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ABSTRACT 
Aim To investigate the use of bioclimatic envelope models for predicting distributions of species 1 

that have experienced severe human-induced geographic range contractions. Bioclimatic envelope 2 

model predictions of current and future distributions were contrasted with those from models that 3 

use biotic indicators of suitable habitat as predictors rather than climate. 4 

Location Temperate grassy woodlands of South Australia. 5 

Methods We modelled the distribution of two native grassland plant species, key habitat indicators 6 

of the endangered and geographically-restricted pygmy bluetongue lizard (Tiliqua adelaidensis), 7 

using climate and landscape variables with aggregated boosted regression trees. We forecast annual 8 

changes in the plant species distributions from 2000-2100 under a no-climate-policy “Reference” 9 

scenario (high global greenhouse gas emissions) and a climate stabilisation “Policy” scenario. We 10 

compared current and future predicted distributions of the lizard estimated directly using 11 

bioclimatic envelope models with those derived indirectly from climate-driven changes in habitat 12 

suitability of the grassland plant species with which the lizard has a strong association (termed 13 

plant-habitat models). 14 

Results Both coupled plant-habitat models and bioclimatic envelope models described the current 15 

distribution of the pygmy bluetongue lizard almost equally well, however, future projections of 16 

changes in the species range were markedly more pessimistic (i.e. greater range contraction) for 17 

bioclimatic envelope models. Further, bioclimatic envelope models that included interactions among 18 

variables projected rapid increases in area of occupancy that are unlikely to be attainable given 19 

dispersal constraints, but no such increases were projected from plant-habitat models. 20 

Main conclusions Capturing species-environment relationships for threatened and range-restricted 21 

species using surrogate biotic variables that represent resource requirements of the focal 22 

species―which themselves respond to environmental variation and are in stable 23 

equilibrium―allows more confident and ecologically realistic forecasts of potential range changes 24 

for species most susceptible to climate change. 25 
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 29 

INTRODUCTION  30 

Species of highest conservation concern typically have restricted ranges due to a synergy of 31 

human-derived threatening processes (Sala et al., 2000; Brook et al., 2008). Along with 32 

overexploitation and interactions with invasive species, habitat destruction due to changes in human 33 

land use is a leading cause of extirpations and species extinctions (e.g., Gibson et al., 2011; 34 

Mantyka-pringle et al., 2012). Thus the distributions of range-restricted species are rarely 35 

constrained by climate alone, particularly at low altitudes. Understanding potential threats and 36 

changes in the distributions of species facing declining geographical ranges is a major challenge in 37 

conservation management, particularly when habitat fragmentation through land use impacts 38 

prevents populations from tracking rapidly changing climate niches (Angert et al., 2011). 39 

Bioclimatic envelope models (also known commonly as species distribution models or 40 

ecological niche models (Araújo & Peterson, 2012)) use observations of the range of climatic 41 

conditions, and potentially other abiotic variables (Franklin, 2009), experienced within the current 42 

(and sometimes historical) geographic distribution of a species to infer its environmental constraints. 43 

These models have been used extensively to describe current, past and future distributions of 44 

species (Araújo & Peterson, 2012). Many different statistical approaches can be used to derive 45 

bioclimatic envelope models (Elith et al., 2006; Elith & Leathwick, 2009) and predict the current 46 

and future potential distributions of range-restricted species (e.g., Engler et al., 2004; Pearson et al., 47 

2007; Hughes et al., 2008; Gibson et al., 2010). However, using bioclimatic envelope models to 48 

project potential distributions for species that have undergone recent substantial range contractions 49 

through habitat degradation and human exploitation can be problematic because the climatic 50 



tolerances of the species fundamental niche (sensu Hutchinson, 1957), including physiological and 51 

resource constraints, cannot readily be deduced from the current distributions (Thuiller et al., 2004; 52 

Williams & Jackson, 2007). Indeed, Pearson et al. (2007) showed that predictions from bioclimatic 53 

envelope models for species with restricted ranges (and potentially few occurrence records) should 54 

not be interpreted as range limits. Rather, the distribution of environmental conditions may be (at 55 

least in part) a sampling artefact caused by other factors such as historical land use changes, leading 56 

to errors (usually underestimation) in forecasts of future range shifts (Varela et al., 2009). Because 57 

biotic interactions such as competition and facilitation influence species-environment relationships, 58 

biotic variables representing these relationships can improve predictions of species’ distributions at 59 

local and global scales (Pulliam, 2000; Pearson & Dawson, 2003; Heikkinen et al., 2007; Meier et 60 

al., 2010; Pellissier et al., 2010; Wisz et al., 2012).  Ecological niche models that include biotic 61 

variables based on ecological-evolutionary understanding of the key limiting resources for the 62 

species may transfer better in space (and time) than models based on indirect environmental 63 

variables such as climate (Vanreusel et al., 2007; Wisz et al., 2012), particularly for range-restricted 64 

species. Such resource-based ecological niche models can link facilitative biotic interactions, such 65 

as vegetation characteristics, that directly affect the species demography to predictions of its 66 

distribution (Araújo & Luoto, 2007). 67 

Considering that range-restricted species are often of greatest conservation concern (Owens 68 

& Bennett, 2000; Harris & Pimm, 2008) and are most likely to be negatively influenced by climate 69 

change (Thomas 2004), there is an urgent need to develop robust methods for predicting their range 70 

dynamics. The IUCN (2010) has recently recommended a focus on developing bioclimatic envelope 71 

models that better approximate threats to species persistence from anticipated climate change. One 72 

of the principal goals of our study was to examine how outputs from correlative bioclimatic 73 

envelope models can be used to predict more reliably the influence of climate change on the 74 

distributions of range-restricted species. 75 

We present a novel approach to investigating the effect of climate change on predicted range 76 



shifts in an endangered (IUCN, 2011) and range-restricted species; the pygmy bluetongue lizard 77 

(Tiliqua adelaidensis; henceforth abbreviated as PBTL). The PBTL has only been found in natural 78 

grasslands that are dominated by native grasses and shrubs (Milne, 1999; Souter et al., 2007). This 79 

habitat supports populations of spiders that dig burrows, which are a population-limiting shelter 80 

resource for the PBTL (Milne & Bull, 2000; Fellows et al., 2009). Given this dependence on 81 

grassland habitat, and because reliable data on spider distribution with the necessary spatial 82 

coverage were unavailable, we use the habitat suitability of several grassland-indicator plant species, 83 

which are themselves influenced by climate, to represent environmental constraints on the 84 

occurrence of the PBTL. We compare the predictions of current and future area of occupancy of the 85 

PBTL from these models with results derived from a direct bioclimatic envelope approach. The 86 

current restricted distribution of the PBTL has resulted from a historical range contraction due 87 

predominantly to habitat fragmentation from land clearance (Hutchinson et al., 1994; Souter et al., 88 

2007), and is not in a stable equilibrium with climate. All known populations are spatially clustered 89 

in one small part of the species historical distribution (Duffy et al., 2012), thus restricting the range 90 

of environmental conditions over which possible bioclimatic envelope models can be trained. In 91 

contrast, the grassland plant species are more widely distributed than the current known range of the 92 

PBTL, leading us to hypothesise that they represent a broader range of environmental conditions 93 

suitable for PBTL populations. This makes it a useful case study for examining the extent to which 94 

bioclimatic envelopes could bias estimates of potentially suitable habitat today, or under future 95 

climatic conditions, for species that have undergone recent range contractions due to global change. 96 

 97 

METHODS 98 

Study species 99 

Tiliqua adelaidensis  100 

The pygmy blue tongue lizard, Tiliqua adelaidensis (Peters 1863), is an endangered species (IUCN, 101 



2011) with a restricted extent of occurrence of about 7000 km2 in the mid-north region of South 102 

Australia, where it occupies isolated fragments of temperate native grassland. The species was 103 

considered extinct following its last sighting in 1959 (Cogger, 1992), but was rediscovered in 1992 104 

(Armstrong & Reid, 1992; Armstrong et al., 1993; Hutchinson et al., 1994). Historical records, 105 

although sparse, show that the recent range of the species was much larger than the present-day 106 

known populations, for instance extending at least 80 km south of the southern-most current record. 107 

Within its native grassland habitat, the primary shelters for the PBTL are spider burrows 108 

constructed by mygalomorph (trapdoor) and lycosid (wolf) spiders (Hutchinson et al., 1994; Milne 109 

& Bull, 2000; Fellows et al., 2009). These provide an ambush site for passing prey, insulation from 110 

the extremes of temperature, and protection from predators (Milne et al., 2003). For burrowing 111 

spider populations to be sustained within native grasslands, the soil needs to have no recent or long-112 

term soil disturbance (e.g. from soil cultivation). The characteristic habitat of current known PBTL 113 

populations is unploughed native grasslands on lower footslopes and hill flanks (Souter et al., 2007). 114 

These areas have soils of sufficient depth to allow the spiders to dig the 30 cm or deeper burrows 115 

that the lizards prefer (Milne & Bull, 2000; Fellows et al., 2009). Upper-slope areas, by contrast, 116 

generally have shallower (skeletal) soils which make these areas less suitable for spider burrow 117 

construction. Land-use changes that regularly disturb the soil structure and destroy established 118 

shelter burrows, common in the region following 19th century European colonisation, have resulted 119 

in fragmentation of suitable habitat within the current known range. 120 

Grassland plant species  121 

Using advice from taxon-specific experts, we selected six grassland plant species as potential key 122 

indicators for the native grassland habitats of the PBTL, including three tussock grasses, Aristida 123 

behriana (brush wire-grass), Austrodanthonia carphoides (short wallaby-grass), and 124 

