assessment is
included again here in Figure 9-1.
Mapped land
classifications (IBRA,
NVIS etc)

Pressures &
threats

GDM-based modelling
of compositional
diversity

Distribution of
biodiversity values
of interest

Spatial (mapped)
information

Individual species
mapping / modelling

Costs &
opportunities

Other environmental,
social & economic
values

Understanding of
relationships, interactions
& processes

Biodiversity conservation
prioritisation, planning,
monitoring & evaluation
Figure 9-1. GDM-based modelling of compositional dissimilarity viewed as part of the bigger picture of
biodiversity conservation assessment.

Two main strategies are available for incorporating GDM-based modelling of
compositional dissimilarity into quantitative prioritisation techniques such as those
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developed within the discipline of “systematic conservation planning” (Ferrier et al.,
2009). One strategy is to work with the classes generated by subjecting the continuous
GDM-based predictions of compositional dissimilarity to numerical classification, as
described in Section 4. These classes can effectively be treated in the same manner
as any other land classes—such as mapped vegetation types—which thereby allows
them to be used by most existing conservation prioritisation systems—e.g. DiversityED/Target (Faith & Walker, 1996b), Marxan (Possingham et al., 2000), C-Plan
(Pressey et al., 2009), Zonation (Moilanen, 2007). For a recent example of GDMderived classes being used with the Zonation system see Leathwick et al. (2010).
The second strategy for incorporating GDM-based modelling into quantitative
conservation prioritisation is to work directly with the continuous predictions of
compositional dissimilarity, rather than with discrete classes derived from these. This
strategy makes better use of the full richness of information on compositional patterns
and relationships contained in these models. However, while some good mathematical
techniques have been developed for approaching conservation prioritisation in this way
(see review by Ferrier et al., 2009)– mostly based around variants of Faith’s original
ED concept (Faith & Walker, 1996b, a) – software implementing these techniques is
not yet as readily available as that for techniques employing discrete classes.

9.3.3 Conservation status assessment and monitoring
The analyses presented in Section 6 demonstrated the potential for GDM models to be
used in assessing spatial variation in the representation of compositional diversity in
the National Reserve System and in extant native vegetation. While not pursued any
further in the current project, this type of analysis can provide the foundation for an
approach to assessing, and monitoring change in, the conservation status of
biodiversity across large geographical regions that is starting to attract considerable
international attention, particularly from GEO BON – the global Biodiversity
Observation Network initiative emerging under the auspices of the intergovernmental
Group on Earth Observations.
Using an approach that has already been trialled successfully both globally (Ferrier et
al., 2004) and at a finer scale in Madagascar (Allnutt et al., 2008), the GDM-based
analysis of representativeness presented in Section 6 can be readily extended to
provide an estimate of the overall proportion of compositional diversity retained in a
defined region for a given spatially-explicit habitat condition layer. While both of the
condition layers employed in Section 6 were binary (0/1) the approach is general
enough to work with any layer with condition values varying between 0 and 1.
As an example of the type of condition layer that could be employed in this extended
analysis, we developed a preliminary condition index by assigning values to each
category of land use defined in the Australian Land Use and Management (ALUM)
classification (Bureau of Rural Sciences, 2006b). Our simple approach utilised existing
concepts and frameworks of vegetation condition dynamics (Thackway & Lesslie,
2006) and state-transition modelling (Drielsma & Ferrier, 2006). We applied our index
to the May 2009 version of the aggregated State-based mapping of catchment-level
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land use (Bureau of Rural Sciences, 2009) (Figure 9-2). The index relates to the
mapped definition of land use and does not reflect the actual condition of land at any
location, which depends on past and present land management regimes and the
inherent resilience of biodiversity which varies with habitat type. Further technical
details are presented in Appendix I.

Figure 9-2. Landuse-condition (0-1 continuous values) for different catchment-level land uses from
aggregated State-based assessments (Bureau of Rural Sciences, 2009); compiled sources, May 2009.

The GDM-based proportion of effective habitat area remaining for vascular plants,
based on this landuse-condition layer, is presented in Figure 9-3. Employing the
extended analysis introduced above, layers such as these could be used to infer the
overall proportion of compositional diversity retained, either for the entire continent, or
for any defined region of the continent (e.g. a bioregion). By repeating such an analysis
using a time series of remotely observed changes in land use (or in vegetation
condition itself) this approach offers a means of monitoring, and reporting on, change
in overall compositional diversity retained within any given region of interest inferred
from change in land use and/or condition.
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Figure 9-3. Proportion of effective habitat remaining based on analysis of the vascular-plant GDM and the
land use-condition layer presented in Figure 9-2.

9.3.4 Global-change scenario analysis
The final potential use for the GDM models developed in this project is in forecasting
the impacts of global-change scenarios on biodiversity. During the past 6 months the
outputs from some of these models (for vascular plants, frogs, reptiles, birds, mammals
and land snails) have already been employed in a separate project being performed for
SEWPaC by CSIRO – “Assessment of the impact of climate change on the National
Reserve System: Phase 2”. This other project has used the GDM models to infer
potential changes in biological composition as a function of projected changes in
climate across the continent, as a relative indicator of potential ‘environmental stress’
expected to be experienced by species in a given biological group under a given
climate scenario. This is based on the assumption that the amount of change in
species composition expected for location A as a result of climate change, will be
equivalent to the compositional dissimilarity currently observed between location A and
another location B with a current climate matching that projected for location A (Ferrier
& Guisan, 2006; Ferrier et al., 2007).
The GDM-based analyses performed in this separate project have resulted in maps
depicting the following:
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•

The predicted dissimilarity between the current composition of each grid cell and its
composition under a given climate scenario, as a general indicator of potential
environmental stress on a cell-by-cell basis.

•

The minimum predicted dissimilarity between the current composition of each cell
and the future composition of all cells on the continent under a given climate
scenario, as an indicator of ‘disappearing [biotically-scaled] environments’.

•

The minimum predicted dissimilarity between the future composition of each cell
under a given scenario and the current composition of all cells on the continent, as
an indicator of ‘novel or no-analogue [biotically-scaled] environments’.

•

The proportional change in effective habitat area (for a given climate scenario)
within a radius around each cell (varying from 750m to 100km) using an extended
version of the analytical technique described in Section 6. This provides an
indication of the potential contribution that environmental heterogeneity around
each cell may make to ameliorating, or buffering, the effects of a given climate
scenario (see example in Figure 9-4).

Figure 9-4. Experimental analysis of proportional change in “effective habitat area” under a 2070 climate
scenario (CSIRO Mk3.5 climate model, medium emissions scenario) - vascular plants, 50km dispersal
assumed. This analysis has been performed as part of a separate project for SEWPaC – “Assessment of
the impact of climate change on the National Reserve System: Phase 2” – making use of GDM models
described in this report (Ferrier et al., in prep.).

The potential for further use of the GDM models developed in this project in forecasting
the impacts of global-change scenarios on biodiversity has also been indicated recently
by the GLOBIO Consortium (UNEP World Conservation Monitoring Centre - WCMC,
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UNEP GRID-Arendal, and the Netherlands Environmental Assessment Agency)
expressing strong interest in collaboratively exploring potential for integrating
components of the GDM-based modelling approach into GLOBIO (Alkemade et al.,
2009) – one of the world’s most prominent tools for assessing past, present and future
human impacts on global biodiversity (employed, for example, in the last two Global
Biodiversity Outlook reports). Planning is underway for an initial trial of this integration
using some of the GDM models developed in this project.
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