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[bookmark: _Toc229998199]Introduction
[bookmark: _Toc179886041]Species distribution models are essential tools for understanding and predicting the distribution of species across landscapes (Guisan and Thuiller 2005; Franklin 2010). They support conservation planning, environmental impact assessment and biodiversity policy (Elith and Leathwick 2009).
Environment Information Australia (EIA) develops and maintains species distribution models for species listed under the Environment Protection and Biodiversity Conservation Act 1999 (EPBC Act). This document describes EIA’s best practice methodology for producing species distribution models (SDMs). It builds on the methodology developed by Professor Jane Elith for the department in 2008 and incorporates advances in SDM science including improved presence-only methods (Elith et al. 2006), model tuning (Muscarella et al. 2014; Kass et al. 2021), spatial cross-validation (Roberts et al. 2017; Valavi et al. 2019), sampling bias correction (Phillips et al. 2009; Kramer‑Schadt et al. 2013) and taxon-specific environmental variable selection (Austin 2002; Braunisch et al. 2013; Dormann et al. 2013).
The methodology is designed to produce models that are scientifically rigorous, transparent and defensible for use in decisions under the EPBC Act and in protecting, managing and conserving Australia’s environment.
This manual sets out Environment Information Australia’s standard approach to species distribution modelling and can be applied to terrestrial, marine and migratory species. It describes decision logic, methodological choices, and documentation requirements. It is not a step‑by‑step software manual and does not prescribe exact parameter values for every case.
[bookmark: _Toc229998200]Overview of modelling process
EIA uses two main approaches to species distribution modelling, selected according to data availability, data quality and species ecology. Statistical modelling is used when sufficient high-quality species occurrence records are available. Where species have well‑defined habitat associations that can be represented spatially, expert‑driven thematic modelling may be more ecologically defensible than statistical models, particularly when occurrence records are sparse, clustered, or unrepresentative of the species’ full distribution.
Hybrid approaches that combine statistical and thematic methods may be used where they clearly improve ecological defensibility.
The choice between statistical, thematic or hybrid modelling is driven by data quality and species ecology, not methodological preference. Regardless of approach, models are evaluated using methods proportionate to data quality and modelling complexity, and all modelling decisions, assumptions and thresholds are documented in species-level metadata.
All EIA SDMs classify predicted habitat into two presence categories:
Likely to occur: Areas with environmental conditions highly consistent with habitat where the species has been observed. 
For statistical models, this corresponds to areas above a strict threshold on the modelled probability of presence. For thematic models, this represents the area of intersection of mapped environmental requirements for a species within an ecologically justified distance of observed species occurrences.
May occur: Broader areas identified as having environmental conditions that could support the species.
For statistical models, this corresponds to areas above a permissive threshold on the modelled probability of presence. For thematic models, this represents the broader environmental envelope or geographic range within which habitat for the species may be present.
[bookmark: _Toc229998201]Modelling workflow steps
Data quality assessment
Determine modelling approach
For statistical modelling:
a. Environmental variable selection
b. Spatial resolution selection
c. Model optimisation
d. Cross-validation strategy
e. Sampling bias correction
f. Model evaluation
g. Threshold selection
For thematic modelling:
h. Species research and expert consultation
i. Environmental layer selection
j. Species occurrence data preparation and interpretation
k. Environmental layer analysis
l. Layer combination to create presence categories
m. Buffering and generalisation
n. Review and validation.
[bookmark: _Toc229998202]Data quality assessment
As a first step, species occurrence data are assessed for effective sample size and spatial clustering to determine the appropriate modelling approach.
[bookmark: _Toc229998203]Species occurrence data collation
Species occurrence records may be obtained from:
state and territory herbarium and museum collections and data repositories
environmental non-government organisations (eNGOs) such as BirdLife Australia and FrogID
targeted surveys and monitoring programs  
expert-provided or project-specific datasets  
published scientific literature
the Atlas of Living Australia 
citizen science platforms such as iNaturalist.
All data sources are documented in the species-level metadata.
[bookmark: _Toc229998204]Sub-population and subspecies assessment
Before filtering and spatial assessment, the occurrence data are assessed for whether the species comprises geographically disjunct populations or recognised subspecies with differing habitat associations. Where these differences are material (for example a coastal subspecies occupying littoral vegetation and an inland subspecies occupying woodland) each is modelled separately. The full workflow (filtering, spatial assessment, approach selection, layer selection, threshold setting, outer bound) is applied to each sub-population independently, and outputs are merged into a single dataset at the final stage. Sub-population identity is recorded against each occurrence record and propagated through to the model metadata. Where habitat associations are consistent across disjunct populations, a single model with appropriate outer-bound treatment is usually sufficient.
[bookmark: _Toc229998205]Initial data filtering
Before data quality assessment, species occurrence records are filtered to remove those unsuitable for modelling. Typical filters include:
Currency: records from approximately the past 20 years are preferred. This threshold may be adjusted for species ecology, the degree of land use change in the species range and data availability.  
Spatial precision: only records with positional uncertainty of 1,000 metres or less are used for modelling.  
Coordinate validation: location coordinates are checked against locality descriptions to identify georeferencing errors.  
Ecological plausibility: records are assessed against known species ecology, biogeographic range and habitat requirements.
[bookmark: _Toc229998206]Spatial assessment of occurrence records
Species occurrence records are commonly spatially clustered due to survey effort and accessibility, requiring explicit assessment before statistical modelling.
Two metrics are used to quantify spatial structure. The first is the degree of clustering, measured using the Clark–Evans index (Clark and Evans 1954). The index ranges from 0 (complete spatial aggregation) through 1 (random spacing) to approximately 2.15 (perfect hexagonal uniformity), with values below 1 indicating clustering and lower values indicating stronger clustering.
The second is the effective sample size, which estimates the number of spatially independent occurrence records available for modelling. Records are spatially thinned at a distance matching the resolution of the environmental layers, so that clustered records within a single grid cell are counted once. The thinned count provides a conservative estimate of the independent information available to the model.
[bookmark: _Toc229998207]Determining modelling approach
The choice of modelling approach is informed by two considerations: the quality and quantity of available species occurrence data, also referred to as observation data, and the strength of ecological knowledge about the species' habitat requirements.
Statistical modelling is used where sufficient spatially independent occurrence data are available and the species' environmental associations are best captured by continuous gradients. Thematic modelling is used where habitat requirements are well characterised in the conservation advice or literature and can be represented spatially using categorical or rule-based layers. This applies regardless of sample size: a species with abundant, well-distributed records may still be better served by thematic modelling if its habitat associations are strongly categorical and well documented. Hybrid approaches may combine elements of both where this improves the spatial realism or ecological defensibility of the model.
The matrix in Table 2 helps guide the modelling approach. Statistical models that produce ecologically implausible outputs should be reconsidered as thematic regardless of data quality. 
[bookmark: _Ref229475579]Table 2 - Approach selection based on data quality and ecological knowledge
	Data quality
	Strong ecological knowledge
(habitat well characterised; mappable associations documented in conservation advice or literature)
	Limited ecological knowledge
(poorly documented habitat requirements, or no clear categorical associations)