Austrodanthonia eriantha (hill wallaby-grass), an endemic shrub, Cryptandra campanulata (long-125 

flower Cryptandra), and two perennial herbs, Maireana excavata (bottle fissure-plant) and Ptilotus 126 

erubescens (hairy-tails). For each of these six plants, range-wide, presence and absence location 127 



data in south-eastern Australia were compiled from three vegetation survey databases (Biological 128 

Databases of South Australia [BDBSA]; Victorian Flora Site Database; and New South Wales YETI 129 

3.2 vegetation plot database; see Supplementary material for further details of plant species 130 

selection).  131 

Species distribution modelling 132 

Summary of modelling 133 

In the following sections we first explain the prediction of habitat suitability for grassland plant 134 

species using climate and landscape variables across south-eastern Australia. We then outline the 135 

prediction of habitat suitability for the PBTL using two approaches: (1) using grassland plant 136 

predictions where we assumed that the plants indicate suitable habitat for lizards, that they are 137 

occupying most of their potential range, and that their predicted distributions are in equilibrium 138 

with climate, and (2) using direct climate variables. 139 

Predicting habitat suitability for grassland plant species 140 

Aggregated boosted regression trees (ABT; De'ath, 2007) were used to model the presence/absence 141 

of each plant species and so determine the habitat suitability of each species from climate and 142 

landscape predictors. ABTs comprise a collection of boosted trees (Friedman et al., 2000) where 143 

each boosted tree is fitted on a cross-validation subset of the data (De'ath, 2007). This approach 144 

builds internal model validation into the estimation and provides confidence intervals for the partial 145 

effects of explanatory variables. Boosted tree models were selected for this study as they have been 146 

shown to perform well when there are nonlinear relationships and interactions among predictor 147 

variables (Hijmans & Graham, 2006). The number of boosted trees was determined by 5-fold 148 

cross-validation, and learning rates between 0.01 and 0.001 and a bag fraction of 0.5 were used 149 

(De'ath, 2007). 150 

For each plant species, three climate variables, mean annual rainfall, and winter minimum 151 



and summer maximum temperature, slope (calculated at 250 m2 resolution), and a binary indicator 152 

of suitable substrate were used as predictors (see Supplementary material) in models of habitat 153 

suitability (at 1 km2 resolution). The candidate model set also included “climate x substrate”, 154 

“climate x slope” and “climate only” models. These ABT models included first-order interactions, 155 

and we assessed relative evidence for interactions by also fitting additive main-effects-only forms 156 

of each of the above models, as well as all single-term models. Models were ranked by 5-fold cross-157 

validated prediction error (i.e. aggregated prediction errors from 20% hold-out samples) and 158 

sensitivity and specificity calculated under cross-validation (Fielding & Bell, 1997; Liu et al., 2005). 159 

We used the candidate model with highest support for each plant species to map predicted 160 

habitat suitability across its range in south-eastern Australia. Taxonomic experts assessed the 161 

regional accuracy of species distribution maps for South Australia. The plants A. behriana and 162 

C. campanulata provided the best indicators of the spatial distribution of PBTL native grassland 163 

habitat based on predictive model skill and expert verification (see Supplementary material). Tables 164 

of summary results and maps of the predicted habitat suitability for A. behriana and 165 

C. campanulata, and plots of the partial effects of each explanatory variable in models for these 166 

species are presented in Supplementary material. We also compare the observed current-day 167 

distribution of each plant species with the potential distribution predicted from the bioclimatic 168 

envelope model to assess qualitatively whether the species distribution is in equilibrium with 169 

climate (Svenning & Skov, 2004; see Supplementary material). 170 

Predicting habitat suitability for the PBTL using grassland plant predictions 171 

Location records of the PBTL populations were sourced from the BDBSA database and South 172 

Australian Museum records since 1992 (n = 1183). These records were aggregated across 250 m2 173 

grid cells giving presence records in 180 grid cells. There are no absence records in the database. 174 

Instead, pseudo-absences were generated in 2000 grid cells occupying a background region (of 175 

514,905 cells) into which the species may have dispersed (an approach specified in Elith et al., 176 

2011). This dispersible region was determined by placing a 50 km radius around each current 177 



known population site (Fig. 1). It included patches of native grassland habitat that have been 178 

haphazardly selected and unsuccessfully searched as part of the PBTL recovery program (Fig. 1). 179 

We fitted habitat-driven ABT models for the PBTL at a resolution of 250 m2; hereafter 180 

referred to as plant-habitat models. Model predictors were habitat suitability for A. behriana and C. 181 

campanulata, slope and aspect, climate variability (standard deviation (SD) of summer maximum 182 

temperature), geological substrate, and soil type (a gradient of categories from clay to loam to sand). 183 

The candidate model set also included “plant species x landscape” and “plant species only” models 184 

and all single term models, where the landscape component included SD of summer temperature, 185 

slope, aspect and either substrate or soil (because substrate and soil categories were correlated). 186 

Plant-habitat models allowed comparisons between predictions of PBTL habitat suitability based 187 

on additive contributions of the predictor variables with those incorporating interactions between 188 

the predictor variables, and were fitted using the methods already described for the plant species. 189 

Partial effects plots were used to investigate the relationship between each explanatory variable and 190 

the (centred) log odds of PBTL occurrence. Approximate 95% confidence intervals for the partial 191 

effects were calculated from cross-validated prediction errors from the ABT model fitting (De'ath, 192 

2007). We derived the relative importance of each explanatory variable based on the partial 193 

deviance explained.  194 

Predicting the habitat suitability for the PBTL using bioclimatic envelope models  195 

We used a bioclimatic envelope model to contrast predictions of habitat suitability with those from 196 

the plant-habitat models. Models were fitted using ABTs and the same climate parameters as in the 197 

grassland plant models (i.e., “climate x landscape” and “climate-only” models and all single term 198 

models), and model ranking, evaluation and projection of potential habitat suitability were 199 

consistent with those used for the plant-habitat models. Also, we compare the observed current-day 200 

and potential distributions of the PBTL predicted from the bioclimatic envelope model with the 201 

comparisons for the plant species as evidence for equilibrium with climate (see Supplementary 202 

material). 203 



Projections of future PBTL habitat suitability 204 

Climate change scenarios 205 

We forecast annual (2000-2100) total rainfall, summer maximum temperature and winter minimum 206 

temperature (the key climate model predictors described above) under two climate change scenarios: 207 

(1) a no-climate-policy (non-stabilizing) “Reference” scenario, and (2) a corresponding “Policy” 208 

scenario designed to stabilize CO2 concentration at 450 ppm (Clarke et al., 2007; Wigley et al., 209 

2009). Forecasts were generated at the 1 km resolution using MAGICC/SCENGEN 5.3 210 

(http://www.cgd.ucar.edu/cas/wigley/magicc), a coupled gas-cycle/aerosol/climate model, and an 211 

ensemble of seven best-performing general circulation models for Australia (Fordham et al., 2011a; 212 

Fordham et al., 2012a). We calculated potential habitat suitability at annual time steps for: (1) the 213 

two indicator grassland species using a bioclimatic envelope model, (2) the PBTL using the 214 

plant-habitat model, whereby climate change influenced projected habitat suitability of the 215 

grassland species, and (3) the PBTL using a bioclimatic envelope model, where climate was directly 216 

modelled. 217 

Projecting range change 218 

Prior to estimating changes in the projected range area, we converted model-based predictions of 219 

the habitat suitability for the PBTL into binary presence-absence (i.e. grid cells potentially occupied 220 

versus not) by specifying a threshold that fixed sensitivity to 95% (i.e., 95% of presences correctly 221 

classified; Pearson et al., 2004). This method was used as it is less sensitive to outliers than the 222 

“lowest presence threshold” method (Pearson et al., 2007). The cost, however, is that some 223 

observed presence locations are omitted from the predictions. 224 

We used the cell-based method described by Buisson et al. (2010) to calculate changes in the 225 

area of potentially suitable PBTL habitat relative to a present-day baseline estimated area of 226 

occupancy (after the fixed sensitivity threshold had been applied). The method calculates the 227 

difference between the number of grid cells gained and the number lost between the present day 228 

http://www.cgd.ucar.edu/cas/wigley/magicc


predictions and a future projected area of occupancy, divided by the number of cells currently 229 

occupied (in the climate baseline year 2000). As in Buisson et al. (2010), we did not constrain lizard 230 

dispersal because we were interested in estimating changes in the potential area of occupancy rather 231 

than actual range. Directional changes in the projected potential range margins of the PBTL were 232 

calculated as changes in the 20th percentile of projected occupied cells in each compass direction 233 

between each time point and the current day baseline, which we defined as the core range. 234 

RESULTS 235 

Plant-habitat model of PBTL habitat suitability 236 

Using the additive plant-habitat model, the habitat suitability for A. behriana and C. campanulata, 237 

and slope were the most important predictors in the highest-ranked model for PBTL presence (Fig. 238 

2a). The presence of the PBTL was positively associated with A. behriana habitat suitability (Fig. 239 

2b) and covaried nonlinearly with slope (Fig. 2c) and C. campanulata habitat suitability (Fig. 2d). 240 

North and north-east facing slopes had higher PBTL suitability (Fig. 2e), and areas with more 241 

variable summer temperatures also had slightly higher PBTL suitability (Fig. 2f). 242 

Model evaluation metrics indicated that both additive and interaction plant-habitat models 243 

were good fits to the data (correctly classified 88% and 92% of presences respectively; Table 1). 244 

