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Abstract (A) 

 

Aim In subalpine and alpine environments, range shifts of species to higher 

altitudes are predicted to occur in response to reductions in the snow cover from 

climate change. However, the distribution of key resources may constrain the range of 

animal populations and prevent any upward migration. This study examined the local 

resource constraints on the upper range limit of a large, native herbivore in Australia, 

the common wombat Vombatus ursinus.  

Location The subalpine zone of the Snowy Mountains, Australia. 

Methods Logistic regression analyses of snow and habitat predictors were 

conducted on the presence / absence of wombat signs recorded along an altitudinal 

gradient during winter and summer, using parametric and non-parametric methods. 

Results Wombats responded strongly to the altitudinal gradient, but snow 

cover alone did not fully explain their upper range limit. Wombat occurrence in the 

subalpine zone was influenced by local habitat features in combination with 

maximum snow depth. More rugged, high-relief terrain was important to wombats in 

winter, allowing individuals access to a wider range of altitudes, snow depths and 

shelter sites. During summer, high soil bulk density was an important predictor of 

occurrence, and in both seasons, occurrence declined in response to a higher cover of 

burnt grass. 

Main conclusions These models demonstrate that local habitat factors play a role 

even where there are strong regulating environmental factors. For wombats, this may 

limit future range expansion into the alpine zone despite the potential for an increase 

in abundance at their present range limit. These findings show the need for local 
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ecological studies to be conducted in parallel with broad scale climate modelling if we 

are to understand shifts in species distributions as the climate rapidly changes. 

 

Keywords 

climate change, logistic regression, range limit, subalpine, Vombatus ursinus, 

wildlife-habitat model 
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Introduction (A) 

 

Shifts in the geographic range of species towards the poles and higher altitudes with 

climate change have already been observed for a wide range of taxonomic groups and 

geographical locations (see reviews by Walther et al., 2002; Parmesan & Yohe, 2003) 

and are anticipated for many species in south-eastern Australia in response to future 

climate warming (Brereton et al., 1995; Green et al., 2008). Predicted reductions in 

the snow cover in Australia due to climate change (Hennessy et al., 2003) will have a 

major impact on the distribution of species in subalpine and alpine areas. Climate 

models for mainland Australia predict that the area receiving at least 30 days of snow 

will decrease 30-93% by 2050 (projected low-impact and high-impact changes in 

climate, respectively), with concurrent declines in the maximum depth of the 

snowpack (Hennessy et al., 2003). Such changes could threaten species that rely on 

the insulating properties of snow for survival. In contrast, other species that cannot 

survive in deep snow may become more widespread under future climate scenarios. 

 

To understand the impacts of climate change on species’ distributions, we first need to 

understand what limits the range of a species (Brown et al., 1996). In alpine and 

subalpine environments, snow cover limits the range of some animal species (Green 

& Osborne, 1998) by restricting their movements, hindering their ability to obtain 

food or, with extreme snow events, directly causing mortality (Formozov, 1946). 

Some species avoid seasonal snow by migrating or hibernating; others that remain 

active in snow-covered environments may do so only at lower elevations (Marchand, 

1996). If snow is the only limiting factor at the upper boundary of a species’ range, 

such populations should respond to a reduction in the snow cover by an increase in 
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altitudinal distribution. However, the distribution of other resources required by 

animals, such as food supply or shelter, may also constrain their range (Austin, 2002). 

An understanding of how each species responds to both broad environmental and 

local habitat factors is needed if we are to make predictions about range shifts with 

climate change (Pearson & Dawson, 2003). 

 

In this study, we investigate the extent to which snow cover and other local habitat 

factors limit the current distribution of a common herbivore in south-eastern 

Australia, the common wombat (Vombatus ursinus, Shaw 1800). There has been 

much attention given to climate change impacts on threatened species, but changes in 

the distribution of common species are also likely (Hughes, 2003; Green et al., 2008). 

Common wombats occur predominantly in forests, but they also extend into open 

woodland and occur at higher elevations in the subalpine zone where snow covers the 

ground during winter, although they are rarely observed above the treeline (Green & 

Osborne, 1994; McIlroy, 2008). Wombats feed primarily on grasses (Evans et al., 

2006) and must dig for forage during periods of snowfall. Consequently, this is 

considered to be the main constraint on their altitudinal distribution (Pickering et al., 

2004).  

 

Recently, wombats have been observed at higher subalpine areas where they have not 

previously been recorded, possibly corresponding with poor snow years (Green, 

2004), but very little is known about their distribution and resource use above the 

snowline. Changes in the range of this species, and other herbivores, to higher 

altitudes may have an impact on the alpine ecosystem through an increase in grazing 

pressure. In the only comparable study that exists, albeit in a subalpine area not 
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normally covered by winter snow (Green & Osborne, 1998), native herbivores 

(wallabies and wombats) have been implicated in the decline of tall alpine herbfields 

in the high country of Tasmania, where they are common and abundant (Bridle & 

Kirkpatrick, 2001). If wombats were able to persist year-round at higher altitudes on 

the Australian mainland, then similar changes to the alpine vegetation could be 

expected, and this has serious implications for the conservation of these areas. 

