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Abstract 

The greater glider (Petauroides volans) is the largest of the Australian gliding marsupials. Once 
abundant, it is now nationally listed as vulnerable because evidence of population decline exists 
across its distributional range. This decline and its likely relation with wildfire and logging, has 
prompted focus on conservation of this species.  

Species Distribution Models (SDMs) relate species occurrences to environmental variables at 
observation sites to predict distributions or make inferences about their key drivers. 
Conservation planning and land management use SDMs to deliver predictions of species 
distributions across landscapes. When modelling a broadly distributed species like the greater 
glider, data are often gathered from sources that vary in quality. In such cases, accounting for 
sampling biases and selection of geographic extent for model fitting are two key methodological 
steps that can largely influence models results. In this thesis I tested the effect of taking 
alternative decisions regarding occurrence data processing, modelling method and geographic 
extent on models’ predictive performance and how different decisions might (or not) provide 
different information for conservation and land management actions in a region subject to 
commercial logging. 

In the first research chapter, I tested different methods for dealing with sampling biases when 
modelling the distribution of the greater glider across its entire range. I compiled a dataset of 
occurrence data of the greater glider and other arboreal marsupials and tested alternative ways 
to use this large but biased dataset. I used modelling methods that utilize different types of 
occurrence data, namely, presence-background and presence-absence methods. I found that 
using presence-absence models fitted to an expanded presence-absence dataset in which some 
data were inferred  provided the best performing models. 

In the second research chapter, I compared range-wide and local SDMs to predict the 
distribution of the greater glider in East Gippsland, Victoria. I found that two models: a range-
wide one, and a local model fitted with higher quality variables, were the best performing. 
Models delivered somewhat different spatial predictions but broadly agreed on the largest 
patches of high predicted probability and gave similar estimates of the proportion of habitat 
across different land uses in the East Gippsland Regional Forest Agreement. I also completed a 
preliminary assessment of the extent of greater glider habitat burnt during the 2019-2020 
wildfires that affected eastern Australia. I found that a large proportion of habitat was affected, 
including recently established protected areas. 

Throughout this thesis I show that decisions regarding data processing, selection of modelling 
method and geographic extent can lead to substantially different distribution predictions. In a 
context of local conservation planning such as the East Gippsland Regional Forest Agreement, 
different models, nevertheless, provided similar information on the implications that forest 
management and logging restrictions may have on the conservation of greater glider habitat in 
this region.  

Although the solutions we implemented relied on the broad availability of biodiversity data in 
Australia, we advocate for modellers and users to undertake thorough assessments of the data 
available in their regions and think carefully on how to make the best use of it. 
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chapter is a general discussion and conclusion that draws together the results of both research 
chapters. 

I am the primary author of all manuscripts, which are co-authored by my supervisors: Natalie 
Briscoe, Gurutzeta Guillera-Arroita and Jane Elith. I am responsible for designing and conducting 
the research, collecting and analysing the data, and writing the manuscripts. The co-authors 
provided advice on study design, assisted in improving the methodology, data handling and 
polishing the manuscripts. 

I was supported by a Melbourne Research Scholarship – 2018 granted by the University of 
Melbourne and by a CONACYT-Regional Occidente 2019 scholarship, number 739843, granted 
by The Consejo Nacional de Ciencia y Tecnología – CONACYT (the Mexican National Council for 
Science and Technology). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



V 
 

 

 

Acknowledgements  

To my supervisors, Natalie Briscoe, Gurutzeta Guillera-Arroita and Jane Elith, to whom I am 
deeply grateful for their constant support, patience and encouragement.  

To Brendan Wintle and Lindy Lumsden for their ideas and feedback throughout the development 
of this project. 

To all the beautiful people in the Quantitative and Applied Ecology group (Qaeco) and the Centre 
of Excellence for Biosecurity Risk Analysis (CEBRA), for their friendship and support. 

To my familia and amigos back home, gracias siempre. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



VI 
 

Table of Contents 
1 Introduction ................................................................................................................. 1 

1.1. The greater glider ........................................................................................................................ 1 

1.2. Species distribution models and data related challenges ........................................................... 2 

1.3. Species distribution models to inform conservation actions at the local scale .......................... 3 

1.4. Thesis aims and structure ........................................................................................................... 8 

1.5. Bibliography ................................................................................................................................ 9 

2 Literature Review ....................................................................................................... 14 

2.1. Species distribution models and their applications .................................................................. 14 

2.2. Species distribution models to assist conservation decisions .................................................. 15 

2.3. Imperfect data: sampling bias and data related challenges in species distribution models .... 18 

2.4. Selection of geographic extent and resolution for model fitting .............................................. 20 

2.5. Species distribution models to aid greater glider conservation ............................................... 22 

2.6. Concluding remarks .................................................................................................................. 25 

2.7. Bibliography .............................................................................................................................. 26 

3 Different Methods to Model Biased Occurrence Data Result in Divergent Predictions of 
a Widely Distributed Vulnerable Marsupial ........................................................................ 37 

3.1 Introduction .............................................................................................................................. 38 

3.2 Methods .................................................................................................................................... 40 

3.2.1 Study area ........................................................................................................................ 40 

3.2.2 Occurrence data ............................................................................................................... 40 

3.2.3 Additional species ............................................................................................................ 41 

3.2.4 Generating model fitting and evaluation datasets .......................................................... 41 

3.2.5 Predictor variables ........................................................................................................... 47 

3.2.6 Model fitting ..................................................................................................................... 50 

3.2.7 Model evaluation ............................................................................................................. 54 

3.2.8 Qualitative analyses of spatial predictions ....................................................................... 55 

3.3 Results ....................................................................................................................................... 55 

3.3.1 Presence-background models .......................................................................................... 55 

3.3.2 Presence-absence approaches ......................................................................................... 61 

3.3.3 Agreement and model comparison.................................................................................. 65 

3.4 Discussion ................................................................................................................................. 69 

3.5 Conclusion ................................................................................................................................. 73 

3.6 Bibliography .............................................................................................................................. 75 

3.7 Appendices ................................................................................................................................ 80 

3.7.1 Time since fire and mean proportion of native vegetation variables creation ................ 80 

3.7.2 Highly correlated variables ............................................................................................... 81 

3.7.3 Extrapolation .................................................................................................................... 83 

3.7.4 Limiting factors of PB models ........................................................................................... 86 



VII 
 

3.7.5 Interactions in BRT ........................................................................................................... 88 

3.7.6 Response curves of all variables ....................................................................................... 90 

3.7.7 BRT exploring differences between models ..................................................................... 96 

3.7.8 Bibliography ................................................................................................................... 101 

4 Use of range-wide and local models to predict the distribution of the greater glider in 
East Gippsland, Victoria ................................................................................................... 102 

4.1 Introduction ............................................................................................................................ 103 

4.2 Materials and methods ........................................................................................................... 105 

4.2.1 Occurrence data ............................................................................................................. 105 

4.2.2 Predictor variables ......................................................................................................... 108 

4.2.3 Model fitting ................................................................................................................... 109 

4.2.4 Model evaluation ........................................................................................................... 114 

4.2.5 Distribution of the greater glider across the East Gippsland RFA .................................. 115 

4.3 Results ..................................................................................................................................... 116 

4.3.1 Evaluation metrics .......................................................................................................... 116 

4.3.2 Variable importance and estimated responses ............................................................. 117 

4.3.3 Spatial predictions .......................................................................................................... 121 

4.3.4 Distribution of the greater glider across the East Gippsland RFA .................................. 126 

4.4 Discussion ............................................................................................................................... 130 

4.5 Conclusion ............................................................................................................................... 134 

4.6 Bibliography ............................................................................................................................ 136 

4.7 Appendices .............................................................................................................................. 142 

4.7.1 Variables creation and selection .................................................................................... 142 

4.7.2 Additional exploratory analyses ..................................................................................... 147 

4.7.3 Alternative method: Generalized Linear Models ........................................................... 151 

4.7.4 Models with all occurrence data .................................................................................... 158 

4.7.5 Bibliography ................................................................................................................... 159 

5 General Discussion and Final Remarks ...................................................................... 160 
5.1 Methodological challenges in Species Distribution Modelling ............................................... 160 

5.2 Implementation challenges of Species Distribution Modelling in conservation planning ...... 161 

5.3 Final remarks ........................................................................................................................... 162 

5.4 Bibliography ............................................................................................................................ 164 

 

 

 

 

 



VIII 
 

List of Figures 

1. Introduction 

Figure 1.1. Greater glider in East Gippsland, near the locality of Bendoc. January 2019 ............. 2 
Figure 1.2. Eucalypt forest in East Gippsland, near the locality of Bendoc. January 2019 ........... 5 
Figure 1.3. Eucalypt forest in East Gippsland several months after fire, near the locality of 
Buchan. June 2020 ........................................................................................................................ 6 
Figure 1.4. Eucalypt resprouting after fire, near the locality of Buchan. June 2020. ................... 7 
 

2. Literature Review 

Figure 2.1. Distribution of all greater glider observations available in the Atlas of Living 
Australia. ................................................................................................................... 23 

 

3. Different Methods to Model Biased Occurrence Data Result in Divergent Predictions of a 
Widely Distributed Vulnerable Marsupial 

Figure 3.1. Study area, occurrence records and evaluation blocks used to model greater glider 
distribution across Eastern Australia ........................................................................ 44 

Figure 3.2. Schematic description of occurrence data processing ............................................. 46 
Figure 3.3. Maps of the alternative background sampling strategies ........................................ 52 
Figure 3.4. Spatial predictions of all final models ....................................................................... 57 
Figure 3.5. Response curves of most important variables for the different Maxent models .... 60 
Figure 3.6. Fitted responses for the four most important variables in BRT_PIA and GLM_PIA . 63 
Figure 3.7. Predictions of selected models in the southern half of the study area and prediction 

of top extAUC ranked model ..................................................................................... 66 
Figure 3.8.  Spatial differences in predicted suitability among selected models ....................... 67 
Figure 3.9. Visual comparisons of top 5% habitat predicted by selected models ...................... 68 
Figure 3.10. Correlation matrix of the final set of variables used to fit all models .................... 82 
Figure 3.11. MESS maps for all model fitting datasets overlapped to models’ predictions ....... 84 
Figure 3.12. Extent of extrapolation driven by temp_warm over BRT_PIA prediction .............. 85 
Figure 3.13. Maps of most limiting factor for the four PB models. ............................................ 87 
Figure 3.14. 3D plots of the three most important fitted interactions by the BRT. ................... 89 
Figure 3.15. Variables’ importance for the BRTs fitted to differences between selected models’ 

predictions................................................................................................................. 97 
Figure 3.16. Fitted responses of the BRT fitted to differences between selected PB models: 

bfile and bmodel ....................................................................................................... 98 
Figure 3.17. Fitted responses of the BRT fitted to differences between PB model bfile and BRT

 ................................................................................................................................... 99 
Figure 3.18. Fitted responses of the BRT fitted to differences between PB model bmodel and 

BRT .......................................................................................................................... 100 
 

 

 

 



IX 
 

4. Use of range-wide and local models to predict the distribution of the greater glider in East 
Gippsland, Victoria 

Figure 4.1. Occurrence data, Forest Management Zones and Burnt extent ............................ 107 
Figure 4.2. Calibration plots ...................................................................................................... 118 
Figure 4.3. Relative contribution of environmental variables to each model .......................... 119 
Figure 4.4. Partial dependence plots of the four variables with the highest relative contribution 

for each model ........................................................................................................ 120 
Figure 4.5.  Predictions of the three models. ........................................................................... 123 
Figure 4.6. Pair wise difference in spatial predictions from the different models ................... 124 
Figure 4.7. Density plots of sampled environmental conditions for the variables with the 

highest relative contribution in Model 3 ................................................................ 125 
Figure 4.8. Probability of occurrence of at least one palatable eucalypt species. ................... 142 
Figure 4.9. MESS maps of models 2 and 3 ................................................................................ 148 
Figure 4.10. Density plots of environmental conditions sampled by fitting and evaluation 

datasets compared to a random sample of the landscape ..................................... 150 
Figure 4.11. Calibration plots of GLMs and main models ......................................................... 154 
Figure 4.12. Predictions of alternative models, main models, and differences in their 

predictions............................................................................................................... 155 
Figure 4.13. Predictions of models 2 and 3 fitted with the fitting dataset and all data ........... 158 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



X 
 

List of Tables 

3. Different Methods to Model Biased Occurrence Data Result in Divergent Predictions of a 
Widely Distributed Vulnerable Marsupial 

Table 3.1. Total number of greater glider occurrence records from all sources ........................ 45 
Table 3.2. Final set of variables used to fit all distribution models of the greater glider ........... 48 
Table 3.3. Evaluation metrics for all models ............................................................................... 56 
Table 3.4. Variable importance for PB models ........................................................................... 58 
Table 3.5. Variables contribution for BRT_PIA and GLM_PIA ..................................................... 64 

 

4. Use of range-wide and local models to predict the distribution of the greater glider in East 
Gippsland, Victoria 

Table 4.1. Occurrence records used for fitting and evaluating models in East Gippsland. ...... 106 
Table 4.2. Final set of candidate predictor variables used in model 3. .................................... 111 
Table 4.3. Scores of evaluation metrics for all fitted models ................................................... 116 
Table 4.4. Distribution of suitable habitat across the East Gippsland RFA Forest Management 

Zones, other public land not subject to logging and IPAs ....................................... 128 
Table 4.5. Extent of predicted greater glider habitat and Forest Management Zones burnt 

during the 2019-2020 fires ...................................................................................... 129 
Table 4.6. Evaluation metrics of the alternative GLMs and the main models .......................... 152 
Table 4.7. Variable importance for all the fitted greater glider distribution models ............... 153 
Table 4.8. Distribution of suitable habitat as predicted by alternative GLMs and main models 

across the East Gippsland RFA Forest Management Zones, other public land not 
subject to logging and IPAs ..................................................................................... 156 

Table 4.9. Extent of greater glider habitat predicted by alternative GLMs and main models that 
burnt during the 2019-2020 fires ............................................................................ 157 

 

 

 

 

 

 

 



1 
 

1 Introduction  
Millions of years of isolation gave origin to Australia’s unique biota (McLoughlin 2001, Joseph et 
al. 2014). Nowadays, as in most regions of the world, Australia’s biodiversity is threatened by a 
range of factors, from the direct impacts of human activities and unintentional dispersal of 
exotic species to the effects of climate change (Yeates et al. 2014, Metcalfe and Bui 2017). 
Globally, mammals are among the most highly impacted organisms (Schipper et al. 2008, 
Hoffmann et al. 2011) and the Australian mammal fauna has had the greatest losses (Short and 
Smith 1994, McKenzie et al. 2007, Woinarski et al. 2015a). Since humans’ first arrival, Australian 
mammal fauna have experienced significant changes in their diversity, composition and 
distribution (Archer et al. 1999, Johnson and Wroe 2003), but European settlement in the late 
XVIII century has triggered the biggest changes (Woinarski et al. 2015a, b). 

Decline and losses differ between taxonomic groups (Short and Smith 1994, Woinarski et al. 
2015b), regions and ecosystems (Burbidge et al. 2008, Fisher et al. 2014), and species ecological 
traits (McKenzie et al. 2007). Yet, the rate of 1 - 2 extinctions per decade has remained relatively 
constant for at least the last century and a half (Woinarski et al. 2015b).  

 

1.1. The greater glider 
Commonly, traits such as a wide geographic distribution and local abundance are thought to 
make species less prone to decline or local extinctions, but this is not always the case 
(Lindenmayer et al. 2011, Hanna and Cardillo 2013). The greater glider (Petauroides volans), 
once widely abundant across the eucalypt forests of eastern Australia, has recently been 
declared vulnerable at a federal level (Threatened Species Scientific Committee 2016). Evidence 
of population decline exists in different regions across its wide distribution range in the states 
of Victoria (Lindenmayer 2009, Lumsden et al. 2013), New South Wales (Kavanagh and Webb 
1998, Smith and Smith 2018) and Queensland (Woinarski et al. 2006). Although evidence of 
population decline is more ubiquitous, local extinctions may have also occurred (e.g. at Jervis 
Bay, NSW (Lindenmayer et al. 2011)). Drivers of decline are likely related to both climate 
(Lindenmayer et al. 2011, Smith and Smith 2018) and landscape transformation (Kavanagh and 
Webb 1998, Woinarski et al. 2006). 

Mesic habitats like the eucalypt forests of eastern Australia seem to have experienced fewer 
species losses compared to drier habitats (McKenzie et al. 2007), but are among the most 
broadly modified ecosystems in Australia (Bradshaw 2012, Metcalfe and Bui 2017). In addition 
to harbouring a unique biological diversity, these ecosystems provide important services to 
human communities that could be at risk as ecosystem degrade (Pittock et al. 2012, Adams 
2013). Due to its strong association with native eucalypt forests and its apparent sensitivity to 
habitat disturbance, the greater glider could be a useful indicator of forest management 
sustainability (Kavanagh et al. 2004, Lindenmayer et al. 2011). 

Different aspects of P. volans biology have been studied: physiological traits mainly related to 
metabolism and foliage selection (Rübsamen et al. 1984, Foley 1987, Foley et al. 1987, 1990, 
Harris and Maloney 2010, Youngentob et al. 2011); habitat use and ecological traits 
(Lindenmayer et al. 1990, 1991, 1999, 2004, Comport et al. 1996, Eyre 2006); population viability 
and the effects of fragmentation (Possingham et al. 1994, Lindenmayer and Lacy 1995, 
Lindenmayer and McCarthy 2006, Youngentob et al. 2013). More recently greater emphasis has 
been given to conservation and the effects of disturbance processes on this species 
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(Lindenmayer et al. 2008, 2011, Lumsden et al. 2013, Berry et al. 2015, Smith and Smith 2018, 
McLean et al. 2018).  

Figure 1.1 shows a dark-furred greater glider in East Gippsland, Victoria; fur colour is variable, 
and white, grey and brown fur colours are also common. 

 

Figure 1.1. Greater glider in East Gippsland, near the locality of Bendoc. January 2019. Picture: Benjamin 
Wagner. University of Melbourne. 

 

1.2. Species distribution models and data related challenges 
Reliable distributional information underpins conservation and recovery strategies (Boitani et 
al. 2011, Rondinini et al. 2011a, b). In this context, Species Distribution Models (SDMs) have 
gained increasing relevance (Guisan et al. 2013, Araújo et al. 2019). SDMs estimate species-
environment relationships by relating species’ occurrence records to relevant environmental 
covariates at occurrence sites (Elith and Leathwick 2009) and commonly deliver a spatial 
prediction of species distribution for a variety of purposes, including informing conservation and 
management actions (Guisan and Zimmermann 2000, Austin 2002, Guillera-Arroita et al. 2015) 
as well as formal conservation planning methods (Lawler et al. 2011, McShea 2014). When using 
SDMs in conservation planning (as in most applications), a number of important methodological 
decisions have to be made in order to obtain the most reliable models out of the data available. 
These decisions relate to: a) occurrence data processing as it can largely influence whether 
models capture actual species-environment relationships or the distribution of sampling effort 
across the environmental gradients of the study area; b) selection of environmental variables, 
which determines if relevant drivers of a species’ distribution are fed into the models; c) 
selection of geographic extent for model fitting, which determines which portions of the 
environmental gradients occupied by the species are used for modelling and; d) selection of the 
modelling method most appropriate for the data available. A large body of literature exists 
about the effects and possible strategies to deal with sampling bias in ecology (e.g. Patil 1991, 
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Albert et al. 2010, Roberts et al. 2017) and SDMs (e.g. Dudík et al. 2005, Phillips et al. 2009, 
Bystriakova et al. 2012, Ficetola et al. 2014, Steen et al. 2019), about selection of predictor 
variables (e.g. Meier et al. 2010, Williams et al. 2012, Storlie et al. 2013, Bucklin et al. 2015, 
Morán-Ordóñez et al. 2018), modelling methods (e.g. Brotons et al. 2004, Elith et al. 2006, Elith 
and Graham 2009, Syphard and Franklin 2009, Shabani et al. 2016), and selection of geographic 
extent (McAlpine et al. 2008, Anderson and Raza 2010, Meier et al. 2010, Barve et al. 2011, 
Acevedo et al. 2012, Raes 2012). In this thesis I assessed the effects of these decisions while 
modelling the distribution of the greater glider across its entire range and in a region of 
particular conservation interest, the East Gippsland region of Victoria.  

In the first research chapter of this thesis (chapter 3) I analysed the effect of using different types 
of occurrence data and methods to model the distribution of the greater glider across its entire 
range. Across the eucalypt forests of eastern Australia there is abundant distribution data of 
arboreal marsupials. However, the quality of these data (including description of observation 
and surveying methods, spatial coordinates’ accuracy, spatial distribution of sampling effort) is 
highly heterogeneous. Environmental agencies’ databases and biodiversity data repositories 
contain large amounts of distributional data of the greater glider and related species. Presences 
and absences obtained through systematic surveys as well as incidental observations sum up to 
thousands of records collected over several decades by a variety of institutions and individuals. 
In other regions of the world with abundant biodiversity data, modellers will commonly face 
similar situations, where abundant data of uncertain quality (such as citizen science data e.g. 
Bird et al. 2014, Bradter et al. 2018) is available to be modelled but a series of processing steps 
are needed to reduce the effects of sampling bias. Depending on the decision context, model 
uncertainties driven by biased or insufficient data can discourage the use of SDMs by managers 
who are afraid to waste time and economic resources if using an uncertain model (Tulloch et al. 
2016). Whether these data could deliver useful information of the greater glider distributional 
patterns in the context of designing and implementing conservation strategies, could only be 
assessed by a thorough exploration of the data itself and of alternative ways to use it in an SDM 
framework. 

In chapter 3, I compared the predictive ability of modelling methods that use different types of 
occurrence data: a presence-background (PB) method and presence-absence (PA) methods. I 
tested different methods to account for sampling bias according to the approaches 
implemented (i.e. methods suitable for use in PB and PA models) by using the available 
distributional data of the greater glider and related species. I explored models’ outputs to assess 
their differences, likely drivers of these differences, and how these may impact the reliability 
and, ultimately, the overall usefulness of SDMs to inform greater glider conservation across its 
entire distributional range. 

 

1.3. Species distribution models to inform conservation actions at the local scale 
While some conservation decisions require information about the distribution of species across 
their whole range, many conservation actions and decisions occur at much more local scales 
(McAlpine et al. 2008, Cabeza et al. 2010, Razgour et al. 2011). In the second research chapter 
(chapter 4) of this thesis I analysed the effect of the geographic extent used to fit distribution 
models. Whereas in the previous chapter the differences between the models were driven by 
the species data and methods used, it was not clear how useful these models would be to inform 
conservation decisions at the local scale. The selection of an appropriate geographic extent for 



4 
 

fitting distribution models is a decision of both conceptual and practical relevance. Some works 
argue that using the broadest possible representation of environmental conditions a species is 
known to occupy along its entire geographic range is the most appropriate approach (Thuiller et 
al. 2004, Barve et al. 2011, Raes 2012). Others have observed that models fitted over a restricted 
portion of a species range better represent conditions locally occupied by a species in that 
targeted part of its range (Acevedo et al. 2012, Vale et al. 2014, 2015). From a practical 
perspective, the decision of using range-wide or locally generated predictions of a species 
distribution usually implies a trade-off between being able to plan at broad extents but likely 
with lower precision versus having likely more precise information at a local extent but with the 
planning extent being restricted to that local area. 

To examine this question, I focused on the distribution of the greater glider in East Gippsland. 
East Gippsland, Victoria, is a region of conservation interest due to the diversity of ecosystems 
it comprises (Department of Sustainability and Environment 2004), because it has been subject 
to disturbance processes such as land clearing and logging for over half a century (Department 
of Agriculture, Water and the Environment 1996, Alexander et al. 2002) and because evidence 
exists of the detrimental effect such disturbance processes have had on many native species, 
including the greater glider (Alexander et al. 2002, Threatened Species Scientific Committee 
2016, Department of Environment, Land, Water and Planning 2019).  

Among the range of disturbance processes operating in Australian ecosystems, logging plays a 
major role not only because of the broad spatial extent at which it occurs (Bradshaw 2012) and 
the range of taxa it affects (Kearney et al. 2019), but also because of the economic and social 
implications that the logging industry has had in Australian environmental conflicts 
(Musselwhite and Herath 2005, Davey 2018). The Regional Forest Agreements (RFAs) constitute 
Australia’s main regulatory framework for the logging industry in native forests. Since their 
implementation in the late 1990s and early 2000s, concerns have arisen regarding the actual 
efficacy of the agreements to resolve economic-environmental conflicts. Different analyses of 
the achievement of the RFAs objectives of balancing forest uses and conservation have regarded 
them as successful (Davey et al. 2002, Davey 2018) as well as not successful (Kirkpatrick 1998, 
Musselwhite and Herath 2005, Lindenmayer 2018). In Victoria, five RFAs were signed, including 
one in East Gippsland (Department of Environment, Land, Water and Planning 2020). Figure 1.2 
shows a typical temperate forest in East Gippsland. The range of on-ground activities allowed in 
RFA forests are determined by the Forest Management Zones (FMZ). These planning schemes 
define which areas of the forest are subject to logging and at what intensity, and which areas 
are to be set aside as conservation reserves.  

To assess the question of adequate geographic extent for model fitting, I chose the best 
performing model at the whole range extent and compared it to models fitted in East Gippsland. 
I analysed the sole effect of geographic extent by fitting models with the exact same 
environmental data but fitted at different geographic extents. In addition, I assessed the effect 
of using additional environmental variables expected to better capture species-environment 
relationships, but only available at more local scales. I also examined the differences in greater 
glider distribution predicted by the different models and the implications of model choice on 
the assessment of the RFA impacts on greater glider conservation in East Gippsland. 
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Figure 1.2. Eucalypt forest in East Gippsland, near the locality of Bendoc. January 2019. Picture: Benjamin Wagner. University of Melbourne. 
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Figure 1.3. Eucalypt forest in East Gippsland several months after fire, near the locality of Buchan. June 2020. Picture: Jane Elith. University of Melbourne. 
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While this thesis was underway and close to completion, the 2019-2020 bushfires spread 
through most of East Gippsland. Although a comprehensive assessment of the effects of this 
disastrous event on greater gliders’ habitat was not an original objective, it could not be ignored, 
and a preliminary assessment of this event was also undertaken.  

Figure 1.3 shows a burnt forest stand in East Gippsland, and Figure 1.4 shows a Eucalypt with 
noticeably bark damage resprouting months after fire. 

 

 

Figure 1.4. Eucalypt resprouting after fire, near the locality of Buchan. June 2020. Picture: Jane Elith. University 
of Melbourne. 

 

Dealing with sampling bias, selection of modelling method and spatial extent are challenges 
commonly faced by modellers aiming to use data of heterogenous quality to fit SDMs that could 
be used to inform conservation planning at the whole range and local scales. The combined 
results of both chapters of this thesis provide a reasoned approach to fitting and testing models 
and case-specific solutions to such challenges while modelling the distribution of a widely 
distributed but vulnerable arboreal marsupial in Eastern Australia. 
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1.4. Thesis structure 
This thesis is structured as a thesis with publications. The research chapters (chapters 3 and 4) 
are written as stand-alone research papers and as such, they have their own sections of 
introduction, materials and methods, results and discussion. Both chapters will be revised in 
consultation with my supervisors after thesis submission and prepared for journal submission.  

The general literature review (chapter 2) covers broad aspects of SDMs applications, a more 
detailed review of SDM application in conservation planning and land management and a 
general review of the main methodological challenges faced during the execution of this work: 
dealing with sampling bias in biodiversity data and the selection of an appropriate geographic 
extent for model fitting. The literature review also covers previous modelling work with the 
greater glider, with special focus on models aimed to inform conservation or land management 
decisions. 

Following the two research chapters, a general discussion section assesses the main findings 
from both research chapters together and discusses the contributions the present work makes 
to the main research questions and to overall greater glider conservation efforts. 

Detailed information about methods, complementary results and exploratory analyses of both 
research chapters are provided as Appendices at the end of each research chapter. 
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2 Literature Review 
 

2.1. Species distribution models and their applications 
In the last decades, the development of digital databases of biodiversity as well as advances in 
geographic information systems and statistical methods and software, have allowed the study 
of species-environment relationships at scales that were not possible before (Franklin 2009, 
Peterson et al. 2011). More than 30 years have passed since the first emergence of software 
specifically designed to analyse species-environment relationships and produce maps of 
predicted distributions, the BIOCLIM package (Busby 1991, Booth et al. 2014). Since then, 
Species Distribution Models (SDMs) have been subject of increasing interest in basic and applied 
ecological research (Franklin 2009, Elith and Leathwick 2009, Guisan et al. 2013). A number of 
textbooks have been published (e.g. Franklin 2009, Peterson et al. 2011, Guisan et al. 2017) and 
reviews exist of the use of SDMs for particular biological groups (Barbosa et al. 2012, Engler et 
al. 2017). Unless otherwise stated, throughout this thesis I use the term SDMs to refer to models 
that make use of species-environment relationships as estimated on observed data (i.e. 
correlative SDMs) rather than mechanistic approaches which make use of knowledge on species’ 
physiology to make spatial projections of their potential distributions (Kearney and Porter 2009) 
or process-based models which incorporate processes such as dispersal or demographic 
dynamics in predictions of species distribution (Evans et al. 2016, Briscoe et al. 2019).  

SDMs have been used for a range of ecological applications. A fairly direct use of the predictions 
generated by distribution models is to find new populations of rare species. For example, 
Raxworthy et al. (2003) successfully predicted the location of unknown populations of rare 
chameleon species in Madagascar and identified a series of sites where new species were 
discovered; in Switzerland, Guisan et al. (2006) used SDMs iteratively to successfully improve 
the sampling design of a rare and threatened plant species and found that this method 
considerably increased sampling efficiency. SDMs have also been used to improve monitoring 
and locate new populations of rare or threatened plants in regions such as western United States 
(Williams et al. 2009), south-eastern Brazil (de Siqueira et al. 2009) and northwestern Spain 
(Alfaro-Saiz et al. 2015).  

Other works have used SDMs to assess questions related to biogeographic species patterns 
(Hortal et al. 2012, Heads 2015). For example, Mateo et al. (2013) used SDMs to propose a 
biogeographic regionalization of European bryophytes, Kobelkowsky-Vidrio et al. (2014) a 
regionalization of the avian fauna in the mountains of western Mexico, and Santos et al. (2014) 
of cryptic bat species in the Iberian Peninsula. The subfield of paleobiogeography, where 
inferences are made about the distribution of species in the past, has also made use of SDMs 
(Svenning et al. 2011, Varela et al. 2011, Gavin et al. 2014). 

The control of invasive or pest species has also benefited from the use of SDMs to generate 
predictions of potentially suitable habitat for such species. In Australia, research on the invasion 
of the cane toad has served as case study multiple times (Sutherst et al. 1996, Urban et al. 2007, 
Elith et al. 2010). The spatial patterns of invasions of other exotic herpetofauna (Rödder et al. 
2009, Ihlow et al. 2016), arthropods (de Medeiros et al. 2018), marine tunicates (Lowen et al. 
2016), mammals (Bertolino et al. 2020), among other biological groups, have also been studied 
making use of SDMs. The distribution of disease vector species has also been studied through 
SDMs. For example, SDMs were used to predict present (Illoldi-Rangel et al. 2012) and future 
(Feria-Arroyo et al. 2014) spatial patterns of the Lyme disease vector tick in the USA-Mexico 
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border. In Senegal (Dicko et al. 2014) used SDMs to assist the Trypanosomiasis national 
eradication campaign. 