	High 
	Thematic or hybrid. A statistical model may be run alongside to confirm or supplement the thematic prediction.
	Statistical (MaxEnt with full parameter tuning via ENMeval).

	Moderate
	Thematic as the primary approach. A constrained MaxEnt run may provide a useful environmental envelope to bound the thematic output.
	Statistical with constrained complexity (limited feature classes, higher regularisation).

	Low 
	Thematic from conservation advice and available spatial layers.
	Thematic. Statistical methods are unreliable at this sample size. Profile methods (DOMAIN, BIOCLIM) may supplement.



[bookmark: _Toc229998208]When to use statistical modelling
Statistical modelling is appropriate when one or more of the following apply:
· Sufficient spatially independent occurrence records are available to support quantitative model fitting and validation.
· The species' environmental associations are best captured by continuous gradients (e.g. climate, elevation, soil moisture) rather than by discrete habitat categories.
· Habitat requirements are not well documented in conservation advice or literature, and a data-driven characterisation of the realised niche is required.
· Occurrence records are sufficiently well-distributed across the species' range to support inference about environmental preferences rather than reflecting only survey effort.
· The species occupies a sufficiently broad environmental envelope that thematic categorisation would be either uninformative (too inclusive) or arbitrary (no clear thresholds).
For example, a species with 300 well distributed records spanning a climatic gradient, with no clear single habitat type but documented temperature and rainfall associations, is a clear candidate for statistical modelling.
[bookmark: _Toc229998209]When to use thematic modelling
Thematic modelling is appropriate when one or more of the following apply:
1. The species has few spatially unique occurrence records, insufficient for reliable statistical modelling.
1. Habitat requirements are well characterised and strongly associated with specific, mappable features documented in the conservation advice, recovery plan or peer-reviewed literature. 
1. The species' distribution is better captured by categorical layers (e.g. vegetation classes, soil type polygons) than by continuous environmental gradients.
1. Occurrence records are concentrated in a small area due to survey bias, and statistical models are unlikely to generalise. Thematic approaches allow extending predictions into unsurveyed but ecologically suitable habitat using explicit reasoning.
1. Statistical models produce ecologically implausible outputs despite appropriate data preparation and tuning.
For example, a species with 8 records, all from one national park, that lives exclusively in sandstone heath is a clear candidate: few records, strong categorical association and high spatial clustering.
[bookmark: _Toc229998210]Hybrid models
Combining statistical and thematic approaches often produces strong results. A common approach is to use a MaxEnt run with generous thresholds to generate a climatic envelope, while thematic layers define the 'likely to occur' presence category. This is particularly useful when a key thematic layer (e.g. a soil polygon) extends well beyond the species' plausible climatic range.
[bookmark: _Toc229998211]Statistical (MaxEnt) modelling approach
Maximum Entropy Modelling (MaxEnt) is used by EIA as the primary statistical algorithm for presence‑only species distribution modelling where data quality supports reliable estimation of species–environment relationships. Its use is guided by data quality assessment and is explicitly matched to effective sample size and spatial independence.
[bookmark: _Toc229998212]Environmental variable selection
Environmental variables used in SDMs must balance ecological relevance, spatial coverage and statistical independence (Austin 2002; Guisan and Zimmermann 2000). Taxon-specific suites are selected that reflect the ecological processes relevant to each taxonomic group.
[bookmark: _Toc229998213]Taxon-specific variable suites
Rather than applying a universal set of environmental variables to all species, variables are selected to reflect the ecological processes relevant to each taxonomic group. For example, freshwater species models use hydrological variables such as stream order and catchment characteristics, while terrestrial plant models may include soil chemistry and fire-regime metrics. Each model's variable suite comprises a set of core climate and terrain variables supplemented by taxon-specific variables selected based on documented ecological requirements. Similarly, models for marine species use marine environmental variables in place of terrestrial predictors.

[bookmark: _Toc229998214]Variable selection protocol
Within each taxon suite, variables are screened to minimise multicollinearity and retain ecological relevance. Implementation detail provided in Appendix A.
[bookmark: _Toc229998215]Spatial resolution selection
The spatial resolution of environmental layers should match the scale at which species perceive and respond to their environment (Guisan et al. 2007). Resolution that is too fine increases computational cost without ecological benefit, while resolution that is too coarse can mask important habitat variation.
Resolution is selected based on the spatial extent of the species’ range, the ecological processes of interest and practical data considerations.
Table 3 - Spatial resolution and typical applications
	Resolution
	Appropriate when
	Typical applications
	Considerations

	1 km
	Continental/regional ranges; broad climatic niches
	Widespread species; initial screening models
	Computationally efficient; good climate data