 

In this study we address the following questions: (1) How does wombat occurrence 

vary with altitude? (2) How does wombat occurrence vary in relation to seasonal 

differences in snow cover? (3) What is the relative importance of snow and other 

habitat factors in the distribution of wombats along the altitudinal gradient? 

 

Methods (A) 

 

Study area and field surveys (B) 

 

The study area (approx. 20 km2) was located within the subalpine zone of the Snowy 

Mountains, in south-eastern Australia (36º24´S, 148º25´E) (Costin et al., 2000) (Fig. 

1). The study area lies within an undulating plateau (Green & Osborne, 1994), with 

Mt Kosciuszko, Australia’s highest continental peak at 2228 m, to the west. The 

vegetation of the subalpine zone is predominantly subalpine woodland dominated by 

snow gums (Eucalyptus pauciflora subsp. niphophila), with treeless sod-tussock 

grasslands and bogs on the valleys and plains (Wimbush & Costin, 1979; Green & 

Osborne, 1994; Costin et al., 2000). The area has a long history of grazing by cattle 

and sheep, with associated burning, but livestock were withdrawn from the high 
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country in 1958 after approximately 100 years of grazing (Wimbush & Costin, 1979). 

Wildfires occurred in the park in January and February 2003 and burned 

approximately 70% of the subalpine zone (Green, 2005). Snow covers the study area 

for about four months of the year (June – September). Average maximum snow depth 

is about 200 cm (Spencers Creek elevation: 1830m) and reaches a maximum depth 

usually in late August or early September (Hennessy et al., 2003). Maximum snow 

depth during the study in 2007 was below the long-term average (164.4 cm; Snowy 

Hydro Limited, 2009). 

 

An altitudinal transect was established in the study area along the Kosciuszko Road, 

between 1500 m and 1900 m elevation. Forty-two plots (100 m x 4 m) were 

established systematically along the altitudinal gradient (Fig. 1). These long, narrow 

rectangular plots were designed to maximise the chance of encountering signs of the 

study species and to ensure adequate sampling of habitat variability. Plots were 

located using a handheld global positioning system at points 100 m and 500 m along 

perpendicular transects (positioned approximately 700 m apart) from the Kosciuszko 

Road main transect. These distances between sampling plots were considered large 

enough to avoid the possibility of resampling the same wombat, based on reported 

home range statistics (average 17.7 ha; Evans, 2008). The position of plots also 

allowed for variation in aspect and distance from road. Plots were permanently 

marked with plastic conduit pegs pushed into the ground beneath the snow during the 

first survey in winter 2007 (August – September) and resurveyed in summer 2007 

(November – December). Plots were surveyed in random order to ensure that surveys 

over the altitudinal gradient were interspersed over the survey period to minimise 

temporal sampling effects, such as weather. 
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Wombat data (B) 

 

Because common wombats are nocturnal and spotlight counts do not provide accurate 

population estimates (McIlroy, 1977), indirect signs, that are conspicuous and easily 

counted, were recorded on plots. Presence data of common wombats were based on 

any sign of the animal, including snow tracks (during winter), faecal pellets and 

occupied burrows, observed during a slow walk/ski over the length of the plot. 

Common wombats produce large, easily recognisable faecal pellets which are 

deliberately placed in prominent locations within their home range (Triggs, 1996). 

This behaviour is likely to result in a high probability of detection of wombat 

presence, so plots were visited once only during each survey period. All plots in 

winter were surveyed 1-2 days after snowfall so there should be minimal variation 

among plots in the accumulation of signs.  

 

Snow data (B) 

 

Snow depth was measured during winter every 25 m along each plot (n = 5) using an 

avalanche probe. Snow density was measured every 50 m (n = 3) using a US Federal 

snow sampler (Carpenter Machine Works, Seattle, WA, USA). In addition to snow 

cover data recorded at the time of plot sampling, independent data were sought for 

average maximum snow depth. Simulated snow models based on long-term data at a 

broad resolution (Hennessy et al., 2003) were not considered suitable for this study. 

Thus, an interpolated snow model was derived for the study area using the most recent 

snow depth data recorded in 2004 at snow monitoring sites established within the 
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study area by Sanecki et al. (2006). Maximum snow depth during 2004 was higher 

than 2007 (225.6 cm and 164.4 cm respectively), but the relative maximum snow 

depth among sites over the altitudinal gradient was considered to be more important 

for these analyses than the absolute value. The snow model was used to predict 

maximum snow depth at five points along each sampling plot, with the maximum 

value used in subsequent analyses. See Appendix S1 in Supporting Information for 

further details of the snow modelling. 