The out-of-sample cross-validated prediction error was also lower for models containing 245 

interactions and the highest-ranked interactions model explained ~7% more cross-validated 246 

deviance relative to the highest-ranked additive model (Table 1; see Supplementary material). The 247 

highest-ranked interaction and additive models had equal sensitivity (correct classification of 248 

presences) but the interactions model had higher specificity (i.e. correct classification of absences; 249 

Table 1) and hence slightly higher AUC (though this metric was >0.94 for all models with more 250 

than one predictor). 251 

Bioclimatic envelope model of PBTL habitat suitability 252 

Using the additive bioclimatic envelope model to predict the presence of the PBTL, winter 253 



minimum temperature and per cent slope were the most important predictors, with some statistical 254 

support for mean annual rainfall and summer maximum temperature (Fig. 3a). Sites with colder 255 

winter minimum temperatures had higher PBTL suitability (Fig. 3b), the effect of slope was similar 256 

to the plant-habitat model (Fig. 3c), there was no consistent trend with rainfall (Fig. 3d), and there 257 

was weak evidence within a somewhat noisy relationship that PBTL were more likely to be found 258 

in areas with average summer maximum temperatures between 29-30°C (Fig. 3e). 259 

The additive and interaction bioclimatic envelope models provided good fits to the data 260 

(correctly classified 89% and 93% respectively) and had lower cross-validated prediction errors 261 

than the plant-habitat models (Table 1). The highest-ranked interactions model explained 11% more 262 

cross-validated deviance relative to the highest-ranked additive model and had higher specificity 263 

(Table 1; see Supplementary material) with both models yielding very high AUC (>0.96). So, 264 

despite the currently restricted range of the PBTL, the bioclimatic envelope model based on direct 265 

climate variables predicted the current known range of the species as well as the plant-habitat 266 

model; and its predictions had higher sensitivity (0.93; i.e. correct classification of presences) than 267 

the plant-habitat model (0.89). 268 

Projected PBTL range changes 269 

Contractions in the area of occupancy over time were evident from both the additive plant-habitat 270 

and bioclimatic envelope model projections into the future (Fig. 4a). These were driven in part by 271 

southward shifts of the southern edge of the core range for both models (Fig. 4c) and a southward 272 

shift of the northern edge of the core range for the bioclimatic envelope model (Fig. 4e), as well as 273 

decreases in suitable habitat within the range. Contraction in area of occupancy for the plant-habitat 274 

model was 20% by 2050 (independent of the emissions scenario) and 42% and 30% by 2100 under 275 

the Reference and Policy scenarios, respectively (Fig. 4a). The additive bioclimatic envelope model 276 

produced larger and earlier contractions of projected area of occupancy; average contractions were 277 

~45% by 2050, reaching 65% and 50% by 2100 under the Reference and Policy scenarios, 278 



respectively (Fig. 4a). 279 

However, differences in the area and direction of range contractions between plant-habitat 280 

and bioclimatic envelope models resulted in large differences in projected area of occupancy by 281 

2100, particularly as revealed by the large southward shift in the northern range margin under 282 

bioclimatic envelope models, which contrasted with the relatively stable northern margin from 283 

plant-habitat model projections under both climate change scenarios (Fig. 4e). Differences in the 284 

projected area of occupancy between models in 2010 arose partly because both the sensitivity and 285 

specificity of the plant-habitat model were slightly lower (Table 1) leading to different projections, 286 

but also because slower range-margin changes since the climate-baseline year (2000) lead to a 287 

relatively greater extent of occurrence over time under the plant-habitat model (Fig. 5). 288 

The pattern of change in range area and in shifts of the range margins were relatively similar 289 

using the plant-habitat model that included interactions, though the magnitude of range contraction 290 

was greater (Fig. 4b, d, f); reductions of 61% and 44% by 2100 under the Reference and Policy 291 

scenarios, respectively. In contrast, the bioclimatic envelope model that included interactions among 292 

climate variables projected markedly different patterns of change in area of occupancy, which were 293 

also dependent on the scenario used to predict future climate. Projected area of occupancy using the 294 

interaction model under the Reference scenario increased between 2010 and 2030, then contracted 295 

until 2050, and expanded thereafter; by 2100 the projected area of occupancy was ~85% greater 296 

than the current range (Fig. 4b, Table S2). These changes in area of occupancy were the result of: (1) 297 

projections that all spatially-contiguous grid cells within the geographic extent of suitable climate 298 

had high suitability and were therefore projected occupied, dramatically increasing the area of 299 

occupancy, (2) a large southward step change in the southern margin of ~75 km between 2015 and 300 

2020 (Fig. 4d, Table S2), and (3) the northern margin moving 50 km southward over the initial 301 

period to 2020 and then remaining relatively stable until southward step-changes of an additional 302 

~80 km at 2065 under the Reference scenario and at 2080 under the Policy scenario (Fig. 4f, Table 303 

S2). The reduced severity of climate changes under the Policy scenario resulted in changes in area 304 



of occupancy that were similar to the additive bioclimatic envelope model (though projected area of 305 

occupancy increased after 2050 (Fig. 4b). 306 

DISCUSSION 307 

Bioclimatic envelope models are often used to forecast the impact of climate change on species 308 

distributions (Araújo & Peterson, 2012). However, predicted responses of species that already have 309 

reduced ranges due to non-climatic human impacts are not well-suited to this approach because 310 

their current distribution does not reflect a stable relationship with the environment (Elith et al., 311 

2010). One avenue is to capture the species-environment relationship via surrogate biotic variables 312 

that measure resource requirements like vegetation associations, which are in equilibrium with the 313 

environment. This may allow more robust predictions of potential range changes in response to 314 

climate change. We showed that although both the coupled plant-habitat models and bioclimatic 315 

envelope models describe the current distribution of the PBTL almost equally well, estimates of the 316 

future range of the lizard species were markedly more pessimistic, with greater predicted range 317 

contraction, under bioclimatic envelope models compared to plant-habitat models. Further, the 318 

inclusion of interaction terms in either model gave a better fit to the currently observed distribution 319 

data than the additive model (based on out-of-sample cross-validation). However, bioclimatic 320 

envelope models with interactions among the predictors projected substantial expansion in area of 321 

occupancy and large step changes in range margins over time (as in Fig. 4). Obtaining these 322 

expansions are unrealistic because they would require all locations with suitable climate conditions 323 

within the range margins to have high suitability, and for the lizards to have rapid, long-range 324 

dispersal capacity.  325 

 The more severe projections of range contraction in our PBTL case study are likely a 326 

consequence of bioclimatic envelope models not capturing the full range of suitable environmental 327 

conditions given the species current restricted range (Thuiller et al., 2004). Our results show that 328 

models that explicitly incorporate biotic relationships (here a reliance on native grasslands for 329 

habitat) may be required to provide biologically realistic projections of future potential distributions 330 



for range-restricted species. For example, the species-response curves from bioclimatic envelope 331 

models for the two grassland plant species identified optimal ranges for the environmental 332 

covariates (e.g., unimodal optima for rainfall and step-changes in winter minimum and summer 333 

maximum temperatures that represent temperature extremes that may limit the species distribution; 334 

see supplementary material), whereas the response curves from bioclimatic envelope models for the 335 

PBTL were not smooth and showed high variability across the narrow range of environmental 336 

conditions observed at presence locations (Fig. 3). This indicates that the bioclimatic envelope 337 

model for the PBTL represents an incomplete description of the species response to environmental 338 

conditions (i.e. does not capture the fundamental niche adequately). This result was not apparent 339 

from evaluation of model performance metrics but required careful assessment of covariate 340 

relationships and model projections. The plant-habitat model characterised environmental 341 

constraints of the plant species, as well as the effects of slope, which helps discriminate areas not 342 

used for agriculture (i.e. lower footslopes and hill flanks). It also included preferences for substrate 343 

types (that are a proxy for soil types) optimal for spiders to dig the burrows that the lizards prefer. In 344 

this model, the predicted habitat suitability of the plant species were restricted to areas with no, or 345 

low, human impact. In turn, the plant-habitat model predictions explained the distribution of the 346 

PBTL while partially taking into account human impacts.  347 

Historically, the PBTL was more widespread, and land-use changes following European 348 

settlement of the region have contributed heavily to the current restricted range (Tait et al., 2005). 349 

However, our models project southward shifts in areas of potentially suitable habitat for the PBTL 350 

directly into the agricultural and urban areas where the species has gone locally extinct. Therefore, 351 

projections of range shifts of the lizard at the pace predicted with the bioclimatic envelope model 352 

(under either climate scenario) are ecologically implausible, given the fragmented nature of suitable 353 

habitat to the south of the current range margin, where the urban population is higher and 354 

agriculture more intensive. As a consequence, current distributions of grassland species may better 355 

reflect the potential realised distribution of the PBTL into the future, suggesting the estimated 356 



northern range margin is relatively robust to climate shifts. Forecasts suggest that even under a no-357 

climate-mitigation policy (i.e. Reference) scenario, suitable habitat will remain throughout its 358 

current range,  so if appropriate conservation management such as constructing artificial burrows 359 

continues (Souter et al., 2004; Fellows et al., 2009), and if translocation strategies are considered 360 

(Fordham et al., 2012b), it is likely that the species will persist. However, the future range of this 361 

species will probably lie somewhere between the projections from the two modelling approaches 362 

(which provide bounds of change under future climate forecasts).  363 

The extent and rate of change in area of occupancy according to the plant-habitat model 364 

might underestimate the influence of climate change, because it fails to account directly for 365 

potentially important biological processes, such as the obligate co-existence with burrow building 366 

spiders (Fellows et al., 2009) and land-use impacts. The reliance of the PBTL on burrows of the 367 

trapdoor spider, Blakistonia aurea, suggests that the distribution of the spider may be a good proxy 368 

for the PBTL distribution. Locality records of B. aurea (provided by Dr Robert Raven, Queensland 369 