More recently, the use of SDMs to forecast the effect of climate change on species distributions 
has gained relevance in different contexts. Broad assessments forecasting range-shifts of 
different taxonomic groups like Australian mammals (Morán-Ordóñez et al. 2018), birds of 
Colombia (Velásquez-Tibatá et al. 2013), lemurs of Madagascar (Brown and Yoder 2015) or 
reptiles of Morocco (Martínez-Freiría et al. 2013) have been published. Other examples of 
regional assessments of climate change effects include fresh-water fish in south-eastern 
Australia (Bond et al. 2011) or birds and reptiles from southwestern United States (Hatten et al. 
2016). A large number of single species studies have used SDMs for forecasting distributions of 
species of conservation interest (e.g. Morueta-Holme et al. 2010, Carroll 2010, Muñoz et al. 
2013, Martins et al. 2015). Also, an important body of literature on methodological and 
conceptual aspects of modelling species distributions under climate change has developed (e.g. 
Austin 2007, Beaumont et al. 2008, 2016, Austin and Niel 2011, Stoklosa et al. 2015). 

Unusual applications include predicting areas of snakebite (Yañez-Arenas et al. 2014) and, very 
recently, a proposal (Araújo and Naimi 2020) (and responses to such proposal, Chipperfield et 
al. 2020, Carlson et al. 2020) to study potential climatic constrains of the spread of the COVID-
19 through SDMs. 

 

2.2. Species distribution models to assist conservation decisions 
Among the range of SDMs applications, their use in conservation planning research has also seen 
widespread uptake (Rodríguez et al. 2007, Guisan et al. 2013, Araújo et al. 2019). A number of 
conservation related decisions such as where to set aside land for protected areas (Chen and Bi 
2007, Carvalho et al. 2010, Fajardo et al. 2014, Taylor et al. 2017), where to reintroduce species 
(Martínez-Meyer et al. 2006, Osborne and Seddon 2012, Adhikari et al. 2012, Ardestani et al. 
2015) or which species and sites to prioritize for protection in biodiversity hotspots (Wulff et al. 
2013, Do et al. 2017) have utilized SDMs across diverse taxa and geographic regions. 

Despite an apparent gap between theoretical and methodological development, and 
implementation (Guisan et al. 2013, Tulloch et al. 2016), examples exist around the globe where 
SDMs have effectively assisted conservation decisions. In Madagascar, Kremen et al. (2008) 
fitted a series of SDMs to aid in the selection of new protected areas. In northeast Spain, SDMs 
were used to identify areas of potential conflict between core habitat areas of birds species and 
a series of projected changes in irrigation practices in an agricultural landscape (Brotons et al. 
2004). In northwest Mexico, monitoring plans for the local management of wintering and 
shorebird populations have made use of SDMs to understand the effects of climate and 
disturbance on the spatial dynamics of these populations (Reiter et al. 2012).  

In Australia there was an active early development of distribution models (Ferrier et al. 2002a, 
Booth et al. 2014), and a large number of cases of SDM implementation can be found in the peer 
reviewed and grey literature. In northeast New South Wales, one of the largest and best 
documented examples of the use of ecological modelling to assist conservation and land 
management decisions was undertaken in the late 1990s and early 2000s (Ferrier et al. 2002a, 
b). In that work, in a context of regional land use planning, SDMs of several species were used 
as surrogates of regional biodiversity to indicate, along with other ecological and economic 
values, where to expand the region’s protected areas system. The modelling framework 
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included steps to thoroughly account for all methodological aspects: curation and assessment 
of the previously existing biodiversity data, collection of additional data, creation of spatial 
layers of environmental variables, development of an automatic system to fit models for large 
numbers of species, implementation of model extensions to account for spatial autocorrelation, 
incorporation of experts knowledge and a comprehensive models evaluation (Ferrier et al. 
2002a). 

In the state of Victoria, SDMs are used across a series of land management and conservation 
planning contexts (Arthur Rylah Institute 2019a). Strategies for the conservation of particular 
species like the Long-footed Potoroo (Potorous longipes) and the Leadbeater’s Possum 
(Gymnobelideus leadbeateri) have made use of SDMs to plan exclusion areas in forest subject to 
logging (Lumsden et al. 2013). In the case of the Leadbeater’s Possum, the conservation strategy 
involved a series of steps that included initial data collection and model fitting, and two rounds 
of collection of additional data and refinement of models (Lumsden et al. 2013, Nelson et al. 
2015, 2017). Then, an assessment of the effectiveness of the logging exclusions proposed by the 
models to protect Leadbeater’s Possum habitat was undertaken (Department of Environment, 
Land, Water and Planning, with contribution from VicForests 2017). In addition, a series of 
models for most of Victoria’s vertebrate fauna and threatened vascular plants have been 
created for the purpose of assisting conservation decisions (Liu et al. 2013, Department of 
Environment, Land, Water and Planning 2017a). 

More recently, the assessment of the impact of the 2019-2020 bushfires on biodiversity is 
making use of SDMs to estimate which species were the most affected by the fires (Department 
of Environment, Land, Water and Planning 2020). Moreover, the relevance of bushfires as a 
disturbance process affecting biodiversity triggered the development of the Fire Analysis 
Module for Ecological values (FAME). This decision support tool assists bushfire management by 
incorporating a range of ecological values likely impacted by bushfire events; among these 
values, the distribution of threatened species is informed by SDMs (Department of Environment, 
Land, Water and Planning 2019).  

Other biodiversity related decision processes in Victoria also make use of SDMs. A series of 
information products to assist the Victorian Guidelines for removal, destruction or lopping of 
native vegetation utilize predicted species distributions to account for biodiversity values and 
threatened species that could be affected due to land use change (Department of Environment, 
Land, Water and Planning 2017b).   

Additional decision support tools encompassed in the NaturePrint products (Department of 
Environment, Land, Water and Planning 2017c) were created by the Victorian government to 
improve efficiency in biodiversity protection and management, and also use SDMs as 
biodiversity information inputs (Department of Environment, Land, Water and Planning 2017a). 
Across all Australia, the Protected Matters Search Tool uses SDMs to inform the likely presence 
of threatened species as part of environmental impact assessments (Department of Agriculture, 
Water and the Environment 2015). 

The cited examples show that at present, SDMs can play a fundamental role underpinning broad 
range conservation and management decisions. This highlights the relevance of careful 
consideration and documentation of methodological decisions in the modelling process so 
models can provide the most reliable information possible and managers and decision makers 
can objectively considerate if models are useful for their particular circumstances.  
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Remarkably, in these Australian examples the implementation of SDMs has been possible 
because of a number of factors: years (even decades) of data collection, curation and storage in 
government agencies’ databases (Ferrier et al. 2002a, Department of Environment, Land, Water 
and Planning 2017a), a careful consideration of the decision context in which the models will be 
used (Department of Environment, Land, Water and Planning 2017b, Department of 
Environment 2019), the development of specific software (Ferrier et al. 2002a, Booth et al. 2014, 
Department of Agriculture, Water and the Environment 2015, Department of Environment, 
Land, Water and Planning 2017c) and the collaboration of decision makers and stakeholders 
(Ferrier et al. 2002a, Department of Environment 2019).  

Generally, the involvement of ‘translators’ -persons or institutions acting as links between 
scientists and decision makers- as well as a clear consideration of the decision context are 
considered key factors in the appropriate implementation of SDMs in conservation decisions 
(Guisan et al. 2013, Villero et al. 2017). The role of such actors in translating complex technical 
information to non-specialized audiences and articulating managers needs with scientists’ 
technical capabilities, is considered a matter of international relevance so the application of 
ecological models, in general, can assist conservation planning effectively (Ferrier et al. 2016). 
Also, the delivery of adequate spatial products (i.e. maps) for the required application is 
fundamental to further promote SDM use in conservation planning (Lumsden et al. 2013, Villero 
et al. 2017). Finally, the use of methodological standards and protocols for clearly reporting 
methodological decisions have recently been advocated as necessary to assess whether models 
are useful for intended application (Araújo et al. 2019, Zurell et al. 2020). In most of the above-
mentioned cases, the type of conservation or management decisions SDMs were used to inform 
mainly relate to identifying the presence of particular biodiversity features (i.e. threatened or 
sensitive species). By using SDMs, areas where these species are likely to be present can be 
accounted for and protected when developing economic projects.  

On the contrary, Tulloch et al. (2016) identified a series of factors apparently discouraging the 
use of SDMs by conservation planners: a) data constraints: availability of sufficient and unbiased 
species occurrence data at the scale of the planning context; b) missing processes: SDMs 
considered too simplistic for the type of processes managers aim to account for, like species 
interactions, population dynamics or species with dynamic distributions like migratory birds or 
other highly mobile species; c) level of organisation: need to account for ecosystem processes 
rather than species distributions, and; d) time and economic restrictions. Shortage of time or 
resources to gather or generate enough species or environmental data might promote the use 
of other readily usable biodiversity surrogates to inform decisions. Expertise and sufficient skills 
in institutions’ staff is also required so models are reliable and can be adequately used (Arthur 
Rylah Institute 2019a). 

Obtaining reliable SDM presents a series of challenges. Often, modellers need to make use of 
species data previously collected, commonly for purposes other than distribution modelling, and 
of heterogenous quality (Boitani et al. 2011, Anderson 2012, Gaiji et al. 2013). Also, variables 
might not represent accurately the ecological process shaping species distributions (Hobi et al. 
2017, Morán-Ordóñez et al. 2018), the resolution and extent might not match the scale 
requirements of the conservation objectives (Hermoso and Kennard 2012) or environmental 
data sources might show inconsistencies (Morales-Barbero and Vega-Álvarez 2018). 
Furthermore, the required staff skills and time might not allow detailed exploration of 
methodological options (Guisan et al. 2013). Finally, independent, unbiased data for reliable 
evaluation is not common, preventing for dependable comparison of methods (Roberts et al. 
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2017). Nevertheless, these issues are widely acknowledged in the literature (Franklin 2009, 
Tulloch et al. 2016) and a trend towards improvement of models has been observed (Araújo et 
al. 2019). 

 

2.3. Imperfect data: sampling bias and data related challenges in species distribution 
models 

The process of modelling a species’ distribution can be subdivided into three interrelated 
components: an ecological model, which consists of the ecological questions tested and theory 
used in the modelling process; a data model which is made up of the steps and decisions taken 
to collect, compile and process the input data and; a statistical model to explore the ecological 
questions through the analysis of the data available (Austin 2002, 2007, Williams et al. 2012). 

Among the challenges to fit useful SDMs, the ones related to the data model are particularly 
relevant since the type of occurrence data used ultimately determines what quantity a model is 
estimating (e.g. probability of species’ presence or relative suitability) (Guillera-Arroita et al. 
2015b). With the advent of digital databases, the amount of biodiversity data publicly available 
have increased remarkably. Repositories such as the Global Biodiversity Information Facility 
(GBIF), established in 2001, allowed a large number of species records stored in museums, 
collections and herbaria to be used by ecologists around the world for a variety of purposes and 
through a range of methods (Gaiji et al. 2013, Costello et al. 2013).  

However, the quality of this data is difficult to assess. Data properties such as geospatial 
reference, taxonomic identification, date of records, documentation of sampling methods and 
effort is highly heterogenous (Gaiji et al. 2013, Costello et al. 2013). In a comparison of European 
tree distribution models fitted with data from different databases, Duputié et al. (2014) found 
that predictions from models fitted with different sources of data were substantially different 
for many species. Ultimately, the data that is fed into a modelling algorithm will determine the 
patterns a model can detect. If the collection of biodiversity data is not designed to capture a 
representative sample of the process of interest (i.e. the occupancy of the landscape by the 
species of interest), it is likely that the inferences obtained from the analyses of the data reflect 
a mixture of the ecological process and the underlying biases of the data (Albert et al. 2010, Elith 
and Franklin 2013).  

In ecology, the problem of sampling bias has long been acknowledged (Patil 1991, Albert et al. 
2010) and has been accounted for across a number of fields in ecology such as population 
ecology (Elphick 2008), biogeography (Ficetola et al. 2014), behavioural ecology (Stuber et al. 
2013) and conservation (Reddy and Dávalos 2003, Ribeiro et al. 2016, Adams et al. 2018). 
Beyond SDMs and ecology, the problem of sampling bias permeates other data-driven scientific 
disciplines such as sociology (Berk 1983, Stolzenberg and Relles 1990), psychology (Gray and 
Keeney 2015, Nielsen et al. 2017), public health (Bush et al. 2000, Culotta 2014), economics 
(Demery and Grootaert 1993, Jehiel 2018) or business decision making (Liu et al. 2015). 

Data-driven biases in species distribution modelling are mainly related to the type of species 
input data. The raw biodiversity data commonly used for SDM fitting can be divided in two main 
categories: presence-absence (PA) and presence-only data (PO). PA data come from formal 
surveys and include locations where the species of interest has been detected (i.e., presence 
records) and as well as locations where it was not (i.e., absence records). This type of data, 
however, are difficult to collect and often are unavailable at broad geographic extents. 
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Modelling methods which use PA data are more likely to yield reliable and useful models than 
their PO counterparts in most circumstances as they are not impacted by bias in records as 
severely as other approaches (Phillips et al. 2009) and they have information about species 
prevalence (the proportion of the study areas occupied by the species) (Pearce and Boyce 2006).  

On the other hand, PO data come from incidental observations, where few or no information 
about data collection exists, and only consist of information of locations where the species has 
been observed. PO data have become the most widely used in species distribution modelling 
(Guillera-Arroita et al. 2015a) as, commonly, it is the only data available (Pearce and Boyce 2006, 
Elith and Franklin 2013). PO data are most commonly used in presence-background (PB) 
modelling frameworks. PB models compare environmental conditions at species’ observations 
sites to a sample of environmental conditions across the study area, named a background 
sample (Merow et al. 2013). The broadly used algorithm Maxent (Phillips et al. 2006) is one such 
PB method. Other methods that use PO data without reference to conditions available in the 
landscape are commonly named environmental envelopes and constitute the first way in which 
PO data were used to assess a species distribution (Pearce and Boyce 2006). BIOCLIM (Nix 1986, 
Busby 1991), HABITAT (Walker and Cocks 1991) or DOMAIN (Carpenter et al. 1993) are examples 
of environmental envelopes. These methods are highly sensitive to outliers in input data (Pearce 
and Boyce 2006) and, although still used, have given place to more sophisticated PB methods 
(Booth et al. 2014).  

PA modelling methods can also be affected by inappropriate sampling (Hirzel and Guisan 2002, 
Tyre et al. 2003) as data collection might be biased towards accessible areas or where a focal 
species is expected to be found and might completely miss some of the important 
environmental gradients. Nevertheless, as long as there is some sampling over the main 
environmental gradients in the study area, the modelled relationships obtained from PA data 
are likely to be broadly correct. Increasing uncertainty would likely arise (i.e. wider confidence 
intervals) if portions of the environmental space were less sampled, but PA data are still 
relatively robust to sampling biases (Phillips et al. 2009, Fithian et al. 2015). Bias is much more 
problematic when it comes to PO data. Firstly, as most PO data are not collected through formal 
surveys but commonly include a large proportion of incidental observations as well as museum 
or collection’s specimens, biases towards accessible or attractive areas are likely to be stronger. 
Secondly, survey effort usually cannot be assessed and specific patterns in sampling effort are 
unknown (Phillips et al. 2009). This is particularly problematic for PB methods, because the 
default assumption is that the presence data are an unbiased sample of the species across the 
study area (Phillips 2008). That assumption leads to the common approach of taking a random 
background sample, which is only correct when the species data are unbiased. As will be 
described in chapter 3, various methods have been developed in PB modelling to account for 
bias, though it is always difficult to separate patterns in sampling bias from patterns in species 
occurrence, because they are rarely fully distinct.    

Since the recognition of sampling bias as central problem in PB methods a large body of 
literature has described the issue and proposed several solutions. Several methods focus on 
manipulating the species’ presence data. With the aim of avoiding overrepresentation of 
environmental conditions where sampling has been more intense, they propose filtering 
presence data in environmental or in geographic space (Kramer-Schadt et al. 2013, Varela et al. 
2014, Boria et al. 2014, Fourcade et al. 2014, Kiedrzyński et al. 2017). This approach is largely 
used to deal with clusters of data but doesn’t address common biases like tendency to sample 
close to roads and towns.   
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Instead of manipulating species data, other methods operate on the way the background sample 
is obtained. Two commonly implemented methods, the ‘bias file’ or ‘bias grid’ and the target 
group background (Phillips et al. 2009) aim to imitate the spatial patters of sampling effort in 
presence records. The first uses smoothed probability surfaces representing sampling effort in 
the study area to sample background accordingly (Dudík et al. 2005), can be implemented 
directly in the Maxent Java interface and has proven useful in a number of works (Syfert et al. 
2013, Stolar and Nielsen 2015). The second, directly uses records of related species observed by 
similar methods as locations for background sampling. Other methods propose to sample within 
a certain distance of presence points (Fourcade et al. 2014), to obtain a background sample 
environmentally similar to presence sites (Moua et al. 2016, 2020), or to incorporate predictor 
variables explicitly related to observational biases, such as landscape accessibility (Warton et al. 
2013).  

More recently, more sophisticated methods have been developed that allow to supplement PO 
data with higher quality biodiversity data (Dorazio 2014, Fithian et al. 2015, Koshkina et al. 2017, 
Pacifici et al. 2017), with other information such as experts knowledge (Merow et al. 2017) or 
with a priori expectations on species distributions (Merow et al. 2016). This is often achieved 
under the point process modelling framework (Renner and Warton 2013, Renner et al. 2015, 
Fletcher et al. 2019, Isaac et al. 2020). These methods promise continuous improvement in 
correcting sampling bias in species distribution models but are as yet not widely used because 
they are relatively complicated to fit. 

Comparisons of different methods to correct sampling bias have ranked their performance 
differently for a number of reasons suggested by the authors. Some works have shown methods 
that use supplementary data from related species to estimate sampling effort, (i.e. bias-file or 
target-group background) to be to be the best in correcting the effect of sampling bias (Phillips 
et al. 2009, Mateo et al. 2010, Syfert et al. 2013, Ranc et al. 2017), whereas other authors have 
observed several other methods to outperform them (Kramer-Schadt et al. 2013, Fourcade et 
al. 2014, Stolar and Nielsen 2015, Moua et al. 2020). Despite the technique used, it has been 
widely demonstrated that – compared with ignoring biases - correcting for sampling bias often 
provides a better description of species’ relationships with the environment and therefore 
better predictive accuracy (Phillips et al. 2009, Kramer-Schadt et al. 2013, Boria et al. 2014, 
Fourcade et al. 2014). 

 

2.4. Selection of geographic extent and resolution for model fitting 
In addition to sampling bias in biodiversity data, another fundamental element of the data 
model in an SDM is the geographic extent and spatial resolution from which species and 
environmental data will be drawn for analysis (Austin 2007, Williams et al. 2012).  

When sampling for ecological studies, the selection of a spatial extent for analysis influences the 
patterns ecologists can detect (Wiens 1989). Even though SDMs fundamentally operate in 
environmental space, the data sample to be modelled is drawn from geographic space. 
Consequently, the geographic extent chosen in an SDM framework largely determines the 
species-environment relations a model can capture (Albert et al. 2010, Peterson and Soberón 
2012).  

Conceptually, fitting SDMs at different geographic extents implies that different portions of a 
species niche (Soberón 2007) might be sampled. The matter of predicting a species 'potential' 
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or 'realized' distribution given the portions (or the completeness) of a species niche that is 
sampled has been subject to a substantial amount of literature (Soberón and Peterson 2005, 
Anderson and Raza 2010, Barve et al. 2011, Araújo and Peterson 2012, Peterson and Soberón 
2012).  It has been proposed that sampling the full range of environmental conditions a species 
experiences (i.e. the largest possible area of a species niche) across its entire range is the most 
appropriate strategy to obtain reliable models (Barve et al. 2011, Raes 2012) because the 
complete species-environment response has been captured. When using SDMs to assesses the 
effects of climate change, there are strong reasons to use range-wide models (Thuiller et al. 
2004, Sinclair et al. 2010, Titeux et al. 2017). Others have argued that models fitted at restricted 
geographic extents capture species environmental requirements in local areas more accurately 
(Acevedo et al. 2012, Vale et al. 2014). These different opinions likely reflect different emphases 
on what is wanted from a model. The question of extent has also been prominent in the 
literature of PB models, with several studies examining the selection of extent in relation to the 
amount and distribution of background points that would be included at different extents, 
rather than the ecological or practical implications of geographic extent in model fitting (Elith et 
al. 2011, Barve et al. 2011, Peterson and Soberón 2012). This literature is not reviewed in detail 
since in the present thesis the question of geographic extent for model fitting is approached in 
relation to its ecological and practical implications and because this comparison (range-wide 
models vs. local models) was done with PA data.     

The selection of an appropriate extent has also important practical implications when models 
are used to assist conservation planning. Fitting models across a species entire range means that 
managers would have information that could be used for management or conservation planning 
across larger geographic extents (Kremen et al. 2008, Cabeza et al. 2010, Bosso et al. 2013). 
However, at large geographic extents consistent survey datasets are unlikely to be available 
(Franklin 2009), so modellers generally need to make use of biodiversity databases, where the 
quality of the data can be highly heterogenous (Loiselle et al. 2008, Gaiji et al. 2013). In addition, 
at large geographic extents, locally relevant species-environment relations can be missed, 
making range-wide models of lesser use for informing local planning (McAlpine et al. 2008). 

Changes in extent are usually accompanied by changes in resolution both for logistical reasons 
of data handling (Franklin 2009, Hermoso and Kennard 2012) and because of the different 
processes that models can capture at different resolutions (Razgour et al. 2011, Williams et al. 
2012). Grain or resolution refers to the size of the units at which data is sampled (Wiens 1989, 
Austin 2007); in a GIS-based SDM grain is expressed in the pixel size of the digital maps of 
environmental variables (Guisan et al. 2007). Whereas the interplay between extent and 
resolution has been discussed in a number of studies (Hermoso and Kennard 2012, Suárez-
Seoane et al. 2014, Connor et al. 2019) no universal guidelines exist for choosing a single, best 
performing combination of these two components of an SDM data model. The selection should 
be guided by the information requirements of the conservation or management application and 
by the characteristics (quantity, quality and coverage) of the available data (Franklin 2009, 
Williams et al. 2012).  

The interplay between geographic extent and data quality and resolution implies that managers 
may face trade-offs between planning at large extents but poorer resolution and likely 
accounting for smaller number of biodiversity features, versus planning at higher resolution but 
across restricted spatial extent, which commonly allows to include more biodiversity features 
(species, communities, vegetation type, etc.) (Cabeza et al. 2010, Tulloch et al. 2016, Titeux et 
al. 2017). For example, when planning biodiversity management under climate change using 
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SDMs (where, as mentioned above, range-wide models are preferred), modellers might face the 
situation where only few species can be modelled at their entire range given data availability, 
whereas at regional or local extents a larger number of species can be included (Titeux et al. 
2017). Similarly, the use of predictor variables that are available at different grains and spatial 
extents implies trading-off the precision of variables at higher resolutions but commonly smaller 
extents, with the possibility to model at larger extents using lower resolution variables (Connor 
et al. 2019).  However, when planning or management are planned to be implemented directly 
at local scales, managers may prefer to restrict their analyses to these planning units, where it 
is more feasible to collect data, even though the biodiversity feature of interest (e.g. a 
threatened species) is distributed beyond the limits of the planning units (e.g. Lumsden et al. 
2013, Nelson et al. 2015, 2018). Other cases exist where SDMs have informed local or regional 
conservation planning and high-quality biodiversity data has been available from local databases 
(Brotons et al. 2004) or from previous systematic surveys in the same area (Ferrier et al. 2002a). 
In these cases, extent-resolution trade-offs were also avoided, and the selection of the 
geographic extent for model fitting was not driven by data availability but by the geographic 
limits of the project at hand.  

  

2.5. Species distribution models to aid greater glider conservation 
The implementation of SDMs to assist conservation of the greater glider is a good example of 
the challenges that can emerge when modelling species distributions for conservation 
applications. Some of these challenges are: a) numerous but biased distributional data; b) the 
species is distributed across a wide distributional range so an adequate geographic extent for 
modelling has to be chosen; c) several key environmental variables likely driving its distribution, 
such as the presence of hollow-bearing trees (Lindenmayer et al. 1991) or nutritional content of 
eucalypt leaves (Youngentob et al. 2011) are difficult to map and cannot be used in the modelling 
process. 

The greater glider is mentioned in the earliest European descriptions of Australian fauna 
(Maloney and Harris 2008). Characteristic traits of the species such as its feeding requirements 
and use of hollows in large trees were early noticed. It was also observed that this species was 
among the most abundant arboreal marsupials in different regions across its distribution range, 
including East Gippsland (Maloney and Harris 2006, 2008). At present, a very large number of 
greater glider observation records are available in digital repositories. By June 12, 2020, the Atlas 
of Living Australia reported a total of 25,831 observations of Petauroides volans. Some of these, 
a few kilometres east from the mainland are evidently erroneous (Figure 2.1). Databases of state 
environmental agencies also harbour a large number of observations and case studies in the 
literature have also collected occurrence data and reported it in publications (e.g. Eyre 2006, 
Lindenmayer et al. 2011, Smith and Smith 2018). Data from case studies are generally not openly 
available but need special access agreements. The two range-wide models of the greater glider 
that exist in the literature had to make use of occurrence data provided by collaborators, which 
is not publicly available (Kearney et al. 2010) or undergo a series of processing steps to aggregate 
the data from different databases and generate absence data from related species (Guillera-
Arroita et al. 2015b). At regional or local extents, modellers have made use of data specifically 
collected for the project at hand  (Eyre 2006, Nelson et al. 2018), a combination of pre-existing 
survey data and data collected for the project (Pearce et al. 2001, Ferrier et al. 2002a, Lumsden 
et al. 2013) or data from state environmental agencies databases (Liu et al. 2013, Taylor et al. 
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2017). When models were fitted specifically to be used for land management decisions 
managers often preferred to collect their own data (Nelson et al. 2018).  

 

 

Figure 2.1. Distribution of all greater glider observations available in the Atlas of Living Australia. 
(https://bie.ala.org.au/species/urn:lsid:biodiversity.org.au:afd.taxon:7e891f26-c72e-4b29-98db-1cd10c4eaa6d 
accessed June 12, 2020). 

At present, different Australian states (DEC 2004, Chick et al. 2018, Eyre et al. 2018), and even 
sub-state political entities (Cox 2014) have different guidelines for fauna surveys. Although these 
suggest broadly similar methods, modellers need to be aware that even if survey data is available 
across different political demarcations, inconsistencies might still exist as data could have been 
collected following different methods.   

In addition to occurrence data challenges, an adequate geographic extent for modelling has to 
be chosen. The greater glider has a large distribution range from northern-eastern Queensland 
through to central Victoria (Harris and Maloney 2010, Threatened Species Scientific Committee 
2016). Along this range, the factors that drive landscape suitability for the greater glider (e.g. 
climate, foliage quality, availability of hollow bearing trees) as well as their interactions, like the 
effects of climate on nutritional content and palatability of foliage (Braithwaite 1996, Cork and 
Catling 1996, Eyre 2006), are likely to vary spatially. Furthermore, given that spatially explicit 
measures of many key factors directly driving greater glider distribution such as tree hollows 
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and foliage nutritional content are not available across large extensions (as explained along the 
rest of this section), proxies like vegetation types or vegetation indices need to be used. The 
collinearity structure among these measured proxies, however, might change across the large 
distributional range of the greater glider (Dormann et al. 2013), so modelling the true species-
environment response with these variables becomes a complex task.  

Different environmental factors have been found to best describe greater gliders’ distribution 
in different portions of its range and in different studies. In central Victoria, Taylor et al. (2017) 
modelled the distribution of the greater glider using PO data in an assessment of potential new 
reserves in the Central Highlands RFA. They found that proportion of old-growth forest and 
minimum temperatures were the most important environmental factors shaping landscape 
suitability for the greater glider in this region. In this same region, Lumsden et al. (2013) collected 
PA data to fit occupancy models of several species, including the greater glider, to assist 
biodiversity management in forests subject to commercial logging. They found that terrain 
ruggedness and wetness, as well as vegetation lushness had the largest influence on greater 
glider occupancy. In the Strathbogie Ranges, north east Victoria (just north of the Central 
Highlands), Nelson et al. (2018) found that the basal area of different eucalypt species was 
strongly associated (both positively and negatively) with greater glider abundance and that 
presence of hollow-bearing trees was not significantly associated with greater glider abundance 
in this region. They also found that this greater glider population had not declined as severely 
as in other regions. On the contrary, Smith and Smith (2018), using a combination of historical 
and self-collected abundance data, found evidence of population decline in the Blue Mountains, 
west from Sydney. They also found that time since fire had the highest contribution to explain 
greater glider density in this region and that presence of hollow-bearing tress and proportion of 
preferred Eucalypt species were not significantly associated with greater glider abundance. In 
Southern Queensland, Eyre (2006) found that the abundance of hollow bearing trees had the 
highest significant association with greater glider abundance by analyzing self-collected data and 
that logging intensity allowed at that moment was not threatening to the greater glider, but an 
intensification of logging scheduled for some portions of the study area could constitute an 
important threat. The basal area of different Eucalypt species was also significantly related to 
greater gliders abundance, and higher elevation tall eucalypt forests seemed to be preferred. 
Kavanagh (2000) studied the effect of different logging intensities in southeastern New South 
Wales on greater glider abundance and found that impacts on populations were minimal if tree 
retention in logging coupes was higher than a certain threshold. Local associations with certain 
Eucalypt species rather than others were also observed.  

Although evidence exists that drivers of greater glider’s distribution might change across its 
range (as supported by the biophysical model in Kearney et al. 2010), the differences in the 
drivers found to be important by these authors are not directly comparable due to the different 
data, methods and response variable analysed (i.e. species presence or abundance). Without 
consistency in the data and models used, it is not possible to tease apart the relative 
contributions of modelling approach and data used from the spatial variation in important 
variables (Williams et al. 2012, Bucklin et al. 2015). Consequently, modellers need to be aware 
that variables found to be important at some portions of a species range might not hold at other 
regions and that the selection of a geographic region for model fitting will require, if possible, 
an exploration of variables likely to be relevant at such region. 