	250 m
	Regional ranges; topographic sensitivity
	Most threatened species; habitat specialists
	Good balance of detail and efficiency

	90 m
	Restricted ranges; microhabitat dependence
	Narrow endemics; site-specific assessment
	High computation; limited variable availability



Not all environmental variables can be reliably resampled across resolutions. Variables that represent point properties of a location (such as elevation, temperature or rainfall) can be resampled to coarser or finer grids and remain meaningful. Variables derived from spatial relationships between neighbouring cells (such as flow accumulation, topographic wetness index or terrain roughness) encode information about a specific neighbourhood defined by the original cell size. Resampling these layers to a different resolution produces values that no longer reflect the spatial process they were designed to capture. 
If included in the model, these variables should be regenerated from source data at the target resolution instead of resampling:
topographic wetness index  
flow accumulation and flow direction  
valley bottom and ridge top indices  
terrain roughness indices.
[bookmark: _Toc229998216]Model optimisation
MaxEnt models are not fitted using default settings. Default regularisation and automatic feature selection often lead to overfitting, particularly with small or biased samples (Radosavljevic and Anderson 2014; Morales et al. 2017). Model complexity is controlled through systematic tuning of feature class and regularisation settings using ENMeval, with the parameter search space scaled to data quality (see Appendix A for implementation detail).
[bookmark: _Toc229998217]Cross-validation strategy
Block cross‑validation is used to maintain independence between training and testing data. Random k-fold cross-validation underestimates prediction error in spatially autocorrelated data, inflating apparent model performance (Veloz 2009; Hijmans 2012). Spatial blocking addresses this by partitioning data into geographically separated folds. For very small datasets, quantitative validation is limited and greater emphasis is placed on expert review and thematic approaches (Guillera Arroita et al. 2015). Spatial block cross-validation is described in Appendix A.
[bookmark: _Toc229998218]Sampling bias correction
Species occurrence records are often biased towards accessible locations, protected areas and well-studied regions (Kadmon et al. 2004; Reddy and Dávalos 2003). Without correction, models may capture sampling patterns rather than true habitat relationships (Phillips et al. 2009; Kramer‑Schadt et al. 2013). This can be addressed by aligning the spatial distribution of background points with the spatial distribution of survey effort. Target-group background sampling draws background points from locations where taxonomically or ecologically similar species have been recorded, using these records as a proxy for survey effort (Phillips et al. 2009; Barber et al. 2022). Bias layer correction supplies MaxEnt with a continuous surface of relative sampling intensity, typically derived from a kernel density estimate of target-group records (Phillips et al. 2009; Merow et al. 2013). The method selected for each species is recorded in the model metadata.
[bookmark: _Toc229998219]Geographic background restriction
Background points are constrained within a species-specific geographic mask to prevent models from extrapolating to climatically or biogeographically dissimilar regions (Barve et al. 2011). EIA uses Interim Biogeographic Regionalisation for Australia (IBRA) v7 subregions intersecting a buffer around verified occurrence records to define this mask (DCCEEW 2025). This ensures the model's background environment represents conditions within the species' accessible landscape rather than the full continental extent.
[bookmark: _Toc229998220]Model evaluation
Model performance is evaluated using multiple complementary metrics. Reliance on a single metric can be misleading, particularly for presence-background models (Lobo et al. 2008). Quantitative metrics are complemented by review of response curves, spatial predictions and expert assessment.
[bookmark: _Toc229998221]Evaluation metrics
Table 4 summarises the evaluation metrics used for statistical species distribution models and their application within EIA’s modelling framework. Details are available in Appendix A.
[bookmark: _Ref229567178]Table 4 - Evaluation metrics for statistical models
	Metric
	What it assesses
	Appropriate use in EIA context
	Key considerations

	Area under the curve (AUC)
	Ability of the model to discriminate between presence locations and background points
	Used as a general indicator of model discrimination for statistical SDMs
	Interpreted cautiously for presence‑background models; not relied on in isolation