Museum) show that this species is distributed widely throughout South Australia, and overlaps, but 370 

has a markedly more extensive distribution, than the current known extent of the PBTL. However, 371 

specific location data for B. aurea are sparse and concentrated around the highest-populated urban 372 

areas 150 km south of the current core range of the PBTL and were therefore not suitable as 373 

explanatory variables in our models. However, systematic sampling of the distribution of the spider, 374 

and an understanding of the drivers of habitat suitability for this species, may improve predictions 375 

of PBTL occurrence. 376 

Predictions of climate change responses of restricted-range species are prone to similar 377 

problems identified for predictions for invasive species (e.g., Elith et al., 2010), particularly the 378 

need to consider the behaviour of models used to extrapolate into novel climates. The wide 379 

expansion of potential area of occupancy using the bioclimatic envelope model with interactions 380 

included under the Reference scenario (Fig. 4b) shows the potential consequences of using 381 

projections based on a bioclimatic envelope model for a species with a highly restricted range that 382 



does not represent a stable equilibrium with the environment and that assumes that present-day 383 

interactions between climate variables will hold constant in time. In contrast, projections based on 384 

the plant-habitat model (with interactions) show a more stable pattern of change in occupancy 385 

through time consistent with expectations of the impact of climate change in this region. The plant-386 

habitat model shows a more gradual southward shift in the potential habitat suitability for the PBTL 387 

that is linked with changes for grassland plant species expected under increased drying and 388 

warming of the climate in this region. 389 

 390 

More broadly, incorporating biotic interactions between species can improve models used to 391 

predict the current and future distribution of the target species. However, few studies have 392 

investigated the importance of complementary biotic interactions as surrogate predictors of habitat 393 

suitability, particularly for rare or range-restricted species. It is important to continue to develop 394 

methods that integrate current-day species distribution data with knowledge of recent 395 

human-mediated habitat change and species life-history traits to assess whether a species current 396 

distribution is in equilibrium with its environment. Where there is evidence to the contrary, 397 

incorporating biotic variables that represent facilitative interactions into ecological niche models 398 

can, as we have shown for the PBTL, provide important information not captured by environmental 399 

descriptors alone. If such biotic information is accompanied by careful examination of the form and 400 

magnitude of environmental effects on both the target and surrogate species, and of the scale at 401 

which biotic interactions occur between the species, it can provide more robust forecasts of the 402 

impact of climate change on area of occupancy and range shifts.  403 

Conclusions 404 

For range-restricted species, careful consideration of the spatial extent being sampled and whether 405 

the current range records represent the fundamental environmental niche of the species, should 406 

inform the selection of potential predictor variables and choice of model structure. We have shown 407 

that one solution for species in which the current distribution does not represent stable equilibrium 408 



with the environment, is to identify and model surrogate species that represent a key resource 409 

requirement for the focal species. If such surrogates cover a broad spatial and environmental scale, 410 

they may better capture the potential realized niche of the focal species and therefore provide more 411 

stable and ecologically realistic predictions when forecasting to novel future climates. The 412 

southward shift in areas of potentially suitable habitat for the PBTL under climate change may open 413 

up new habitats within the species historic range. However, fragmented landscapes and potentially 414 

large step changes in areas of suitable habitat highlight the need for management strategies such as 415 

translocation to ensure the species long-term persistence. 416 

ACKNOWLEDGEMENTS 417 

Peter Lang and Tim Croft provided expert advice on grassland plant species and habitat suitability 418 

predictions. David Thompson and Matthew Royal provided GIS advice. Nick Neagle and Helen 419 

Owens helped extract and manipulate data. Roman Urban and Andy Sharp provided information 420 

from the PBTL recovery plan project. Mark Hutchinson provided expert advice and museum 421 

records for the PBTL. Julie Schofield, Aaron Fenner and Tim Milne helped parameterise models for 422 

the PBTL. David Keith, Philip Gleeson, Adam Birnbaum, Susan Davis, Chris Allen, Christie Boyle 423 

and David Cameron facilitated access to vegetation databases. Australian Research Council (ARC) 424 

grants were used to support the contributions of SD, BWB and DAF (DP1096427, LP0989420, 425 

FS110200051 and FT100100200) and CMB (LP0562240, LP0883495, DP110103852).  426 

 427 

428 



REFERENCES 429 

Angert, A.L., Crozier, L.G., Rissler, L.J., Gilman, S.E., Tewksbury, J.J. & Chunco, A.J. (2011) Do 430 
species’ traits predict recent shifts at expanding range edges? Ecology Letters, 14, 677-689. 431 

Araújo, M.B. & Luoto, M. (2007) The importance of biotic interactions for modelling species 432 
distributions under climate change. Global Ecology and Biogeography, 16, 743-753. 433 

Araújo, M.B. & Peterson, A.T. (2012) Uses and misuses of bioclimatic envelope modelling. 434 
Ecology, 435 

Armstrong, G. & Reid, J. (1992) The re-discovery of the Adelaide pygmy bluetongue, Tiliqua 436 
adelaidensis (Peters, 1863). Herpetofauna, 22, 3-6. 437 

Armstrong, G., Reid, J.R.W. & Hutchinson, M.N. (1993) Discovery of a population of the rare 438 
scincid lizard, Tiliqua adelaidensis (Peters). Records of the South Australian Museum, 26, 439 
153-155. 440 

Brook, B.W., Sodhi, N.S. & Bradshaw, C.J.A. (2008) Synergies among extinction drivers under 441 
global change. Trends in Ecology & Evolution, 23, 453-60. 442 

Buisson, L., Thuiller, W., Casajus, N., Lek, S. & Grenouillet, G. (2010) Uncertainty in ensemble 443 
forecasting of species distribution. Global Change Biology, 16, 1145-1157. 444 

Clarke, L.E., Edmonds, J.A., Jacoby, H.D., Pitcher, H., Reilly, J.M. & Richels, R. (2007) Scenarios 445 
of Greenhouse Gas Emissions and Atmospheric Concentrations. Sub-report 2.1a of 446 
Synthesis and Assessment Product 2.1. A Report by the Climate Change Science Program 447 
and the Subcommittee on Global Change Research. In, p. 154, Washington, DC. 448 

Cogger, H.G. (1992) Reptiles & Amphibians of Australia, 5th edn. Reed, Sydney. 449 
De'ath, G. (2007) Boosted trees for ecological modeling and prediction. Ecology, 88, 243-51. 450 
Duffy, A., Pound, L. & How, T. (2012) Recovery Plan for the Pygmy Bluetongue Lizard Tiliqua 451 

adelaidensis. In. Department of Environment and Natural Resources, South Australia. 452 
Elith, J. & Leathwick, J.R. (2009) Species Distribution Models: Ecological Explanation and 453 

Prediction Across Space and Time. Annual Review of Ecology, Evolution, and Systematics, 454 
40, 677-697. 455 

Elith, J., Kearney, M. & Phillips, S. (2010) The art of modelling range-shifting species. Methods in 456 
Ecology and Evolution, 1, 330-342. 457 

Elith, J., Phillips, S.J., Hastie, T., Dudík, M., Chee, Y.E. & Yates, C.J. (2011) A statistical 458 
explanation of MaxEnt for ecologists. Diversity and Distributions, 17, 43-57. 459 

Elith, J., H. Graham, C., P. Anderson, R., Dudík, M., Ferrier, S., Guisan, A., J. Hijmans, R., 460 
Huettmann, F., R. Leathwick, J., Lehmann, A., Li, J., G. Lohmann, L., A. Loiselle, B., 461 
Manion, G., Moritz, C., Nakamura, M., Nakazawa, Y., McC. M. Overton, J., Townsend 462 
Peterson, a., J. Phillips, S., Richardson, K., Scachetti-Pereira, R., E. Schapire, R., Soberón, 463 
J., Williams, S., S. Wisz, M. & E. Zimmermann, N. (2006) Novel methods improve 464 
prediction of species’ distributions from occurrence data. Ecography, 29, 129-151. 465 

Engler, R., Guisan, A. & Rechsteiner, L. (2004) An improved approach for predicting the 466 
distribution of rare and endangered species from occurrence and pseudo-absence data. 467 
Journal of Applied Ecology, 41, 263-274. 468 

Fellows, H.L., Fenner, A.L. & Bull, C.M. (2009) Spiders provide important resources for an 469 
endangered lizard. Journal of Zoology, 279, 156-163. 470 

Fielding, A.H. & Bell, J.F. (1997) A review of methods for the assessment of prediction errors in 471 
conservation presence/absence models. Environmental Conservation, 24, 38-49. 472 

Fordham, D.A., Wigley, T.M.L. & Brook, B.W. (2011a) Multi-model climate projections for 473 
biodiversity risk assessments. Ecological Applications, 21, 3316-3330. 474 

Fordham, D.A., Akçakaya, H.R., Araújo, M.B. & Brook, B.W. (2011b) Modelling range shifts for 475 
invasive vertebrates in response to climate change. Wildlife Conservation in a Changing 476 
Climate  (ed. by J. Brodie, E. Post and D. Doak), p. Chapter 5 In press. University of 477 
Chicago Press, Chicago. 478 



Fordham, D.A., Wigley, T.M.L., Watts, M.J. & Brook, B.W. (2012a) Strengthening forecasts of 479 
climate change impacts with multi-model ensemble averaged projections using 480 
MAGICC/SCENGEN 5.3. Ecography, 35, 4-8. 481 