Different ecological and physiological aspects of the greater glider have been studied for a 
number of decades now (see section 1.1), so its ecology and habitat associations are relatively 
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well understood. Even though there is clear ecological understanding, translating such 
knowledge into the choice of variables to be used for model fitting can be challenging (Austin 
and Van Niel 2011, Williams et al. 2012). Habitat features commonly mentioned in the literature 
as highly important for greater glider habitat suitability are not available as digital maps readily 
usable for spatially explicit distribution modelling. Availability of hollow-bearing trees and 
foliage nutritional content are two clear examples of such situation. Although there are 
divergent results in the literature about the influence of hollow-bearing for individual species 
(Wormington et al. 2002, Eyre 2006, Youngentob et al. 2012, 2013), likely arising from difficulties 
in measuring hollow-bearing trees, there is consensus that this is a key habitat feature for 
arboreal marsupials in general (Lindenmayer et al. 1991, Wormington et al. 2002, McLean et al. 
2015). The studies that have used this variable to explain greater glider distribution or 
abundance have been site-based and have not required spatial predictions (Eyre 2006, Chick et 
al. 2018, Smith and Smith 2018) so were not impeded by the lack of digital maps of hollow-
bearing trees. The availability of hollow bearing trees might be captured by some mapped 
variables related to vegetation conditions that other works have used such as proportion of old-
growth forest (Taylor et al. 2017) or vegetation lushness (Lumsden et al. 2013). To my knowledge 
no source of spatial data accounting for the availability of hollow bearing trees is available along 
the distribution range of the greater glider. A model of stem age and forest composition 
currently in development (Arthur Rylah Institute 2019b) or remotely sensed imagery (Owers et 
al. 2014) could constitute useful alternatives for further distribution modelling of hollow 
dependent fauna. 

Foliage nutritional content is another key habitat feature driving landscape suitability for 
folivorous marsupials (Cork and Catling 1996, DeGabriel et al. 2014, Youngentob et al. 2015). 
Although some proposals to use hyperspectral airborne imagery exist (Youngentob et al. 2012), 
to my knowledge no large-extent source of foliage chemistry or nutritional content is available 
along the greater glider’s distribution range. Some remote sensing-based vegetation indices like 
the normalized difference vegetation index, gross primary productivity or fraction of absorbed 
photosynthetically active radiation have been used as proxies of vegetation productivity, which 
might in turn be related with nutrients available for folivorous fauna. 

 

2.6. Concluding remarks 
Although this was not a systematic, thorough literature review of the broad, and constantly 
expanding literature on species distribution modelling,  I aimed to further expand on the topics 
directly related to the research project I present herein, which are: the effects of sampling bias 
and possible strategies to deal with it, the effect of geographic extent on model results and 
predictive performance, and the previous work and challenges in implementing SDMs in greater 
glider conservation. In the introduction and discussion sections of the main research chapters, I 
further elaborate on how these methodological aspects of distribution modelling (dealing with 
sampling bias and selection of geographic extent) relate to the specific aims of this project: 
dealing with a large but biased dataset to obtain the most reliable possible range-wide models 
(chapter 3) and the selection of an appropriate geographic extent for model fitting when 
informing local scale conservation decisions (chapter 4).  
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3 Different Methods to Model Biased Occurrence Data Result in 
Divergent Predictions of a Widely Distributed Vulnerable Marsupial  

 

ABSTRACT 

Species distribution modelling has become one of the most active areas of ecology. However, 
its usefulness is constrained by the amount and quality of the biodiversity data available and the 
approaches chosen to deal with data deficiencies. Presence-only (PO) data, which have no 
information on sampling effort, are most commonly available and used in presence-background 
(PB) modelling methods such as Maxent. Methods that instead use presence-absence (PA) data 
are less affected by biases in species data, but PA data are less available. In this work, we test 
different methods to model biased occurrence data for a widely distributed species – the greater 
glider (Petauroides volans) – with the aim of improving predictive performance. We collated 
available occurrence data and fitted Generalized Linear Models and Boosted Regression Trees 
using only greater glider PA survey data, as well as using an augmented PA dataset that included 
additional absences inferred from arboreal mammals survey data. We also used PO data to build 
PB models using Maxent, adopting three common strategies for bias correction. We compared 
the performance of these approaches quantitatively through a set of evaluation metrics based 
on spatially blocked cross-validation and on held out PA data, and qualitatively by identifying 
areas of agreement of spatial predictions. We also analyzed the probable causes of these 
differences and whether these would result in different conservation decisions. Different bias 
correction methods in PB models delivered divergent predictions but evaluation metrics did not 
indicate a clear best performing strategy. PA models, nevertheless, outperformed PB models in 
comparable evaluation metrics and also delivered different spatial predictions. An approach 
used to infer absences proved useful, as PA models fitted with these, outperformed those which 
did not include them. Dealing with sampling bias usually requires additional time and data 
management strategies but we found that the time invested allowed improvement of models 
and more reliable predictions. Our results suggest that ancillary occurrence data can improve 
both PB and PA models, emphasizing the value of a thorough search for all available data in the 
study region and a careful choice of modelling framework. 
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3.1 Introduction 
Species distribution models (SDMs) are a very popular tool in a wide range of applications, from 
basic ecological research to applied conservation and management (Franklin 2009, Peterson et 
al. 2011, Guisan et al. 2013). Correlative SDMs estimate habitat suitability by describing the 
correlations between species occurrence records and relevant environmental covariates at the 
same sites. Estimates of habitat suitability can then be used to predict species distributions (Elith 
et al. 2006, Elith and Leathwick 2009). The increasing availability of digital environmental and 
species occurrence data, as well as software tools to implement different modelling methods, 
have made species distribution modelling a very active area within ecology (Araújo and Peterson 
2012, Guisan et al. 2013).  

Despite the popularity of these methods, their usefulness is impacted by aspects of the 
underlying data and decisions made during the modelling process. These include: the type and 
quality of the occurrence data (Phillips et al. 2009, Lahoz-Monfort et al. 2014, Guillera-Arroita 
et al. 2015a), selected environmental variables (Syphard and Franklin 2009, Bucklin et al. 2015), 
spatial extent of the study area (Barve et al. 2011), modelling approach (Brotons et al. 2004, 
Elith and Graham 2009, Syphard and Franklin 2009) and possible misinterpretations of the 
outputs (Araújo and Peterson 2012, Guillera-Arroita et al. 2015a). Among these, the type of 
occurrence data is particularly important through its influence on the applications for which 
model outputs are suited (Guillera-Arroita et al. 2015a).  

In many circumstances, presence/absence data (PA) are likely to produce more reliable 
predictions than presence-only data as they allow estimation of species’ prevalence (proportion 
of the study area occupied by the species) and are commonly collected with standardized 
sampling protocols (Phillips and Elith 2013, Guillera-Arroita et al. 2015a). However, PA data take 
time and money to collect and are often unavailable across wide geographic extents. On the 
other hand, presence-only data (PO) are more widely available because they include a large 
number of records from museums, herbaria, collection and other sources that are freely 
available. PO data are most commonly used to fit presence/background (PB) methods, where 
conditions at sites where the species occurs are compared to conditions available in the study 
area (namely, a background sample) (Elith et al. 2011, Merow et al. 2013).  

Environmental bias in occurrence data can severely affect model performance (Fourcade et al. 
2014), particularly for PO data which are often collected opportunistically and almost always 
lack information on data collection or survey effort (Phillips et al. 2009). Yet, PO data are the 
most commonly used data to fit SDMs (Guillera-Arroita et al. 2015a). Dealing with biases is a 
major challenge in modelling PO data (Yackulic et al. 2013, Kramer-Schadt et al. 2013). Some 
approaches deal with this issue by performing an a priori filtering of the presence records in 
environmental or geographic space (Varela et al. 2014, Boria et al. 2014, Kiedrzyński et al. 2017). 
Filtering presence records can be hampered by the difficulty in characterizing survey effort and 
properly discarding the records that contribute the most to the bias (Phillips et al. 2009). Other 
approaches modify the way that the background sample is obtained, aiming to compare 
environmental conditions at presence sites with locations that share a similar bias instead of 
comparing them with randomly chosen background locations. For example, the ‘restricted 
background’ method limits background sampling to areas nearby the presence records 
(Fourcade et al. 2014). Other, commonly employed methods, such as the target-group 
background method (Phillips et al. 2009), or ‘bias file’ (also named ‘bias grid’) (Dudík et al. 2005) 
use surrogates of sampling effort to obtain the background sample. Target group background 
uses records of related species detected by similar methods as exact locations for background 
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sampling, whereas bias files or grids use a smoothed probability surface based on the density of 
records to obtain the background sample. 

Alternatively, modelers could choose to undergo a deeper data exploration aiming to gather or 
infer absence records to complement available presence data and fit PA models. A number of 
recent studies have shown that these approaches can outperform PB modelling (Huang and 
Frimpong 2015, Bradter et al. 2018). 

In a context of applications such as decision-making for conservation, invasive species 
management and land use planning, misidentification of suitable habitats can result in wasted 
time and economic resources. Hence using reliable data or dealing with biases is critically 
important (Guisan et al. 2013, Guillera-Arroita et al. 2015a, Tulloch et al. 2016). 

The greater glider, Petauroides volans, is the largest of the Australian gliding marsupials. It has 
a wide distribution along the eucalypt forests of eastern Australia (Dyck & Strahan, 2008; Harris 
& Maloney, 2010), depending on these ecosystems due to its specialized diet of eucalypt leaves, 
and use of hollow-bearing trees for denning and nesting (Lindenmayer et al. 1991, 2004). 
Although the greater glider used to be abundant along its wide distributional range, 
considerable population decline has been observed in recent years and the species is now 
nationally listed as vulnerable under the EPBC Act (Threatened Species Scientific Committee 
2016). The greater glider’s dependence on key structural attributes of eucalypt forests (hollow-
bearing trees), sensitivity to disturbance such as logging and wildfire and wide distribution 
across much of the eucalypt forests of eastern Australia also makes it suitable for use as an 
indicator of forest management sustainability (Kavanagh et al. 2004). This species constitutes a 
useful study model for methodological questions as its biology and ecology are relatively well-
studied (Harris and Maloney 2010) and sufficient, diverse occurrence datasets exist in electronic 
data repositories such as the Atlas of Living Australia (ALA) and databases of Australian state 
environmental agencies. 

The greater glider is currently a species of national conservation concern, so we fitted models 
across the species entire range. By using range-wide data we cover the largest possible gradient 
of environmental conditions where the greater glider has been observed in the past few decades 
and are therefore modelling the species’ long-term potential distribution. Whereas local on-
ground conservation decisions might require finer scale information on the factors likely driving 
the local patterns of occurrence of the greater glider, range-wide information is useful as a broad 
scale assessment of landscape suitability. 

Previous SDMs across the greater glider’s whole range have been published: Kearney et al. 
(2010) compare the outputs of a PB model and a mechanistic SDM to contrast their predictions 
in climate change scenarios; Guillera-Arroita et al. (2015b) fitted a regression model to test an 
approach to estimate survey effort requirements in environmental impact assessments. 
Nevertheless, to our knowledge, there is none with the objective of identifying the most suitable 
habitat for conservation planning purposes across the greater glider’s entire range. Neither have 
previous models accounted for sampling bias, which has been found to be particularly relevant 
for widely distributed species such as the greater glider (Ranc et al. 2017). 

The critical importance of reliable mapping for the effective conservation of the greater glider 
makes it a useful case study for evaluating and contrasting predictions obtained from different 
modelling approaches. With this aim, we built greater glider distribution models using different 
types of data in different ways: for PO data, we used three alternative forms of background 
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sampling to fit presence-background models; for survey data, we fitted presence-absence 
models with two different datasets, 1) with all readily available presence-absence data and 2) 
augmenting this dataset with presence-absence data inferred from ancillary survey data of 
related species. We aimed to find the best way to use all available data (i.e., across the entire 
range) by doing a careful exploration of the data, since that prior knowledge of the available 
datasets was limited. Given the widespread use of SDMs to inform conservation decisions, 
comparisons of models fitted with different types of data commonly utilized by modelers or 
managers can provide guidance on how to make better use of the data available.  

 

3.2 Methods 
 

3.2.1 Study area 
The study region included all bioregions in Eastern Australia where greater gliders have been 
observed plus surrounding regions (Figure 3.1). Bioregions were identified using the subregions 
of the Interim Biogeographic Regionalization of Australia (IBRA), which classifies the Australian 
landscape according to biotic, climatic and geological (Department of Sustainability, 
Environment, Water, Population and Communities 2012). Total extent of the study area is 
1,077,837 km2. Across the study region, we built models at a 500 m resolution because this is 
consistent with the typically small home-range size (1-4 hectares) of the greater glider (Pope et 
al. 2004, Threatened Species Scientific Committee 2016), it allows some errors in record 
locations, and it is manageable over the large study region. 

 

3.2.2 Occurrence data 
We collected all records for the greater glider from the publicly available databases of the 
environmental agencies of the Australian states where it is distributed, and from the Atlas of 
Living Australia. Additional records were provided by collaborators. In total, 41,392 geo-
referenced greater glider records were gathered. The sources and number of records are shown 
in Table 3.1. These datasets included both PO (presence records collected opportunistically or 
records for which further information specifying the sampling procedure is not available), and 
PA data (data collected during formal surveys where detections and non-detections of species 
are recorded).  

We modeled all records of greater glider as a single species. Although the northern subspecies 
P. volans minor is recognized (Maloney and Harris 2008, Harris and Maloney 2010, Threatened 
Species Scientific Committee 2016), the distinction between subspecies is clear in the 
northernmost part of its range but not in central Queensland (Teresa Eyre, personal 
communication). This is reflected in the fact that most records in the northernmost part of the 
range are identified as P. volans minor, but we have no information as to whether this distinction 
was considered in the rest of Queensland. Moreover, the present work focuses on 
methodological aspects of modelling and assessing differences in environmental responses 
between subspecies is outside its scope. 
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3.2.3 Additional species 
Occurrence records (both incidental and survey records) of additional arboreal marsupial 
species (AM hereafter) were used to account for the observational biases likely contained in 
greater glider records and to infer additional absence data. Out of the 26 arboreal marsupials in 
Australia (Lindenmayer 2002), eleven were chosen based on the following criteria, which all also 
apply to the greater glider: strictly arboreal, nocturnal, typically sampled through spotlighting, 
only observable at night and with a geographic distribution reasonably overlapping with greater 
glider’s known distribution. The selected AM species were: yellow-bellied glider 
(Petaurus australis), sugar glider (Petaurus breviceps), squirrel glider (Petaurus norfolcensis), 
common brushtail possum (Trichosurus vulpecula), common ringtail possum 
(Pseudocheirus peregrinus), mountain brushtail possum (Trichosurus cunninghami), 
leadbeaters’ possum (Gymnobelideus leadbeateri), short-eared brushtail possum 
(Trichosurus caninus), striped possum (Dactylopsila trivirgata), lemuroid ringtail possum 
(Hemibelideus lemuroides), and herbert river ringtail possum (Pseudochirulus herbertensis). 
Occurrence data for these species were obtained from the same sources as greater glider 
records.  

 

3.2.4 Generating model fitting and evaluation datasets 
Here, data preparation methods are presented in outline, with further details in Box 1, Table 3.1 
and Figure 3.2. To generate datasets used for fitting and evaluating models, we first cleaned 
occurrence data by removing old (older than 1976), inaccurate (spatial uncertainty greater than 
500 m) and duplicated records. We then separated data into PO and PA datasets, integrating 
additional survey data from NSW to increase coverage of PA data in this state See Box 1, step 
3). Since the amount of PA data was still relatively low, we also generated a second dataset that 
contained inferred absences in addition to formal PA data (named PIA hereafter). To do this, we 
used the locations of AM species from survey programs where the greater glider was also 
detected but no absences of any species were explicitly recorded. A 500 m radius buffer 
between these inferred absences and presence records of greater glider was set. Finally, we set 
aside an evaluation dataset using one third of available PIA data through a spatially-blocked sub-
setting procedure (See Box 1, step 5). We ensured that data from these evaluation blocks (shown 
in Figure 3.1) were not used in model fitting, i.e. these areas of the landscape were used 
exclusively for model evaluation. The obtained dataset was used to evaluate all models, as a 
means to contrast models fitted to the different sets of data. The main deficiency of the 
evaluation dataset was the scarcity of evaluation records in northern Queensland (Figure 3.1). 
Despite this, we aimed to maximize quality and independence of this evaluation dataset, while 
being constrained by data available. Figure 3.2 shows a schematized description of the data 
cleaning and sub-setting processes, with additional details and rationale provided in Box 1. The 
final datasets obtained after the cleaning process are listed in the bottom section of Table 3.1.  
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Box 1. Steps to clean occurrence data: 

1. Discard records older than 1976 or with spatial accuracy greater than 500 meters. 1976 was 
chosen as the cut-off date based on the temporal extent of the climatic variables used. Greater 
gliders have a strong relation with native vegetation, which could be used to help clean records. 
However, the available sources of range-wide spatial information related to landcover have a 
relatively narrow time-frame, not older than early 2000s. Excluding all records prior to the year 
when reliable land cover information exists would imply excluding a lot of relevant 
environmental information and analyses showed that < 3% of the records fell in regions with 
currently unsuitable land cover classes (i.e. herbaceous vegetation, woody shrubs or cleared 
areas). Therefore, we decided to use a wider timeframe in our cleaning process. The 500 m 
accuracy limit was chosen based on the modelling resolution (which was in turn based on the 
home range size of the greater gliders). Records with no year or measure of spatial accuracy 
were also removed. 

2. Removal of duplicate records. Records were considered duplicates based on coordinates, year 
and whether they were a presence or an absence. This means that, if a location had two 
records from the same year, but one is a presence and another an absence, both were kept. 
Before removing duplicates, coordinates were rounded to three decimal positions (~ 90 
meters) to account for differences in the coordinate reference system used in states and 
national databases, which can lead to slight differences when records are projected to 
Australian Albers, the projection used in all analyses.  

3. Integration of survey data in NSW. To overcome the apparent scarcity of PA survey data in NSW 
we came up with a protocol to identify occurrence data most likely to belong to individual 
surveys. A large dataset named ‘State Forests Biodata’ available in NSW biodiversity database 
-BioNet- contained the only explicit absences in NSW. Documentation (BioNet user guide) 
states that it mainly comprises data from a range of surveys, although it also includes some 
incidental presences. We aimed to tease apart AM and greater glider records coming from 
surveys from incidental records so we could use the former as PA data. We identified the 
records likely coming from surveys based on the following criteria: 

I. Observations made through spotlighting: Spotlighting records are most likely to satisfy the 
assumption that greater gliders would have been detected if present at a site, compared 
to other methods commonly used in mammals’ surveys, like camera observations or traps, 
which target specific species and are not commonly used to survey greater gliders.  

II. More than two occurrences with the same Location Key identifier (ID) (considered as a 
proxy for survey ID). This criterion avoids selecting individual observations more likely to 
be incidental.   

III. Records within one Location Key ID should have been recorded within 7 days. This allowed 
us to retain records that may come from surveys performed over multiple consecutive 
nights.  

IV. Minimum distance of 500 m between observations to exclude spatially clustered records 
which could include incidental observations.   

Occurrence records that satisfied these criteria were subset and combined with the few explicit 
presence-absence records contained in the State Forests Biodata. The resulting subset was 
then incorporated with the rest of the PA dataset.  

4. Infer absences from survey data. In addition to the survey data integration process in NSW, we 
implemented an additional data treatment to overcome the patchy availability of absence 
records across the full study area: detections of AM species that come from survey programs 
where greater gliders were observed, but no explicit absences were recorded, were used as 
inferred presence-absence data. According to the available documentation of these surveys, 
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presences and absences were recorded, but apparently absences were not uploaded to the 
databases. Thus, we assumed that presence records of other AMs detectable with the same 
methods as greater glider and from sites where greater gliders were not detected, could be 
interpreted as non-detections (absences) of greater gliders. A 500 m radius buffer between the 
inferred absences and presence records of greater gliders was set. The distance was based on 
the 1 km transect length recommended by the Approved Survey Standards for the greater 
glider, published by The Department of Sustainability and Environment (now DELWP) 
(MacHunter et al. 2011), and the cell resolution used in this study. We did not apply this 
method of inferring absences to datasets that explicitly recorded absences.  The resulting 
presence-inferred absence dataset was combined with the rest of the PA data to make up the 
PIA dataset. 

5. Creation of evaluation dataset. All presence-absence data (explicit -PA- and inferred -PIA-) were 
combined and 1/3 were used to generate the evaluation dataset. Rather than randomly 
selecting the evaluation third, we enforced some spatial separation by using spatial blocks with 
25 km-size grid. Using the R package ‘blockCV’ (Valavi et al. 2018), we systematically assigned 
blocks to model fitting or evaluation. All survey records from the one-third for evaluation 
(‘evaluation blocks’) were set aside as the final evaluation dataset. The two thirds of survey 
records not used for evaluation were used for subsequent model fitting. All fitting records 
(greater glider occurrence records, inferred absences, backgrounds points) were removed from 
the blocks where evaluation data was set aside from, to ensure no spatial overlap between 
fitting and testing sets exists. 
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Figure 3.1. Study area, occurrence records and evaluation blocks used to model greater glider distribution 
across Eastern Australia. Bottom right corner shows the location of the study area in Australia. Evaluation 
blocks are the blocks where evaluation data exist and from which all other data were removed for model 
fitting. The displayed dataset corresponds to the PIA model, which includes additional inferred absence 
data in addition to survey PA data.  



45 
 

Table 3.1. Total number of greater glider occurrence records from all sources. Upper section of the table refers to raw, uncleaned records; the bottom section lists the final 
number of records used to fit and evaluate different models. 

Source Presences Absences total AM presence  Source details 

VBA 5824 390 6214 48083 Victorian Biodiversity Atlas, Department of Environment, Land, Water and Planning, 
government of Victoria. Detailed species records, accessed Nov. 19, 2018 

BioNet 17068 131 17199 130356 BioNet, Office of Environment and Heritage, government of New South Wales. Species 
Sightings occurrence data, accessed Oct. 30, 2018. 

WildNet 1600 0 1600 5717 WildNet, Department of Environment and Science, government of Queensland. Species 
profile search, accessed Sep. 18, 2018. 

ALA 15211 0 23977 179864 Atlas of Living Australia. Occurrence download, accessed Aug. 08, 2018. 

T. Eyre 260 723 983 0 Teresa Eyre (Queensland herbarium) 

B. Wintle 33 152 185 0 Brendan Wintle (University of Melbourne) 

Total raw records 39996 1396 41392 349062  

Final model fitting & evaluation sets 

 Presences Background Absences Inferred absences total 

Maxent.random 6375 100000 0 0 106375 

Maxent.bmodel 6375 100000 0 0 106375 

Maxent.bfile 6375 100000 0 0 106375 

Maxent.tgb 6375 27950 0 0 34325 

GLM_PIA 6863 0 1300 1366 9529 

BRT_PIA 6863 0 1300 1366 9529 

GLM_PA 2323 0 1300 0 3623 

BRT_PA 2323 0 1300 0 3623 

Evaluation dataset 3376 0 819 560 1718 
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Figure 3.2. Schematic description of occurrence data processing. Blue, light purple and green boxes indicate final sets used for model fitting and the red box the set used for 
model evaluation; yellow boxes show the source of greater glider and arboreal marsupials records used to infer presence-absence data. Records from all fitting datasets, as 
well as from TGB for PB models were removed from the spatial blocks with evaluation data.
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3.2.5 Predictor variables 
Environmental and climatic variables were chosen to represent the factors likely limiting the 
distribution of the greater glider. These variables are listed in Table 3.2 and are based on known 
ecological traits of the greater glider:  

Foliage quality. The nutritional content and concentration of toxic secondary metabolites 
influence landscape use of folivorous marsupials, including greater glider (Youngentob et al. 
2011). The lack of spatially explicit variables of foliage quality is a common limitation when 
modelling the distribution of folivorous mammals. As direct measures of foliage quality are not 
available over large extents, modelers have used satellite-derived indices of vegetation 
greenness or productivity (Ebbers et al. 2002, Youngentob et al. 2012).  

Vegetation structure. Greater gliders are highly dependent on the hollows that form in old 
eucalypts, which they den in during the day (Lindenmayer et al. 1991, 2017). Variables 
representing vegetation structure, like vegetation type (Kearney et al. 2010) or forest height 
(Guillera-Arroita et al. 2015b) have been used as means of capturing hollow-bearing tree 
availability. Two variables relevant to vegetation structure were included in the candidate set: 
canopy height and mean proportion of surrounding native vegetation (see Appendix 3.7.1 for 
details on variable creation).  

Climate. Temperature and water availability are known to affect the maintenance of water 
balance and energy requirements of greater gliders (Rübsamen et al. 1984, Foley et al. 1990). 
Previous SDMs for the greater glider have highlighted the importance of water balance in 
constraining its distribution (Kearney et al. 2010). In the candidate set of predictor variables, we 
included a group of climatic variables that account for the mean, minimum, maximum and 
seasonality of long-term conditions of temperature and precipitation. 

Disturbance. The negative effects of fire and logging on greater gliders are well documented 
(Lindenmayer et al. 2013, Berry et al. 2015) and are considered a likely explanation of the 
observed population decline of the greater glider in many sites (Lindenmayer et al. 2011, 
Threatened Species Scientific Committee 2016, McLean et al. 2018). While both types of 
disturbance have a detrimental effect on their own, the synergic effects of disturbance events 
can most adversely affect habitat quality (McLean et al. 2018). While spatial information of 
logging history across the entire range of the greater glider was not available, data on fire history 
were available. A variable representing ‘time since fire’ (TSF) was created from the polygons of 
fire history obtained from the data repositories of the states in the study region (see Appendix 
3.7.1 for details on variable creation). We also generated a raster layer summarizing the number 
of years since the most recent fire up to the current time period (2019), which we used to 
generate predictions. In addition to TSF, we included a composite index (‘ecosystem disturbance 
index’) which represents ecosystem disturbances such as wildfire, flooding, climate change and 
land use change (Mildrexler et al. 2007).  

All variables were projected to GDA94 Australian Albers (EPSG:3577), resampled to the chosen 
grain of 500 m using a bilinear interpolation and then assessed for pair-wise correlations. Out of 
the 15 candidate variables initially considered, four were discarded (see Appendix 3.7.2) because 
they were highly correlated (r > 0.8) with variables considered more relevant or with greater 
original spatial resolution (i.e. finer grain of detail).  
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Table 3.2. Final set of variables used to fit all distribution models of the greater glider. 

Ecological 
reason 

Name Definition Relevance Source Original 
grid size 

Unit Acronym 

Foliage 
quality 

Mean fraction of 
photosynthetically 
active radiation 

Fraction of photosynthetically active 
radiation (400-700nm of spectral range) 
intercepted by the sunlit vegetation 
canopy. Data aggregated over years 2000 
to 2014. 

Summarizes vegetation 
greenness. Areas that stay 
greener along the year could 
provide better sources of 
food. 

Biodiversity and 
Climate Change 
Virtual 
Laboratory 
(BCCVL)1 

9 arcsec 
(~ 271 m). 

% of PAR fPAR_mean 

Coefficient of 
variation of fraction 
of photosynthetically 
active radiation 

Coefficient of variation of fraction of 
photosynthetically active radiation. Data 
aggregated over years 2000 to 2014. 

Summarizes variation of 
vegetation greenness over 
time 

Biodiversity and 
Climate Change 
Virtual 
Laboratory 
(BCCVL)1 

9 arcsec 
(~ 271 m). 

% of PAR fPAR_var 

Coefficient of 
variation of gross 
primary productivity 

Coefficient of variation of gross primary 
productivity (amount of carbon fixed 
during photosynthesis by all producers in 
an ecosystem). Data aggregated over 
period 2000 - 2007 

Summarizes variation of 
productivity over time 

Biodiversity and 
Climate Change 
Virtual 
Laboratory 
(BCCVL)1 

9 arcsec 
(~271 m). 

molCO2 per m2 GPP_var 

Vegetation 
structure 

Canopy height Height of peak plant cover density (2009 
data) 

Vegetation height aims to be 
a surrogate for hollow-
bearing-trees availability.  

AusCover  30 m. decimeters c_height 

Mean proportion of 
surrounding native 
vegetation 

Mean proportion of native vegetation in 
a 1 km radius 

The greater glider has a 
strong association with native 
eucalypt forests and has a 
low dispersal ability through 
fragmented landscape. 

Produced out of 
binary (250 m 
cell size) raster 
of presence of 
native 
vegetation 

Gridded 
at 500 m. 

proportion of 
cell 

mean_xveg 

Disturbance Time since fire Years since the last fire event at the 
location of the occurrence record 

The greater glider is sensitive 
to destruction of their habitat 
due to wildfires. Time 
elapsed after fire events 
influences hollow availability 
in trees. 

Generated from 
wildfires 
polygons 

Gridded 
at 500 m 

years tsf 

Mean ecosystem 
disturbance index 

Average ecosystem disturbance index 
derived from MODIS Aqua Land Surface 

Summarizes major ecosystem 
disturbances such as wildfire 

AusCover  500 m. Disturbance 
index units 

mean_EDI 
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Temperature and Terra Enhanced 
Vegetation. Average of the yearly 
composites 2003-2013. Identifies time, 
location and magnitude of major 
disturbance events. 

or land use change, known to 
affect greater glider habitat 
quality   

Climate Temperature 
seasonality 

Temperature variation across the year 
(coefficient of variation). Standard 
deviation of weekly temperature 
averages expressed as a percentage of 
the mean of those temperatures (i.e. the 
annual mean). Long term climate data for 
the period 1976-2005. 

Summarizes variation of 
temperature over the 
considered time period. As 
GGs do not travel long 
distances, the variation on 
temperature in their home 
ranges could influence their 
ability to thermoregulate. 

Variables 
created using 
ANUCLIM 
version 6.1 

9 arcsec 
(~ 271 m) 

Dimensionless temp_season 

Mean temperature of 
warmest quarter 

Mean temperature of the warmest three 
months of the year. Long term climate 
data for the period 1976-2005. 

Higher temperatures can 
contribute to loss of water 
balance and can make 
thermal regulation more 
difficult 

Variables 
created using 
ANUCLIM 
version 6.1 

9 arcsec 
(~ 271 m) 

degrees Celsius temp_warm 

Annual precipitation The sum of all 12 monthly precipitation 
estimates. Long term climate data for the 
period 1976-2005. 

Summarizes yearly 
precipitation over the 
considered time period 

Variables 
created using 
ANUCLIM 
version 6.1 

9 arcsec 
(~ 271 m) 

mm pp_annual 

Precipitation 
seasonality 

Coefficient of Variation of the weekly 
precipitation estimates, i.e. their 
standard deviation expressed as 
percentage of the mean of those 
estimates. Long term climate data for the 
period 1976-2005. 

Summarizes variation of 
precipitation over the 
considered time period. As 
greater gliders do not travel 
long distances, the variation 
in precipitation in their home 
ranges could influence their 
ability keep hydric balance 

Variables 
created using 
ANUCLIM 
version 6.1 

9 arcsec 
(~ 271 m) 

Dimensionless pp_season 

Precipitation of driest 
quarter 

Total precipitation calculated over the 
quarter of the year identified as the 
driest (to the nearest week). Long term 
climate data for the period 1976-2005. 

Long dry periods make it 
difficult for GGs to maintain 
water balance. 