 

Habitat data (B) 

 

Habitat variables were either measured in the field during summer or derived using 

ArcGIS version 9.2 (Environmental Systems Research Institute, 2006). A total of 30 

variables was selected a priori using knowledge of the species and its use of resources 

for foraging and burrowing (McIlroy, 1973; Mallet & Cooke, 1986; Green & 

Osborne, 1994; Triggs, 1996; Buchan & Goldney, 1998; Skerratt et al., 2004; Roger 

et al., 2007). Altitude was derived from a digital elevation model (DEM) with 67 m 

resolution. Topographic relief (the difference between the highest and lowest 

elevation within a 500 m buffer), was also derived from the DEM. Aspect and slope 

were measured at each plot using a compass and clinometer, respectively. The 

geographical aspect was transformed from a circular statistic into linear statistics for 

logistic regression using sines and cosines to create variables of relative northness and 

eastness (Flury & Levri, 1999). In this study location, northness is associated with 

snow ablating aspects and southness is associated with snow accumulating aspects. 
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The cover of vegetation and other ecosystem attributes in each sampling plot was 

estimated using the point quadrat method (Wimbush & Costin, 1979). A straight 

length of wire (1 m long x 1.5 mm diameter) was lowered vertically towards the 

ground at every 1 m along each plot (n = 100) to estimate the percentage cover of the 

following attributes: tussock grasses (intact or burnt), rushes/ sedges, forbs/ herbs, 

mosses, shrubs (intact or burnt), tree trunks, bare soil, rocks, bare tree roots, litter and 

water.  

 

The percentage cover of trees was recorded using the line intercept method over the 

length of the plot, and the number of trees (both single and multi-stemmed > 10 cm 

diameter at breast height) counted per plot. An estimate of woodland cover within 100 

m and 500 m buffers around plot locations was also derived using a forest ecosystems 

GIS layer with 25 m resolution. 

 

Mean soil bulk density (g/cm3) and soil moisture (%) were measured from soil 

samples taken at every 10 m along each plot (n = 10). Soil was extracted using steel 

ring cores (4 cm inside diameter x 4.9 cm deep: volume = 61.58 cm3), weighed, and 

then dried in an oven at 80º C for at least 16 h to obtain dry weights for calculations. 

 

Distances to water courses and roads were measured from five points along each plot 

using the Near tool in ArcGIS Spatial Analyst. Available road and water features were 

mapped at 1:25 000.  

 

Statistical analyses (B) 
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Logistic regression analyses were conducted using the presence/absence of wombat 

sign in plots as the dependent variable. First, a univariate analysis was conducted to 

define how wombat occurrence varied with altitude. Second, regression analyses of 

snow and habitat predictors were conducted with the altitude variable removed in 

order to investigate more proximal causes of patterns within the altitudinal range. 

Patterns of occurrence in each season were modelled separately to examine temporal 

changes in habitat use (MacKenzie et al., 2006).  

 

For each season, forward stepwise logistic regression was used for exploratory 

purposes to select important covariates (p values < 0.20) for inclusion in the model set 

(Hosmer & Lemeshow, 2000; Alexander et al., 2006). All other variables were 

removed from further analysis. Selected covariates were then tested for 

multicollinearity using Pearson’s correlation. Highly correlated variables (|r| > 0.6) 

were identified and the variable with the lower p-value in the stepwise procedure was 

retained. The variables selected for inclusion in the candidate models are shown in 

Table 1.  

 

Candidate models for winter and summer included the univariate model of maximum 

snow depth and multivariate combinations of maximum snow depth with other 

selected variables. Thus, models were designed to examine the influence of snow 

versus combinations of snow and habitat variables on wombat occurrence. The 

maximum number of predictors included in each candidate model was restricted to 

three, due to the low number of observations (Hosmer & Lemeshow, 2000; Guisan & 

Zimmermann, 2000). In total, 37 candidate models for the winter season and 37 for 

summer were examined.  
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To assess the validity of linear assumptions, generalised additive models (GAMs) 

were fitted with relationships estimated by smoothing splines with 4 degrees of 

freedom (Insightful Corp., 2007). Partial residual diagnostic plots of the fitted 

function of the GAMs were examined in a multiple variable context (Guisan & 

Zimmermann, 2000) to determine the shape of the response curves and, consequently, 

the most appropriate parametric form for each predictor variable in the candidate 

model (e.g. linear, piecewise linear, polynomial) (Wiser et al., 1998).  

 

Final fitted models were compared and ranked using Akaike’s Information Criterion 

corrected for small sample sizes (AICc) (Sakamoto et al., 1986; Burnham & 

Anderson, 2001; 2002). Each model was ranked based on its difference from the 

model with the lowest AICc (∆i), to indicate its relative support: models having ∆i≤2 

have substantial support while models having ∆i≥4 have considerably less support 

(Burnham & Anderson, 2001; 2002). Akaike weights (wi) (Burnham & Anderson, 

2001; 2002) were calculated across the set of candidate models to give a strength of 

evidence that model i was the best model in the set. To determine the overall support 

for a particular habitat variable, Akaike weights were summed over all candidate 

models in which the variable was included (Burnham & Anderson, 2001; 2002). 