Fordham, D.A., Watts, M.J., Delean, S., Brook, B.W., Heard, L.M.B. & Bull, C.M. (2012b) 482 
Managed relocation as an adaptation strategy for mitigating climate change threats to the 483 
persistence of an endangered lizard. Global Change Biology, 18, 2743–2755. 484 

Fordham, D.A., Resit Akçakaya, H., Araújo, M.B., Elith, J., Keith, D.A., Pearson, R., Auld, T.D., 485 
Mellin, C., Morgan, J.W., Regan, T.J., Tozer, M., Watts, M.J., White, M., Wintle, B.A., Yates, 486 
C. & Brook, B.W. (2012c) Plant extinction risk under climate change: are forecast range 487 
shifts alone a good indicator of species vulnerability to global warming? Global Change 488 
Biology, 18, 1357–1371. 489 

Franklin, J. (2009) Mapping species distributions: spatial inference and prediction. Cambridge 490 
University Press, Cambridge. 491 

Friedman, J., Hastie, T. & Tibshirani, R. (2000) Additive logistic regression: A statistical view of 492 
boosting. Annals of Statistics, 28, 337-374. 493 

Gibson, L., McNeill, A., Tores, P.D., Wayne, A. & Yates, C. (2010) Will future climate change 494 
threaten a range restricted endemic species, the quokka (Setonix brachyurus), in south west 495 
Australia? Biological Conservation, 143, 2453-2461. 496 

Gibson, L., Lee, T.M., Koh, L.P., Brook, B.W., Gardner, T.A., Barlow, J., Peres, C.A., Bradshaw, 497 
C.J.A., Laurance, W.F., Lovejoy, T.E. & Sodhi, N.S. (2011) Primary forests are irreplaceable 498 
for sustaining tropical biodiversity. Nature, 478, 378-381. 499 

Harris, G. & Pimm, S.L. (2008) Range size and extinction risk in forest birds. Conservation Biology, 500 
22, 163-71. 501 

Heikkinen, R.K., Luoto, M., Virkkala, R., Pearson, R.G. & Körber, J.-H. (2007) Biotic interactions 502 
improve prediction of boreal bird distributions at macro-scales. Global Ecology and 503 
Biogeography, 16, 754-763. 504 

Hijmans, R.J. & Graham, C.H. (2006) The ability of climate envelope models to predict the effect 505 
of climate change on species distributions. Global Change Biology, 12, 2272-2281. 506 

Hughes, G.O., Thuiller, W., Midgley, G.F. & Collins, K. (2008) Environmental change hastens the 507 
demise of the critically endangered riverine rabbit (Bunolagus monticularis). Biological 508 
Conservation, 141, 23-34. 509 

Hutchinson, G.E. (1957) Concluding remarks. Cold Spring Harbor Symposia on Quantitative 510 
Biology, 22, 415-427. 511 

Hutchinson, M.F. (1995) Interpolating mean rainfall using thin plate smoothing splines. 512 
International Journal of GIS 9, 305-403. 513 

Hutchinson, M.N., Milne, T. & Croft, T. (1994) Redescription and ecological notes on the pygmy 514 
bluetongue, Tiliqua adelaidensis (Squamata: Scincidae). Transactions of the Royal Society of 515 
South Australia, 118, 217-226. 516 

IBRA (2009) Interim Biogeographic Regionalisation of Australia Version 6.1. In. Department of 517 
Environment, Water, Heritage and the Arts, Commonwealth of Australia, Canberra. 518 

IUCN (2010) Guidelines for Using the IUCN Red List Categories and Criteria Version 8.1. 519 
Prepared by the Standards and Petitions Subcommittee in March 2010. In: 520 
http://intranet.iucn.org/webfiles/doc/SSC/RedList/RedListGuidelines.pdf 521 

IUCN (2011) IUCN Red List of Threatened Species. Version 2011.2. www.iucnredlist.org. 522 
Jeffrey, S.J., Carter, J.O., Moodie, K.B. & Beswick, A.R. (2001) Using spatial interpolation to 523 

construct a comprehensive archive of Australian climate data. Environmental Modelling & 524 
Software, 16, 309-330. 525 

Jenness, J. (2011) DEM Surface Tools v. 2.1.292. Jenness Enterprises. Available at: 526 
http://www.jennessent.com/arcgis/surface_area.htm. 527 

Jessop, J., Dashorst, G.R.M. & James, F.M. (2006) Grasses of South Australia. An illustrated guide 528 
to the native and naturalised species. In. Board of Botanic Gardens of Adelaide and State 529 
Herbarium, Adelaide. 530 

http://intranet.iucn.org/webfiles/doc/SSC/RedList/RedListGuidelines.pdf
http://www.iucnredlist.org/
http://www.jennessent.com/arcgis/surface_area.htm


Liu, C., Berry, P.M., Dawson, T.P. & Pearson, R.G. (2005) Selecting thresholds of occurrence in the 531 
prediction of species distributions. Ecography, 28, 385–393. 532 

Mantyka-pringle, C.S., Martin, T.G. & Rhodes, J.R. (2012) Interactions between climate and habitat 533 
loss effects on biodiversity: a systematic review and meta-analysis. Global Change Biology, 534 
18, 1239–1252. 535 

Meier, E.S., Kienast, F., Pearman, P.B., Svenning, J.-C., Thuiller, W., Araújo, M.B., Guisan, A. & 536 
Zimmermann, N.E. (2010) Biotic and abiotic variables show little redundancy in explaining 537 
tree species distributions. Ecography, 33, 1038-1048. 538 

Milne, T. (1999) Conservation and ecology of the endangered pygmy bluetongue lizard Tiliqua 539 
adelaidensis. Flinders University, Adelaide, South Australia. 540 

Milne, T. & Bull, C.M. (2000) Burrow choice by individuals of different sizes in the endangered 541 
pygmy blue tongue lizard Tiliqua adelaidensis. Biological Conservation, 95, 295-301. 542 

Milne, T., Bull, C.M. & Hutchinson, M.N. (2003) Use of burrows by the endangered pygmy blue-543 
tongue lizard , Tiliqua adelaidensis ( Scincidae ). Wildlife Research, 30, 523-528. 544 

Owens, I.P. & Bennett, P.M. (2000) Ecological basis of extinction risk in birds: habitat loss versus 545 
human persecution and introduced predators. Proceedings of the National Academy of 546 
Sciences of the United States of America, 97, 12144-8. 547 

Pearson, R.G. & Dawson, T.P. (2003) Predicting the impacts of climate change on the distribution of 548 
species: are bioclimate envelope models useful? Global Ecology and Biogeography, 12, 549 
361-371. 550 

Pearson, R.G., Dawson, T.P. & Liu, C. (2004) Modelling species distributions in Britain : a 551 
hierarchical integration of climate and land-cover data. Ecography, 27, 285-298. 552 

Pearson, R.G., Raxworthy, C.J., Nakamura, M. & Townsend Peterson, A. (2007) Predicting species 553 
distributions from small numbers of occurrence records: a test case using cryptic geckos in 554 
Madagascar. Journal of Biogeography, 34, 102-117. 555 

Pellissier, L., Anne Bråthen, K., Pottier, J., Randin, C.F., Vittoz, P., Dubuis, A., Yoccoz, N.G., Alm, 556 
T., Zimmermann, N.E. & Guisan, A. (2010) Species distribution models reveal apparent 557 
competitive and facilitative effects of a dominant species on the distribution of tundra plants. 558 
Ecography, 33, 1004-1014. 559 

Phillips, S., Anderson, R. & Schapire, R. (2006) Maximum entropy modeling of species geographic 560 
distributions. Ecological Modelling, 190, 231-259. 561 

Pulliam, H.R. (2000) On the relationship between niche and distribution. Ecology Letters, 3, 349-562 
361. 563 

Sala, O.E., Chapin, F.S., Armesto, J.J., Berlow, E., Bloomfield, J., Dirzo, R., Huber-Sanwald, E., 564 
Huenneke, L.F., Jackson, R.B., Kinzig, A., Leemans, R., Lodge, D.M., Mooney, H.A., 565 
Oesterheld, M., Poff, N.L., Sykes, M.T., Walker, B.H., Walker, M. & Wall, D.H. (2000) 566 
Global biodiversity scenarios for the year 2100. Science, 287, 1770-1774. 567 

Souter, N., Bull, C., Lethbridge, M. & Hutchinson, M. (2007) Habitat requirements of the 568 
endangered pygmy bluetongue lizard, Tiliqua adelaidensis. Biological Conservation, 135, 569 
33-45. 570 

Souter, N.J., Bull, C.M. & Hutchinson, M.N. (2004) Adding burrows to enhance a population of the 571 
endangered pygmy blue tongue lizard, Tiliqua adelaidensis. Biological Conservation, 116, 572 
403-408. 573 

Svenning, J.-C. & Skov, F. (2004) Limited filling of the potential range in European tree species. 574 
Ecology Letters, 7, 565-573. 575 

Tait, C.J., Daniels, C.B. & Hill, R.S. (2005) Changes in species assemblages within the Adelaide 576 
Metropolitan Area, Australia, 1836-2002. Ecological Applications, 15, 346-359. 577 

Thuiller, W., Brotons, L., Araújo, M.B. & Lavorel, S. (2004) Effects of restricting environmental 578 
range of data to project current and future species distributions. Ecography, 27, 165-172. 579 

Vanreusel, W., Maes, D. & Van Dyck, H. (2007) Transferability of species distribution models: a 580 
functional habitat approach for two regionally threatened butterflies. Conservation Biology, 581 
21, 201-12. 582 



Varela, S., Rodríguez, J. & Lobo, J.M. (2009) Is current climatic equilibrium a guarantee for the 583 
transferability of distribution model predictions? A case study of the spotted hyena. Journal 584 
of Biogeography, 36, 1645-1655. 585 