Variables 
created using 
ANUCLIM 
version 6.1 

9 arcsec 
(~ 271 m) 

mm pp_driest 

 

1 BCCVLA data were acquired from https://app.bccvl.org.au/datasets/datasets_collection_list
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3.2.6 Model fitting 
 

Background sampling in presence-background models 

Models using PO data typically use a background sample representing environmental conditions 
available in the study area (Peterson et al. 2011, Merow et al. 2013). We used four strategies for 
background sampling for presence-background models, representing competing methods 
commonly employed in distribution modelling. A large number of background points were 
generated to ensure good representation of environments across the study region (Renner et 
al. 2015).  

Random. A set of 100,000 random spatial points were generated over the study region.  
 

Bias-file (bfile). Maxent allows an internal form of bias correction, called ‘bias-file’ in Maxent’s 
java interface (Dudík et al. 2005), and ‘FactorBiasOut’ in the description by Phillips et al. (2009) 
or ‘biased prior’ in Merow et al. (2013). The bias file aims to represent the relative sampling 
effort in the study area and is used to sample background locations proportionally. We used all 
non-duplicated locations (greater glider presences and absences and all AM records) to create 
a two-dimensional kernel density estimate raster using the ‘kde2d’ function of the R package 
‘MASS’ (Venables and Ripley 2002). We used the function’s default kernel density estimator 
bandwidth. The obtained raster was rescaled to have 0-1 cell values and used as a sampling 
probability to select 100,000 background points, resulting in background points that are biased 
towards areas with higher sampling density.  

 
Bias-model (bmodel). Several potential sources of bias are known to affect observations of 
greater gliders: spotlighting surveys are typically done along roads, and cleared areas or very 
dense forests are typically not surveyed. Sampling effort is also uneven among the states where 
the greater glider is distributed, with more data available for the states of Victoria and New 
South Wales. We modelled how these factors could have influenced the distribution of sampling 
effort in the landscape by fitting a Maxent model using distance to roads, land cover and state 
as predictor variables, all occurrences gathered (presences and absences of the greater glider 
and the other arboreal species) as presence records, and 100,000 random points as background 
sample. Three variable settings were tested: a model using the three bias-driving variables, one 
model using only distance to roads and state, and another one using distance to roads and land 
cover. These models of bias had low training AUC values (0.593, 0.583 and 0.577, respectively), 
meaning that they did not manage to explain well the distinction between sampled sites and 
background. Yet, we tested fitting greater glider models with the different bias models’ 
predictions and here present the results of the best performing one, which included distance to 
roads and land cover as bias-driving variables. The 0 to 1 scale of the prediction of this bias model 
was used as a sampling probability to select 100,000 background points that reflect the 
identified bias pattern.  

 
Target-group background (tgb). This method uses occurrence records of species detected by 
similar methods (including the focal species) as locations for background sampling (Phillips et al. 
2009). It assumes that species observed by the same methods and in the same study area will 
share a similar spatial sampling bias. Target group background points were created by merging 
all cleaned occurrences (presences and absences) of the greater glider and AM species. Both, 
presences and absences were considered as background points as they represent sampled 
locations regardless of being a presence or an absence record. Finally, only unique locations 
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were kept (i.e. duplicated coordinates were removed irrespective of species or if the record was 
a presence or an absence). A total of 27,950 target-group background points were used.  
 
Figure 3.3 shows the spatial patterns of background sampling for the alternative background 
sampling strategies. All background points and presence records were removed from the 
evaluation blocks, so that the model was “ignorant” of the conditions in those blocks (See Box 
1). 
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Figure 3.3. Maps of the alternative (other than random) background sampling strategies. Bmodel and bfile represent sampling probability surfaces (from a statistical model 
and a spatial kernel density estimate of sampled locations, respectively), while tgb shows the exact locations of background points. 
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Presence-background model fitting 

Presence-background models were fitted using the Maxent algorithm (Phillips et al. 2006, 2017) 
version 3.4.1, called from R (R Foundation for Statistical Computing 2018) using the package 
‘dismo’ version 1.1-4 (Hijmans et al. 2017). Maxent models were fitted on a one-record-per-cell 
basis, so all input presences and background points were filtered separately to have one record 
in each 500 m cell. As expected for Maxent, a presence and a background point could coincide 
in a cell (Renner and Warton 2013).  

We tested three different levels of model complexity through different selection of feature 
classes (Phillips and Dudík 2008): a simpler model, allowing only linear and quadratic features 
(LQ models); a  moderately complex model allowing linear, quadratic and hinge features (LQH); 
and a complex model, where Maxent’s default feature selection was allowed (default). We 
expected that complex models would better describe the correlation of the presence records 
with the predictor variables due to the wide distributional range of the greater glider (which 
may imply high variation in response across space) and because of the large number of presence 
records used for model fitting. However, it was worth exploring simpler models as, in case they 
performed similarly, they would be preferred based on the parsimony principle. This gave a total 
of 12 PB candidate models: four background sampling strategies and three levels of complexity.  

We evaluated the effect of the bias treatments and complexity levels through spatially-explicit 
internal partitions of the data, as described later in section 3.2.7. Final models were fitted to the 
full fitting dataset and used to map predictions across the entire study area with Maxent’s 
default cloglog output. Other than feature classes selection, all other Maxent setting were set 
to default. 

 

Presence-absence approaches 

We modelled two sets of data as presence-absence: presence and explicit absences (PA) and 
presence with inferred absences (PIA) (Table 3.1). We chose PA modelling methods known for 
strong predictive performance, and capable of mirroring the model complexity (both complex 
and smoother) in the Maxent models - boosted regression trees (BRTs) and generalized linear 
models (GLMs). BRTs are considered a method with high predictive ability and high flexibility in 
the responses and interactions fitted (Elith et al. 2008). We fitted BRTs using the R package ‘gbm’ 
version 2.1.5 (Greenwell et al. 2019) and the additional gbm.step functions of Elith et al. (2008) 
provided in ‘dismo’ version 1.1-4 (Hijmans et al. 2017). We also explored variables’ pairwise 
interactions with the function gbm.interactions. We used a Bernoulli family error distribution 
since we are estimating the probability of a binary phenomenon (presence or absence of a 
species); bag fraction of 0.75 since stochasticity in the iterations improves model performance 
(Elith et al. 2008); tree complexity of 5 to allow for interactions; and a learning rate of 0.05 (PIA 
models) or 0.005 (PA models). These settings produced models with more than 1000 trees, as 
recommended (Elith et al. 2008). We fitted generalized linear models (GLMs) allowing linear and 
quadratic responses. GLMs were fitted with the same set of variables and family error 
distribution as BRTs. We used backwards selection using the Akaike Information Criterion (Hastie 
et al. 2009) as the criterion to choose between GLMs of different complexity. We estimated 
variable contributions for the GLM with a dominance analysis using the McFadden index. A 
dominance analysis assesses each variable’s relative contribution across all possible subsets of 
the selected model by doing pairwise comparisons with each of the other variables; the 
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McFadden index is used as a measure of goodness of fit analogous to R2 (Azen and Traxel 2009). 
This analysis was implemented through the R package ‘dominanceanalysis’ version 1.2.0 (Bustos 
Navarrete and Coutinho Soares 2019). Response curves were generated using the R package 
‘effects’ version 4.1.1 (Fox 2003). We hereafter use BRT_PA and GLM_PA to denote the models 
fitted using only PA data, and BRT_PIA and GLM_PIA for those using the PIA data. Model 
evaluation is described below.  

 

3.2.7 Model evaluation 
As described in section 3.2.4., an evaluation dataset was spatially separated from the PA and PIA 
fitting datasets and used as a consistent basis for testing all models and to obtain ‘external’ 
evaluation metrics. In addition, to explore whether evaluations on subsets of the fitting data 
gave good indications of predictive performance, we used 10-fold block cross-validation (Hastie 
et al. 2009) for all modelling methods. We used the R package blockCV (Valavi et al. 2018) to 
create spatial blocks for separating the data into folds for fitting and evaluation. We used a block 
size of 25 km, based on knowledge of the patchy distribution of occurrence records and aiming 
to have a block size meaningful from a landscape perspective. Allocation of folds was done using 
the package’s in-built random allocation, which allocates folds to have the most evenly spread 
distribution of occurrence data (Valavi et al. 2018). We call these ‘internal’ evaluations and note 
that each dataset will have different evaluation data for internal evaluation, so the results are 
not strictly comparable across methods (Lawson et al. 2014). 

Threshold independent metrics like the area under the receiver operating characteristic curve 
(ROC-AUC) allow evaluation of models’ discrimination ability and are commonly used to 
evaluate SDMs (Jiménez-Valverde 2012, Lawson et al. 2014). We used ROC-AUC as a metric of 
evaluation performance, both for the internal evaluation (namely intAUC) and using the set 
aside evaluation dataset for an external evaluation (namely extAUC). The output scaling of the 
different models is not directly comparable given the different datasets and modelling methods 
we used (PB, PIA, PA). Considering this, ROC-AUC is a suitable measure of performance as it 
assesses model discrimination based on the ability of the model to predict higher at presences 
sites than at absence sites regardless of the absolute predicted values, i.e., which cells of the 
landscape are more suitable to the species with respect of all other cells (Elith et al. 2006, 
Lawson et al. 2014). Ranking is then not only quantifiable but also a quantity of interest as we 
are interested on how well models identify the portions of the landscape most suitable for the 
greater glider. Additionally, we calculated a second extAUC using only evaluation records from 
Victoria and New South Wales (extAUC_south) because the evaluation dataset is deficient in 
Queensland (see Figure 3.1). All metrics were calculated with the R package ‘dismo’ version 1.1-
4 (Hijmans et al. 2017). 

When predicting across the landscape, models may be required to predict outside environments 
sampled by the fitting data. This is known as extrapolation (Elith et al. 2010).  Extrapolation was 
assessed for all models using ‘Multivariate Environmental Similarity Surfaces’ (MESS) maps (Elith 
et al. 2010), implemented through the ‘dismo’ package function ‘mess’. In each case, we 
compared environmental gradients sampled by the fitting datasets (including background points 
for PB models) with conditions across the whole region.  
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3.2.8 Qualitative analyses of spatial predictions 
To explore spatial patterns of predictors’ influence in Maxent distribution predictions under the 
different background sampling strategies, we created maps of limiting factors using the ‘limiting’ 
function of the R package ‘rmaxent’ (Baumgartner 2019). These maps show the variable that 
influences predictions the most on a pixel by pixel basis (Elith et al. 2010).  

A qualitative assessment of uncertainty in spatial predictions was performed by identifying the 
degree of agreement and disagreement among the predictions of the different models. This was 
done by subtracting standardized (scale 0 to 1) raster predictions in a pair-wise manner. 
Standardization was necessary because the different datasets (PB, PIA, PA) lead to different 
scaling of output. We also calculated Pearson pair-wise correlations and assessed spatial 
agreement of the cells with the top 5% predicted suitability values. Aiming to explore variables 
influence on model’s differences, we fitted non-spatial BRTs to differences of models in a pair-
wise manner. See Appendix 3.7.7 for details on model fitting and outputs.  

 

3.3 Results 
 

3.3.1 Presence-background models 
 

Evaluation metrics 

Across all maxent models, those fitted with default feature classes performed the best, followed 
by LQH, with LQ consistently ranked worst among the three complexity levels tested (see Table 
3.3). This was consistent in both intAUC and extAUC scores. From this point on we only 
considered models with the default feature classes. 

The ranking of the different background sampling methods differed substantially depending on 
the AUC metric considered. intAUC ranked random best, followed closely by bmodel; bfile had 
considerably lower values and tgb had the lowest. extAUC values displayed the opposite trend: 
tgb models achieved the highest scores and random the worse (Table 3.3). Evaluation in the 
southern half of the study region, where more data were available, also ranked tgb as the best 
model. 

There were pair-wise similarities in the evaluation metrics (and spatial predictions, see next 
section) of PB models. Random and bmodel performed similarly, as did bfile and tgb models. 
This likely arose from the fact that spatial patterns of background sampling were also similar 
within these pairs (see Discussion). 

The MESS maps produced for the different datasets modelled show that extrapolation was 
negligible in PB models (Figure 3.11 in Section 3.7.3). 

 

Spatial predictions 

The southern half of the study area comprises two of Australia’s main mountain regions, the 
Australian Alps and the Great Dividing Range. All models predicted high suitability in most forest 
areas along these mountain ranges (Figure 3.4). Differences exist in the relative suitability values 
predicted by the different models, but the general spatial pattern is quite similar. In contrast, 
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predictions varied considerably in the northern half of the study area. The landscape in this part 
of the study area is a mosaic of land transformed for agriculture, small forested patches and a 
few continuous mountainous regions west of this part of the study area in the Brigalow Belt 
South ecoregion. Random and bmodel models predicted considerably less suitability in the 
forested areas in this region, whereas bfile and tgb models predicted suitable habitat in many 
of the forest and woodlands patches within agricultural landscapes. Tgb predicted the highest 
values in the northern part of the study area (Figure 3.4).  

Extrapolation was only detected in the tgb and bfile models in the upper-western corner of the 
study area, in an area not predicted as highly suitable by these models (see Figure 3.11 in Section 
3.7.3). 

Table 3.3. Evaluation metrics for all models. ‘extAUC south’ column refers to the evaluation performed 
only with evaluation data from Victoria and New South Wales. Underlined models are the models used 
in further comparisons (see section 3.3.3). Highest scores for each metric for PB and PA models are 
noted in bold. In bold and underlined, scores for BRT_PIA, the best evaluated model on external data. 

 Model Feature 
classes 
allowed 

intAUC (sd) extAUC  extAUC south 

PB Random default 0.949 (0.01) 0.713 0.694 

LQH 0.947 (0.01) 0.703 0.684 

LQ 0.939 (0.01) 0.648 0.619 

Bmodel default 0.937 (0.01) 0.716 0.694 

LQH 0.934 (0.02) 0.703 0.683 

LQ 0.924 (0.01) 0.654 0.628 

Bfile default 0.845 (0.04) 0.74 0.731 

LQH 0.839 (0.03) 0.727 0.723 

LQ 0.818 (0.03) 0.686 0.684 

Tgb default 0.723 (0.04) 0.776 0.769 

LQH 0.723 (0.04) 0.773 0.766 

LQ 0.686 (0.04) 0.749 0.739 

PA BRT_PIA 0.806 (0.07) 0.838 0.832 

GLM_PIA 0.763 (0.08) 0.801 0.797 

BRT_PA 0.783 (0.08) 0.73 0.73 

GLM_PA 0.695 (0.09) 0.75 0.732 
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Figure 3.4. Spatial predictions of all final models. Upper panel shows spatial predictions for the four PB models. Lower panel shows predictions for the PA models. BRT_PA 
and GLM_PA are the models using only PA data, whereas BRT_PIA and GLM_PIA included the PIA data. 
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Variable importance and fitted response curves 
In Maxent models, we considered important those variables with more than 10% contribution 
or permutation importance (Table 3.4). The two variables identified as consistently important in 
all maxent models were mean_xveg and pp_annual. This is consistent with ecological knowledge 
on the greater glider: the species has a strong association with eucalypt forest (Harris and 
Maloney 2010, Lindenmayer et al. 2011), preference for larger contiguous patches of native 
vegetation (Youngentob et al. 2013) and the importance of water availability to keep water 
balance (Rübsamen et al. 1984, Foley et al. 1990, Kearney et al. 2010). Maps of limiting factors 
(Figure 3.13 in Appendix 3.7.4) also showed that pp_annual and mean_xveg have a large 
influence in the spatial predictions of PB models. See Appendix 3.7.4 for further details. 

The response curves of Maxent models (Figure 3.5) suggest that greater gliders have a marked 
preference for habitats with moderately high annual precipitation (in all PB models response 
increases pronouncedly after approx. 500 mm and reaches a high suitability asymptote at 
approx. 1000 mm); a consistent preference for native vegetation and areas with greener 
vegetation (suitability increases almost linearly with mean proportion of surrounding native 
vegetation, see Figure 3.5; suitability increases with increasing values of fPAR_mean, see all  
response curves in Appendix 3.7.6) and preference for habitats with moderate temperatures 
during the hottest period of the year (mean temperature of warmest quarter around 18 C) 
according to random and bmodel models. Bfile and tgb models estimate a second peak of 
suitability at higher temperatures.  

Table 3.4. Variable importance for PB models (PC = percentage contribution, PI = permutation 
importance). The variables that had a value of at least 10 in either metric were considered relevant and 
are highlighted in bold.  

  Random bmodel bfile tgb 
  PC PI PC PI PC PI PC PI 
c_height 36.8 0.8 36.6 0.8 11.1 1.9 0 0.1 

fPAR_mean 12.8 7.3 6.1 6.2 5.4 11.6 4.2 7.8 

fPAR_var 13.5 0.3 19.3 0.4 2.6 2 0.6 0.8 

GPP_var 0.5 3.4 0.6 2.7 0.8 3 0.6 0.6 

mean_EDI 0.5 0.6 1.2 0.6 4.6 1 0.3 0.1 

mean_xveg 10.1 24.3 11.3 23.2 56.4 39.7 30.3 6.6 

pp_annual 4.2 30.9 2.8 31.7 4.1 13.9 13.7 16.5 

pp_driest 1.1 7.4 0.7 8.4 1.8 5.1 3.9 6.7 

pp_season 1.7 6.2 1 5.8 2.3 3.9 7.4 9.1 

temp_season 5.1 9 5.9 9.8 2.6 5.3 24.8 36.2 

temp_warm 9.5 8.3 10.4 8.6 6.1 8.8 12.4 14.5 

tsf 4 1.6 4.3 1.8 2.3 3.9 1.7 1.1 
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PB models selected for further analyses  

For further analyses of models’ differences and the probable reasons behind these, we decided 
to consider only the models that displayed consistent differences. Out of the two different 
spatial patterns identified by PB models (the one for random and bmodel and the one for tgb 
and bfile) we picked one out of the similar models. Out of the random – bmodel pair, we chose 
bmodel since it has higher extAUC score and because we think that, in a PB modelling 
framework, a model with some degree of bias correction is preferred. Out of the tgb - bfile pair 
we opted to choose bfile model.  Although tgb had higher extAUC values, we considered bfile 
prediction to be more conservative compared to tgb in terms of the unexpected large areas of 
high suitability predicted at the less sampled areas in northern Queensland, according to expert 
evaluation of maps (Teresa Eyre, personal communication). 
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Figure 3.5. Response curves of most important variables for the different Maxent models fitted with all feature classes. In each plot, all other variables are kept at their mean value. Row 
labels indicate the variable’s response plotted, and column labels indicate which of the four Maxent models is plotted. The scale on the Y axis corresponds to the relative suitability estimated 
by Maxent. X-axis displays predictors values in their original scale.
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3.3.2 Presence-absence approaches 
 

Evaluation metrics 

Both intAUC and extAUC (see Table 3.3) show that models with inferred absences (PIA) had 
better performance than PA models and that BRTs performed better than GLMs. According to 
extAUC values, PIA models performed better than both PA and PB. BRT_PIA performed best of 
all models in extAUC. Figure 3.7 shows a larger prediction of this model. 

Models fitted using only the explicit PA data (which contain 2323 presences and 1300 absences, 
Table 3.1), GLM_PA and BRT_PA, had poorer discrimination ability than the models fitted with 
the PIA data (6863 presences and 2666 absences/inferred absences), GLM_PIA and BRT_PIA. PA 
models also yielded predictions with lesser agreement with existing knowledge of greater glider 
distribution range (see Figure 3.4); these PA models were not considered in any further analysis.  

In PA models, large areas of extrapolation were detected in the north-western region of the 
study area. In PIA models, smaller areas of minor extrapolation were detected in the same 
region. In PIA models, most of the extrapolation area was driven by temp_warm. See Appendix 
3.7.3 for details on extrapolation detected. 

 

Spatial predictions 

The southern part of the PIA predictions resembles the general pattern of the rest of the models: 
most mountainous areas are predicted as having a high probability of greater glider presence. 
Yet, some differences exist: for example, in southeastern NSW, GLM_PIA predicted most 
forested patches along this area are suitable, whereas BRT_PIA did not predict all forest along 
this region are suitable and, on the contrary predicted some patches of high suitability in areas 
that are cleared from forest vegetation, north of the South Easter Highlands IBRA region (Oberon 
and Orange  subregions).  

In the northern half of the study area, GLM_PIA and BRT_PIA displayed similar spatial patterns 
(Figure 3.4), predicting large areas of high suitability in the forested regions in the northern end 
of the study area. The probability values, however, differed between the two predictions: 
GLM_PIA predicted a mainly continuous area of high suitability across this region, whereas 
BRT_PIA predicted a highly patchy suitability pattern, with highest values in the north-western 
section. Some differences are also evident across central Queensland, with a higher portion of 
forested patches predicted as suitable by BRTs. 

 

Variable importance and fitted response curves 

Both BRT_PIA and GLM_PIA are mainly driven by climatic variables: temp_season, temp_warm, 
pp_season and pp_annual accounted for ~ 60 % of variables’ contribution in BRT_PIA and were 
also the four most important variables in GLM_PIA. Even though response curves from BRTs are 
always noisier than the smoothed curves of simpler models like GLMs, the shapes of their curves 
displayed similar trends. The response to these variables (Figure 3.6) indicate that greater gliders 
prefer sites with higher temperature variability across the year (temp_season response), where 
temperature of the warmest months of the year peaks at around 18 C (temp_warm response) 
and annual precipitation is approximately at the median values across the study area (~1500 
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mm, pp_annual response). These same variables also contributed to the strongest interactions 
(Table 3.5). (See Appendix 3.7.5 for plots and additional details on variables’ interactions in BRT). 
This is consistent with the expected influence of climate on habitat suitability for the greater 
glider, i.e., that the species seem to prefer moister forests (Harris and Maloney 2010) and that 
higher temperature and lower water availability impact gliders ability to keep water balance and 
thermoregulate (Rübsamen et al. 1984, Foley et al. 1990). See Appendix 3.7.6 for the response 
curves of the rest of the variables. 
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Figure 3.6. Fitted responses for the four most important variables in BRT_PIA and GLM_PIA. Y axis displays probability of greater glider presence, X axis displays predictors 
values in their original scale. Shaded regions in the GLM_PIA curves represent 95 percent confidence intervals.



64 
 

 
Table 3.5. Variables contribution for BRT_PIA and GLM_PIA. In the first column variables are ordered 
according to their contribution to the BRT model. The second column shows relative contribution values 
to BRT_PIA. Total contribution is scaled to 100. The third column shows a comparative ranking of 
variables’ importance in GLM_PIA according to their average contribution based on the dominance 
analysis; contribution values are shown in the fourth column. The fifth column indicates the variables that 
had the strongest interaction with the variable in column 1. The last column displays the size of the fitted 
interactions; the bigger the number, the stronger the interaction. 

Variable 
Relative 
contribution 
in BRT 

Ranking in 
GLM 

McFadden index 
average 
contribution in 
GLM 

Strongest 
interaction in 
BRT 

Interaction 
size in BRT  

temp_season 19.2 1 0.063 

temp_warm 548.84 

pp_annual 380.95 

fPAR_mean 136.26 

temp_warm 18.2 2 0.039 temp_season 548.84 

pp_season 11.9 4 0.018 
pp_driest 328.24 

temp_season 186.19 

pp_annual 11.4 3 0.021 temp_warm 96.76 

tsf 8.2 9 0.004 - - 

fPAR_mean 7.7 6 0.013 fPAR_var 102.98 

pp_driest 6.8 10 0.004 pp_season 328.24 

fPAR_var 4.7 7 0.01 fPAR_mean 102.98 

mean_EDI 3.9 8 0.006 - - 

GPP_var 3.5 11 0.004 - - 

c_height 2.7 12 0.003 - - 

mean_xveg 1.9 5 0.018 - - 
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3.3.3 Agreement and model comparison  
Whilst it was clear from the extAUC values that the PIA models outperformed PB models, we 
here compare them in more detail, aiming to shed light on the major differences.  

As mentioned elsewhere, differences in predicted patterns of habitat suitability were more 
pronounced in the northern half of the study region (Figure 3.8), which is also the region with 
the least occurrence data. Evaluation data are scarce in this region, meaning that differences 
between models in these areas would not be clearly assessed through the evaluation dataset. 
As could be expected, correlation was higher between the two selected PB models (bmodel and 
bfile; r = 0.75) than between either of these and BRT_PIA. Bmodel had slightly higher correlation 
to BRT_PIA (r = 0.6), compared to bfile (r = 0.59; Figure 3.8 right panel). In the southern half of 
the study areas (states of Victoria and New South Wales, see Figure 3.7), model predictions were 
more highly correlated. Southern half of bmodel and bfile predictions were highly correlated (r 
= 0.97). Correlation between BRT_PIA and bmodel, and BRT_PIA and bfile increased from 0.60 
to 0.72 and from 0.59 to 0.71, respectively. 

To assess whether model differences would influence a common management decision (i.e., 
identifying most suitable habitat for protection), we also compared the location of cells with the 
top 5% predicted values between selected models (Figure 3.9). Visually, the largest area of 
agreement among the three compared models is in central New South Wales. Slight agreement 
existed between BRT_PIA and PB models in the southern half of the study but only bfile had 
minor agreement with BRT_PIA in the northern half of the study area. There was less than 25% 
of agreement of retained cells with top 5 % predicted values between selected PB models and 
BRT_PIA (24% for bmodel, 23% for bfile). Bmodel and bfile had the highest agreement (27%), 
although they agree almost exclusively in the southern half. 

The exploratory BRTs fitted to the differences in predictions between selected models provided 
some hints about the variables driving differences. We fitted models to the differences across 
the whole study area and to differences in the region where these were most prominent: the 
state of Queensland. In both cases, the most relevant variables driving the difference were 
related to seasonal and extreme values of precipitation and temperature. These results, 
nevertheless, are difficult to interpret from a landscape perspective, as these exploratory BRTs 
are not spatially explicit and variables’ influence across the landscape is not homogenous. For 
further details about possible drivers of models’ differences see Appendix 3.7.7.
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Figure 3.7. Predictions of selected models in the southern half of the study area and prediction of top extAUC ranked model. Evaluation metrics are shown below each 
prediction. Color scale represents relative suitability in bmodel and bfile predictions and probability of occurrence in BRT_PIA predictions. On the bottom of the figure, pair-
wise correlation matrix for predictions of selected models across the greater glider’s entire range (top panel of matrix) and in the southern half of the study area (bottom 
panel of matrix). 
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Figure 3.8.  Spatial differences in predicted suitability among selected models.  Top right corner of each panel shows the correlation for each pair of predictions compared. 
Evaluation blocks are plotted over differences between predictions (same blocks as displayed in Figure 3.1). 
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Figure 3.9. Visual comparisons of top 5% habitat predicted by selected models. In the top and middle 
rows, left and central panels show the top 5% predicted values of selected PB models and BRT_PIA, 
respectively Right panels show the top 5% values as well as areas of agreement between compared 
predictions.  Bottom row shows the comparison for the selected PB models. 
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3.4 Discussion 
The core methodological objective in this study was to identify best strategy for modelling a 
widely distributed species with patchy and potentially biased occurrence data. Modelling widely 
distributed species often involves a trade-off between data quality and quantity: higher quality 
but lower availability of PA data against lower quality but usually greater coverage of PO data. 
The available data for the greater glider and related species allowed us to test strategies to 
reduce sampling bias in PO data as well as to supplement the existing PA data with absences 
inferred from survey data. We found that models fitted with inferred absences (BRT_PIA and 
GLM_PIA) had superior performance than PB models, even when PB data were treated for bias-
correction. As a reminder, our PIA data had approximately the same number of presence records 
as the PB models (Table 3.1) but use of absence-like data (true absences and inferred absences) 
seems to have provided better information to the models, than use of background data. 
Approaches for inferring absences have recently begun to be used, often with good results 
(Huang and Frimpong 2015, Bradter et al. 2018). 

The strategies we used rely on the high availability of occurrence data in eastern Australia, which 
allowed us to use a suite of background sampling strategies, improving performance of PB 
models. More importantly, it also allowed us to fit improved presence-absence models (i.e., PIA 
models) in a region where, at first sight, PA data had such large gaps that a reliable PA model 
might have been not possible. The PIA models we fitted were consistently identified as better 
than PB models. This is not surprising, given that higher performance of PA models is commonly 
(although not always, see for example Shabani et al. (2016) emphasized in the literature (Elith 
et al. 2006, Elith and Graham 2009, Guillera-Arroita et al. 2015a). Therefore, our results suggest 
that, when data allows, it is better to aim for a PA modelling method through a careful selection 
of the available data. In the present case, we only had sufficient coverage once PIA data were 
incorporated. In regions where biodiversity data are less available, other authors have come up 
with proposals for bias correction suited to their particular data circumstances (El-Gabbas and 
Dormann 2018). 

The importance of having sufficient data coverage was evident from the higher performance of 
PIA models compared to PA models. We are aware, however, that eastern Australia is a region 
where the greater glider and the related species we used as supplementary data have been 
extensively sampled (although most data do not come from formal scientific datasets) (Gaiji et 
al. 2013, Yeates et al. 2014) and that implementing this method might not be feasible elsewhere. 
Inferring absences has proven useful in at least two other data-rich regions: Bradter et al. (2018) 
used inferred absences from selected reporters from a country-wide citizen-science database in 
Sweden, and found a PA model (a GLM) fitted with inferred absences more reliable (based on 
AUC evaluation) than other fitted models, including a PB model fitted with tgb; Huang & 
Frimpong (2015) modeled a metacommunity database of freshwater fishes from the USA 
inferring absences at places where focal species had consistently been non-detected; both PA 
models (a BRT and a lasso logistic-regression) outperformed a PB models with tgb in terms of 
cross-validated AUC and agreement with the species-environment relations estimated in 
previous studies.  

Our work presented an additional challenge: Bradter et al. (2018) could also fit a reliable 
systematic survey-data-only PA model against which to compare the rest of the models in a 
study area that is approx. 40% the size of ours, which allowed higher certainty in the 
comparisons made. In the present study, however, not enough reliable data were available to 
fit a highly accurate model against which to compare our alternative approaches.  
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Our attempt to perform an independent evaluation (extAUC herein) has some drawbacks: 
evaluation data were not completely independent and were not evenly distributed across the 
study area. These two aspects were problematic while comparing the different models as it is 
difficult to disentangle whether the inconsistencies in the ranking suggested by the two AUC 
metrics (intAUC and extAUC) are due to model performance or scarcity of evaluation data in the 
region with the most different predictions (Queensland). Restricting the evaluation to regions 
where sufficient evaluation data exist can provide estimates of reliability of the models in those 
particular regions (Victoria and New South Wales in this work) although this leaves the question 
of whether models should instead be fitted only where reliable data both for fitting and 
evaluation exists, particularly if the information is meant to be used for decision making 
(Rondinini et al. 2011a, El-Gabbas and Dormann 2018). Yet, a strength of our approach is that, 
by using spatial blocks rather than random selection of evaluation points, our evaluation data 
tended to be spatially separated from our fitting data, which is likely to provide more accurate 
measures of model performance (Roberts et al. 2017).While extAUC gave good guidance in 
regions of the study area where evaluation data has sufficient spread (southern half of the study 
area, see ‘extAUC south’ in Table 3.3), other approaches such as maps of predictions differences 
or experts’ opinion, need to be taken where few evaluation data exists. 