 

Initial model building was undertaken in SPSS v.14.0 (SPSS Inc., 2005). Generalised 

additive models and final parametric logistic regression were computed using S-Plus 

8.0 (Insightful Corp., 2007). 

 

Model evaluation (B) 
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Model adequacy was assessed both with the calibration data (i.e., 42 plots) and testing 

data using a leave-one-out jack-knife procedure (i.e., 41 plots form the training set 

with the remaining plot tested sequentially 42 times for each separate observation) . 

Jack-knife tests were used because previous assessments have shown them to be 

consistent with tests using independent data from a geographically separate location 

(Manel et al., 1999). Performance measures, and functions to be jack-knifed, included 

Cohen’s kappa (κ) and the area under the curve (AUC) from a receiver operating 

characteristic (ROC) plot (Fielding & Bell, 1997; Manel et al., 2001).  

 

Model evaluation was undertaken in R (R Development Core Team, 2005). The R 

function jackknife {bootstrap} (S original, from StatLib and by Robert Tibshirani. R 

port by Friedrich Leisch, 2007) was used to compute both the AUC and kappa for the 

test data. The R package ROC (http://www.bioconductor.org) was used to estimate 

the AUC. 

 

Sensitivity analysis (B) 

 

An assumption of these models is that the probability of detecting wombats when they 

are present (i.e. their detectability) is equal over the altitudinal gradient. However, at 

higher altitudes in winter it is more likely to snow more frequently and the snow is 

also drier and more likely to drift with wind and obscure tracks and other sign on 

plots, reducing detectability. Thus, the winter model was examined for sensitivity to 

variation in detectability over the altitudinal gradient. The sensitivity of the model to 

reductions in detectability from 1 to 0.9, 0.7 and 0.5 over the altitudinal gradient were 
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examined. The posterior probability of occurrence (p) was obtained for each plot 

using the formula by Wintle et al. (2005), which is based on an estimate of 

detectability (d), the number of observed absences (v) and a prior belief in occurrence 

(p*): 

 

p = p*(1-d)v / (p*(1-d)v + (1-p*)) 

 

For these analyses, p* was taken from the summer model prediction.  

 

Results (A) 

 

Wombat occurrence in relation to altitude and snow (B) 

 

Wombat sign was recorded in 18 of the 42 plots during winter and 23 plots during 

summer. All plots recorded with wombat sign during winter, except one, were 

recorded with wombat sign during summer. In both seasons, wombats responded 

strongly to the altitudinal gradient (Fig 2). In univariate models, altitude explained 

approximately 40% of the total deviance (D2 = 0.406 and 0.414 for winter and 

summer respectively). At low altitudes in the study site, the probability of wombat 

occurrence was high (> 90% at 1500 m), but it declined to below 50% (i.e., more 

likely to be absent) at altitudes above about 1700 m. This pattern was consistent 

between seasons, but there was a greater probability of wombat occurrence at higher 

altitudes during summer. 
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The sensitivity analysis showed that the chance of missing sign of wombats in the 

snow, when in fact it was present, would only occur if detection rates halved over the 

altitudinal gradient. There was no change in occurrence (i.e. from absent to present) 

when detectability was reduced from 1.0 to 0.9 or 0.7 over the altitudinal gradient. 

When the winter model was adjusted for a halving in detectability over the altitudinal 

gradient, the probability of occurrence was similar to the summer model at low 

altitudes and similar to the winter model at high altitudes (Fig 3).  

 

During the winter survey, wombat sign was recorded more frequently in plots with 

little or no snow, whereas no wombats were recorded where snow depth was greater 

than 70 cm (Fig 4). In the assessment of more proximal causes of patterns within the 

altitudinal range, snow cover was the most influential variable in the distribution of 

wombats. The modelled maximum snow depth was the most significant variable 

among all variables in the stepwise logistic regression for both the winter and summer 

models (see Appendix S2 in Supporting Information for additional significance tests 

of each predictor variable included in the models). Snow depth measured on plots 

during winter was highly correlated with the interpolated model of maximum snow 

depth (r = 0.65) but was less influential as a predictor of wombat occurrence.  

 

In both winter and summer, the top models included multivariate combinations of 

maximum snow depth with other habitat covariates (Table 2). In comparison, the 

univariate model of maximum snow depth had essentially no support as the best 

model in either season and ranked 24/37 in winter (∆i = 15.31) and 22/37 in summer 

(∆i = 12.91). Comparisons of the top models with and without the maximum snow 

depth variable showed that models with snow and habitat variables were better 
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predictors of wombat occurrence than models with habitat variables alone (Table 3). 

Thus, habitat factors in combination with snow cover were best at explaining the 

occurrence patterns of wombats, as detailed below.  