Wigley, T.M.L., Clarke, L.E., Edmonds, J.A., Jacoby, H.D., Paltsev, S., Pitcher, H., Reilly, J.M., 586 
Richels, R., Sarofim, M.C. & Smith, S.J. (2009) Uncertainties in climate stabilization. 587 
Climatic Change, 97, 85–121. 588 

Williams, J.W. & Jackson, S.T. (2007) Novel climates, no-analog communities, and ecological 589 
surprises. Frontiers in Ecology and the Environment, 5, 475-482. 590 

Wisz, M.S., Pottier, J., Kissling, W.D., Pellissier, L., Lenoir, J., Damgaard, C.F., Dormann, C.F., 591 
Forchhammer, M.C., Grytnes, J.-A., Guisan, A., Heikkinen, R.K., Høye, T.T., Kühn, I., 592 
Luoto, M., Maiorano, L., Nilsson, M.-C., Normand, S., Öckinger, E., Schmidt, N.M., 593 
Termansen, M., Timmermann, A., Wardle, D.A., Aastrup, P. & Svenning, J.-C. (2012) The 594 
role of biotic interactions in shaping distributions and realised assemblages of species: 595 
implications for species distribution modelling. Biological Reviews, Online Early. 596 

 597 
598 



Tables 599 

Table 1. Evaluation metrics for boosted regression tree model fit to (a) plant-habitat and (b) 
bioclimatic envelope models of pygmy blue-tongue lizard occurrence. Models are ranked by the 
cross-validated prediction error (CV Error (bold text); i.e. the ability of the model to predict hold-
out samples under 5-fold cross-validation). PCC, proportion of presences and absences correctly 
classified; Sensitivity, proportion of presences correctly classified; Specificity, proportion of 
absences correctly classified; CV % Deviance explained, cross-validated per cent deviance 
explained by the model. LS, landscape variables (i.e. excluding climate variables and grassland 
plant species); SD, standard deviation. 

Model CV Error CV %Deviance 
explained PCC Sensitivity Specificity 

(a) Plant-habitat model      
 
Interactions      

Plant * LS (substrate) 0.23 59.4 0.92 0.89 0.92 
Plant * LS (soil) 0.25 56.7 0.91 0.89 0.91 
Plant 0.25 56.5 0.90 0.89 0.90 
Additive      
Plant + LS (substrate) 0.28 52.1 0.88 0.89 0.87 
Plant + LS (soil) 0.28 51.4 0.87 0.87 0.87 
Plant 0.32 45.3 0.83 0.89 0.82 
Single terms      
Cryptandra campanulata 0.29 50.1 0.87 0.88 0.86 
Aristida behriana 0.30 48.5 0.86 0.84 0.86 
SD Temperature 0.39 32.8 0.74 0.94 0.73 
Slope 0.44 23.3 0.73 0.87 0.72 
Substrate type 0.46 21.0 0.62 0.97 0.59 
Soil type 0.51 12.3 0.63 0.85 0.61 
Aspect 0.57 1.2 0.74 0.36 0.77 
(b) Bioclimatic envelope model      
 
Interactions      

Climate 0.19 66.3 0.93 0.93 0.93 
Climate * LS (substrate) 0.20 65.5 0.93 0.91 0.93 
Climate * LS (soil) 0.20 65.1 0.94 0.92 0.94 
Additive      
Climate + LS (substrate) 0.26 54.9 0.89 0.92 0.89 
Climate + LS (soil) 0.26 55.1 0.89 0.91 0.89 
Climate 0.28 51.7 0.87 0.89 0.86 
Single terms      
Summer max. temperature 0.37 35.0 0.77 0.92 0.76 
Annual rainfall 0.39 31.8 0.74 0.85 0.73 
Slope 0.43 24.4 0.73 0.87 0.72 
Winter min. temperature 0.44 23.7 0.77 0.74 0.77 
Substrate type 0.46 21.0 0.62 0.97 0.59 
Soil type 0.51 12.3 0.63 0.85 0.61 
Aspect 0.57 1.0 0.70 0.41 0.72 

 

 

 

 

 

 

 



 

 

Figures 600 

 601 
Figure 1 Current habitat suitability for Aristida behriana (a) and Cryptandra campanulata (b) in the 602 
Mid-north region of South Australia, Australia. Predicted habitat suitability is on a probability scale 603 
(0-1), so higher values indicate areas of higher suitability. ‘+’ indicates current pygmy blue-tongue 604 
lizard populations, dashed lines show a convex hull around the known historic distribution of the 605 
pygmy blue-tongue lizard. 606 

607 



 608 

 609 
 610 
Figure 2 Relative importance of plant-habitat model predictor variables (a) and partial effects plots 611 
showing changes in the log odds of the presence of Tiliqua adelaidensis for the predictor variables 612 
(b) habitat suitability of grassland plant Aristida behriana (Ab), (c) slope, (d) habitat suitability of 613 
grassland plant Cryptandra campanulata (Cc), (e) aspect and (f) temporal standard deviation (SD) 614 
of mean temperature from an additive aggregated boosted tree model of habitat suitability for the 615 
pygmy blue-tongue lizard. Solid lines are mean effects; dashed lines are cross-validated 616 
approximate 95% confidence intervals. Longer bars in (a) represent greater relative importance of 617 
the predictor variable. The partial effects plots (b-f) represent relative changes in the log odds of 618 
presence of the pygmy blue-tongue lizard for each predictor variable. Vertical lines on the inside of 619 
the x-axes show the 20, 50 and 80th percentiles of the distribution of the predictor variable. 620 
 621 

622 



 623 
 624 

 625 
Figure 3 Relative importance of bioclimatic envelope model predictor variables (a) and partial 626 
effects plots showing changes in the log odds of the presence of Tiliqua adelaidensis for the 627 
predictor variables (b) winter minimum temperature (°C), (c) slope (%), (d) annual rainfall (mm), (e) 628 
summer maximum temperature (°C), and (f) aspect (°) from an additive aggregated boosted tree 629 
model of habitat suitability for the pygmy blue-tongue lizard. Solid lines are mean effects; dashed 630 
lines are cross-validated approximate 95% confidence intervals. Longer bars in (a) represent greater 631 
relative importance of the predictor variable. The partial effects plots (b-f) represent relative 632 
changes in the log odds of presence of the pygmy blue-tongue lizard for each predictor variable. 633 
Vertical lines on the inside of the x-axes show the 20, 50 and 80th percentiles of the distribution of 634 
the predictor variable. 635 
 636 

637 



 638 
 639 
Figure 4 Annual projected percentage change in area of range-wide occupancy (a and b), and 640 
change in location of the southern (c and d) and northern range margin (e and f), where negative 641 
values represent southwards shifts, for Tiliqua adelaidensis (forecast over the years 2010-2100) 642 
relative to the baseline period (2000), according to two climate scenarios and two species 643 
distribution models; plant-habitat model (grey lines) and bioclimatic envelope model (black lines). 644 
Results from additive boosted tree models shown in the left column (a, c, e) and from first-order 645 
interaction boosted tree models in the right column (b, d, f). The climate change scenarios are the 646 
“Reference” (high CO2 concentration stabilising scenario; solid lines) and “Policy” (heavy 647 
mitigation scenario, assuming substantive policy intervention; dashed lines) scenarios. Changes in 648 
range margins reflect movements in the 20th percentile of predicted occurrences in each compass 649 
direction.  650 
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 653 

 654 
Figure 5 Current (Year 2000; a and c) and projected (Year 2100; b and d) habitat suitability for the 655 
pygmy blue-tongue lizard predicted from plant-habitat (a and b) and bioclimatic envelope (c and d) 656 
additive boosted tree models. The habitat suitability in 2100 was projected under the “Reference” 657 
climate change scenario (i.e. high CO2 concentration stabilising scenario). Results were similar 658 
under the “Policy” climate change scenario (heavy mitigation scenario, assuming substantive policy 659 
intervention); although the extent of the southward shift in areas of higher suitability was reduced 660 
(see Supplementary material Figure S8). 661 
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Supplementary material 663 

Selection of grassland plant species as predictors of PBTL occurrence 664 
For each of these six plants, range-wide, presence and absence location data in south-eastern 665 

Australia were compiled from three vegetation survey databases (Biological Databases of South 666 

Australia [BDBSA]; Victorian Flora Site Database; and New South Wales YETI 3.2 vegetation plot 667 

database). To ensure accurate identification, we used observations from systematic surveys 668 

conducted in the peak reproductive season (August-December; determined from species phenology 669 

(Jessop et al., 2006) and expert knowledge) when plant vegetative and reproductive material were 670 

present. The prediction area for each species encompassed a subset of Interim Biogeographic 671 

Regionalisation of Australia subregions (IBRA, 2009) defined by the plant species predicted 672 

potential range (see Fordham et al., 2012c). The number of unique location records within the 673 

prediction area for each species was: A. behriana, 550 presences (19069 absences); A. carphoides, 674 

261 (11802); A. eriantha, 1089 (19712); C. campanulata, 56 (3405); M. excavata, 319 (8772); and 675 

P. erubescens, 116 (11031). 676 

Taxonomic experts assessed the regional accuracy of species distribution maps for South 677 

Australia. The plants A. behriana and C. campanulata provided the best indicators of the spatial 678 

distribution of PBTL native grassland habitat based on predictive model skill and expert verification. 679 

The distribution of A. carphoides was potentially a good indicator but was highly correlated 680 

(ρ = 0.81) with A. behriana precluding its use in the same model. Our model predictions showed 681 

that the presence records of A. eriantha probably included two varieties of the species with different 682 

climate tolerances making these predictions unsuitable indicators of South Australian grasslands. 683 

Habitat suitability for the perennial herbs M. excavata and P. erubescens was low so these species 684 

were not useful predictors. Tables of summary results and maps of the predicted habitat suitability 685 

for A. behriana and C. campanulata, and plots of the partial effects of each explanatory variable in 686 

models for these species are presented below. 687 

 688 



Table S1. Evaluation metrics for boosted regression tree models of PBTL habitat suitability 
relationships with six grassland plant species: A. behriana, A. carphoides, A. eriantha, 
C. campanulata, M. excavata and P. erubescens. Models are ranked by the cross-validated 
prediction error (CV Error; i.e. the ability of the model to predict hold-out samples under 5-fold 
cross-validation). PCC, proportion correctly classified; CV %Deviance Explained, cross-validated 
per cent deviance explained by the model. 
 