Our results also emphasize that cross-validated measures (such as intAUC) shouldn’t be used to 
compare models across datasets. Cross-validated measures are easier to obtain as they do not 
require gathering additional data or setting aside data when this is scarce. However, the 
obtained measures are not comparable across models fitted with different datasets and should 
not be used to select models (i.e., BRT_PIA, the best model based on extAUC would have been 
mistakenly ranked lower based on intAUC), hence the relevance of having an external, ideally 
independent and unbiased dataset. 

In the case of PB models, differences between models are directly attributable to the different 
locations of background sampling since the method (Maxent) and algorithm parameters (feature 
classes and regularization multiplier) remained the same. This was also supported by the higher 
similarity of the PB models that had more similar background sampling locations: evaluation 
metrics, response curves, spatial predictions and limiting factors (Figure 3.13 in Appendix 3.7.4) 
are more similar among random and bmodel and among bfile and tgb models. This is particularly 
evident for bfile and tgb, where both background samples represent estimates of sampling 
intensity along the study area, but tgb uses the exact target-group location whereas bfile uses a 
‘smoothed’ representation of sampling intensity (central and right panel in Figure 3.3). The 
sampling bias model used to obtain bmodel background points (left panel in Figure 3.3) suggests 
a spatial pattern of sampling bias towards the forested areas along the east margin of the study 
area (which resembles the obtained suitability prediction). This pattern is apparently not strong 
enough to drive a sufficiently different distribution of background points. Explaining the 
differences between PB and PA is more complicated as both input data and methods are 
different, making it more challenging to disentangle their combined effect (but see Appendix 
3.7.7 for an exploratory analysis of these differences). Although the prediction of the apparently 
best performing model (BRT_PIA) resembles the pattern predicted by bfile and tgb models 
(Figure 3.4), the former had better discrimination in terms of the predicted values at sites with 
evaluation data. 

PIA models were mainly driven by climate related variables, and PB models by vegetation. This 
might occur because of the way data was obtained. PIA models were fitted with survey data, 
which is commonly collected at sites expected to be inhabited by the species of interest (see for 
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example Lumsden et al. 2013). Due to the acknowledged association of the greater glider with 
native eucalypt forests, most surveys were likely conducted in native eucalypt forests, 
weakening the vegetation-driven response signal in these models. PB models, on the other 
hand, were fitted with presence data collected incidentally, therefore not so strongly biased 
towards sites with more suitable vegetation conditions.  

Predictor variables were chosen according to existing knowledge on the ecology and physiology 
of the greater glider and variables’ correlation was dealt with. The response curves for the most 
important variables in the different models displayed responses that broadly agree with 
knowledge on greater glider ecology and habitat preferences (Figures 3.5 and 3.6). However, it 
was surprising that time since fire, given its expected relevance on habitat suitability for the 
greater glider (Lindenmayer et al. 2013, Berry et al. 2015), was not considered an important 
variable in any model and showed a mainly flat response in all cases. In addition, a temporal 
matching among all variables and between variables and occurrence records was not possible. 
Whereas this was done for the climatic variables and time since fire, remotely sensed variables 
such as those related to foliage quality were not available in a temporal frame as wide as that 
of climatic variables and selected occurrence records. A noisy signal could then be expected 
from older records in areas which do not have suitable vegetation conditions anymore. 
Nevertheless, we analyzed the 2000-2008 land cover type (Lymburner et al. 2010) for all 
occurrence records and found that the percentage of records in likely unsuitable land cover 
types (e.g. herbaceous vegetation, woody shrubs or cleared land) was negligible. The 
unexpected low importance of time since fire in our models (given the broad acceptance that 
bushfires affect greater glider habitat) could arise from the sources of fire history we used. These 
were a mix of wildfires and planned burns, not completely distinguishable from each other, so 
the way we created this variable might not represent well enough the effect of fire on greater 
gliders.  

The modelling methods used herein assume perfect detection of the greater glider. The issue of 
imperfect detection in SDMs is increasingly acknowledged in the literature (Kéry et al. 2010, 
Lahoz-Monfort et al. 2014). Although methods to incorporate imperfect detection into SDMs 
frameworks have been developed, these require data that are informative about the detection 
process across the study area. These data are rarely available at broad geographic extents as the 
one used herein. In addition, assessing the reliability of such a model would be challenging as 
environmental conditions correlated with detection (such as vegetation or weather conditions) 
and differences in the observation processes (different observers or different equipment used) 
may vary across space.  Yet, previous spotlighting studies at the local level (southeastern NSW 
and central Victoria), suggest that detection probability for the greater glider is low, commonly 
less than 50% (Lindenmayer et al. 2001, Wintle et al. 2005, Lumsden et al. 2013). Among the 
survey datasets we used, very few (and spatially clustered) had information on sampling effort 
and this was not homogenous (i.e. in some cases it was time until first detection, in some others 
distance of the transect covered and in fewer of them, repeated visits to sites). Imperfect 
detection of greater glider implies that some of the absences used in PA models might be false 
negatives and that imperfect detection might contribute to spatial/environmental bias in the 
presence records used in PB models (i.e. some presences have been missed in some 
locations/environments). Nevertheless, despite imperfect detection affecting the actual 
estimated of occupancy probability of PA models, its effect is less pervasive when the objective 
of the models is to deliver a spatial ranking of habitat suitability unless detection is strongly 
correlated with the environment (Lahoz-Monfort et al. 2014). 
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In terms of the distribution of highly suitable habitat, BRT_PIA offered the most accurate spatial 
prediction. This model predicts that most mountainous regions along the eastern margin of 
Victoria and New South Wales have a high probability of being occupied by the greater glider. 
Another region of high occupancy probability is predicted in northern Queensland. These two 
regions are separated by an extensive area of smaller patches of high suitability along 
Queensland eastern margin (Figures 3.4 and 3.9); this apparent gap of suitable habitat is 
emphasized at the top 5% predicted cells (Figure 3.10). Northern Queensland was a problematic 
region in terms of prediction interpretability. Predictions exhibited the highest discrepancies in 
this region (Figures 3.4, 3.8 and 3.9) and spatial patterns of habitat suitability predicted by some 
of the models were quite unexpected according to previous models of the greater glider 
(Kearney et al. 2010, Guillera-Arroita et al. 2015b), and to visual inspection of the predictions by 
experienced ecologists (Teresa Eyre, Lindy Lumsden, personal communication). It is difficult to 
disentangle the reason behind these differences, as three processes might be acting 
simultaneously: 1) the biased distribution of occurrence data; 2) the presence of a northern 
subspecies for which differences in habitat preference have been studied (Comport et al. 1996), 
but for which we have no certainty on their identification in many of the records used (see 
reasons for consideration of a single taxonomic unit in methods section); and 3) the differences 
in modelling methods.  

To our knowledge, few information of the ecology of the species in the most northern section 
of the greater glider’s distribution exists: Comport et el. (1996) reports high population densities 
of P. volans minor (northern subspecies) but, notably, points out that “there was no apparent 
shortage of hollow trees in the study area”. This situation has likely changed, but the variables 
used in our models might not capture a decline in this key habitat feature, consequently 
predicting high habitat suitability in an area where current knowledge of the greater glider 
distribution does not support such predictions. Also, Kearney et al. (2010) estimated that water 
balance is limiting the species distribution in northern Queensland (in accordance with the 
limiting factor maps of PB models. See Appendix 3.7.4). Predictions in this region were 
particularly unexpected for the tgb model. This method is often demonstrated to be effective in 
correcting sampling bias (Phillips et al. 2009, Fithian et al. 2015), but other works have reported 
inconsistent findings, commonly displaying a trend to increased prediction in the less sampled 
regions of the study areas (Bystriakova et al. 2012, Stolar and Nielsen 2015, Ranc et al. 2017). 
Predictions in these areas are difficult to evaluate without independent data, a commonly faced 
situation. Although we obtained a partially independent evaluation dataset, it was deficient in 
this problematic region. When evaluating PB models in the region where sufficient evaluation 
data exist (the states of Victoria and New South Wales, see ‘extAUC south’ column in Table 3.3), 
tgb are ranked the best of all PB models. This is consistent with the observed trend that tgb is 
an efficient method to correct sampling bias in regions where enough data exist to accurately 
characterize sampling effort. This suggests that the high suitability predicted by tgb, GLM_PIA 
and GLM_PA in the north-most region of the study area should be interpreted cautiously. In PA 
and PIA models, areas of extrapolation were detected in this region (see Appendix 3.7.3). 
Although of small magnitude, these reinforce a cautious interpretation. 

Conservation planning requires information on species distribution as a basis to decide where 
to implement conservation actions (Rondinini et al. 2006, 2011b, Boitani et al. 2011). Accurate 
identification of the most suitable habitat increases the chances of success of any conservation 
action (Rondinini et al. 2006, 2011a, Guisan et al. 2013). In this study, we show how different 
modelling methods deliver divergent predictions of habitat suitability. Even at the top 5 % 
suitability values, there was only one large area of agreement (central New South Wales) 
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between selected PB models and BRT_PIA (Figure 3.9); along the rest of the study area the 
estimation of the most suitable habitat for the greater glider differed substantially depending 
on modelling method. 

Ideally, using only reliable predictions would be the most secure alternative, but as these are 
challenging to obtain and to identify with imperfect evaluation data, describing and 
acknowledging uncertainties is important. Moreover, the usefulness of the obtained predictions 
will be dependent on their intended use. Firstly, the fact that differences between predictions 
increased considerably at the top 5% predicted values indicate that if managers were looking to 
protect the most suitable habitat, differences between the models are more relevant and larger 
uncertainty permeates their use as information inputs. Wilson et al. (2005) show how different 
uses of SDMs outputs lead to different configurations of suggested protected areas. Secondly, 
the spatial scale and location where conservation actions would take place largely influences 
where predictions are useful sources of information. Predictions in northern Queensland seem 
unreliable (see above) so the presented models would not be useful in this region unless 
managers were willing to accept large uncertainties. This is unlikely, given that the possibility of 
models delivering wrong distribution estimations due to data biases or insufficient data has been 
identified as a reason why managers will not use SDMs when planning at large spatial scales 
(Tulloch et al. 2016). However, in other regions where predictions agree on identifying suitable 
habitat and sufficient evaluation data exists, such as north-eastern New South Wales, models 
could be used to inform conservation with higher certainty. In a broader context, this 
emphasizes that the decision context play a large role in determining SDMs usefulness (Wilson 
et al. 2005, Tulloch et al. 2016, Villero et al. 2017) and that acknowledging and spatially 
displaying uncertainty is a necessary complement of SDMs if they are to be used in conservation 
planning (Tulloch et al. 2016).  

Conservation interest in the greater glider is largely driven by the recently observed decline of 
the species across most of its range (Lindenmayer et al. 2011, Threatened Species Scientific 
Committee 2016). Both the species’ and environmental data used to fit these models span a 
large temporal frame and therefore may not account for the processes likely driving this decline. 
Nevertheless, the estimated importance of limiting climatic variables reinforces the hypothesis 
that these might be partially driving them. Other works, like Woinarski et al. (2006) suggest that 
vegetation clearance has had a negative effect in greater gliders decline in central Queensland. 
This is not contradictory, given that fauna declines are likely driven by synergic effects of 
multiple threats and environmental factors (McKenzie et al. 2007). 

 

3.5 Conclusion 
In the present work, we show that methodological decisions related to occurrence data 
treatment, bias correction and selection of modelling approach clearly impact model 
performance and, consequently, the obtained predictions. Bias-corrected PB models showed 
superior performance than uncorrected models, but it was clear that presence-absence 
methods (fitted with PIA data) outperformed all PB models. In this sense, our results provide 
additional evidence of the superior performance of PA methods, even when compared to bias-
corrected PB models (Brotons et al. 2004, Stolar and Nielsen 2015), and the utility of ancillary 
occurrence data from other species to infer absences and fit PA models (Huang and Frimpong 
2015, Bradter et al. 2018). These approaches, although following the general idea of digging 
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deeper into available data, are case-specific and depend on the characteristics of the data 
available at different regions. 

From a management perspective this emphasizes the importance of understanding modelling 
methods’ strengths and weaknesses (for example, a simpler GLM could be preferred if the 
objective is to describe general species-environment relationships, whereas a BRT could be 
preferred if predictive performance is the priority). In addition, qualitative analyses of models’ 
differences such as identification of areas of agreement and explicit acknowledgment of areas 
where models could not be reliably evaluated (northern Queensland in this case) provide 
potential decision makers with enough information to decide whether models are useful or not 
for their particular applications and regions of interest. A comparison of whole-range models to 
models fitted at a local scale in regions of conservation or management interest could provide 
further information on how useful whole-range models are to inform decisions at the local level.  
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3.7 Appendices 
 

3.7.1 Time since fire and mean proportion of native vegetation variables creation  
A variable representing ‘time since fire’ (TSF) was created from the polygons of fire history 
obtained from the data repositories of the States of Victoria (Department of Environment, Land, 
Water and Planning 2018), New South Wales (Office of Environment and Heritage 2018) and 
Queensland (Department of Environment and Science 2016). First, polygons of prescribed burns 
were excluded, as it is higher intensity wildfires which can affect the canopies where the greater 
glider dens and feeds. Then, for each record of presence, absence or inferred absence, we 
extracted the year of the most recent previous fire. The difference (in years) between the year 
of the records and the year of the previous fire was the value of time since fire used to fit the 
models.  For records in locations where there was no previous fire recorded, the TSF value was 
set to 117, which corresponds to the oldest registered fire in the study area. TSF values ranged 
from 1 to 117. 

Background points are just samples of the landscape and have no “year” as such. To calculate 
time since fire for the different sets of background points, we first had to assign them a year. In 
order to account for the uneven spatial and temporal survey effort over the study area we aimed 
to assign years to background points in the same proportion as the years of occurrence records. 
To do this, we separated all points (occurrences, random background points and bias-model 
points) into ten spatial blocks arranged as rows of the same width latitudinally spanning the 
study area. We extracted the years of the occurrence records of each spatial block and took 
random samples with replacement of these years to assign them to background points (random 
and bias-model points) within the same block. Once all background points had a year, the 
process to assign TSF was the same as for occurrence records. We also generated a layer 
summarizing the number of years since the most recent fire up to the then current time period 
(2019), which we used to make predictions of current glider distributions. Some records were 
assigned a TSF value of 0 as they coincided with the oldest registered fire at the location. These 
records were excluded because it was unclear whether these were obtained before or after the 
fire event in that year (due to lack of exact dates). 150 greater glider records were discarded for 
this reason. 

Mean proportion of native vegetation was produced from of a binary raster of 
presence/absence of native vegetation with a 250m resolution (Penman et al. 2015). Values 
were obtained as the mean value in a 1 km radius. 
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3.7.2 Highly correlated variables  
Where variables in the candidate set were highly correlated (r > 0.8), we retained variables 
considered more relevant or with greater original spatial resolution. Figure 3.10 shows pairwise 
correlations of retained variables. The discarded variables were: 

• Mean gross primary productivity (Mean amount of carbon fixed during photosynthesis by 
all producers in an ecosystem. Data aggregated over period 2000 - 2007): Correlated with 
mean fraction of photosynthetically active radiation (fPAR_mean, 0.96). fPAR_mean was 
preferred as we thought it better represents vegetation greenness throughout the year.  

• Mean temperature (The mean of all the monthly mean temperatures. Long term climate 
data for the period 1976-2005): Correlated with mean temperature of the warmest quarter 
(0.97). we decided to prioritize variables that express limiting conditions of higher 
temperature, which have a more direct effect on water balance and thermoregulation 
(Rübsamen et al. 1984, Kearney et al. 2010).  

• Mean temperature of the coldest quarter (Mean temperature of the warmest three months 
of the year. Long term climate data for the period 1976-2005): Correlated with mean 
temperatures of the warmest quarter (0.88) and precipitation seasonality (0.85). High 
temperatures and changes in precipitation are more likely a limiting factor, so these 
variables were prioritized instead of mean temperature of coldest quarter.  

• Mean drought run (Mean maximum run of dry days. Long term climate data for the period 
1977-2012): Correlated with precipitation of the driest quarter (0.84) and precipitation 
seasonality (0.86). Mean drought run has an original resolution of 1000 m, while the two 
other precipitation variables were generated at a higher resolution (9 arcseg, ~ 271 m), so 
higher resolution variables were prioritized. 
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Figure 3.10. Correlation matrix of the final set of variables used to fit all models. Correlation coefficients are displayed on the right section of the figure; left section shows 
pair-wise dispersion of values; central diagonal of the matrix shows histograms of variables’ values.
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3.7.3 Extrapolation  
As a means to explore the environmental representativeness of the different datasets used, we 
generated ‘Multivariate Environmental Similarity Surfaces’ (MESS) maps (Elith et al. 2010) for all 
model fitting datasets as well as for the evaluation dataset, i.e., four presence-background sets 
(random, bmodel, bfile and tgb), explicit presence-absence dataset (PA), presence-inferred 
absence dataset (PIA) and the presence-inferred absence evaluation dataset (PIA_eval). In the 
later case, MESS maps do not represent extrapolation, but areas in the landscape with 
environmental conditions beyond the gradients sampled by the evaluation data, indicating that 
the external evaluation is less reliable un such areas.  We created these maps using the ‘mess’ 
function in the R (R Foundation for Statistical Computing 2018) package ‘dismo’ version 1.1-4 
(Hijmans et al. 2017).  

In the presence-background datasets, minor extrapolation was detected only in a small area in 
the north- western corner of the study area of tgb and bfile (see top row in Figure 3.11), in a 
region where neither predicted high suitability. In random and bmodel datasets, extrapolation 
is marginal and nearly undetectable. 

In PA and PIA datasets, larger areas of extrapolation were detected in the north-western region 
of the study area, especially for the PA dataset. The extent of these areas was mainly caused by 
the variables fPAR_mean, pp_driest and pp_annual in the PA dataset and by temp_warm, 
pp_driest and fPAR_mean in the PIA dataset. In the evaluation dataset the extrapolation pattern 
detected is very similar as in PIA and the variables with the largest extrapolation are the same 
(results not shown). 

Temp_warm is one of the most important variables in BRT_PIA, so we next analyze its 
extrapolation: temp_warm values sampled by the PIA dataset range from 11.6 to 28 degrees C, 
whereas across the study area values range from 9.3 to 30.8 degrees C, which means that the 
models are forced to extrapolate across approximately two degrees C in both ends of the fitted 
responses. The response curve of temp_warm (Figure 3.6 in main text) shows that moderate 
presence probability (~ 0.5) is predicted in the lower end of temp_warm, at values where the 
response was forced to extrapolate (i.e., below ~ 11 degrees C). At the higher end, extrapolation 
was forced (i.e., after ~28 degrees C) at regions where predicted probability is lower (< 0.4). 
Figure 3.12 shows spatial extrapolation of temp_warm over BRT_PIA prediction 

Figure 3.11 shows the areas where extrapolation was detected in the different datasets. 
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Figure 3.11. MESS maps for all model fitting datasets overlapped to models’ predictions. Regions were extrapolation was detected are highlighted in orange color; lower 
(more negative) values indicate higher dissimilarity, i.e., higher extrapolation
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Figure 3.12. Extent of extrapolation driven by temp_warm over BRT_PIA prediction. Darker red color 
indicates higher extrapolation. Extrapolation values are scaled for each mess map, so extrapolation color 
in this map is not comparable to the mess maps in Figure 3.11. 
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3.7.4 Limiting factors of PB models 
Limiting factor maps show the variable that influences Maxent models predictions the most on 
a cell by cell basis. This is determined by changing, at each cell of the prediction, the value of 
each variable to its mean. The variable that drove the largest change in the cell’s predicted value 
when changing it to its mean, is the limiting factor (Elith et al. 2010). We created limiting factor 
maps for the four different PB models using the ‘limiting’ function of the R package ‘rmaxent’ 
(Baumgartner 2019). 

Limiting factors maps (Figure 3.13) indicate that the variables driving predicted suitability along 
the landscape differ across regions and between models. These maps suggest that low habitat 
suitability in western parts of the study area are largely driven by low values of annual 
precipitation (based on visual inspection of annual precipitation values and response curve to 
this variable). In areas of higher suitability, and along most of the east margin of the study area, 
annual precipitation has a more minor role.  

Mean proportion of surrounding native vegetation (mean_xveg), also an important variable 
(based on percentage contribution and permutation importance, Table 3.4 in main text), has a 
spatially patchy importance along wide areas of the predictions, although over a lesser extent in 
tgb. Similarly to annual precipitation, mean_xveg is a limiting factor in areas of low suitability 
and low values of mean_xveg. This may indicate certain ‘threshold’ of native vegetation required 
(and precipitation) which, once surpassed, other variables are more important in dictating the 
predicted value.    

Mean temperature of the warmest quarter (temp_warm) has a marked influence along most of 
the north-eastern margin of the study area in random and bmodel, whereas the northern end is 
limited by lower values of temperature seasonality (temp_season) and higher values of 
precipitation seasonality (pp_season). 

In tgb and bfile models, temp_warm is replaced as a limiting factor by mean fraction of 
photosynthetically active radiation (fPAR_mean) in bfile and, to a lesser extent in tgb, where 
temp_season is the limiting factor. In the north-western end of the study area, pp_season is the 
limiting factor in these two models. 
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Figure 3.13. Maps of most limiting factor for the four PB models.
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3.7.5 Interactions in BRT 
BRTs automatically fit interactions based on the tree complexity (tc) allowed. We used a tc of 5, 
allowing to fit complex interactions among predictor variables. Even though is difficult to 
interpret the effect of these interactions in the spatial predictions, as the visualization tools are 
not spatially explicit, plots of interactions show their effect on fitted suitability values. We tested 
pairwise interactions. The strongest interactions were among climatic variables (see Table 3.5 in 
main text).  

Temp_season was the most important variable for BRT_PIA and its interactions with other 
climatic variables provide some insight into the climatic preferences estimated for the greater 
glider. This variable has a narrow values range (0.71 to 2.11) but seems the greater glider prefers 
sites with moderate values of temp_warm, except at low values of temp_season (panel a in 
Figure 3.14) and where pp_annual is high but doesn’t exceed 2000 mm (panel b in figure 3.14). 
The interaction between pp_season and pp_driest (right plot in figure 3.14) shows high 
probability values along most of these variable’s range excepting areas where both variables are 
at their lower values. 

Highest temp_season and pp_season values occur on the eastern margin of the study area, 
whereas mid values of temp_warm occur in the southern half of the study area.  
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Figure 3.14. 3D plots of the three most important fitted interactions by the BRT. 
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3.7.6 Response curves of all variables 
This appendix contains all response curves for all Maxent models and selected PIA models. This 
is a total of 48 curves for maxent models (12 variables for 4 different maxent models), 12 for 
GLM_PIA and 12 for BRT_PIA. In all cases, X axes indicate response variable values and Y axes 
indicate the fitted response (relative suitability for Maxent models and probability of presence 
for GLM_PIA and BRT_PIA). In all cases, curves for each variable are plotted while all other are 
at their mean value 

Maxent curves correspond to models fitted with all feature classes, and were created using the 
R package ‘dismo’ version 1.1-4 (Hijmans et al. 2017), with all other variables set at their mean 
value. Row labels indicate the variable’s response plotted, and column labels indicate which of 
the four Maxent models is plotted. Name of variable plotted is displayed on the left side of the 
Maxent curves; Y axes values correspond to fitted response values. 

GLM_PIA curves use the higher-order terms in backwards selected models (i.e., the higher 
polynomial retained in each response) and were created using the R package ‘effects’ version 
4.1.1 (Fox 2003). Blue shading around responses correspond to 95% confidence intervals.  

BRT_PIA partial dependence plots were created using the R package ‘gbm’ version 2.1.5 
(Greenwell et al. 2019). Percentages next to variables names indicate their relative contribution. 



91 
 

Response curves of Maxent models 
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Response curves of GLM_PIA 
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Response curves of BRT_PIA 
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3.7.7 BRT exploring differences between models 
To understand variables’ influence on differences between selected models (bmodel, bfile and 
BRT_PIA) we explored correlates of the differences between pairs of predictions. We subtracted 
the predictions from two different models and sampled 100000 points of the resulting raster. 
The values at the sampled points were taken as the response variable in a BRT model, and all 
predictor variables as well as other variables related to bias (distance to roads, states and 
landcover) were taken as explanatory variables. Gaussian family error distribution, tree 
complexity of 1 (to avoid fitting interactions and explore the effect of variables individually), 
learning rate of 0.2 and bag fraction of 0.75 were used to fit this model. We did this for the whole 
study area and for the region where the biggest differences were observed, the state of 
Queensland. BRTs were fitted using the R package ‘gbm’ version 2.1.5 (Greenwell et al. 2019) 
and the additional gbm.step functions of Elith et al. (2008).  

These models had good explanatory power, particularly in Queensland (% deviance explained 
ranging from 62 to 76% across whole study area and 71 to 83% in Queensland). Figure 3.15 
shows the relative contribution of the different variables as well as percentage deviance 
explained for each BRT fitted to models’ differences.  

Mean temperature of warmest quarter (temp_warm) and mean proportion of surrounding 
native vegetation (mean_xveg) had a strong influence in the differences between bmodel and 
bfile models across the entire study area. In Queensland, mean_xveg contributed the most to 
explain the difference between these models’ predictions. (Figure 3.15). Their fitted responses 
indicate that higher suitability was predicted in bfile with increasing values of these two 
variables, both across the whole study area and, more markedly, in Queensland (Figure 3.16). 
Precipitation of the driest quarter (pp_driest), particularly important to explain differences in 
Queensland, shows that at low values of pp_driest, larger differences between bmodel and bfile 
existed, but after approximately 200 mm, models reached agreement.  

The differences between bmodel and BRT_PIA were mainly driven by precipitation seasonality 
(pp_season) (Figure 3.15), variance of fraction of photosynthetically active radiation (fPAR_var), 
temperature seasonality (temp_season) and pp_season. Pp_season and temp_season show 
similar responses at both spatial scales (whole study area and Queensland), indicating that at 
higher values of these two variables, bmodel predicted higher suitability and, as values decrease, 
BRT_PIA predicted higher suitability. Pp_driest shows a similar response in Queensland, whereas 
at the whole study area this response is noisy and hard to interpret (Figure 3.17).  

The differences between bfile and BRT_PIA predictions were mainly explained by pp_driest and 
temp_season at both spatial scales (Figure 3.15). In this case, responses at the two spatial scales 
differed. Across the whole study area BRT_PIA seemed to predict higher suitability at lower 
values of pp_driest, whereas at Queensland the response was the opposite. However, after 
approx. 300 mm of pp_driest differences between models seemed to stabilize (Figure 3.18). 

In this analysis, differences between PB models can be attributed directly to a different sampling 
pattern of background points. The differences between PB models and BRT_PIA can be driven 
both by differences in fitting occurrence and modelling method, although data might have larger 
effect as Maxent and BRTs can achieve similar complexity (Bell and Schlaepfer 2016). 
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Figure 3.15. Variables’ importance for the BRTs fitted to differences between selected models’ 
predictions. Larger characters and darker shading indicate larger relative contributions.  Percentage 
deviance explained by each fitted BRT is indicated next to the comparisons’ names. Upper panel 
corresponds to BRTs fitted to differences across the entire study area; lower panel corresponds to models 
fitted only in Queensland. 
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Figure 3.16. Fitted responses of the BRT fitted to differences between selected PB models: bfile and 
bmodel. Panel a shows the responses for the model fitted for the whole study area; panel b for the model 
fitted in QLD. 
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Figure 3.17. Fitted responses of the BRT fitted to differences between PB model bfile and BRT. 
Panel a shows the responses for the model fitted for the whole study area; panel b for the model fitted in 
QLD.  



100 
 

 
Figure 3.18. Fitted responses of the BRT fitted to differences between PB model bmodel and BRT. 
Panel a shows the responses for the model fitted for the whole study area; panel b for the model fitted in 
QLD. 
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4 Use of range-wide and local models to predict the distribution of the 
greater glider in East Gippsland, Victoria  

 

ABSTRACT 

Species distribution models are a broadly used tool in basic and applied ecological research. 
When used in biodiversity assessments, the selection of an appropriate area of study is one 
important decision modelers need to make. Usually, the options are to model across the entire 
species’ range using all available occurrence data or to focus on the particular area of interest, 
if data availability allows. In this work we tested the effect of geographic extent and predictor 
variables to model the distribution of the greater glider (Petauroides volans) in a region of 
conservation and economic interest, East Gippsland in eastern Victoria, Australia. A large portion 
of the forested land in this region is subject to logging under Australia’s main regulatory 
framework for the native forests logging industry, the Regional Forest Agreements (RFAs). In 
addition to the effect of the geographic extent used for model fitting, we assessed whether 
model performance improved when we used locally meaningful predictor variables that are only 
available at a portion of the species’ range. We also assessed how robust our results were to the 
modelling method chosen. Fitting models across geographic extents delivered different 
predictions of greater glider distribution in East Gippsland, but the evaluation strategy we used 
did not allow firm conclusions on which model offered more reliable predictions; the local extent 
model with general variables performed the worst but there were not sufficient evaluation data 
to decide between the range-wide model and a local model with a set of locally meaningful, 
higher resolution variables. Despite these differences, the models predict a similar proportional 
distribution of suitable habitat across the management zones of the East Gippsland RFA and 
identified broadly similar areas as the most suitable for the greater glider in East Gippsland, 
meaning that at a general level, the models provide consistent advice. In addition, we estimate 
the extent of greater glider’s habitat in East Gippsland that burnt in the 2019-2020 fires. 
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4.1 Introduction 
Information of the distribution of biodiversity features of interest such as threatened species is 
a key aspect of conservation planning (Boitani et al. 2011, Rondinini et al. 2011). As extensive 
biodiversity surveying can be difficult or overly expensive over large areas (Grantham et al. 2008, 
Barbosa et al. 2010), Species Distribution Models (SDMs) have become a useful tool for 
identifying habitat suitable for species of conservation concern. Most commonly, SDMs relate 
data on species occurrence to environmental variables, with the aim of generating a spatial 
prediction of the species distribution.  

Modelling algorithms operate in a multivariate environmental space, where species-
environment responses are fitted irrespective of the geographic distribution of the data (Elith 
and Leathwick 2009). Although models are ‘spatially-blind’, data are drawn from a geographic 
space, which influences the observed species-environment relations that are ultimately 
captured by the model. The selection of an appropriate geographic extent (i.e. study area) for 
model fitting is an important decision for both conceptual and practical reasons.  

Conceptually, fitting a model across the species entire range would imply that the broadest 
possible gradients of inhabited environmental conditions are incorporated into the model. 
Whilst aiming for a complete coverage of species-environment relations has been advocated as 
the most appropriate approach for obtaining reliable models (Thuiller et al. 2004, Barve et al. 
2011, Raes 2012), it has been also argued that environmental conditions to which populations 
have adapted change across the species’ range. Hence models that emphasize these locally 
restrictive conditions may yield more accurate predictions of species distribution at the local 
scale (Acevedo et al. 2012, Vale et al. 2014). When models need to projected to other time or 
region, in the context of climate change or biological invasions, there are strong reasons for 
using range-wide models (Thuiller et al. 2004, Sinclair et al. 2010, Elith et al. 2010). 