	True skill statistic (TSS)
	Agreement between predictions and observations at a selected threshold, accounting for omission and commission errors
	Used to assess threshold‑dependent model performance where ecologically meaningful thresholds are applied
	Sensitive to threshold choice; requires ecological justification of thresholds

	Boyce index
	Consistency between predicted suitability and observed presences across suitability classes
	Used to assess calibration of presence‑only models, particularly for ranking habitat suitability
	Evaluates relative prediction performance rather than absolute accuracy

	Omission rate
	Proportion of known occurrence records predicted as unsuitable at a given threshold
	Used to check calibration and support precautionary interpretation
	Evaluated in relation to threshold choice and intended application



[bookmark: _Toc229998222]Ecological assessment
Quantitative metrics are complemented by ecological assessment (Elith and Leathwick 2009; Guillera‑Arroita et al. 2015), which considers:
response curves: variable relationships should be biologically plausible and consistent with known ecology  
spatial predictions: maps should align with known ranges and biogeographic constraints  
variable importance: influential variables should reflect known ecological drivers  
expert review: species experts should review predictions for consistency with field knowledge (Martin et al. 2012).
[bookmark: _Toc229998223]Threshold selection
MaxEnt produces continuous suitability surfaces in cloglog format, with values from 0 to 1 representing relative probability of presence (Phillips et al. 2017).  The choice of threshold for binary classification is a key methodological decision (Liu et al. 2005). Two thresholds are applied to classify the continuous surface into presence categories:
May occur: Minimum Training Presence (MTP) is the default lower threshold. This is the lowest cloglog value at any training occurrence, producing zero omission of training presences. This is appropriate for regulatory screening where failing to identify occupied habitat is the costlier error (Pearson et al. 2007; Phillips et al. 2006). Where MTP produces an unreasonably broad or narrow May extent, an alternative threshold may be substituted.
Likely to occur: Maximum training Sensitivity plus Specificity (maxSSS) is the default upper threshold. This maximises the sum of sensitivity and specificity and has been shown to perform well with presence-only data (Liu et al. 2013).
Where ‘likely to occur’ and ‘may occur’ thresholds converge (for example, when all training occurrences fall in high-suitability areas), the two-class classification collapses to one class. In these cases the modeller selects an alternative lower threshold to restore the ‘may occur’ presence category, or documents the ecological justification for a single class output.
[bookmark: _Toc229998224]Thematic modelling approach
Thematic modelling is an expert-driven spatial analysis approach. The modeller identifies key environmental requirements of a species from authoritative sources, locates or derives spatial layers representing those requirements, and combines them using Boolean or overlay logic to produce a predicted distribution. The approach rests on the same ecological niche theory (Wiens & Graham 2005) that underpins statistical SDMs but relies on explicit ecological reasoning rather than algorithmic correlation. Internationally, the IUCN's Area of Habitat methodology (Brooks et al. 2019) follows the same logic: expert range maps refined by land cover and elevation. EIA's approach uses finer-resolution data and species-specific constraining layers, but the underlying framework is the same.
The output is a polygon feature class classified into presence categories. Modellers work at the highest available resolution; generalisation and obfuscation for the public dataset to protect the locations of sensitive species are handled by a separate downstream process and should not influence modelling decisions.
Thematic modelling follows a structured workflow that includes research, layer selection, spatial analysis and expert review (Murray et al. 2009; Zurell et al. 2020). The workflow is sequential, but iterative revision is expected; discrepancies identified at later stages should trigger earlier steps to be revisited.
[bookmark: _Toc229998225]Species research and expert consultation
Expert advice on a species’ ecology, habitat, threats and distribution is essential in developing a model. Key information sources include conservation advices developed for threatened species, recovery plans, species profiles, previous models, peer-reviewed literature and taxonomic specialists. For multi-state species, sources covering each part of the range should be sought, as habitat associations can shift geographically (Murray et al. 2009).
The goal of this research is to identify mappable habitat associations. Key questions include:
1. What vegetation types or structural formations does the species occupy?
1. Are there elevation, slope or aspect constraints?
1. Is the species associated with particular soil types, substrates or geological formations?
1. Is proximity to water important? If so, what type and how close?
1. Are there known barriers to dispersal?
1. What is the species' mobility and average home range?
1. Does the species use different habitats for different behaviours (breeding, foraging, roosting)?
[bookmark: _Toc229998226]Environmental layer selection
Based on the research, spatial layers are selected to represent the species' environmental requirements. Each layer must provide a defensible ecological constraint appropriate to the mapping scale. Only habitat attributes that can be reasonably mapped should be translated into spatial constraints. Qualitative ecological statements should not be turned into arbitrary GIS proxies.
[bookmark: _Toc229998227]Species occurrence data preparation and interpretation