 

Winter models (B) 

 

There were four winter models within 4 AICc units (∆i<4) of the best model that 

included maximum snow depth with other habitat variables (Table 2). Topographic 

relief, a measure of terrain ruggedness, was positively related to wombat occurrence 

and was particularly important in the winter season (included in 3 of 4 top models; 

summed Akaike weights = 0.50). More rugged terrain would allow wombats access to 

a wider range of altitudes, snow depths and shelter sites. In the winter models, the 

response curve of this variable showed that a piecewise linear form was a better 

predictor than the linear form. Thus, the influence of topographic relief on the 

probability of wombat occurrence appears to occur above a threshold of 

approximately 120 m. 

 

Burnt grass was included in 2 of the 4 top models, including the best model (ranked 

1), and was an important predictor of wombat occurrence (summed Akaike weights = 

0.56). Burnt grass was recorded on plots ranging up to 21% of the ground cover, and 

the probability of wombat occurrence declined with an increasing cover of burnt 

grass. The percentage cover of grass was also included in the best model and has 

reasonable support (summed Akaike weights = 0.50), while litter was relatively less 

important (summed Akaike weights = 0.22). 
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Summer models (B) 

 

There were two summer models within 4 AICc units of the best model (Table 2), 

indicating less model uncertainty than shown for winter models. Soil bulk density was 

included in the two top models in summer and it was the most important habitat 

variable (summed Akaike weights = 0.97). Wombat occurrence showed a positive 

relationship with soil bulk density, indicating that wombats avoided low bulk density 

associated with very wet sites, such as bogs. Soil bulk density and soil moisture 

content were highly negatively correlated (r = -0.73). 

 

Topographic relief also had good support in the summer models (summed Akaike 

weights = 0.60), while the percentage cover of burnt grass was less influential in 

wombat occurrence in this season (summed Akaike weights = 0.16).  

 

Model performance (both seasons) (B) 

 

Jack-knifed estimates of AUC for the top models in winter were greater than 0.8, 

indicating good discrimination ability. Estimates for the top summer models were 

slightly lower, but still greater than 0.7. Similar performance was indicated by the 

kappa values: winter models showed substantial agreement between observed and 

expected data, and the summer models showed moderate agreement (Table 4). 

 

Discussion (A) 
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Wombats in the subalpine zone of south-eastern Australia are generally considered to 

be limited at high altitude by winter snowfall that prevents access to burrows and 

grasses for feeding (Pickering et al., 2004; Green, 2005). However, the results of this 

study indicate that snow cover alone does not fully explain the upper range limit of 

wombats in the subalpine zone. Rather, wombat occurrence is influenced by local 

habitat features (topography, soils, vegetation) in combination with maximum snow 

depth.  

 

High-relief terrain was an important influence in the distribution of wombats. This 

finding supports previous observations by McIlroy (1973) that wombat densities in 

the Snowy Mountains are greater in rugged areas compared with the undulating areas 

with less relief. Other studies have shown that site terrain is a key factor influencing 

herbivores in snow covered environments (Pearson et al., 1995; Nellemann & 

Reynolds, 1997; Poole et al., 2009). More variable topography would allow wombats 

to adopt strategies to avoid deep snow during winter, such as selecting sites on 

windswept slopes or warmer aspects. Thus, even at higher altitudes, wombats would 

be able to select sites that correspond with the more favourable conditions that are 

found at lower altitudes.  

 

Our results also showed that burnt grass had a negative influence on the probability of 

wombat occurrence. Tussock grasses form the main component of the diet of 

wombats (Evans et al., 2006) and areas of burnt grass appear to have been avoided. 

The burnt grass measured in this study was a result of widespread fires which 

occurred in Kosciuszko National Park in 2003, four years before our surveys. 

Immediately post-fire, Green (2005) found that wombats had larger home ranges 
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when their range incorporated burnt sites, perhaps due to the decreased availability of 

unburnt forage. New growth on burnt sites may initially provide improved forage 

quantity and quality for herbivores, but protein content of burnt Poa grasses may 

decline in subsequent years to levels below that of unburnt grass (Leigh et al., 1991). 

Further research on the long-term changes in the quality of grasses post-fire, and the 

nutritional requirements of wombats, would be needed to establish likely causes for 

their avoidance of burnt sites. Nevertheless, fire does appear to have a negative 

influence on wombat occurrence, and this has important implications in regards to 

climate change where models have predicted an increase in the frequency of extreme 

fire-weather in south-eastern Australia (e.g. Lucas et al., 2007). Changes to 

disturbance regimes, such as fire, will increase the complexity of predicting range 

shifts of species, such as wombats, in response to a reduction in snow cover. 