From a practical perspective, the selection of an appropriate study area for model fitting implies 
trading-off the possibility to generate species distribution information for large-scale 
conservation planning but likely less precise at the local level, versus generating site-specific 
information from models tightly aligned to local observations likely more accurate at the local 
level but nevertheless not useful for other sites as it represents only a subset of the species niche 
(McAlpine et al. 2008, Barve et al. 2011, Tulloch et al. 2016). 

Availability of relevant environmental data also varies across spatial scales (Tulloch et al. 2016). 
Nowadays, an increasing number of global extent predictor variables are available to be used in 
SDMs and other ecological modelling (Hijmans et al. 2005, Kriticos et al. 2012, Title and Bemmels 
2018, Radeloff et al. 2019). In addition, several other regional (Schrier et al. 2006, van der Schrier 
et al. 2006, Haylock et al. 2008, Yatagai et al. 2012), national (Kamiguchi et al. 2010, Arguez et 
al. 2012, Ruiz-Corral et al. 2018) or sub-national sources (Storlie et al. 2013, Evans et al. 2014, 
Stewart and Nitschke 2017, Fernández Eguiarte et al. 2018) exist. The aim of creating 
environmental information at smaller extents is to produce a better representation of conditions 
within specific regions, which are usually used by local government agencies for land use 
planning (Evans et al. 2014). A possible drawback, however, is that data extents are often 
defined by political or administrative borders which prevents their use for modelling species that 
occur beyond those political borders. 

Selection of input variables in an SDM (both in terms of type of variables, sources and spatial 
resolutions) impacts the obtained spatial predictions (Meier et al. 2010, Williams et al. 2012, 
Bucklin et al. 2015, Morales-Barbero and Vega-Álvarez 2018). While in exploratory analyses it is 
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interesting to identify, characterize and try to explain these differences, their consideration may 
be particularly important if models are used to inform conservation or management decisions. 
Considering the data available and the level of associated uncertainty they are willing to accept, 
users have to assess whether SDMs based on those data are useful to their particular problem 
(Tulloch et al. 2016). 

In Australia, the conflicting objectives of the logging industry and biodiversity conservation have 
been subject of debate for a number of decades (Kirkpatrick 1998, Davey 2018, Lindenmayer 
2018). In the context of such problems, the Regional Forest Agreements (RFAs) were established 
as the main regulatory framework of the Australian logging industry in native forests. The 
agreements regulate the activities that can take place in state forests subject to commercial 
logging. They delimit where, how and to what extent logging can take place, aiming to balance 
commercial goals with biodiversity conservation objectives and social expectations (Department 
of Agriculture and Water Resources 2017). Forests subject to the RFA are managed according to 
the Forest Management Zones, which determine the areas where logging is allowed, allowed 
with specific restrictions, or not allowed based on biodiversity criteria, including the presence of 
threatened species (Department of Sustainability and Environment 2004, Department of 
Environment and Primary Industries 2014).  

The greater glider (Petauroides volans) is one such threatened species impacted by logging. 
Formerly abundant across its wide distributional range, Australia’s largest gliding possum is now 
listed as threatened after years of documented population decline (Threatened Species 
Scientific Committee 2016). While the main drivers of decline may vary across its range, this 
species is highly sensitive to the two main disturbance processes of Australian forests: wildfire 
and logging (Lindenmayer et al. 2013a, Berry et al. 2015, McLean et al. 2018). As the greater 
glider is dependent on native eucalypt forests and on trees old enough to have hollows, 
challenges emerge when accommodating the requirements of the logging industry and 
conservation efforts for this and other forest dependent species. The presence of greater gliders 
and other protected species imply restrictions in logging practices and areas allowed to be 
logged (Department of Environment and Primary Industries 2014, Department of Environment, 
Land, Water and Planning 2019). To manage these potential conflicts, information about the 
distribution of greater gliders and their potential habitat is required at the scales at which 
decisions are made about how to manage these forests.  

In the state of Victoria, five RFAs were signed (Department of Agriculture and Water Resources 
2017), including one for the East Gippsland region which covers an area of 12,185 km2.  Although 
this region still has a relatively large extent of native vegetation, albeit with different degrees of 
disturbance, the area has been subject to commercial logging since the late 1930’s (Department 
of Agriculture, Water and the Environment 1996). This has likely had a detrimental effect on 
most forest dependent fauna (Alexander et al. 2002), and in particular, greater glider population 
declines have been observed in this region (Threatened Species Scientific Committee 2016, 
Department of Environment, Land, Water and Planning 2019).  

In this work we compare greater glider distribution models fitted at different geographic extents 
in terms of i) their predictive ability and ii) their usefulness for assessing the extent to which the 
current management zoning and a series of additional reserves recently declared protect greater 
glider habitat. To compare the effect of geographic extent, we fitted a whole range model 
(herein named Model 1), and a local model (Model 2) that had the full-range variables but was 
fitted using only species data from the region of interest (i.e. greater glider observations within 
the East Gippsland RFA), where conservation planning is to take place. We fitted an additional 
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local model (Model 3) to assess the effect of including relevant predictors only available in the 
area of interest but not across the whole range of the greater glider.  

By fitting these different models, we aim to explore the implications that differences in 
geographic extent for modelling and environmental variables available can have on efforts to 
protect threatened species which occur over large geographic extents but face local 
management challenges. 

Starting in October 2019, a series of rapidly spreading wildfires burnt an alarming extent of 
Australian forests. By mid-February 2020, approximately 70 % of the East Gippsland RFA region 
had burnt (Department of Environment, Land, Water & Planning 2020). In addition to the direct 
impact of fire on wildlife and vegetation, the loss of timber coupes is expected to put additional 
pressure on unburnt areas. Even though the main objective of this work is not a thorough 
evaluation of the impact of the 2019-2020 fires on the greater glider, we also sought to provide 
a preliminary assessment on the damage of this disastrous event on greater glider’s 
conservation status in East Gippsland.  

 

4.2 Materials and methods 
 

4.2.1 Occurrence data  
 

Records for model fitting 

As described in chapter 3, we gathered occurrence records from the biodiversity databases of 
the states of Victoria (Victorian Biodiversity Atlas, Department of Environment, Land, Water & 
Planning), New South Wales (BioNet, New South Wales Department of Planning, Industry and 
Environment) and Queensland (WildNet, Department of Environment, Land and Water). 
Additional records were provided by collaborators (Brendan Wintle, University of Melbourne 
and Teresa Eyre, Queensland Herbarium). We then implemented a cleaning process that aimed 
to select survey data that explicitly contains presence and absence records, as well as survey 
data that had no explicitly recorded absences, but where these could be inferred from 
observations of related species in the same surveys (see Box 1, chapter 3). Supplementing 
existing presence-absence data with inferred absences has been shown to improve model 
performance for a range of species, including the greater glider (See chapter 3 and Huang and 
Frimpong 2015, Bradter et al. 2018). We refer to this dataset as PIA (presence-inferred absence). 
Across the whole range of the greater glider this process delivered a total of 6863 presence 
records and 2666 absences (1366 inferred absences and 1300 explicit absences). Within the East 
Gippsland RFA region, there were 235 presence records and 145 absences (67 inferred absences 
and 78 explicit absences; see Table 4.1).   

 

Records for model evaluation 

We aimed for a single dataset to evaluate all fitted models. This dataset was made up of reliable 
survey data, the majority of which (94%) were collected after 2014. We used the set of 
evaluation records used in the whole range models contained within the East Gippsland RFA 
region (see Box 1, chapter 3). We also incorporated data from three additional surveys that were 
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not available when occurrence data were collated. A total of 498 presence and 76 absence 
records were obtained (see Table 4.1). 

Table 4.1. Occurrence records used for fitting and evaluating models in East Gippsland.  

  Presences Absences Inferred 
absences Time span Source 

Fit 235 78 67 1984-2018 Victorian Biodiversity Atlas 

Evaluate 498 63 13 1986-2019 Victorian Biodiversity Atlas, Benjamin 
Wagner (University of Melbourne) 
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Figure 4.1. Occurrence data, Forest Management Zones and Burnt extent. Panel a) shows the spatial distribution of fitting records for whole range model. Panel b) shows the 
spatial configuration of the Forest Management Zones of the East Gippsland Regional Forest Agreement: General Management Zone (logging permitted); Special 
Management Zone (logging permitted under certain circumstances); Special Protection Zone (logging prohibited); Immediate Protection Areas (logging prohibited to protect 
greater gliders). Key localities and National Parks also shown for spatial references. Panel c) shows the fitting and evaluation records in East Gippsland as well spatial extent 
of areas burnt during the 2019-2020 bushfires.
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4.2.2 Predictor variables 
We focussed on variables representing relevant factors likely defining the greater glider’s 
distribution. These variables are related to foliage quality, vegetation structure, climate and 
disturbance. For models 1 and 2, we used variables which are available at the extent of the 
greater glider’s whole range at a 500 m resolution (see Table 3.2 in chapter 3). These included 
remotely sensed vegetation indices, canopy height, proportion of native vegetation, disturbance 
related variables and long-term climatic data.  

For Model 3, we gathered a set of variables (Table 4.2) accounting for the same general 
ecological factors as in the previous models. However, we used data sources expected to be of 
higher quality and included additional variables that were not available across the greater glider 
entire range. For climatic variables, we sourced monthly normal precipitation and temperature 
250 m grids for the time period 1981-2010 (Stewart and Nitschke 2017, Fedrigo et al. 2019). 
These climatic data were created and tested specifically in the state of Victoria and are based 
on remotely sensed temperatures and topographic adjustments. We will refer to them as topo-
climate variables. We expect them to better represent climatic conditions in East Gippsland than 
the range-wide ANUCLIM climate variables. We used the R (R Foundation for Statistical 
Computing 2018) package ‘dismo’ version 1.1.4 (Hijmans et al. 2017) to create eight bioclimatic 
variables from the topo-climate data (Hijmans et al. 2005) representing long term mean, 
variation, minimum and maximum conditions of temperature and precipitation. These eight 
variables are identical summaries of monthly data as those used for models 1 and 2, but are 
based on the above-mentioned topo-climate sources.  

We also made use of regional and local knowledge of greater glider habitat preferences. We 
tested variables related to vegetation types likely preferred by the greater glider in Victoria 
(Department of Environment, Land, Water and Planning 2019). The proportion of wet 
sclerophyll eucalyptus forest, tall eucalypt forest and cool temperate eucalypt forest in a 250 m 
radius were calculated from the Present Major Vegetation Subgroups version 5.1 raster dataset 
(Australian Government Department of the Environment and Energy 2018a). Topography 
related variables like terrain ruggedness and median topographic wetness have also been 
identified as important in previous greater glider modelling work within Victoria (Lumsden et al. 
2013), so were also incorporated as candidate variables. 

Additionally, information exists about the eucalypt species preferred by the greater glider across 
Victoria (Department of Environment, Land, Water and Planning 2019). A set of model 
predictions of species preferred by the greater glider in East Gippsland and neighbouring regions 
was provided by the Arthur Rylah Institute of Environmental Research (Matt White, 
unpublished), which we used to create a variable summarizing the probability of that at least 
one of these species was present at a site. See Appendix 4.4.1 for further details on the 
construction of this variable.  

We created additional layers relating to disturbance for East Gippsland using data that are not 
available across whole range. Time since last logging disturbance was estimated from logging 
history polygons (Department of Environment, Land, Water & Planning 2019a). We used these 
to obtain the elapsed years from the date of each occurrence record to the last registered 
logging event. We created a raster layer displaying the years elapsed since the most recent 
logging for model predictions. We assumed that the entire study area has been logged at least 
once and used the year of oldest registered logging event (1954) as logging year for sections of 
the study area with no recorded logging. Fire disturbance is also important. In addition to time 
since fire collated across the whole range (see Appendix 3.7.1 in chapter 3), a new variable 
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summarizing the frequency of fire was created. Its values correspond to the number of 
overlapping fire polygons across the study area up to the year when each species occurrence 
was recorded. Assuming that the entire area has burnt at least once since 1939 (the year of the 
oldest fire in the fire history spatial data for East Gippsland), we used a value of one for sections 
of the study area with no registered fire. A raster summarizing the overlapping fires up to 2018 
was created for model prediction. Time since fire and fire frequency variables do not include the 
effects of the recent (2019-2020) fires, as greater glider records were all collected before these 
occurred. When evaluating models, evaluation values of time since fire and time since logging 
were obtained directly from the source polygons which contain all overlapping fires and logged 
areas, not from the raster data used for predictions, which represent the most recent event of 
fire and logging activities. 

All variables were set to GDA94 Australian Albers projection (EPSG:3577). Variables used for the 
whole range model had already been assessed for pairwise correlations and refined (chapter 3); 
the refined set was used for both models 1 and 2, to allow direct comparison.  For model 3, 
variable correlations were assessed in East Gippsland. Out of the initial set of 21 variables, five 
were discarded because they were highly correlated (r > 0.8) with variables considered more 
relevant or with greater original spatial resolution (i.e. finer grain of detail). See Appendix 4.4.1 
for further details on variables’ creation and selection.   

 

4.2.3 Model fitting 
We focused on Boosted Regression Trees (BRTs) as the modelling method, because of their 
acknowledged high predictive performance (Elith et al. 2006) and because they performed the 
best in previous modelling of the greater glider at the range-wide extent (chapter 3).  

We fitted models at two geographic extents and two resolutions. 

Model1. (presented in chapter 3). Fitted and predicted across the entire geographic range of the 
greater glider at a 500 m resolution. We chose the study area to model greater glider’s entire 
range using the Interim Biogeographic Regionalization of Australia (IBRA) (Department of 
Sustainability, Environment, Water, Population and Communities 2012). We included all 
bioregions where greater glider had been detected plus contiguous regions, across a total area 
of 1,077,837 km2. The area of the prediction corresponding to the East Gippsland RFA was 
extracted for further analyses. 

Model2. Fitted and predicted using the subset of the data (occurrence records and predictor 
variables) from Model 1 within the East Gippsland RFA region, at 500 m resolution. By using the 
same data but a different geographic region, we aim to analyse the sole effect of the region used 
for fitting.  

Model3. Fitted with the same subset of occurrences as Model 2 but using the state-specific 
variables detailed in section 4.2.2. With this comparison we aim to analyse how much predictive 
performance is gained by using higher quality environmental data, usually available only at local 
extents. This model was fitted at 250m resolution. Study area for models 2 and 3 has a total 
extent of 12,185 km2, which represents approx. 1.13 % of the area used for whole range model 
fitting. 

We fitted BRTs using the R package ‘gbm’ version 2.1.5 (Greenwell et al. 2019) and the additional 
gbm.step functions of Elith et al. (2008) provided in ‘dismo’ version 1.1-4 (Hijmans et al. 2017). 



110 
 

We used a Bernoulli family error distribution; bag fraction of 0.75 since stochasticity in the 
iterations improves model performance (Elith et al. 2008); tree complexity of 5 to allow for 
interactions; and a learning rate of 0.05 for model 1 and 0.001 for models 2 and 3. 

BRTs are known to perform well across large geographic extents because are able to fit complex 
relations and capture important interactions (Elith et al. 2008, Merow et al. 2014). We also ran 
additional analyses using Generalized Linear Models (GLMs) to test how robust our results were 
to the choice of modelling method. Since this is not the main focus of this chapter, details on 
GLM model fitting and evaluation are provided in Appendix 4.4.3.  

Finally, to test whether using all available PA/PIA data changed predictions, we fitted local 
models (2 and 3) to a combined dataset that included all fitting and evaluation data from East 
Gippsland (namely ‘all data models’).  
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Table 4.2. Final set of candidate predictor variables used in model 3. * Same variable from same source as used in model 1 and 2. ** Same environmental variable 
considered in models 1 and 2 but from different source. All variables were resampled from their original resolution to a resolution of 250 m. 

Ecological 
reason 

Name Definition Source Original grid 
size 

Unit Acronym 

Foliage 
quality 

Palatable eucalypt 
species 

Probability of occurrence of at least one 
known food tree species.  

Created out of potential 
distribution models of 
the palatable species. 
See Appendix 4.4.1 

~250 m Probability  euc_one 

Mean fraction of 
photosynthetically 
active radiation * 

Fraction of photosynthetically active 
radiation (400-700nm of spectral range, 
used by plants in photosynthesis) 
intercepted by the sunlit vegetation 
canopy. MODIS-fPAR time series for 
Australia. Data aggregated over years 
2000 to 2014. 

Biodiversity and Climate 
Change Virtual 
Laboratory (BCCVL) 

~250 m % of fPAR fPAR_mean 

vegetation Canopy height * Height of peak plant cover density (2009 
data) 

AusCover  30 m decimetres c_height 

Proportion of 
surrounding native 
vegetation * 

Mean proportion of native vegetation in a 
250 m radius 

Produced out of binary 
(250 m cell size) raster of 
presence of native 
vegetation (Penman et 
al. 2015).  

250 m  Mean 
proportion 
of native 
vegetation  

mean_xveg 

Proportion of wet 
sclerophyll 
Eucalyptus forest 

Mean proportion of wet sclerophyll 
Eucalyptus forest in a 250 m radius 

Created out of the 
Present Major 
Vegetation Subgroups - 
NVIS Version 5.1 raster 
layer  

100 m Mean 
proportion 
of 
vegetation 
type  

PROP_WET_
FOREST 

Proportion of tall 
Eucalyptus forest 

Mean proportion of tall Eucalyptus forest 
in a 250 m radius 

Created out of the 
Present Major 
Vegetation Subgroups - 
NVIS Version 5.1 raster 
layer  

100 m Mean 
proportion 
of 
vegetation 
type 

PROP_TALL_
FOREST 
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Proportion of cool 
temperate 
Eucalyptus forest 

Mean proportion of cool temperate 
Eucalyptus forest in a 250 m radius 

Created out of the 
Present Major 
Vegetation Subgroups - 
NVIS Version 5.1 raster 
layer  

100 m Mean 
proportion 
of 
vegetation 
type 

PROP_COOL_
FOREST 

Disturbance Time since fire * Years since the last fire event at the 
location of the occurrence record 

Department of 
Environment, Land, 
Water and Planning 
2018 

Gridded at 
250 m from 
polygons data 

Years tsf 

Time since logging Years since the last logging event at the 
location of the occurrence record 

Department of 
Environment, Land, 
Water & Planning 2019 

Gridded at 
250 m from 
polygons data 

Years tsl 

Fire frequency Number of overlapping fire polygons Department of 
Environment, Land, 
Water and Planning 
2018 

Gridded at 
250 m from 
polygons data 

Number of 
fires 

f_freq 

Climatic Precipitation of 
driest quarter ** 

The driest quarter of the year is 
determined, and the total precipitation 
over this period is calculated. Long term 
climate data for the period 1981-2010. 

Fedrigo et al. 2019 ~250 m mm. pp_driest 

Precipitation 
seasonality ** 

Coefficient of Variation of the monthly 
precipitation estimates, i.e. their standard 
deviation expressed as percentage of the 
mean of those estimates. Long term 
climate data for the period 1981-2010. 

Fedrigo et al. 2019 ~250 m mm. pp_season 

Mean temperature 
of warmest quarter 
** 

Mean temperature of the warmest three 
months of the year. Long term climate 
data for the period 1981-2010. 

Stewart and Nitschke 
2017 

~250 m Degrees 
Celsius 

temp_warm 

Temperature 
seasonality ** 

Standard deviation of monthly 
temperature data multiplied by 100. Long 
term climate data for the period 1981-
2010. 

Stewart and Nitschke 
2017 

~250 m Degrees 
Celsius x 
100 

temp_season 
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Terrain Terrain ruggedness  Standard deviation of elevation in a 5 by 5 
for each 250 m grid cell 

Variables created by 
Jane Elith (University of 
Melbourne) 

~250 m Standard 
deviation 
of 
elevation 

rugg 

Median 
topographic 
wetness 

Topographic wetness index summarized 
as median or maximum 

Variables created by 
Jane Elith (University of 
Melbourne) 

~250 m Relative 
wetness 

twmd 
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4.2.4 Model evaluation 
We estimated two evaluation metrics: area under the curve of the receiver operating 
characteristic (ROC-AUC) and False Negative Rate based on two threshold values. ROC-AUC is a 
commonly used measure of model discrimination (Jiménez-Valverde 2012) which evaluates a 
model’s capacity to distinguish occupied and unoccupied sites – i.e. whether the model tends to 
predict higher values at occupied sites. ROC-AUC incorporates information on both model’s 
sensitivity (correctly predicted presences) and specificity (correctly predicted absences), and is 
independent of species prevalence and of threshold selection (Fielding and Bell 1997, Pearce 
and Ferrier 2000). 

False negative rates have been suggested to be an informative complement to ROC-AUC 
(Jiménez-Valverde 2014) and are important in this application because we aim to be 
precautionary and not miss relevant habitat for the greater glider in East Gippsland. Accounting 
for both commission and omission errors (i.e., sensitivity and specificity of model predictions) is 
a straightforward and common approach in SDMs performance assessments, hence the use of 
ROC AUC. However, there are circumstances where one type of error can be more costly than 
the other. If SDMs are used to set aside areas for protection, the costs of omitting relevant 
habitat (i.e., leave relevant habitat unprotected) could be higher in terms of species 
conservation than protecting irrelevant habitat (Fielding and Bell 1997), as other species may 
still benefit from this protection. Considering the conservation context of the greater glider false 
negatives could result in logging being permitted in regions that provide habitat for greater 
gliders, exacerbating the species’ decline in this area. Therefore, we think assessing which model 
likely misses less relevant habitat is a useful complement of discrimination capacity as assessed 
by ROC-AUC. 

We chose two thresholds based on evaluation data: the threshold that maximizes the sum of 
sensitivity and specificity, and a fixed sensitivity of 0.95 (the probability value at which an 
omission of 5% of the observed presences with the lowest predicted value is allowed). We chose 
the first one as a general-purpose threshold since it has proven to balance false positives and 
negatives (i.e., not over or underemphasizing neither) (Liu et al. 2005). The second threshold 
was chosen to try to capture all relevant habitat for the greater glider. Allowing omission of 5% 
of the records with the lowest predicted values aims to discard possible outliers of observations 
in areas with low suitability. Using thresholds that allow larger areas predicted as suitable is 
recommended when costs of omitting relevant habitat are higher than protecting non suitable 
habitat (Lawson et al. 2014). 

AUC was calculated ‘externally’ using the evaluation dataset described and ‘internally’ using 
partitions of the fitting data. It is recommended to evaluate models on independent (‘external’) 
data to have a better estimate of model performance (Pearce and Ferrier 2000). Nevertheless, 
the evaluation data we used for ‘external’ evaluation is not evenly distributed along the study 
area (see Figure 4.1c) and are particularly scarce in the eastern side and missing in the north-
western side. In comparison, the fitting records are more widely spread although also missing 
from the northwest. Despite this drawback, we think that evaluating all models using a single 
dataset independent of fitting data is a useful evaluation of model performance. External 
evaluation data were used to calculate ROC-AUC (extAUC) and False Negative Rates. 

 We complement these analyses with alternative evaluation methods that utilise subsets of the 
fitting data, as another point of comparison. An ‘internal’ ROC-AUC (intAUC) was calculated  
through 10-fold spatially-blocked cross-validation using the R package blockCV (Valavi et al. 
2018). We used 25 km side blocks and the package’s random fold allocation. For Model 1, intAUC 
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was calculated through cross-validation across the entire range as well as in East Gippsland. 
Since the fitting data are the same type of data for all models (i.e. PIA data), these internal 
evaluations should be much more comparable than they were in chapter 3 (where the fitting 
data type varied from presence-background to presence-absence).  

Additionally, we analysed the pair-wise Pearson correlations and produced maps of spatial 
differences between model predictions. We produced these maps by subtracting the raster 
maps of the different predictions in a pair-wise manner. Values in maps of differences range 
from -1 to 1. Values closer to 0 indicate higher agreement between predictions, whereas values 
closers to -1 or 1 indicate where one of the compared models predicted higher probability.  

We also interrogated other aspects of the models and their predictions, including calibration 
and extrapolation. Calibration plots are a graphical assessment of the agreement of models’ 
predictions with the observed proportion of presences and absences (i.e. prevalence) in the 
study area. Calibration plots separate occurrence into bins based on their corresponding 
predicted values and compare the bins’ prevalence with the predicted probability value. A well 
calibrated model will display a diagonal calibration plot since predicted probability closely agrees 
with the observed prevalence. Calibration was assessed separately for fitting and evaluation 
data. To assess extrapolation, we created Multivariate Environmental Similarity Surface (MESS). 
These maps indicate areas where models predicted outside the environmental gradients 
sampled by the fitting data. In other words, sections of the study area with environmental 
conditions beyond the conditions where the species has been observed. We created MESS maps 
using the fitting dataset (i.e. assess model extrapolation) and also using the evaluation dataset. 
In the later case, rather than assessing extrapolation, MESS maps display regions of the study 
area where the external evaluation is less reliable since environmental conditions are beyond 
the gradients sampled by the evaluation dataset (i.e. ‘dissimilar’ environmental conditions). As 
a complementary analysis to MESS maps, we plotted the density of environmental conditions 
from the most important variables in each model as well as a random sample across East 
Gippsland (and greater glider’s whole range for Model 1) representing landscape conditions. We 
did this separately for the fitting and evaluation datasets as well as for presence records in each 
of these sets. Evaluation metrics and MESS maps were obtained with the R package ‘dismo’ 
version 1.1-4 (Hijmans et al. 2017); calibration plots with the R package ‘PresenceAbsence’ 
version 1.1.9 (Freeman and Moisen 2015). 

 

4.2.5 Distribution of the greater glider across the East Gippsland RFA 
In the past, ad-hoc protection measures have been granted for parts of East Gippsland inhabited 
by the greater glider (Department of Sustainability and Environment 2004), but the species was 
listed as nationally vulnerable after the RFAs were signed, so explicit protection was not 
considered in the early stages of the RFA planning (Threatened Species Scientific Committee 
2016). 

Areas under some type of forestry management account for 48 % of the East Gippsland RFA 
region. Other public land, not subject to logging (OPL) accounts for 39.2 % and private land 
(which is not included in the agreements) 12.8 % (Department of Environment, Land, Water & 
Planning 2014). In November 2019 a series of new areas were declared aiming to protect the 
greater glider, the ‘Immediate Protection Areas’ (IPAs) (Department of Environment, Land, 
Water & Planning 2019b). In East Gippsland, the IPAs extend across roughly 6 % of the area 
covered by the East Gippsland RFA, overlapping over other zones of public land. 
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We quantified the distribution of greater glider’s suitable habitat across the different 
management zones and IPAs of the East Gippsland RFA (Figure 4.1b) by summing the predicted 
probabilities across each zone, with the objective of assessing the total extent of greater glider 
habitat subject of different forest uses. We also calculated the mean predicted presence 
probability in each zone to assess how suitable these are proportionally to their extent. Overall, 
we aim to estimate to what extent could the zoning plan be in conflict with the conservation 
and recovery goals for the greater glider.  

We used spatial data of Forest Management Zones (Department of Environment, Land, Water 
& Planning 2019c), Public Land Management (Department of Environment, Land, Water & 
Planning 2019d) and IPAs (Department of Environment, Land, Water & Planning 2019b) available 
from the Department of Environment, Land, Water & Planning of Victoria.  

In addition, we report distribution of occurrence probability and total extent of greater glider 
habitat burnt during the 2019-2020 fires (Figure 4.1c). We obtained the total extent affected by 
fire by merging the total extent of fires reported in the Fire severity map of the major fires in 
Gippsland and north east Victoria in 2019/20 (version 1.0) and additional spatial data of fire 
extent in East Gippsland provided by the Arthur Rylah Institute of Environmental Research. 
Although fire severity spatial information was recently made available, we decided to restrict 
our analyses to total burnt extent as the severity raster data available (version 1.0) is very recent 
and has not gone through on-ground validation yet.  

 

4.3 Results 
 

4.3.1 Evaluation metrics 
Using a suite of different metrics provides a wider basis for comparison of selected models 
(Table 4.3, Figure 4.2).  Model 2 appears to be the worst performing model: it had the lowest 
extAUC value and the worst calibration based on evaluation data (Figure 4.2); it had the lowest 
omission rate based on max TPR+TNR and the second lowest based on sensi_0.95. Models 1 and 
3 are not clearly separable in terms of the predictive performance we can measure.  Model 1 
had the highest extAUC value but the lowest intAUC (across both the entire range, 0.806 and in 
East Gippsland, 0.721); it also had the highest omission rates based on both thresholds. Model 
3, on the other hand, had the highest intAUC but an extAUC lower than Model 1, a lower 
omission rate than Model 1 based on max TPR+TNR and the lowest omission based on 
sensi_0.95. Also, these two models seem similarly well calibrated based on both fitting and 
evaluation datasets (Figure 4.2). 

Table 4.3. Scores of evaluation metrics for all fitted models. intAUC = spatially blocked cross-validates 
ROC AUC; extAUC = ROC AUC calculated with the evaluation dataset; FNR = False negative rate 
according to two thresholds, maximum sum of sensitivity and specificity (max TPR+TNR) and fixed 
sensitivity of 0.95 (sensi_0.95) and the probability values at which it is reached. Model 1 has two values 
for intAUC, representing East Gippsland and whole range respectively. 

Model intAUC extAUC 
FNR 

max_TPR+TNR sensi_0.95 
Model 1 0.721 / 0.806 (sd 0.07) 0.902 0.183 at 0.81 0.064 at 0.59 
Model 2 0.964 (sd 0.03) 0.843 0.118 at 0.85 0.058 at 0.34 
Model 3 0.972 (sd 0.03) 0.862 0.147 at 0.91 0.052 at 0.42 
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Evaluation metrics of alternative GLMs do not support a single best model either (appendix 
4.4.3). intAUC and extAUC support range-wide GLM and local GLM with locally important 
variables, FNR supports local GLM with range-wide variables and calibration plots support both 
local models.  All data models had very similar intAUC values. See appendix 4.4.3 for details on 
these alternative sets of models. 

 

4.3.2 Variable importance and estimated responses  
Variable importance measures the contribution of a variable to explanation of the fitting data 
(Elith et al. 2008). Temperature seasonality (temp_season) and mean temperature of the 
warmest quarter (temp_warm) were most important in all three models, although temp_season 
is proportionally more important in Model 2, and temp_warm is more important than 
temp_season in Model 3. There are other differences. Precipitation seasonality (pp_season), 
which is relatively low importance in East Gippsland (models 2 and 3) is the third most important 
variable across the greater glider’s entire range (Model 1); Time since fire (tsf) is the third most 
important variable in both local models, but fifth across the entire range, although the relative 
contribution is not that different (~12% in both East Gippsland models, 8% range-wide). In the 
alternative GLMs, temp_season and temp_warm are the two most important variables as well; 
tsf is the third most important variable in the local model with range-wide variables. In the local 
GLM local variables, time since logging (tsl) and fire frequency (f_freq) were the two most 
important disturbance related variables. See Table 4.7 in Appendix 4.4.3 for GLMs variables 
importance. 