Cleaned species occurrence data are essential for thematic modelling, both for setting thresholds on continuous layers and for validating the final output. Occurrence data is processed using the same cleaning workflow used for statistical models. Attention is given to:
· Outliers: Points falling outside expected habitat may indicate errors or broader habitat tolerance. These are investigated before removal. If confirmed valid, the record may justify relaxing a layer criterion rather than being excluded.
· Spatial clustering: Clusters often reflect survey effort (often along roads or tracks) rather than ecological limits. Absence from similar but unsurveyed habitat must not be interpreted as species absence.
· Temporal relevance: Apply standard currency cut‑offs (typically ~20 years, adjusted for lifespan). Older records may inform historical extent but should not drive current habitat definition if land cover has changed.
· Translocated records: Identify and flag translocations clearly and treat them in accordance with the translocation rules later in the workflow.
[bookmark: _Toc229998228]Environmental layer analysis
Thematic models combine environmental layers using Boolean logic to identify areas that meet the species’ habitat requirements. Each layer is treated separately during preparation: categorical layers require class selection, continuous layers require threshold setting.
[bookmark: _Toc229998229]Categorical layers (e.g. vegetation, soils, geology). 
The documented habitat description from the conservation advice (where available) and supporting literature drives class selection. Species occurrence data are used to verify rather than determine the selection:
· Identify candidate classes from the conservation advice and literature. Construct a definition query to select appropriate categories in the spatial data.
· Overlay species occurrence points and extract the classes in which they fall. Where a high proportion of occurrences fall outside the definition query, investigate whether the habitat description is incomplete or whether the occurrences are in marginal habitat. Record the class distribution.
· Finalise the definition query, recording it in the metadata.
· Visually assess the result. Where the selection extends into areas of clear absence, additional constraining layers are required.
[bookmark: _Toc229998230]Continuous layers (e.g. elevation, rainfall, sand content). 
Thresholds are set using one of three approaches, in order of preference:
· Literature-based thresholds. Where the conservation advice or published sources provide specific values, use these and verify against observation data.
· Observation-based thresholds. Where no literature values exist, extract layer values at observation points. For ‘likely to occur’, use a range that captures most observations excluding clear outliers. For ‘may occur’, use the full observed range or extend slightly beyond.
· Expert-judgement thresholds. Where neither literature nor sufficient observation data exist, set thresholds in relation to known populations. This requires additional documentation.
[bookmark: _Toc229998231]Environmental envelopes
Where thematic layers produce predictions extending unreasonably far (e.g. a soil polygon stretching hundreds of kilometres beyond the species' plausible range), an environmental envelope can be used to constrain the ‘may occur’ presence category. Envelopes serve only to clip the thematic output, not as final SDMs.
For this purpose, a MaxEnt model can be run with a small set of bioclimatic variables (Booth et al. 2014) relevant to the taxon group, fitted with default regularisation. ENMeval parameter tuning is not warranted for this purpose; the aim is a broad environmental constraint rather than a precise prediction. A generous threshold should be applied to produce a broad binary envelope, with the threshold choice and rationale recorded.
For species with very few records (fewer than about 15), MaxEnt may struggle even with default settings. DOMAIN (Carpenter et al. 1993) or BIOCLIM (Nix 1986; Busby 1991; Booth et al. 2014) can generate a simple environmental envelope from sparse data, both available in the R dismo package. Range bagging (Drake 2015), available in the ENMTools R package, is a further option that works with as few as ten points by building an ensemble of bivariate convex hulls in environmental space.
Whichever method is used, all parameters, variables, thresholds, and justifications are recorded in the model metadata.
[bookmark: _Toc229998232]Layer combination to create presence categories 
Layers are combined using Boolean logic to delineate the two presence categories. The standard approach is multiplicative: habitat = Layer A AND Layer B AND Layer C. In ArcGIS Pro this is typically achieved through sequential Clip, Intersect, or Select by Location operations.
[bookmark: _Toc229998233]Likely to occur
The intersection of all constraining layers, further constrained to areas within a reasonable distance of species occurrences. The reasonable distance depends on species mobility and survey effort. Likely areas remote from any observation should be rare and well justified. The majority of valid species occurrences should fall within the ‘likely to occur’ extent.
[bookmark: _Toc229998234]May occur
The ‘may occur’ presence category is deliberately precautionary, produced by:
· relaxing thresholds
· using fewer constraining layers
· expanding the spatial extent
· replacing specific thematic constraints with a MaxEnt environmental envelope.
The ‘may occur’ extent must always contain or adjoin ‘likely to occur’ and must not include ecologically impossible areas. All valid species occurrences should fall within ‘likely to occur’ or ‘may occur’.
[bookmark: _Toc229998235]Determining the outer bound of the model
Defining the outer spatial extent of the model is a key modelling decision and must be explicitly justified. There is no single formula, and the appropriate extent varies by species and must be justified on ecological grounds (Table 5).
[bookmark: _Ref229567315]Table 5 – Factors influencing outer bound of thematic model
	Factor
	Influence on determining outer bound