 

A surprising result in this study was the influence of soil bulk density on wombat 

occurrence in summer. In a study conducted in the central tablelands of south-eastern 

Australia (i.e. drier conditions, and at lower altitude to this study), Buchan & Goldney 

(1998) found that low soil bulk density was a significant predictor of wombat burrows 

on podsolic soils. In contrast, our study revealed a positive correlation between soil 

bulk density and the probability of wombat occurrence. This may be explained by 

altitudinal, substrate and drainage differences in subalpine areas, where low soil bulk 

densities are associated more often with peats, occurring around bogs and fens, and 

these habitats were generally not suitable for either foraging or burrowing by 

wombats. This highlights one of the problems of local scale models in projecting 

outcomes to other areas when potentially truncated species response curves are 

created (Trivedi et al., 2008).  
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The upper range limit of wombats, as modelled in this study, showed a reasonable 

correspondence with the upper treeline, i.e. at the boundary of the subalpine and 

alpine zones. This was in agreement with previous observations that wombats occur 

commonly to the treeline, but rarely above (Green & Osborne, 1994). It was 

hypothesised that environmental variables relating to trees would influence the 

distribution of wombats, but this was not supported by our models. In other studies of 

wombat distribution, Roger et al. (2007) found that proximity to moderate levels of 

tree cover (approximately 50% cover) was an important predictor of wombat 

occurrence. However, their analyses were based on the presence of burrows, which 

may be significantly different from a wombat’s foraging range identified through 

tracks and scats, as conducted in this study. Other authors have also found burrows 

associated with forested or woodland areas (McIlroy, 1973; Mallet & Cooke, 1986; 

Green & Osborne, 1994; Murray, 2001), and higher levels of burrow activity within 

forested areas (McIlroy, 1973; Buchan & Goldney, 1998). Since wombats are 

dependent on burrows, the proximity of the treeline may still be an important 

constraint in their altitudinal range. 

 

Seasonal differences in the models of wombats between winter and summer showed 

that there was a greater probability of wombat occurrence at higher altitudes during 

the snow-free period. However, the absolute altitudinal limit (i.e., at the treeline) 

remained the same between winter and summer. The changes in occurrence at higher 

subalpine sites are possibly due to wombats dispersing to, or selecting within the 

home range, more suitable conditions during winter. This type of seasonal fluctuation 

at the range boundary is typical of mobile organisms (Guo et al., 2005), although 
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long-term environmental changes in the snow cover could lead to wombats inhabiting 

higher altitudes throughout the year. 

 

The difficulty in predicting range shifts for wombats, or any other species, is that the 

area beyond the range edge is effectively a novel environmental space (Kearney et al., 

2008), and using current habitat preferences may produce erroneous predictions. For 

example, some expanding species have shown an increased habitat breadth in their 

new range (Thomas et al., 2001). An alternative to using data on species occurrence to 

predict range shifts is to create models based on a species’ ecophysiology (e.g. 

Kearney et al., 2008) or behaviour (Lima & Zollner, 1996). However, these require 

further knowledge of the species, and thus the challenge is to gain a much greater 

understanding of a species’ ecology, and the system in which it exists, in order to 

predict future changes in relation to climate or other disturbances. 

 

Study limitations (B) 

 

The generation of local-scale habitat variables places inherent limitations on the 

design and utility of distribution models. Large sample sizes are generally not feasible 

given the constraints of intensive field data collection. Nevertheless, these variables 

were shown to be important in describing the distribution of wombats in this study 

and should not be disregarded for the more easily obtained macro-scale variables 

typically derived from GIS layers. Species distribution models are usually 

implemented for areas with broad extents and/or using coarse resolutions (Araújo and 

Guisan, 2006), but in mountain environments such as those described in this study, 

fine-resolution data are needed to account for the highly variable mountainous terrain 
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(Trivedi et al., 2008). We acknowledge that the utility of local models for predictive 

mapping is constrained due to their site-specific nature, which may limit their 

relevance to other locations. This study was conducted along one altitudinal gradient, 

so its applicability to other subalpine sites remains to be tested using truly 

independent evaluation data from a geographically separate location (Guisan and 

Zimmerman, 2000). However, we are confident in the study’s conclusions, as 

jackknife test results showed moderate to substantial performance, providing a robust 

indication of the accuracy of the models presented here.  

 

Conclusions (B) 

 

These models demonstrate that, for our study area in the subalpine zone, both snow 

depth and local habitat factors contribute to the distribution of wombats. These local 

habitat factors, such as vegetation and topography, may constrain the range of 

wombats even if snow depth declines. Svenning & Skov (2004) describe this 

phenomenon as ‘low range filling’, where the environmental envelope changes due to 

external climatic influences, but a species is not capable of filling the expanded range 

because it is constrained by other habitat factors. For wombats, the most important 

habitat factor limiting their upward movement as the snow cover declines, may be the 

availability of suitable burrow habitat, since the grass species on which they forage 

are present above the treeline. Disturbances, such as fire, also appear to influence 

wombat occurrence and may also be important factors driving future range shifts 

under predicted climate change scenarios (Hennessy et al., 2003). 
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Future studies of animal range shifts should consider the influence of local habitat 

factors since these factors are likely to play a role even where there are strong 

regulating environmental factors. Other studies have also highlighted the problems of 

using climate-only models for predicting range shifts (e.g. Preston et al., 2008; 