Model CV Error CV %Deviance 
explained PCC Sensitivity Specificity 

C. campanulata 0.29 50.10 0.87 0.88 0.86 

A. eriantha 0.29 49.97 0.89 0.83 0.90 

A. carphoides 0.29 48.74 0.89 0.86 0.89 

A. behriana 0.30 48.45 0.86 0.84 0.86 

P. erubescens 0.30 48.13 0.86 0.83 0.87 

M. excavata 0.35 38.35 0.86 0.77 0.87 

      

      

 689 
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Bioclimatic envelope models of grassland plant species habitat suitability 691 
Table S2. Evaluation metrics for boosted regression tree models of Aristida behriana and 
Cryptandra campanulata habitat suitability. Models are ranked by the cross-validated prediction 
error (CV Error; i.e. the ability of the model to predict hold-out samples under 5-fold 
cross-validation). PCC, proportion correctly classified; CV %Deviance Explained, cross-validated 
per cent deviance explained by the model. “Climate” represents the collection of climate variables 
annual rainfall (mm), summer maximum temperature (°C), and winter minimum temperature (°C). 
The additional landscape variables were the substrate type and the slope (%). 
 

Model CV Error CV %Deviance 
explained PCC Sensitivity Specificity 

Aristida behriana      
 
Interactions      

Climate * substrate * slope 0.16 38.29 0.87 0.86 0.87 

Climate * substrate 0.16 37.54 0.87 0.86 0.87 

Climate * slope 0.16 36.68 0.86 0.86 0.86 

Climate 0.17 34.65 0.86 0.86 0.86 

Additive      
Climate + substrate + slope 0.17 34.55 0.84 0.87 0.84 

Climate + substrate 0.17 34.13 0.84 0.86 0.84 

Climate + slope 0.17 33.73 0.83 0.88 0.83 

Climate 0.17 32.62 0.82 0.87 0.82 

Cryptandra campanulata      
 
Interactions      

Climate * substrate * slope 0.11 30.94 0.92 0.79 0.92 

Climate * substrate 0.11 31.26 0.91 0.79 0.92 

Climate 0.11 30.97 0.92 0.77 0.92 

Climate * slope 0.12 29.96 0.92 0.77 0.92 

Additive      
Climate + slope 0.12 29.77 0.85 0.84 0.86 

Climate + substrate + slope 0.12 29.71 0.87 0.84 0.87 

Climate + substrate 0.12 29.94 0.87 0.84 0.87 

Climate 0.12 29.82 0.87 0.84 0.87 
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MaxEnt models of PBTL habitat suitability 694 
To evaluate the sensitivity of our results to choice of statistical method, we also fitted models to 

these data using the presence-only MaxEnt (Phillips et al., 2006) algorithm. We observed similar 

predictions and model evaluation statistics from equivalent MaxEnt and ABT models, consistent 

with the findings of previous comparative studies (Elith et al., 2006). 

Table S3. Evaluation metrics for MaxEnt model fit to (a) plant-habitat and (b) bioclimatic envelope 
models of pygmy blue-tongue lizard occurrence. PCC = proportion of presences and absences 
correctly classified; Sensitivity = proportion of presences correctly classified; Specificity = 
proportion of absences correctly classified; Correlation = rank-order correlation of model 
predictions with predictions from equivalent aggregated boosted tree model. LS = landscape 
variables (i.e. excluding climate variables and grassland plant species). Values are means from 
5-fold cross-validated model fits. 
 

Model PCC Sensitivity Specificity Correlation  

(a) Plant-habitat model     

Plant * LS (substrate) 0.92 0.83 0.93 0.80 

     

(b) Bioclimatic envelope model     

Climate 0.92 0.72 0.94 0.79 
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Projected area of occupancy and future range change summaries 

Table S4. Changes in size of projected area of occupancy by PBTL and direction of projected range margin 
shifts over years for bioclimatic envelope and plant-habitat models and two climate change scenarios. 
“Additive” boosted tree models contain only additive effects of the covariates; “Interaction” boosted tree 
models allow for first-order interactions between covariates. Directional changes in range margins are in 
kilometres. 

Model type Scenario Year Δ Occupied Δ Area Δ North Δ South Δ East Δ West 

   (\%) (km2) margin margin margin margin 

Additive         

Bioclimatic envelope Reference 2010 -13.5 -499.3 -9.7 -13.3 1.7 -8.6 

  2040 -40.3 -1485.8 -43.3 -58.6 6.7 -136.8 

  2070 -53.2 -1963.9 -143.5 -107.1 -1.4 -155.4 

  2100 -65.1 -2403.5 -203.4 -101.0 -22.5 -148.2 

 Policy 2010 -16.1 -595.9 -11.4 -15.8 1.7 -10.5 

  2040 -42.8 -1577.9 -50.0 -58.6 8.9 -140.1 

  2070 -48.3 -1784.2 -61.3 -84.1 6.4 -148.7 

  2100 -50.2 -1851.9 -64.1 -92.4 4.2 -150.1 

Plant-habitat Reference 2010 -1.9 -102.6 0.3 -8.6 0.8 -0.6 

  2040 -13.9 -759.5 0.8 -24.1 1.4 -2.2 

  2070 -29.6 -1621.4 -1.1 -53.0 1.9 -4.7 

  2100 -41.6 -2277.2 -1.4 -79.9 -1.7 -6.4 

 Policy 2010 -2.2 -118.0 -1.7 -9.2 0.6 -0.3 

  2040 -16.8 -920.8 -8.6 -29.7 1.4 -1.4 

  2070 -25.9 -1418.2 -6.9 -39.7 1.9 -2.5 

  2100 -30.2 -1652.1 -6.1 -48.0 2.2 -3.6 

Interaction         

Bioclimatic envelope Reference 2010 -9.9 -69.0 -20.8 -2.5 -24.4 -0.8 

  2040 7.4 52.0 -54.4 -84.1 -15.3 1.9 

  2070 54.4 380.0 -136.0 -95.5 8.0 18.0 

  2100 84.8 593.0 -155.7 -114.1 3.1 23.9 

 Policy 2010 -16.2 -113.0 -23.0 -1.7 -21.6 0.8 

  2040 -31.8 -222.0 -61.3 -86.0 -14.4 4.7 

  2070 -36.2 -253.0 -65.2 -92.4 -8.0 7.8 

  2100 -26.2 -183.0 -141.5 -93.5 1.1 19.1 

Plant-habitat Reference 2010 -2.3 -58.4 1.4 -9.2 0.0 -0.6 

  2040 -19.4 -494.8 1.1 -28.0 1.4 -1.1 

  2070 -44.8 -1140.4 -6.9 -59.1 1.1 -5.0 

  2100 -60.6 -1542.8 -19.7 -98.2 -4.4 -3.6 

 Policy 2010 -2.0 -50.9 -1.1 -13.6 0.3 1.4 

  2040 -24.6 -625.6 -14.2 -36.1 1.1 -1.7 

  2070 -38.3 -975.7 -17.2 -48.8 1.7 -2.8 

  2100 -44.3 -1128.8 -18.0 -56.9 1.7 -3.6 
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Bioclimatic envelope models of grassland plant species habitat suitability 697 

698 
Figure S1 Relative importance of grassland plant habitat suitability model predictor variables (a) 699 
and partial effects plots showing changes in the log odds of the presence of Aristida behriana for 700 
the predictor variables (b) annual rainfall (mm), (c) summer maximum temperature (°C), (d) winter 701 
minimum temperature (°C), (e) substrate type, and (f) slope (%) from an additive aggregated 702 
boosted tree model. Solid lines are mean effects; dashed lines are cross-validated approximate 95% 703 
confidence intervals. Longer bars in (a) represent greater relative importance of the variable. The 704 
partial effects plots (b-f) represent relative changes in the log odds of presence of the grassland 705 
plant Aristida behriana for each predictor variable. Vertical lines on the inside of the x-axes show 706 
the percentiles of the distribution of the predictor variable. 707 

 708 

 709 



 

 710 

711 
Figure S2 Relative importance of grassland plant habitat suitability model predictor variables (a) 712 
and partial effects plots showing changes in the log odds of the presence of Cryptandra 713 
campanulata for the predictor variables (b) winter minimum temperature (°C), (c) annual rainfall 714 
(mm), (d) summer maximum temperature (°C), and (e) slope (%) from an additive aggregated 715 
boosted tree model. Solid lines are mean effects; dashed lines (or error bars) are cross-validated 716 
approximate 95% confidence intervals. Longer bars in (a) represent greater relative importance of 717 
the variable. The partial effects plots (b-e) represent relative changes in the log odds of presence of 718 
the grassland plant Cryptandra campanulata for each predictor variable. Vertical lines on the inside 719 
of the x-axes show the percentiles of the distribution of the predictor variable. 720 
 721 

 722 
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Current and projected grassland plant species habitat suitability maps 724 