Figure 4.4 shows the fitted responses for the four variables with the highest relative contribution 
in each model. Responses for Model 1 are presented across the entire range and across the 
range of values present in East Gippsland for better comparison with model 2 (see plots within 
dotted line in Figure 4.4). The plots of temp_season show a similar response across the three 
models, showing that the greater glider prefers sites with more temperature variation across 
the year. The response to temp_warm is consistent in the two local models, indicating that in 
East Gippsland, the greater glider prefers sites with lower temperature during the warmest 
months of the year; across East Gippsland, model 1 suggests the opposite response and a bell-
shaped response range-wide. This difference might be explained by the different interactions 
and correlation of temp_warm range-wide and in East Gippsland. Range-wide, temp_warm is 
correlated with pp_driest and has a strong interaction with temp_season (see Appendix 3.7.5), 
whereas in East Gippsland variables correlations fitted interactions are different. In East 
Gippsland, the responses to annual precipitation (pp_annual) in models 1 and 2 suggest a 
relatively constant response to pp_annual (constant high probability across the precipitation 
range in East Gippsland), although Model 1 suggest that suitability is lower at lower precipitation 
values. Across the whole range, Model 1 suggests a bell-shaped response. Time since fire (tsf), 
important for models 2 and 3 show a similar response, indicating that gliders are likely to be 
absent at sites where few years (10 or less) have elapsed since the last fire event, but afterwards 
the response in nearly constant. Noticeably, none of the vegetation, terrain or disturbance 
variables exclusively available for Model 3 were among the most important for this model.
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Figure 4.2. Calibration plots. These plots show the agreement of models’ predictions in East Gippsland to the observed proportion of presences and absences in the fitting 
dataset (top row) and in the evaluation dataset (bottom row). The number of records in each of the plotted bins is shown on top of each point, whereas the lines represent 
95% confidence intervals.



119 
 

 

 

Figure 4.3. Relative contribution of environmental variables to each model. Top panel displays 
contributions of the exact same variables to models fitted across the greater glider’s entire range (Model 
1) and fitted in East Gippsland (Model 2). Bottom panel shows relative contribution of variables used in 
Model 3. 
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Figure 4.4. Partial dependence plots of the four variables with the highest relative contribution for each model. Responses of Model 1 are plotted both across the entire 
species’ range (top row) and for the range of conditions available in East Gippsland for easier visual comparison to Model 2 responses. The dotted line displays the responses 
to the exact same relevant variables fitted across the entire range (Model 1) and in East Gippsland (Model 2). Percentages in parenthesis next to variable names indicate 
their relative contribution. Y axes show probability of species presence. Scales in the X axes of temp_season are different for Model 3 as this variable was calculated and 
scaled differently than the one used in models 1 and 2.
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4.3.3 Spatial predictions  
All fitted models partially agree on the broad predicted pattern of occurrence probability for the 
greater glider in East Gippsland (Figure 4.5 & 4.6). The most similar predictions are from models 
2 and 3 (r = 0.82, see right map in Figure 4.6), which were both fitted in East Gippsland, although 
with different sets of variables. Predictions from model 1 are also moderately correlated with 
models 2 and 3 (r = 0.67 and 0.68, respectively; left and central maps in Figure 4.6). Predictions 
identified three broad areas of higher occurrence probability (see top row in Figure 4.5): the 
largest one and with the highest probability values is located in the north-central portion of the 
study area. This region is located south from the town of Bendoc and partially overlapped by the 
Errinundra National Park. The second one is located in the central, south-central part of the 
study area, south from the Errinundra National Park. These two areas are partially coincident 
with the distribution of tall eucalypt forests and patches of rainforest in East Gippsland 
(Australian Government Department of the Environment and Energy 2018b). The third one is 
located in the north-western section of East Gippsland near the locality of Gelantipy, in the 
upper reaches of the Victorian Snowy River catchment. The locations of the mentioned localities 
can be seen in Figure 4.1b. 

There are other suitable regions predicted only by some models. Model 1 predicts moderately 
high occurrence probability in the south-west corner of the study area, near the locality of Nowa. 
Model 2 predicts high occurrence probability across nearly the entire northern half of the study 
area. This is likely driven by the spatial pattern of temperature seasonality, which has the highest 
contribution in model 2. Model 3 predicts two patches of moderately high probability in the 
eastern part of East Gippsland. One of them is located northwest from the locality of Noorinbee, 
east from the central patch predicted by all models; the second one is east from Noorinbee, 
south from the Coopracambra National Park. The first of these patches is also predicted by 
Model 2 (to a lesser extent) and Model 1 (but more diffusely and connected to the central patch 
of high probability predicted by all models). Assessing the reliability of models’ predictions in 
the regions that present the greatest differences such as north-west East Gippsland was difficult 
as these areas have very few, or completely lack evaluation data (Figure 4.6); fitting data is also 
scarce in these areas (Figure 4.1c). 

For further understanding of models’ differences, we explored whether models had to 
extrapolate when predicting to all cells across the study area. MESS maps from fitting data 
(Figure 4.5, middle row) show that the environmental conditions sampled by fitting records of 
models 2 and 3are do not fully represent the environmental conditions available in East 
Gippsland. The areas of higher probability in north-west and north of East Gippsland are 
predicted in areas that have climatic conditions beyond the gradients represented in the fitting 
datasets of models 2 and 3 (i.e. models 2 and 3 extrapolated in these areas). Nevertheless, 
Model 1 did not extrapolate in these areas. This indicates that, even though models 2 and 3 
show some degree of extrapolation, the uncertainty driven by the environmental dissimilarity 
in these areas is of less concern. MESS maps from evaluation data, interpreted as areas of where 
external evaluation is less reliable show that evaluation records have a poorer representativity 
of environmental conditions across East Gippsland (Figure 4.5 bottom row). 

Density plots also help to interrogate environmental conditions in the different datasets and 
study areas. Density plots show that the conditions at sites where the greater glider has been 
observed (presences) are to some extent differentiated from the general conditions in the 
landscape (see ‘fitting’ and ‘evaluation’ curves peaking at different values of the environmental 
variables than the random landscape sample, Figure 4.7). Noticeably the curves from all data 
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(presences and absences/inferred absences, row 1) and curves representing where the species 
was observed (row 2), do not show important differences, likely due to the fact that both fitting 
and evaluation datasets contain a higher proportion of presences than absences, and also 
perhaps associated with accessibility of sites for survey. Figure 4.7 shows the plots from 
variables important in Model 3 but these same patterns (sites with observation differentiated 
from the landscape and small differences between presences only and entire datasets) occurred 
for variables in models 1 and 2 as well. See Appendix 4.4.2 for the rest of the models. 

When we fitted full range and local models using GLMs instead of BRTs, spatial predictions from 
both methods (GLM and BRT) were considerably correlated for local models (r = 0.72 for model 
2, r = 0.73 for model 3) but whole range models predicted a fairly different distribution of the 
greater glider in East Gippsland (r = 0.44). Range-wide GLM predicted a nearly homogenous high 
probability of greater glider presence across most of East Gippsland (Figure 4.12, Appendix 
4.4.3). Consistent with results from chapter 3, the BRTs consistently outperformed GLMs on 
both extAUC and intAUC evaluations (full details Table 4.6, Appendix 4.4.3) 

BRT Models 2 and 3 fitted to all occurrence data available in East Gippsland (fitting and 
evaluation data altogether) had highly correlated predictions (r = 0.92 and 0.87, respectively) to 
models fitted with the fitting data only. See Appendix 4.4.4. 
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Figure 4.5.  Predictions of the three models. Top row shows the continuous predictions from the fitted models. The middle and bottom rows show the cells where MESS 
maps detected environmental conditions outside the gradients sampled by fitting and evaluation datasets. In the middle row these cells indicate model extrapolation, whilst 
in the bottom row these indicate areas of unreliable external evaluation as these cells have conditions outside the range sample by the fitting dataset. MESS maps are scaled 
independently, which means that the colour gradient is not comparable across maps, but in all cases darker colours indicate larger magnitude of extrapolation or dissimilarity. 
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Figure 4.6. Pair wise difference in spatial predictions from the different models. Grey colour indicates agreement between models, red and blue indicate where one of the 
two compared models is predicting higher or lower probability. Blue and yellow circles show the distribution of evaluation presences and absences, respectively.  Pearson 
correlation is reported for each pair of predictions. 
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Figure 4.7. Density plots of sampled environmental conditions for the variables with the highest relative contribution in Model 3. The figure shows conditions sampled by 
the fitting and evaluation datasets compared to a random sample of the landscape in East Gippsland. 
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4.3.4 Distribution of the greater glider across the East Gippsland RFA 
Model 2 predicts the highest total suitable area and mean probability values across the entire 
East Gippsland (Table 4.4), likely driven by the large area of high occurrence probability 
predicted in the north. The largest proportion of other public land not subject to logging (OPL, 
Table 4.4) is in this same region, so Model 2 allocates more than half of greater glider’s habitat 
to this management zone. In consequence, Model 2 predicts less habitat across the rest of the 
management zones than models 1 and 3.  

Models 1 and 3 predict similar proportional distribution of greater glider’s habitat across the 
Forest Management Zones. The largest difference is in the predicted habitat in other public land 
not subject to logging (OPL), where Model 3 allocated approx. 3 % more suitable habitat than 
Model 1 (Table 4.4). 

Among the different Management Zones, all models agree that the largest proportion of suitable 
habitat is in OPL, followed by the General Management Zone (GMZ), Special Protection Zone 
(SPZ) and Special Management Zone (SMZ). Yet, this ranking also reflects the proportion of East 
Gippsland each management zone covers. Therefore, looking at the mean probability value 
across each zone provides complementary information regarding how suitable these are for the 
greater glider irrespective of their size. All models agree the areas with the higher mean 
probability values are the GMZ, where logging is allowed, and other public land not subject to 
logging, where it is not. SPZ where logging is not allowed, ranks next in mean probability, 
followed closely by SMZ, where logging can occur under certain restrictions. 

In terms of the overall protection of greater glider habitat in the East Gippsland RFA, all models 
agree that the new IPAs protect a slightly smaller proportion of suitable habitat than the SPZ 
(where logging is also prohibited based on biodiversity grounds), although they seem to be more 
suitable as mean occurrence probability is higher in the IPAs than the SPZ. However, during the 
2019 – 2020 bushfires, ~ 90 % of the IPA areas burnt (see Table 4.5 for extent and proportion of 
each management zone affected by fire). Only one IPA patch > 1km2 remained unburnt. It is 
located in the south-eastern section of East Gippsland, southeast of Noorinbee, southwest from 
the Alfred National Park and has an area of 51.5 km2. Nevertheless, this patch is in an area where 
none of the models predict high occurrence probability (maximum mean probability in this patch 
is predicted by Model 2, <0.25).  All other unburnt IPA patches are smaller than 1 km2. Even 
though some are larger than a typical home range of the greater glider (~ 5 ha, 0.05 km2), these 
are likely not relevant for the conservation of the species as their surrounding habitat has burnt.  

All models agree that the recent fires affected a large extent of greater glider habitat (see Table 
4.5). Model two predicts the lesser extent affected, with ~69 % of habitat burnt; models 1 and 
3 predict a similarly large extent, ~72 %. 

Regarding extent of fires over the different management zones, IPAs were the most affected by 
fire (~92 % of their extension), and other public land not subject to logging the least affected, 
with approximately 65 % of its area burnt (See bottom section of Table 4.5). 

The alternative GLMs estimated a proportional distribution of greater glider habitat across the 
Forest Management Zones, other public land not subject to logging and IPAs very similar to BRTs. 
Despite the differences in evaluation metrics and predicted spatial patterns of greater glider 
distribution between GLMs and BRTs, the estimated implications of the zoning plan of the East 
Gippsland RFA on greater glider conservation are relatively robust between methods (Table 4.7 
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in Appendix 4.4.3). Estimates of habitat burnt during the 2019-2020 fires were also comparable 
(Table 4.8 in Appendix 4.4.3).  
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Table 4.4. Distribution of suitable habitat across the East Gippsland RFA Forest Management Zones, other public land not subject to logging and IPAs. GMZ = General 
Management Zone; SMZ = Special Management Zone; SPZ = Special Protection Zone; OPL = Other public land not subject to logging; IPAs = Immediate protections areas. 
Percentage next to each management zone name indicates the percentage of East Gippsland they cover. Mean columns report the mean probability value and standard 
deviation across the zone; km2 columns report the estimated suitable area calculated as summed cell values multiplied by cell size. For models 1 and 2, which were fitted at 
a 500m resolution, predictions were resampled to 250m so calculation across models are comparable; % column indicate the percentage of the total summed probability 
that is predicted in each management zone. 

  

East Gippsland GMZ (34%) SMZ (5%) SPZ (9%) OPL (39%) IPAs (6%) 

Mean (sd) km2 Mean (sd) km2 % Mean (sd) km2 % Mean (sd) km2 % Mean (sd) km2 % Mean (sd) km2 % 

Model 1 0.47 (0.2) 4,820 0.49 (0.2) 2,019 41.9 0.4 (0.2) 237 4.9 0.43 (0.2) 469 9.7 0.47 (0.3) 2,096 43.5 0.46 (0.2) 337 7.0 

Model 2 0.5 (0.3) 5,136 0.45 (0.3) 1,871 36.4 0.34 (0.2) 201 3.9 0.39 (0.2) 426 8.3 0.59 (0.3) 2,640 51.4 0.42 (0.2) 305 5.9 

Model 3 0.47 (0.2) 4,911 0.48 (0.2) 1,970 40.1 0.37 (0.2) 218 4.4 0.4 (0.2) 431 8.8 0.5 (0.2) 2,293 46.7 0.44 (0.2) 323 6.6 
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Table 4.5. Extent of predicted greater glider habitat and Forest Management Zones burnt during the 
2019-2020 fires. Top section of the table reports total extent of habitat predicted by each model, total 
extent of habitat burnt based on each model and total burnt extension in km2 calculated as summed cell 
probability values from burnt areas multiplied by cell size. For models 1 and 2, which were fitted at a 500 
m resolution, predictions were resampled to 250 m so calculation across models are comparable; % 
column indicate the percentage of the total summed probability values on the burnt areas. Bottom section 
of the table shows the total extent of each management zone, the burnt extension of each zone and the 
percentage it represents. GMZ = General Management Zone; SMZ = Special Management Zone; SPZ = 
Special Protection Zone; OPL = Other public land not subject to logging; IPAs = Immediate protections 
areas. These analyses do not account for fire severity. 

East Gippsland burnt 2019-2020 (69.3%) 

Greater glider habitat 

Model km2 Burnt km2 % burnt 
Model 1 4,820 3,499.5 72.6 

Model 2 5,136 3,541.0 68.9 

Model 3 4,911 3,530.4 71.9 

Forest Management Zones 

Zone Total km2 Burnt km2 % burnt 
GMZ 4,140.8 3,410.9 82.4 
SMZ 604.46 474.8 78.5 
SPZ 1,100.44 900.4 81.8 
OPL 4,779.81 3,144.9 65.8 
IPAs 727.5 675.1 92.8 
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4.4 Discussion 
Despite the growing application of SDMs for biodiversity assessments (Araújo et al. 2019), the 
ideal scenario in which a model can be trusted completely (a model fitted with unbiased, 
relevant data and reliably evaluated), rarely occurs. Selecting an appropriate spatial extent is 
one important task in developing an SDM useful for conservation decisions. In this work, we 
compared whether range-wide models or models fitted within the region subject to 
conservation planning, delivered more informative predictions of greater glider distribution 
across the management zones of the East Gippsland RFA. 

Range-wide models vs. local models 

In the literature assessing the selection of study area for model fitting, there has been advocacy 
both for fitting across entire species’ ranges (Thuiller et al. 2004, Barve et al. 2011, Raes 2012) 
and fitting in particular areas of interest (Acevedo et al. 2012, Vale et al. 2014). Our results do 
not fully support either. Whereas the comparison of the models fitted with the same data but 
at different geographic extents (models 1 and 2) clearly indicates that the whole range model is 
more accurate, the gains in discrimination and calibration of a local model fitted with an 
improved set of variables (Model 3) brings that “improved” local model to be comparable to the 
range-wide model. The higher similarity between fitted responses and predictions from models 
2 and 3 (Figure 4.4, Figure 4.5) and larger differences between models 1 and 2, (fitted with the 
same data but at different geographic extents), suggests that the spatial extent used for model 
fitting was more influential than the incorporation of higher quality predictors. However, 
inclusion of other locally relevant variables, that were not available at the geographic extent 
required, and which might better capture key resources required by greater glider such as tree 
hollows (Lindenmayer et al. 1991, 2004), could yield further improvement of local models. 

The greater glider has a large distribution range, that covers a long latitudinal gradient, different 
ecosystems and different climates. Our results suggest that incorporating range-wide 
information (Model 1) apparently yields sufficiently reliable predictions at the local extent, 
particularly in the case of flexible models like BRTs. Even though predictions from Model 1 are 
not clearly preferable than those of the best performing local model (Model 3), the fact that 
they do not extrapolate in East Gippsland model (East Gippsland prediction of Model 1 is not 
overlapped by environmental dissimilarity, see Figure 4.5), further supports Model 1 as a reliable 
model.  

The fact that Model 2 performed worst suggests that using the full range to fit the response to 
environment, is better than fitting responses locally, given the same set of predictor variables 
(Model 2). The use of locally important and higher resolution variables in local models (Model 
3) yielded some improvement over local models fitted with range-wide variables (Model 2) but 
not large enough as to clearly prefer Model 3 over Model 1. The low relative contribution of the 
variables we expected to be locally important (proportion of preferred vegetation types, 
presence of locally preferred eucalypt species, ruggedness, etc.) and high contribution of the 
same climatic variables as in the other models, suggests that the improvement is likely driven 
by the higher quality and resolution of the climatic variables used in Model 3. The low 
importance of the non-climatic variables might mean these did not capture well the ecological 
factors we tried to account for (e.g., using c_height as surrogate of hollow bearing trees 
availability or a combination of distribution models of palatable eucalypt species, euc_one, to 
account for food availability) or that these factors might indeed have less importance in driving 
greater glider distribution in East Gippsland. 
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In the smoother GLMs (see Appendix 4.4.3), larger differences in greater glider distribution in 
East Gippsland were predicted by whole range and local GLMs. This suggests that, at least in the 
present work, predictions of local patterns of distribution are more sensitive to geographic 
extent for model fitting in simpler modelling methods like GLMs. In this sense, a more complex 
model like a BRT (which can automatically fit interactions), even if fitted across the range-wide 
extent, can still pick local conditions more accurately than a simpler model like a GLM, consistent 
with findings and advice that more complex models are effective for describing complex species-
environment relations (Merow et al. 2014).  

Other works testing the effect of geographic extent for model fitting have obtained mixed 
results. A number of works have approached this question using presence-only data (species 
occurrence data which only informs of locations where the species have been detected) and the 
presence-background modelling method Maxent (Phillips et al. 2006): Raes (2012), found that 
“partial” (part-range) models delivered different predictions than “full” (whole-range) models 
and suggested that “full” models were more accurate as “partial” models seemed to 
underpredicted species distributions. Using the same modelling method, Song et al. (2013), 
tested different geographic extents and grid sizes and found that AUC values calculated 
internally (through cross-validation) were more sensitive to changes in grain than in extent and 
suggested that models with wider extents and finer grains discriminate better. Also using 
Maxent, Suárez-Seoane et al. (2014) found that models fitted at larger geographic extents had 
better discrimination than models fitted at subsets of the full geographic extents, based on ROC-
AUC calculated from independent data. On the other hand, Vale et al. (2014, 2015) found that 
regional Maxent models were better than whole range models at predicting at margins of the 
species’ distribution based on several threshold-dependent evaluation metrics calculated 
externally but based on a random partition of the data available (i.e. evaluation on external but 
likely not independent data). Acevedo et al. (2012), found that fitting GLMs at restricted 
geographic extents defined by the species dispersal limitations delivered models more 
informative of species preferences at the core of their distributions than models fitted at larger 
geographic extents. The authors used internal and external evaluations, although external 
evaluations were made with data subset from the same datasets as the fitting data.  

The different results of these authors suggest that the effect of the geographic extent might be 
mediated by the sub-section of the whole-range areas where the reduced extent models are 
fitted in (whether the subset of the larger extent is at the core or margins of the species range), 
type of data (presence-only or presence-absence) and, in consequence, the modelling method 
used to accommodate the different types of species data. Nevertheless, only two  of the 
mentioned works (Acevedo et al. 2012 and Suárez-Seoane et al. 2014) performed some type of 
external evaluation, out of which only Suárez-Seoane et al. (2014) used independent data. 
Whilst helpful indications of performance can still be obtained, without independent and 
unbiased evaluation data, modellers cannot be completely certain whether the study area they 
chose (or any other methodological decision made) was the most appropriate (Mouton et al. 
2010, El-Gabbas and Dormann 2018). This source of uncertainty was also evident in this work. 

Additional sampling effort in the areas where extrapolation was detected or where there are 
few or no recent occurrence records, could contribute to produce better models of greater glider 
distribution. Merging the fitting and evaluation datasets to produce models using all data 
available in East Gippsland (Appendix 4.4.4) did not yield substantially different predictions. 
Density plots (Figure 4.7 in main text and Figure 4.10 in appendix 4.4.2) suggest that this is likely 
due to the similarity of the conditions sampled by fitting and evaluation sets, at least for the 
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variables with the highest relative contributions. Occurrence data from the north-western part 
of East Gippsland, where neither fitting nor evaluation records exist, might help refine 
distribution models of the greater glider in East Gippsland. As intAUC scores and predictions 
from models with all data were not substantially different from the models fitted with the fitting-
evaluation arrangement, we think that setting aside high quality species’ data (although with an 
imperfect spread across the study area) for an external evaluation (extAUC) was a useful point 
of comparison among models and did not result in a substantial loss in model performance. By 
1996, it was acknowledged that distribution of fauna survey effort in East Gippsland was 
relatively high but heterogeneously distributed (Department of Agriculture, Water and the 
Environment 1996). Roughly 25 year later, the distribution of greater glider records still reflects 
that drawback. 

SDMs to inform greater glider distribution in the East Gippsland RFA 

Despite the differences in evaluation metrics and spatial predictions among the different models 
we fitted, these do not result in large uncertainties about the distribution of greater glider 
habitat across the management zones of the East Gippsland RFA. The fact that the two most 
reliable models (models 1 and 3) indicate a similar proportional distribution of suitable habitat 
across the management zones and broadly identify the same highly suitable areas, provides 
sound insights into the implications that the management practices allowed in the different 
zones have for greater glider’s conservation in East Gippsland. Most of the predicted suitable 
habitat for the greater glider is in areas not subject to logging and in the GMZ, where logging 
occurs. Across all of Victoria, a similar proportional distribution of suitable habitat occurs: 
approx. 40% of suitable habitat occurs in formal reserves and approx. 43% in GMZ or SMZ 
(Department of Environment, Land, Water and Planning 2019). This suggests that the 
management actions undertaken in logging areas can have a large impact on gliders’ persistence 
across these forests. Different aspects of the RFAs have been subject to debate since their 
implementation in the late 1990’s, including the effectiveness of reserved areas to protect 
forests’ biodiversity (Dargavel et al. 1998, Horwitz and Calver 1998, McDonald 1999). Despite 
the fact that time since logging had rather low relative contribution in Model 3, other evidence 
indicates that logging rotation cycles have had a detrimental effect on the greater glider 
throughout its range as the availability of hollow-bearing trees decreases (Kavanagh and Webb 
1998, Threatened Species Scientific Committee 2016). In southern Queensland, Eyre (2006) 
found that the number of hollowing-bearing trees per sampling site was the most significant 
variable to explain the abundance of greater gliders. and remarked the relevance of retaining 
enough hollow-bearing trees in logging coupes for greater gliders persistence. Although a series 
of prescriptions have been put in place to protect the species in forests subject to logging once 
the greater glider was declared threatened, our results suggest that the management zoning of 
the East Gippsland RFA might not have been protecting this species effectively. Evidence of 
observed decline in East Gippsland points in the same direction (Threatened Species Scientific 
Committee 2016, Department of Environment, Land, Water and Planning 2019). The low 
contribution of time since logging to model 3 could be attributed to the fact that the variable 
we used does not account for the type of logging method employed nor for the characteristics 
of the trees that were retained and other conditions which might modulate the effect of logging 
on habitat suitability for the greater glider.  

The recent protection measures include retention of higher basal area in logging coupes where 
five or more gliders are detected and immediate cease of timber harvesting in old-growth 
forests. Whereas the second measure is put in place irrespective of the distribution of the 
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greater glider, other protection measures are dependent on the observation of individuals, so 
reliable predictions of gliders distribution are important. The necessity of spatial information to 
address land use planning while considering conservation of this species is acknowledged in the 
Victorian Action Statement for the greater glider (Department of Environment, Land, Water and 
Planning 2019). In this regard, our most reliable models (models 1 and 3) suggest broadly the 
same regions of the study area as the most relevant for the greater glider in East Gippsland.   

Another recent, relevant protection action was the establishment of the IPAs across Victoria. In 
East Gippsland, ~90 % of the IPAs’ extent burnt during the recent 2019-2020 fires. The degree 
to which the IPAs remain suitable after the fires depends on how severely they burnt. At the 
moment of completing this research, spatial information about fire severity was not completely 
reliable yet, as acknowledged by the information source (Department of Environment, Land, 
Water & Planning 2020). Our results indicate that prior to the recent fires, IPAs and other public 
land not subject to logging (OPL) were protecting the most suitable habitat for the greater glider 
across East Gippsland. The design of the RFAs foresees that the protection for biodiversity in 
SPZs should be complemented by other formal reserves. In this sense, our models indicate that 
SPZs are protecting habitat that might not be substantially relevant for the greater glider (see 
mean probability values for SPZ in Table 4.4) -whereas it might be for other species- while 
greater glider habitat is partly being protected by other formal reserves that do not make part 
of the RFA (i.e. OPL). These additional reserves are now more relevant as they were the less 
affected by the recent fires (see bottom section of Table 4.5). In contrast, SPZ are likely to be 
even less relevant for the greater glider after the fires. Approximately 80% of their extent was 
burnt and remaining patches have an extent of less than 1 km2 (0.703 km2 mean, 1.2 std dev.). 
According to Lindenmayer and McCarthy (2006), a 1 km2 patch implies 20 % extinction risk for 
the greater glider over 300 years. This suggests that long-term persistence of the greater glider 
in this management zone can only be assured when SPZ patches are contiguous to other areas 
of suitable habitat or if burnt stands recover and pass through seral stages without additional 
significant disturbance until reaching forest maturity. 

Environmental factors driving greater glider distribution across spatial extents 

All our models agree that the most suitable habitat is located towards the north and north-
western sections of East Gippsland. Wagner et al. (in review) also found that these regions are 
likely to be the most suitable in East Gippsland. The north western section, in the upper 
catchment of the Snowy River, near the locality of Gelantipy, could constitute an important 
refugial area for the greater glider as this area is mainly public land not subject to logging and 
was less affected by fires compared to the rest of East Gippsland. Gullies have been important 
refugia for the greater glider after fires in the Victorian Central Highlands (Berry et al. 2015) and 
this part of East Gippsland has high topographic variation. Whereas the northern patch of highly 
suitable habitat also remained unburnt, this includes a higher portion of land subject to logging. 

Variables’ relative contribution suggest that climate is the dominant factor determining habitat 
suitability for the greater glider. Both whole-range and local models were more strongly driven 
by climatic than vegetation or disturbance related variables. Time since fire (tsf) was the only 
disturbance variable with a high relative contribution in local models. The fitted responses agree 
with greater glider’s known ecology: that fire has a detrimental effect on occurrence probability 
(Lindenmayer et al. 2013b, Berry et al. 2015, McLean et al. 2018). The fire history data we used 
to derive fire-related variables do not contain reliable information on fire severity across the 
relevant time frame and spatial extent (for range-wide models) required to use fire severity in 
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these models. We acknowledge though that accounting for fire severity could help to better 
explain and predict patterns of greater glider distribution both at range-wide and local scales. 

Other models of the greater glider have also found climatic variables to be important. In the 
Central Highlands of Victoria, Taylor et al. (2017) found that presence of old-growth forest and 
climatic variables related to seasonality and long-term minimum conditions of temperature 
were relevant in explaining pattern of occurrence of the greater glider in this region. In our 
models, temperature seasonality and long-term extreme conditions of temperature (although 
we used long term maximum rather than minimum temperature, which were highly correlated) 
have the largest relative contribution in all the fitted models. In model 3, we used variables 
related to the proportional distribution of vegetation types likely suitable for the greater glider, 
but in contrast to the results of Taylor et al. (2017) in the Central Highlands of Victoria, these 
variables did not seem to play a relevant role in East Gippsland. Wagner et al. (in review) also 
found that climatic variables are highly relevant explaining greater gliders’ distribution across 
the state of Victoria. At range-wide scale, Kearney et al. (2010) found that increases in 
temperature will have a large detrimental effect on the greater glider distribution, particularly 
in the northern part of its distribution range. 

The influence of climate on species distribution at large spatial extents, has been long observed 
in the literature (Franklin 2009), and has been analyzed in detail for other arboreal marsupials 
(Briscoe et al. 2016). This supports the importance of climatic variables in range-wide models, 
especially when modelling across wide geographic extents, such as greater gliders’ range, as 
enough variation exists in long term climatic variables as to explain species’ distribution (Razgour 
et al. 2011).  At local geographic extents, fine-scale patterns of species distribution are often 
driven by habitat characteristics like available food and shelter resources or disturbance 
processes (Peterson et al. 2011, Razgour et al. 2011). Whilst long-term climatic variables had the 
largest contributions in our local models (models 2 and 3), we think these might be, in turn, 
affecting other environmental factors more directly related to greater gliders physiology (i.e. 
climate acting as distal, rather than proximal variables) such as availability of hollow-bearing 
trees or foliage nutritious content that, nevertheless, the vegetation and foliage related 
variables we used failed to capture. Kearney et al. (2010) predicted that all the East Gippsland is 
climatically suitable, and Braithwaite (1996) and Cork and Catling (1996) observed that water 
content affects eucalypt foliage nutrients and nutrients-toxicity ratio. Their results further 
support that long-term climate is likely acting via influence on vegetation. 

 

4.5 Conclusion 
The recently observed decline of the greater glider across most of its range has drawn 
considerable attention to the conservation of this species (Lindenmayer et al. 2011, Threatened 
Species Scientific Committee 2016). Given that the greater glider inhabits forests subject to 
commercial logging, there are concerns that Australia’s main regulatory framework for the 
logging industry in native forests, the Regional Forest Agreements, might not be accomplishing 
their objective of balancing economic and conservation goals (Dargavel et al. 1998, Horwitz and 
Calver 1998, McDonald 1999, Lindenmayer 2018). Our results indicate that in East Gippsland, a 
similarly large proportion of greater glider habitat is on land not subject to logging and in areas 
subject to be logged. Also, that a large proportion of the species habitat was affected by the 
recent fires, although large patches of suitable habitat remained unburnt. We found that the 
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efficacy of the most recently implemented conservation strategy, the Immediate Protection 
Areas, might be diminished as they were largely affected by the recent fires. 