Duncan et al., 2009). Local ecological studies, such as this study on wombats, need to 

be conducted in parallel with broad scale climate modelling if we are to understand, 

predict and manage shifts in species distributions.  
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Appendix S1  

Details of the snow modelling for interpolating local snow depth data across the 

study area in the Snowy Mountains, Australia 

 

Snow modelling followed the methods of López-Moreno & Nogués-Bravo (2005; 

2006), modified for the local area. Snow data were obtained for 94 point locations 

within the study area, measured during 2004 at approximately weekly intervals 

(Green, unpublished data; for a description of the snow sampling locations see 

Sanecki et al., 2006). The maximum snow depth recorded at each GPS point location 

(consisting of three snow stakes approximately 10 m apart) was taken as the 

maximum snow depth for the year. The variables considered to be potential predictors 

of snow depth were obtained from a digital elevation model (DEM) projected to 

GDA94 with 67 m resolution. Variables considered were: 

 

• Altitude (alt). Elevation in metres at each point location. 

• Altitudinal range (max500, max1k, max2k, min500, min1k, min2k, range500, 

range1k, range2k). Maximum and minimum altitudes and their range in metres 

within buffers of 500, 1000 and 2000 m around each point location. 

• Slope (slope). Slope in degrees at each point location. 

• Solar radiation (solar, esriSolar). Two variables were considered: (1) solar: 

annual solar radiation (MJ m-2) calculated for each point location using the 

imported ArcScript written by Sean Parks (LSDA Forest Service), calculated 

at latitude 36.395 degrees south; (2) esriSolar: incoming solar radiation (MJ m-

2 day-1) calculated for each point location using the ‘Points Solar Radiation’ 

spatial analyst tool in ArcGIS. Input parameters were year 2004, start day 1 
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June and end day 1 November (i.e., the snow data sampling period). All other 

parameters were automatically generated (e.g. day interval of 14 days). 

 

A generalised additive model (GAM) was used to fit models to the snow data using 

the cubic spline smoothing term. GAMs have been shown to give the most accurate 

predictions to the spatial distribution of snow and other climate variables because they 

consider non-linear relationships (López-Moreno & Nogués-Bravo, 2005). An 

approximation to Akaike Information Criterion (AIC) was used in the stepwise 

procedure for model selection with the S-Plus step.gam function (Venables & Ripley, 

1994).  

 

The best model included the variables max(500) and esriSolar, with good model fit (r2 

= 0.67).  This model was then used to predict maximum snow depth for each plot 

location (i.e., to derive the variable maximum snow depth). A predictive snow depth 

map obtained by the model over the study area on a grid of 100 m cell size is shown 

in Fig A1.  
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Appendix S2 

Significance tests from univariable logistic regression analyses of each predictor 

variable included in the models. 

 

a) Winter model variables 

Variable 
β 

Coefficient 
Standard 

Error 
Likelihood 

ratio  p Wald p 
Maximum 
snow depth -0.056 0.017 22.049 0.000 10.768 0.001 
Topographic 
relief 0.054 0.017 15.294 0.000 9.534 0.002 
Burnt grass -0.224 0.09 8.934 0.003 6.207 0.013 
Litter 0.113 0.056 4.72 0.030 4.073 0.044 
Soil bulk 
density 6.432 3.195 4.631 0.031 4.054 0.044 
Burnt shrub -0.212 0.111 5.444 0.020 3.667 0.055 
Distance to 
water -0.005 0.003 3.292 0.070 2.899 0.089 
Herb 0.066 0.042 2.732 0.098 2.528 0.112 
Grass -0.035 0.023 2.481 0.115 2.271 0.132 

 

b) Summer model variables 

Variable 
β 
Coefficient  

Standard 
Error 

Likelihood 
ratio  p Wald p 

Maximum 
snow depth -0.047 0.014 19.717 0.000 11.537 0.001 
Soil bulk 
density 12.533 4.427 12.236 0.000 8.015 0.005 
Distance to 
water -0.008 0.003 8.205 0.004 6.435 0.011 
Topographic 
relief 0.033 0.013 7.716 0.005 6.024 0.014 
Burnt grass -0.154 0.071 5.738 0.017 4.679 0.031 
Burnt shrub -0.199 0.101 5.796 0.016 3.902 0.048 
Herb 0.09 0.046 4.542 0.033 3.819 0.051 
Moss -0.22 0.142 4.599 0.032 2.403 0.121 
Slope 0.05 0.034 2.383 0.123 2.214 0.137 
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List of figures 

 

Figure 1. Study area in the Snowy Mountains, south-eastern Australia, showing the 

location and layout of survey plots (not to scale). The shaded area above 1500 m is 

generally covered by snow during winter.  