 725 
Figure S3 Major climate change: Current (Year 2000; a and c) and projected (Year 2100; b and d) 726 
habitat suitability for Aristida behriana (a and b) and Cryptandra campanulata (c and d). The 727 
habitat suitability in 2100 was projected under the “Reference” climate change scenario (i.e. high 728 
CO2 concentration stabilising scenario). Predicted habitat suitability is on a probability scale (0-1), 729 
so higher values indicate areas of higher suitability. 730 

 731 

732 



 733 
Figure S4 Mitigated climate change: Current (Year 2000; a and c) and projected (Year 2100; b and d) 734 
habitat suitability for Aristida behriana (a and b) and Cryptandra campanulata (c and d). The 735 
habitat suitability in 2100 was projected under the “Policy” climate change scenario (i.e. high heavy 736 
mitigation scenario, assuming substantive policy intervention). Predicted habitat suitability is on a 737 
probability scale (0-1), so higher values indicate areas of higher suitability. 738 
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Interaction effects in plant-habitat and bioclimatic envelope models of PBTL habitat suitability  741 
Visual inspection showed increased PBTL occurrence with higher A. behriana suitability was 742 
evident when C. campanulata suitability was lower, but not for areas with higher C. campanulata 743 
suitability (Figure S5). 744 

 745 
Figure S5 Partial effects plot showing changes in the log odds of the presence of the pygmy blue-746 
tongue lizard (PBTL) for the interaction between the habitat suitability of grassland plants Aristida 747 
behriana (Plant “Ab”) and Cryptandra campanulata (Plant “Cc”) from the plant-habitat model of 748 
habitat suitability for the PBTL. Lines are mean effects for different levels of C. campanulata 749 
suitability representing relative changes in the log odds of presence of the PBTL for each 750 
combination of the predictor variables (e.g. the dashed red line shows the effect of changing levels 751 
of A. behriana suitability on PBTL presence for sites where C. campanulata suitability is high). 752 

753 



Visual inspection supported interactions between all three climate variables (i.e. the climate only 754 
interaction model was highest-ranked; Table 1). For example, at lower average summer maximum 755 
temperatures of 28°C the odds of PBTL presence was higher for mean annual rainfall around 450 756 
mm and declined substantially as mean rainfall increased to 600 mm. In contrast, at higher average 757 
summer maximum temperatures of 30°C PBTL presence was substantially higher for mean annual 758 
rainfall around 600 mm and declined as mean rainfall decreased to 500 mm (Figure S6). Similarly, 759 
for low winter minimum temperature (< 3°C) there was a substantial decline in the probability of 760 
presence for locations where summer maximum temperature increased from ~29-30°C, whereas no 761 
such decrease occurred for locations with > 3°C mean minimum winter temperature (Figure S7). 762 

 763 
Figure S6 Partial effects plot showing changes in the log odds of the presence of the pygmy blue-764 
tongue lizard (PBTL) for the interaction between annual rainfall (mm) and summer maximum 765 
temperature (°C) from the bioclimatic envelope model of habitat suitability for the PBTL. Lines are 766 
mean effects for different temperatures representing relative changes in the log odds of presence of 767 
the PBTL for each combination of the predictor variables (e.g. the dashed blue line shows the effect 768 
of changing rainfall on PBTL presence for sites with average summer maximum temperatures of 769 
30°C). 770 

771 



 772 
Figure S7 Partial effects plot showing changes in the log odds of the presence of the pygmy blue-773 
tongue lizard (PBTL) for the interaction between summer maximum temperature (°C) and winter 774 
minimum temperature (°C) from the bioclimatic envelope model of habitat suitability for the PBTL. 775 
Lines are mean effects for different temperatures representing relative changes in the log odds of 776 
presence of the PBTL for each combination of the predictor variables (e.g. the solid black line 777 
shows the effect of changing summer maximum temperatures on PBTL presence for sites with the 778 
lowest average winter minimum temperatures of 1.8°C). 779 
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Current and projected PBTL habitat suitability maps 781 

 782 
Figure S8 Current (Year 2000; a and c) and projected (Year 2100; b and d) habitat suitability for the 783 
pygmy blue-tongue lizard predicted from plant-habitat (a and b) and bioclimatic envelope (c and d) 784 
boosted tree models. The habitat suitability in 2100 was projected under the “Policy” climate 785 
change scenario (i.e. heavy mitigation scenario, assuming substantive policy intervention). 786 

787 



 788 
Figure S9 Current habitat suitability for the plant species Aristida behriana (a) and Cryptandra 789 
campanulata (b) and the pygmy blue-tongue lizard Tiliqua adelaidensis (c) in the Mid-north region 790 
of South Australia, Australia. Predicted habitat suitability is on a probability scale (0-1), so higher 791 
values indicate areas of higher suitability. ‘+’ indicates current observed locations for each species. 792 
The observed locations encompass the potential distribution (i.e. areas of suitable habitat) estimated 793 
from bioclimatic envelope models for A. behriana and C. campanulata, but not for T. adelaidensis. 794 
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Spatial environmental data 796 

Climate 797 

Mean annual rainfall, winter minimum temperature and summer maximum temperature were 798 

considered by expert opinion to have the most important influences on the distribution of the six 799 

grassland plant species. These three climate variables are widely used as key descriptors of plant 800 

distributions (Fordham et al., 2012c). Australia-wide meteorological weather station data were 801 

sourced from the Queensland Government SILO patched point database (Jeffrey et al., 2001). 802 

Average monthly daily temperatures and total annual rainfall were calculated for a 20-year 803 

‘baseline’ period (1980-1999). The weather-station data were interpolated spatially using thin-plate-804 

smoothing splines (Hutchinson, 1995) at a 1 km2 resolution (0.01º x 0.01º latitude/longitude; see 805 

Fordham et al., 2011b). 806 

Topology 807 

Raster layers describing per cent slope and aspect of each grid cell were calculated from the 808 

GEODATA 9 Second Digital Elevation Model (DEM-9S) Version 3 809 

(http://www.ga.gov.au/meta/ANZCW0703011541.html) using the ArcGIS extension “DEM Surface 810 

Tools” (http://www.jennessent.com/arcgis/surface_area.htm) at both 250 m2 and 1 km2 resolutions 811 

(Jenness, 2011). 812 

Substrate, soil type and land-use 813 

We used a spatial layer which categorised substrate type based on surface geology (1:1000000 814 

resolution database from Geoscience Australia) to represent substrate for each plant species 815 

(Fordham et al., 2012c). We used a categorical classification of soil type (sand, sandy-loam, loam, 816 

clay-loam or clay) based on data from the Primary Industries and Regions South Australia soil 817 

landscape mapping programme (http://www.anra.gov.au/topics/soils/overview/sa.html). Several 818 

land-use spatial layers were also compiled to examine their possible influence on the distributions 819 

of the six grassland plants, or of the PBTL (see Supplementary material), however preliminary 820 

http://www.ga.gov.au/meta/ANZCW0703011541.html
http://www.jennessent.com/arcgis/surface_area.htm
http://www.anra.gov.au/topics/soils/overview/sa.html


analysis indicated that these variables were not important and so were not used in further analysis. 821 

Land use data 822 
Several land-use spatial layers were also compiled to include their possible influence on the 823 

distributions of the six grassland plants or of the PBTL. Land uses considered detrimental to native 824 

plant or lizard persistence included agricultural cultivation (either dry land cultivation or irrigation), 825 

activities such as urban development or water storage that result in the ground surface being 826 

covered or highly disturbed, and activities such as forest or plantations that reduce the light 827 

penetration to the ground surface. Land uses considered favourable for native grassland plant 828 

species included dry land agriculture with modified pastures and rotational grazing systems, grazed 829 

natural vegetation and ungrazed native vegetation. Spatial layers were generated from the 830 

Australian Collaborative Land Use Mapping Program (ACLUMP) Land use of Australia version 3 831 

2001/2002 dataset (1 km2 resolution) 832 

http://adl.brs.gov.au/mapserv/landuse/index.cfm?fa=app.landUseInformation and 833 

http://adl.brs.gov.au/anrdl/metadata_files/pa_luav3r9eg__00112a06.xml. The ALUM classification 834 

(version 6) system (http://adl.brs.gov.au/mapserv/landuse/pdf_files/Web_ALUM_Classification.pdf) 835 

was used to identify land use subclass categories which involve cultivation. Subclasses were then 836 

divided or combined on the basis of whether they were likely or not to contain significant remnant 837 

patches of native grasslands based on current land uses. Also classified from these data sources (and 838 

others, see below) were binary spatial raster layers representing “dry land agriculture or modified 839 

pastures” (i.e. cropping areas and modified pastures that are in rotational systems that could and/or 840 

do contain significant remnant patches of native grasslands), grazed native vegetation, potential 841 

habitat (i.e. excluding urban or mining development, waterways and water storage), native 842 

vegetation (identified from the National Vegetation Information System (NVIS) 843 

http://www.environment.gov.au/erin/nvis/index.html), and forest/plantation areas (using the Global 844 

Landcover classification for year 2000 sourced from the Institute for Environment and 845 

Sustainability Global Environment Monitoring Unit http://ies.jrc.ec.europa.eu/global-landcover-846 

http://adl.brs.gov.au/mapserv/landuse/index.cfm?fa=app.landUseInformation
http://adl.brs.gov.au/anrdl/metadata_files/pa_luav3r9eg__00112a06.xml
http://adl.brs.gov.au/mapserv/landuse/pdf_files/Web_ALUM_Classification.pdf
http://www.environment.gov.au/erin/nvis/index.html
http://ies.jrc.ec.europa.eu/global-landcover-2000
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