	Species mobility and dispersal capacity
	Highly mobile species (birds, bats, large mammals) justify a broader extent. Sessile or sedentary species (plants, some reptiles) warrant a tighter bound. Cite published dispersal distances where available

	Survey effort and gaps
	If large areas of apparently suitable habitat exist between species occurrence clusters but have never been surveyed, the outer bound of the model should extend to cover these gaps. The absence of records in unsurveyed suitable habitat is not evidence of absence.

	Habitat connectivity
	Connected patches of suitable habitat justify extending the ‘may occur’ extent between them. Isolated patches surrounded by unsuitable habitat may warrant independent polygons rather than one continuous extent.

	Landscape features as boundaries
	Use identifiable features to set ecologically meaningful outer bounds such as ridgelines, major rivers, coastline, the edge of a vegetation formation, elevation contours, roads or cleared land that represent genuine barriers. These provide defensible, reproducible boundaries.

	Climatic plausibility
	If the selected habitat layers extend into climatically implausible areas, use a MaxEnt environmental envelope to constrain the outer bound.

	Historical range
	Literature may describe a historical range. The outer bound can extend to areas within the historical range that still contain suitable habitat, even if no recent records exist.



Setting the outer bound in practice
In most cases the outer bound is set using a combination of approaches:
· Landscape features as hard boundaries. Identify ridgelines, major rivers, coastline, the edge of a continuous vegetation formation, elevation contours, or cleared land that represent genuine ecological or physical barriers. These provide defensible, reproducible boundaries that can be articulated in metadata. Satellite imagery and the Digital Elevation Model (DEM) are the primary tools for identifying such features.
· MaxEnt environmental envelope. Where suitable habitat extends continuously and no obvious landscape boundary exists, a MaxEnt run can provide a statistically grounded outer bound (see Environmental envelopes above).
· Cost-distance surfaces. For species with disjunct populations separated by variable landscape, a cost-distance analysis (Adriaensen et al. 2003) from known populations can produce outer bounds that respect landscape permeability. A 10 km gap through woodland is not the same as 10 km through cleared farmland. ArcGIS Pro's Distance Accumulation tool accepts a source layer and a cost raster, reclassified from land cover, terrain, or other resistance surfaces, and returns a cumulative cost surface that can be thresholded. This is most useful for species where simple Euclidean distance between populations would give a misleading impression of connectivity.
· Manual delineation from imagery. For data-deficient species or complex landscapes, the modeller may draw the outer bound by visually interpreting satellite imagery and the DEM to identify where suitable habitat gives way to clearly unsuitable habitat. This requires detailed metadata explaining the rationale.
The outer bound need not be set using the same approach across the entire range. A model may use a ridgeline as the western boundary, a vegetation formation edge in the east, and a cost-distance surface to handle a disjunct northern population. Each approach used should be described in the metadata.
[bookmark: _Toc229998236]Approaches to avoid