 

Figure 2. Pattern of wombat occurrence along an altitudinal gradient in the subalpine 

zone of the Snowy Mountains during winter and summer. The solid lines are the fitted 

logistic regressions (winter: logit(p) = 38.819 - 0.023(Alt); summer: logit(p) = 41.414 

– 0.024(Alt)) and the dashed lines represent 95% confidence intervals. 

 

Figure 3.  Sensitivity of the winter model to a decline in detectability to 0.5 over the 

altitudinal gradient. Curves are logistic fits for the winter model (dotted line), summer 

model (solid line) and winter model adjusted for detectability (dashed line).  

 

Figure 4. The presence or absence of wombat sign (tracks, scats or burrows) in 

relation to snow depth on plots surveyed over the altitudinal gradient during winter 

2007 in the Snowy Mountains. 

 

Figure S1 (Appendix S1). Predicted maximum snow depth over the study area in the 

Snowy Mountains derived from the preferred GAM model (also used to derive the 

plot-based variable maximum snow depth). White dots show the locations of the snow 

sampling points used in the modelling. 
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Fig 1.  
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Fig S1.  
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Table 1. Variables selected for inclusion in the candidate models in winter and 

summer from the initial 30 possible variables. 

 

Variable Description Model set Mean (min – max) 

Maximum snow 

depth 

GAM model of maximum snow 

depth (cm) 

winter, summer 103 (41 – 200) 

Topographic 

relief 

Difference between maximum and 

minimum altitude within 500 m 

winter, summer 130 (77 – 230) 

Slope Slope in degrees summer 18 (0 – 40) 

Grass Percentage cover of grasses winter 52 (12 – 81) 

Herb Percentage cover of herbs winter, summer 14 (1 – 32) 

Moss Percentage cover of mosses summer 2 (0 – 22) 

Litter Percentage cover of litter winter 8 (0 – 25) 

Burnt grass Percentage cover of burnt grasses winter, summer 5 (0 – 21) 

Burnt shrub Percentage cover of burnt shrubs winter, summer 5 (0 – 24) 

Soil bulk density Bulk density of the top soil winter, summer 0.46 (0.27 – 0.73) 

Distance to water Linear distance (m) to water 

courses 

winter, summer 196 (10 – 583) 
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Table 2. Top AIC models (∆i ≤ 4.0) for wombats in (a) winter and (b) summer. -2 Log(L), log-likelihood of the model; K, number of estimated 

parameters in the model; AICc, Akaike’s Information Criterion corrected for small sample sizes; ∆ i, difference between model AICc and model 

with the lowest AICc; wi, Akaike weights. Akaike weights for each variable are summed across all candidate models in the set. Symbology: the 

form of the variable included in the model is shown as linear (/ or \), piecewise linear (_/ or ¯\) or quadratic (∪). 

 

(a) winter 

Model 

rank 

-2 Log(L) K AICc ∆i wi 

Max 

snow 

depth 

Topo 

relief Litter Grass 

Burnt 

grass 

1 12.65 5 24.32 0 0.48 \   ∪ \ 

2 14.29 5 25.95 1.63 0.21 \ _/ /   

3 18.60 4 27.68 3.36 0.09 \ _/    

4 16.19 5 27.85 3.54 0.08 \ _/   \ 

     ∑ iw  1.00 0.50 0.22 0.50 0.56 
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(b) summer 

Model 

rank 

-2 Log(L) K AICc ∆i wi 

Max 

snow 

depth 

Topo 

relief 

Soil bulk 

density 

Burnt 

grass 

1 20.44 4 29.53 0 0.60 \ / /  

2 20.61 5 32.28 2.76 0.15 \  / ¯\ 

     ∑ iw  1.00 0.60 0.97 0.16 
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Table 3. Change in the Akaike’s Information Criterion (∆AICc) of the 4 top winter 

models and 2 top summer models when the snow variable (maximum snow depth) 

was removed. 

 

 

Model rank 

Snow + habitat 

AICc 

Habitat only 

AICc 

 

∆AICc 

Winter    

1 24.32 50.32 26.00 

2 25.95 42.18 16.23 

3 27.68 43.00 15.32 

4 27.85 39.78 11.93 

Summer    

1 29.53 45.87 16.35 

2 32.28 51.30 19.02 
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Table 4. Model performance of test data for the 4 top winter models and 2 top summer 

models. Values are means (± SD) from jack-knife data. AUC, area under the curve 

from a receiver operating characteristic plot; κ, Cohen’s kappa. 

 

Model rank AUC κ 

Winter   

1 0.90 (0.01) 0.76 (0.02) 

2 0.88 (0.01) 0.72 (0.03) 

3 0.88 (0.01) 0.72 (0.03) 

4 0.90 (0.01) 0.76 (0.03) 

Summer   

1 0.81 (0.02) 0.59 (0.03) 

2 0.79 (0.03) 0.53 (0.06) 

 

 

 