More broadly, our results indicate that when choosing a geographic extent for model fitting, it 
is important that modellers have a clear idea of the information they require from models (e.g. 
current distribution, historic distribution, projection to other sites or times, information on 
species-environment relationships, among others) so results can be interpreted accordingly. Our 
results also indicate that when fitting models at local extents it is advisable to use locally created 
variables (as the topo-climate variables), if these are available, as these usually describe local 
conditions more accurately and can considerably improve models. Particularly, in this study we 
found that, while the models fitted at different geographic extents and with the topo-climate 
variables displayed differences in their spatial predictions, with no model clearly outperforming 
the rest, the information they deliver on the distribution of the greater glider across the Forest 
Management Zones of the East Gippsland RFA and the identification of the most suitable areas 
is relatively consistent. Despite the challenges of properly assessing the usefulness of SDM in 
conservation planning (Tulloch et al. 2016, Araújo et al. 2019), our models delivered a useful 
assessment of the implications that logging practices might have on the conservation of the 
greater glider in the East Gippsland. Yet, we acknowledge a trade-off might exist between the 
time required to explore different methodological avenues and the ability to promptly deliver 
predictions of species distribution to assist in conservation planning. 

Whereas a comprehensive evaluation of the impacts of the recent fires on the greater glider and 
the broader biodiversity will take time, our results indicate that, despite the disastrous effect of 
the fires, reason for optimism exist as our models predicted that the highest quality habitat 
remained unburnt and is not subject to future timber harvesting operations. These areas of 
highly suitable habitat that remained unburned, could have served as refugia from which 
neighbouring areas could, in the longer-term, be recolonized. Past recolonization events suggest 
this could happen, in 2012, 18 years after the Royal National Park (eastern New South Wales) 
burned almost entirely, a confirmed sighting of the greater glider was reported (Andrew et al. 
2014).  
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4.7 Appendices 
 

4.7.1 Variables creation and selection 
 

Palatable Eucalypt species 

A number of Eucalypt species preferred by the greater glider has been identified for different 
regions of Victoria (Department of Environment, Land, Water & Planning 2019). The species 
identified as preferred in the East Gippsland are Eucalyptus fastigata, Eucalyptus viminalis, 
Eucalyptus globoidea and Eucalyptus radiata. Eucalyptus croajingolensis (common Gippsland 
Peppermint) was also included, since it was taxonomically segregated from E. radiata in the 
1990s.  Eucalyptus dalrympleana has also been identified as preferred in north-east Victoria, so 
it was included as well.  

Presence-absence species distribution models for a number of plant species distributed 
throughout south eastern Australia have been produced by the Arthur Rylah Institute for 
Environmental Research (Matt White, personal communication). We used the models’ 
predictions of the selected species to produce a variable that represents the probability of 
occurrence of at least one of the palatable eucalypt species; see the mapped values of this 
variable in Fig. A1.  

We used the following formula:  

Prob. at least one palatable eucalypt species present  =  1 – ((1- Pr(sp_1)) x (1- Pr(sp_2)) … x (1- 
Pr(sp_n)). 

 

Figure 4.8. Probability of occurrence of at least one palatable eucalypt species. 
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Variables selection for model 3 

After assessing correlation within the East Gippsland study region, the following variables were 
discarded: 

• Mean annual temperature: Highly correlated with all other temperature variables: mean 
temperature of warmest quarter (r = 0.98); mean temperature of coldest quarter (r = 
0.99); temperature seasonality (r = 0.82). We retained other temperature variables 
related to maximum or minimum temperature values, as these have a more direct effect 
on gliders rather than mean conditions. 

• Mean temperature of the coldest quarter: Highly correlated with mean temperature of 
the warmest quarter (r = 0.94). The later was retained as warm temperatures have a 
more direct effect on gliders’ thermal regulation and water balance. 

• Annual precipitation: Highly correlated with most other precipitation variables: 
precipitation of wettest quarter (r = 0.95); precipitation of driest quarter (r = 0.94). We 
retained other precipitation variables related to maximum and minimum precipitation, 
as these have a more direct effect on gliders rather than mean conditions. 

• Precipitation of the wettest quarter: Highly correlated with precipitation of the driest 
quarter (r = 0.89). We retained precipitation of the driest as dry conditions can have 
limiting effect on gliders’ water balance (Kearney et al. 2010). 

• Coefficient of variation of fraction of photosynthetically active radiation: Highly 
correlated with mean fraction of photosynthetically active radiation (r = 0.83). We think 
that accounting for mean greenness conditions along the year is more meaningful in 
terms of availability of food resources.  
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Variables correlations for local models 

This appendix shows the correlations matrices of the variables used to fit models 2 and 3. 
Correlation coefficients are displayed on the right section of each matrix; left section shows pair-
wise dispersion of values; central diagonal of the matrix shows histograms of variables’ values. 
In the case of model 2, variables were assessed for correlation range-wide and one out of each 
pair of highly correlated variables were discarded (see Appendix 3.7.2). By fitting model 2 we 
aimed to assess the sole effect of geographic extent for model fitting (i.e. comparison of range-
wide vs. local models fitted with the same environmental variables), so we did not apply any 
further removal of variables that were nevertheless highly correlated in East Gippsland while 
fitting model 2.  
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Correlation matrix of variables used in model 2 
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Correlation matrix of variables used in model 3 
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4.7.2 Additional exploratory analyses 
 

MESS maps 

We produced multivariate environmental similarity surface (MESS) maps (Elith et al. 2010) to 
assess how similar are the environmental conditions sampled by the fitting and evaluation 
datasets, and the overall environmental conditions in the study area. We did this for the two 
sets of environmental variables modelled (one set of variables for models 1 and 2, and a different 
set for model 3) and separately for fitting and evaluation datasets. 

Additionally, we plotted the MESS maps for the variables contributing the largest extent of 
environmental dissimilarity in the different models and datasets. This was based on the number 
of cells with negative MESS values (indicating dissimilarity, i.e. extrapolation with respect to 
species’ records). MESS maps of model 1 are shown in chapter 3 Appendices. We used the R 
package (R Foundation for Statistical Computing 2018) ‘dismo’ version 1.1.4 (Hijmans et al. 2017) 
to produce MESS maps.  

Maps based on fitting records to East Gippsland (figure 4.9, top row). In model 2, the largest 
areas of dissimilarity are driven by annual precipitation (pp_annual), precipitation of the driest 
quarter (pp_driest) and temperature seasonality (temp_season), which has the highest relative 
contribution in model 2. In model 3, the largest areas of dissimilarity are driven by pp_driest, 
mean fraction of photosynthetically active radiation (fPAR_mean) and temp_season, which has 
the second largest relative contribution to model 3.  

Maps based on evaluation records to East Gippsland (figure 4.9, bottom row). In model 2, the 
largest areas of dissimilarity are driven by temp_season, precipitation seasonality (pp_season) 
and pp_driest; in model 3 by temp_season, fPAR_mean and pp_driest.  
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Figure 4.9. MESS maps of models 2 and 3. Rightmost column shows the total extent of environmental dissimilarity detected in fitting data (top panel) and evaluation data 
(bottom panel). The rest of the maps correspond to the variables with the larger spatial extent of dissimilarity for each model and each dataset (fitting and evaluation). MESS 
values are scaled on each map individually, so colour palette of MESS values indicate lower/higher dissimilarity only in respect to the same map.
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Density plots of sampled environmental conditions 

We plotted the density of values for predictors with the highest relative contribution for the 
fitting and evaluation datasets, as well as a random sample across the East Gippsland. For model 
1, we used a sample of 10,000 random points across the modelling extent defined for the whole 
range models. For models 2 and 3, we used a sample of 1,000 random points across the East 
Gippsland polygon. See Figure 4.10 for all plotted density curves. 

Curves show that densities of environmental conditions at greater glider presence sites are 
concentrated on certain values of the overall conditions in the landscape (‘fitting’ and 
‘evaluation’ curves peak at different values of the environmental variables than the random 
landscape sample), although less pronouncedly for annual precipitation (pp_annual) in model 2. 
Fitting and evaluation curves peak at similar values in all cases except for temp_warm in model 
1, where the temp_warm values most densely sampled by the evaluation dataset are not that 
densely represented in the fitting dataset. Density curves from all data and from presence data 
only are very similar for most plots, likely because of the higher proportion of presences in both 
fitting and evaluation datasets. Curves from fitting and evaluation datasets have a reasonable 
overlap. 
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Figure 4.10. Density plots of environmental conditions sampled by fitting and evaluation datasets 
compared to a random sample of the landscape. For model 1, landscape curves show the conditions across 
the modelling extent defined for the whole range models. For models 2 and 3, landscape curves show 
conditions in East Gippsland. For the three models, curves were plotted for all records (presences and 
absences) and for presences only. 
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4.7.3 Alternative method: Generalized Linear Models 
We chose Boosted Regression Trees (BRTs) as the main modelling method because of its 
acknowledged high predictive performance (Elith et al. 2006, 2008) and because in the whole 
range models from chapter 3, BRTs performed the best. To analyse whether our results are 
generalizable to a simpler but commonly used modelling method, we also fitted Generalized 
Linear Models (GLMs) to the same datasets and environmental variables. GLMs fit smoother 
responses and do not capture interactions among variables automatically, which can make them 
less able to predict local patters of distribution when fitted at large spatial extents. We fitted 
(GLMs) to the same datasets and resolution as for models 1, 2 and 3 in main text: 

GLM_1: Fitted across the entire greater glider range at a 500 m resolution.  

GLM_2: Fitted to the GLM_1 subset of species’ and environmental data in the East Gippsland. 
500 m resolution. 

GLM_3: Fitted with the same subset of occurrences as GLM_2 but using a number of higher 
resolution predictor variables created specifically for the state of Victoria (250 m resolution). 

GLMs were fitted using the glm function in R with a Bernoulli error distribution and allowing 
linear and quadratic responses. GLM_1 and GLM_3 were refined through backwards selection 
with the R package ‘gam’ version 1.16 (Hastie 2019) to discard the less relevant variables. GLM_ 
2 was fitted using the formula selected for GLM_1. 

These models were evaluated through the same procedures and metrics as the models in the 
main text. Table 4.6 shows the evaluation metrics of the GLMs, as well as of the BRTs from main 
text for comparison. BRTs performed noticeably better in terms of AUC, both internal (int_AUC) 
and external (extAUC) and similarly in terms of FNR. Figure 4.12 shows the predictions for these 
models, along with main models and maps of predictions differences. 

Variable importance for these complementary GLMs was assessed through a dominance 
analysis. A dominance analysis assesses each variable’s relative contribution across all possible 
subsets of the selected model by doing pairwise comparisons with each of the other variables; 
in this analysis, we used the McFadden index as a measure of goodness of fit analogous to R2 
(Azen and Traxel 2009). This analysis was implemented through the R package 
‘dominanceanalysis’ version 1.2.0 (Bustos Navarrete and Coutinho Soares 2019). Table 4.7 
shows variables importance for the alternative GLMs along with main BRTs. 

As with the main models (BRTs), the evaluation metrics we used did not allow to choose a single 
best GLM model. extAUC and intAUC suggest that local GLM fitted with range-wide variables 
(GLM_2) is the less reliable model, but do not allow to distinguish between the range-wide 
(GLM_1) or local model with locally important variables (GLM_3). intAUC is higher for GLM_1 
and extAUC for GLM_3, but calibration based both fitting and evaluation data suggest GLM_3 
performed better. 

The most different predictions in the East Gippsland were from range-wide models (model 1 and 
GLM_1); r = 0.44. This is likely driven by the large areas of high probability predicted by GLM_1 
across most of the East Gippsland. At the whole range, BRT and GLM predictions had a higher 
correlation (r =0.67). For models 2 and 3, the differences between BRT and GLM predictions are 
less pronounced (r ~ 0.72), although GLMs predicted higher probabilities across most of East 
Gippsland. All GLMs predicted a larger extent of greater glider habitat in East Gippsland than 
their corresponding BRT, especially for range-wide models (Table 4.8).  
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In the GLMs, temp_season and temp_warm are also the two most important variables (as in 
main BRT models). In the range-wide GLM (GLM_1), the four most important variables are the 
same as in BRT model 1. In GLM_2, all disturbance related variables are next in importance after 
temp_warm and temp_season. In GLM_3, the variables dropped through backwards selection 
were all vegetation and foliage quality related. These variables are palatable eucalypt species 
(euc_one), canopy height (c_height), proportion of surrounding native vegetation (mean_xveg) 
and proportion of tall eucalyptus forest (PROP_TALL_FOREST). These variables also had some of 
the lowest relative contributions to model 3 (BRT). Nevertheless, the proportional distribution 
of greater glider habitat across the Forest Management Zones, Immediate Protection Areas and 
other public land not subject to logging predicted by the two modelling methods was fairly 
similar. Both methods predict that the majority of habitat for the greater glider in East Gippsland 
is in other public land not subject to logging and the General Management Zone (GMZ), where 
logging is allowed (Table 4.8).  

Table 4.6. Evaluation metrics of the alternative models (GLMs, top section of Table), as well as the main 
models (BRTs, bottom section of Table). intAUC for models GLM_1 and BRT model 1 was calculated 
across the whole range of the greater glider. Cells in bold show the highest score for each metric. 

Model intAUC extAUC 
FNR 

max_TPR+TNR sensi_0.95 
Alternative models (GLMs) 

GLM_1 0.763 (sd 0.08) 0.783 0.141 at 0.66 0.074 at 0.466 

GLM_2 0.618 (sd 0.208) 0.77 0.064 at 0.511 0.052 at 0.262 
GLM_3 0.718 (sd 0.176) 0.806 0.143 at 0.849 0.068 at 0.315 

Main models (BRTs) 
BRT model 1 0.806 (sd 0.07) 0.902 0.183 at 0.81 0.064 at 0.59 
BRT model 2 0.964 (sd 0.03) 0.843 0.118 at 0.85 0.058 at 0.34 

BRT model 3 0.972 (sd 0.03) 0.862 0.147 at 0.91 0.052 at 0.42 
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Table 4.7. Variable importance for all the fitted greater glider distribution models. In GLMs, variables 
were ranked using a dominance analysis; average contribution based on the McFadden index is shown 
in parentheses. Grey shaded columns show variable ranking for GLMs. Non-shaded columns show the 
ranking for the corresponding BRT model, based on an assessment of variable relative contribution. The 
four most important variables for each model are highlighted in bold. 

Range-wide 
variables 

Ranking 
GLM_1 
(average 
contribution 
in GLM) 

Ranking 
BRT 
model 1 

Ranking 
GLM_2 
(average 
contribution 
in GLM) 

Ranking 
BRT 
model 2 

Local 
variables 

Ranking GLM_3 
(average 
contribution in 
GLM) 

Ranking 
BRT 
model 3 

temp_season 1 (0.063) 1 1 (0.107) 1 temp_warm 1 (0.119) 1 
temp_warm 2 (0.039) 2 2 (0.099) 2 temp_season 2 (0.08) 2 
pp_annual 3 (0.021) 4 4 (0.025) 4 tsl 3 (0.039) 6 

pp_season 4 (0.018) 3 9 (0.014) 10 f_freq 4 (0.026) 14 

mean_xveg 5 (0.018) 12 11 (0.002) 12 tsf 5 (0.024) 3 

fPAR_mean 6 (0.013) 6 5 (0.019) 7 PROP_WET_F
OREST 6 (0.021) 13 

fPAR_var 7 (0.01) 8 7 (0.015) 8 pp_driest 7 (0.02) 9 

mean_EDI 8 (0.006) 9 10 (0.006) 9 PROP_COOL_
FOREST 8 (0.019) 15 

tsf 9 (0.004) 5 3 (0.037) 3 fPAR_mean 9 (0.017) 5 

pp_driest 10 (0.004) 7 6 (0.016) 6 rugg 10 (0.017) 7 

GPP_var 11 (0.004) 10 8 (0.014) 5 pp_season 11 (0.011) 4 

c_height 12 (0.003) 11 12 (0.001) 11 twmd 12 (0.008) 8 
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Figure 4.11. Calibration plots of GLMs and main (BRT) models. These plots show the agreement of model 
predictions in East Gippsland to the observed proportion of presences and absences in the fitting dataset 
(top row) and in the evaluation dataset (bottom row).
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Figure 4.12. Predictions of alternative models (GLMs, top row in top panel), main models (BRTs, bottom row in top panel) and differences in their predictions (bottom panel). 
Red areas indicate GLMs predicted higher values, blue areas indicate BRTs predicted higher; grey areas indicate agreement between predictions. Blue and yellow circles show 
the distribution of evaluation presences and absences, respectively. Pearson correlation is reported for each pair of predictions. 
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Table 4.8. Distribution of suitable habitat as predicted by alternative GLMs (top section of table) and main models (BRTs, bottom section of table) across the East Gippsland 
RFA Forest Management Zones, other public land not subject to logging and IPAs. GMZ = General Management Zone; SMZ = Special Management Zone; SPZ = Special 
Protection Zone; OPL = Other public land not subject to logging; IPAs = Immediate protections areas. Percentage next to each management zone name indicates the 
percentage of East Gippsland they cover. ‘Mean’ columns report the occurrence probability value averaged across the zone and its standard deviation; km2 columns report 
the estimated suitable area calculated as summed cell values multiplied by cell size. For models 1 and 2, which were fitted at a 500 m resolution, predictions were 
resampled to 250 m so calculation across models are comparable; % column indicate the percentage of the total summed probability that is predicted in each management 
zone.  

 

 

 

 

 

 

GLMs 
East Gippsland GMZ (34%) SMZ (5%) SPZ (9%) OPL (39%) IPAs (6%) 

Mean (sd) km2 Mean (sd) km2 % Mean (sd) km2 % Mean (sd) km2 % Mean (sd) km2 % Mean (sd) km2 % 

GLM_1 0.59 (0.15) 6,100 0.61 (0.11) 2,520 41.3 0.53 (0.13) 315 5.2 0.57 (0.12) 620 10.2 0.59 (0.18) 2,645 43.4 0.65 (0.08) 471 7.7 

GLM_2 0.52 (0.31) 5,337 0.49 (0.29) 2,005 37.6 0.37 (0.21) 219 4.1 0.42 (0.26) 452 8.5 0.59 (0.32) 2,662 49.9 0.43 (0.22) 314 5.9 

GLM_3 0.53 (0.35) 5,530 0.53 (0.34) 2,161 39.1 0.42 (0.3) 252 4.6 0.43 (0.31) 465 8.4 0.58 (0.37) 2,653 48 0.48 (0.31) 349 6.3 

  

BRTs 
East Gippsland GMZ SMZ SPZ OPL IPAs 

Mean (sd) km2 Mean (sd) km2 % Mean (sd) km2 % Mean (sd) km2 % Mean (sd) km2 % Mean (sd) km2 % 

Model1 0.47 (0.25) 4,820 0.49 (0.24) 2,019 41.9 0.4 (0.22) 237 4.9 0.43 (0.24) 469 9.7 0.47 (0.27) 2,096 43.5 0.46 (0.23) 337 7 

Model2 0.5 (0.29) 5,136 0.45 (0.27) 1,871 36.4 0.34 (0.18) 201 3.9 0.39 (0.24) 426 8.3 0.59 (0.29) 2,640 51.4 0.42 (0.21) 305 5.9 

Model3 0.47 (0.25) 4,911 0.48 (0.25) 1,970 40.1 0.37 (0.2) 218 4.4 0.4 (0.23) 431 8.8 0.5 (0.25) 2,293 46.7 0.44 (0.21) 323 6.6 
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Table 4.9. Extent of greater glider habitat predicted by alternative GLMs (top section of table) and main models (BRTs, bottom section of table) that burnt during the 2019-
2020 fires. Table reports mean probability values and standard deviation for the extent burnt based on different model predictions; total extension in km2 calculated as 
summed cell values multiplied by cell size. For models 1 and 2, which were fitted at a 500 m resolution, predictions were resampled to 250 m so calculation across models 
are comparable; % column indicate the percentage of the total summed probability values on the burnt areas. These analyses do not account for fire severity. 

GLMs 
Burnt 2019-2020 (69.3%) 

Mean (sd) km2 % 
GLM_1 0.59 (0.1) 4,720.7 77.4 
GLM_2 0.45 (0.3) 3,633.1 68.1 
GLM_3 0.46 (0.3) 3,753 67.9 

  
BRTs Mean km2 % 
Model 1 0.44 (0.2) 3,499.5 72.6 
Model 2 0.44 (0.3) 3,541.0 68.9 

Model 3 0.44 (0.2) 3,530.4 71.9 
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4.7.4 Models with all occurrence data 
After the cleaning process to obtain the fitting dataset data for whole range models (from which 
we obtained the fitting data for local models as well), new greater glider occurrence data in East 
Gippsland became available. We incorporated such new data from the Victorian Biodiversity 
Atlas and provided by B. Wagner (University of Melbourne) to the evaluation records obtained 
through the range-wide data cleaning process to integrate the dataset for external evaluation in 
East Gippsland. We acknowledge, however, that there is a trade-off between the possibility to 
undertake an external comparison among the different models through an AUC calculation that 
is comparable among them (extAUC) and the incorporation of the environmental information 
from evaluation records that was not incorporated into model fitting. To explore how model 
predictions would look if those conditions were incorporated, we fitted the East Gippsland BRTs 
(models 2 and 3) as in the main text but using the fitting and evaluation together as a single 
fitting data set. As the external dataset for evaluation was now used for fitting, these models 
were only evaluated through intAUC (spatially blocked 10-fold cross validation). 

Predictions from all data models were highly correlated (r > 0.85) with their equivalent models 
fitted with the fitting dataset only, especially for model 2 (r = 0.93). The main areas of high 
probability of greater glider presence predicted by the main models (i.e. fitting dataset models) 
are also identified by all data models. In both cases (models 2 and 3), all data models predict 
additional areas of high probability near the western margin of the study area. Evaluation of all 
data models through intAUC shows that these had very similar values to the main models. Figure 
4.13 shows the predictions of models 2 and 3 fitted with the fitting dataset (main model as in 
main text) and all data models, as well as intAUC values and the correlation of the corresponding 
predictions.  

 

Figure 4.13. Predictions of models 2 and 3 fitted with the fitting dataset (top row) and all data (bottom 
row). intAUC for each model is displayed next to its prediction. Correlation between predictions obtained 
with fitting dataset and with all data are shown at the bottom of the figure. 
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5 General Discussion and Final Remarks 
This final chapter briefly summarises the results of this thesis and situates them in the broader 
context of species distribution modelling and its use in conservation planning and land 
management.  

 

5.1 Methodological challenges in Species Distribution Modelling 
In this thesis I have shown that methodological decisions within the modelling process affect the 
obtained results and the potential applications models would be suited for. Commonly, 
presence-absence modelling methods have superior performance over presence-background 
methods (Elith et al. 2006, Elith and Graham 2009, Guillera-Arroita et al. 2015), but the 
widespread availability of presence-only data and the ease of use of modelling tools such as 
Maxent has made presence-background the most broadly used type of species data (Guillera-
Arroita et al. 2015, Phillips et al. 2017). Whereas in many situations using PO data is the only 
option given the historical sampling effort in a region, I have shown that in some circumstances, 
a further exploration and processing of the data can allow the implementation of presence-
absence modelling methods in areas where it did not initially seem possible. In chapter 3 of this 
thesis I have shown that well-established methods such as Maxent, GLMs or BRTs, with which 
managers are already familiar and for which a large body of literature is available for 
consultation, can benefit from using supplementary biodiversity data. I used such data to deal 
with biases and to create new presence-inferred-absence datasets. The use of supplementary 
data from citizen science and historical databases (Manceur and Kühn 2014, Huang and 
Frimpong 2015, Bradter et al. 2018, Steen et al. 2019) have begun to be explored as a promising 
approach to overcoming the scarcity of survey data, allowing more widespread use of presence-
absence methods. Other relatively recent approaches propose merging different types of 
occurrence data under the Poisson Point Process framework (Fithian et al. 2015, Koshkina et al. 
2017). These show promising results, but they have largely not been adopted by conservation 
practitioners because the models are relatively complex and require high level statistical skills 
to apply. Their implementation would be an interesting extension of this work. These recently 
proposed methods to deal with sampling bias share one common characteristic, that they rely 
on abundant ancillary data from multiple sources (e.g. Fithian et al. 2015, Koshkina et al. 2017) 
or large citizen science databases (e.g. Manceur and Kühn 2014, Huang and Frimpong 2015, 
Bradter et al. 2018, Steen et al. 2019), which might not be available in the lesser sampled regions 
of the world. In such places, other methods need to be implemented for correcting biases in 
data-poor regions (El-Gabbas and Dormann 2018, Guillaumot et al. 2019).  

New methods for dealing with sampling biases in species distribution data are regularly 
proposed (e.g. Moua et al. 2020, Komori et al. 2020). Given the increasing diversity of methods 
to deal with sampling bias, it is important that modellers have a fundamental understanding of 
which methods perform well under which circumstances (e.g. data availability, model 
application). I expect that methodological advances in bias correction methods and further 
implementation and evaluation of such methods will help to clarify their suitability in a range of 
modelling contexts to make these new, likely more accurate but technically challenging 
methods, more broadly adopted by conservation practitioners and other users of SDMs. 

Importantly, results presented here showed that measured differences between models are not 
always problematic, as they do not necessarily translate into substantially different advice in a 
conservation decision context. It is unclear whether these results would be generalizable to 
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other regions (i.e. that range-wide and local models would provide similar information 
elsewhere); other studies comparing predictions of models built at different spatial extents for 
conservation purposes have also interpreted their results in the specific context of their 
conservation objectives (McAlpine et al. 2008, Razgour et al. 2011). Nevertheless, finding out 
that different models yielded similar advice was only possible through the exploration of 
different methodological avenues, hence these results emphasize the need to explore different 
modelling approaches rather than relying on a single model.  

 

5.2 Implementation challenges of Species Distribution Modelling in conservation 
planning  

The modelling methods and sources of data used in this work are relatively familiar to many 
conservation practitioners throughout Australia and all modelling processes were done using 
open source software. However, the exploration of different methodological avenues to account 
for the specific characteristics of the data and modelling context is a time-consuming task (Steen 
et al. 2019) that might not always be feasible in conservation decision contexts. Nevertheless, 
the results of this thesis indicate that the gains in model performance or at least in uncertainty 
reduction can be substantial. If thorough methodological assessments cannot be implemented, 
at least a careful exploration of the available species data is highly advisable in order to obtain 
the most complete information possible from the resources at hand. Beyond greater glider 
conservation, these results are of general interest to both modellers and models users such as 
conservation practitioners, land managers, governmental agencies, among others, because they 
will often face similar data challenges and the usefulness of their models (or the models users 
have access to) will ultimately be contingent on how well data deficiencies are dealt with.  

If the “research-implementation gap” (Knight et al. 2008, Gossa et al. 2015) between academia 
and on-ground decisions is to be narrowed, a key area of improvement is communication 
between scientists and conservation planners and land managers. Regarding SDM 
implementation, the communication of relevant SDMs concepts (e.g. ‘type of species data’, 
‘model evaluation’, ‘uncertainty’, etc.) is a fundamental step so managers are sufficiently aware 
of the opportunities as well as limitations of Species Distribution Modelling for their particular 
information needs. Being spatial predictions the most commonly used output of SDMs in 
conservation planning and land management, close collaboration between modellers and users 
is particularly important to implement solutions that allow increasing predictive performance, 
such as the ones herein presented. This, given they commonly require skills (e.g. handling large 
biodiversity databases, programming, use of statistical analyses) not broadly available outside 
academia.  

Another key element of a successful implementation is to consider the specific element of the 
decision or conservation context that models aim to inform from the early stages of the 
modelling process (Guisan et al. 2013, Tulloch et al. 2016, Villero et al. 2017). In chapter 4 of this 
thesis I clearly defined which aspect of greater glider conservation in East Gippsland models 
aimed to asses, the distribution of suitable habitat along areas subject to different forest 
management regimes. This helped to provide a clear framework for evaluating the models and 
assessing their similarities and differences. 

Lastly, improvements in data collection or reporting could play a major role in tackling 
methodological and implementation challenges. Although we managed to improve our models 
with a series of data handling procedures that allowed us to fit higher-quality presence-absence 
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models, a lot of time was spent on this task that could have been used in other aspects of the 
models or their implementation. I expect this to be a common situation. Most of the survey data 
we used came from governmental agencies and was collected using established sampling 
protocols. Even though in recent years survey guidelines have emphasised the importance of 
gathering absence data and reporting survey effort (MacHunter et al. 2011, Cox 2014, Chick et 
al. 2018, Eyre et al. 2018) it noticeable that a large proportion of survey datasets had not 
reported any absence data despite that the method used allowed for reporting them. This may 
arise from collectors not fully adhering to recommendations or data being excluded in the 
process of reporting it and uploading it to the repositories where users of the data access it. We 
acknowledge that full adherence to recommendations can be challenging on the field and that 
collecting absence data can be particularly difficult due to imperfect detection. Yet, I advocate 
that more widespread reporting of information such as species targeted in the different surveys, 
non-detections of species searched, number and location of all sites sampled in the different 
sampling events or consistent measures of sampling effort could greatly enhance the usefulness 
of the collected data not only for the purpose of modelling species distribution but for building 
more accurate descriptions of the state of biodiversity at a given place. 

 

5.3 Final remarks 
Overall, this thesis shows that alternative methodological decisions related to species data 
processing, selection of modelling method and geographic extent can drive important 
differences in models’ outputs in a context of abundant but biased biodiversity data. In 
particular, chapter 3 shows the relevance of a careful exploration of biodiversity data and 
modelling methods to obtain the most reliable models possible. Chapter 4 shows that having a 
clear idea of the information that a model is expected to provide according to the specific 
conservation context at hand is a key step for models to be useful. 

Out of the different methodological alternatives implemented, the results of this thesis indicate 
that the greater improvements on model performance are obtained when ancillary data are 
used to allow implementation of presence-absence modelling methods. Despite the widespread 
use of presence-background methods given the availability of PO data, I advocate for a careful 
exploration of biodiversity data to implement the best performing modelling method possible. 
By 2012, Yackulic et al. (2013) had observed that a considerable number of published SDMs 
works had ignored absence records when these were available and used PA data as PO data 
instead, in order to use the Maxent algorithm. The methods to infer PA data in order to use 
presence-absence methods that were later proposed (e.g. Huang and Frimpong 2015, Bradter 
et al. 2018, Steen et al. 2019) and the extensive literature on the effect of sampling biases in 
presence-background models (Kramer-Schadt et al. 2013, Varela et al. 2014, Fourcade et al. 
2014, Ranc et al. 2017, Moua et al. 2020) seem to indicate that awareness on the importance of 
careful data selection is growing. 

In addition to tackling relevant methodological issues for using SDMs, this thesis provides 
valuable analyses to support the conservation of the greater glider, including range-wide models 
that account for sampling biases and local models that helped to predict suitable habitat and 
likely impacts of logging in a region of conservation relevance. The greater glider was listed as 
vulnerable only four years ago and this has triggered a large conservation interest in this species. 
Although complete certainty in the accuracy of the range-wide models was not possible (i.e. 
models could not be reliably evaluated in the state of Queensland due to insufficient data), these 
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models constitute the first range-wide assessment of greater glider distribution using an 
extensive sample of the species data available. I expect that other modellers or conservation 
practitioners can use the models presented in this work as broad-scale information that, 
depending on their particular information needs, could be used directly or trigger the 
development of higher quality models suited for their specific requirements.  
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