Geometry‑driven approaches such as convex hulls or simple buffers should not be used, as they do not represent habitat constraints or ecological processes. Alpha hulls (Burgman & Fox 2003) improve on convex hulls by removing long-edge triangles, but they are still geometry-driven and do not account for habitat quality, barriers, or landscape context.
[bookmark: _Toc229998237]Buffering and generalisation
Spatial buffers may be appropriate to account for species mobility, positional uncertainty of source data or ecological edge effects. Every buffer applied must have a clearly stated purpose and justification described in Table 6. Smoothing should be applied sparingly and only for defined reasons such as cartographic clarity or excessive vertex counts.
[bookmark: _Ref225419282]Table 6 – Buffer justification framework
	Purpose
	Distance justification
	Example

	Species mobility / home range
	Cite published home range, dispersal distances, or movement studies. If none, state this and provide the reasoning used.
	"Buffered 1 km based on published home range of 0.8 km (Smith et al. 2019)"

	Positional uncertainty in source data
	Based on described positional accuracy of the dataset. 
	"Buffered Hydrology lines by 100 m for mapping accuracy (stated offset 50-100m)"

	Feature type conversion
	Based on physical width of real-world feature. Verify against imagery.
	"Buffered wetland polygon by 200 m based on imagery showing fringing sedgeland not captured in NVIS mapping"

	Ecological edge effects / ecotone
	Reference species' known use of adjacent habitat for foraging, shelter, or dispersal.
	"Buffered rainforest margin by 200m; species forages in adjacent woodland (Jones & Lee 2015)"



[bookmark: _Toc229998238]Satellite imagery interpretation
Satellite imagery is an essential component of thematic modelling, used to verify and extend mapped layers and to support habitat delineation where mapping is inadequate. ESRI's basemap imagery is a useful starting point; NearMap provides higher resolution and currency where available. Imagery is used to:
· Verify vegetation mapping. Compare NVIS selections against recent imagery to check for clearing, regrowth, or misclassification.
· Supplement vegetation data. Where NVIS resolution is inadequate, imagery can identify habitat patches the mapping misses. ALA plant records can corroborate imagery-based vegetation identification.
· Support data-deficient species. For species with very few records, including single-point species, imagery may be the primary basis for habitat delineation.
· Set outer bounds. Imagery and the DEM are the primary tools for identifying landscape features that define ecologically meaningful boundaries for the 'may occur' extent (see Determining the outer bound of the model above).
· Confirm barriers and land use. Verify that predicted habitat has not been cleared, urbanised, or otherwise rendered unsuitable.
Where imagery is used, the source, approximate date, and purpose are recorded in the model metadata. If imagery was the primary basis for habitat delineation rather than a supporting check, this is stated explicitly.
[bookmark: _Toc229998239]Review and validation
Preliminary thematic model outputs are reviewed against cleaned species occurrence records, imagery and expert input. Thresholds or selections may be adjusted if evidence indicates that habitat attributes are broader or more restricted than initial research suggested. Where mapped layers are coarse or incomplete, satellite imagery may be used to support interpretation. Where possible, draft models are reviewed by a second modeller before finalisation. The map and a summary of layer selection and thresholds are presented for review. 
[bookmark: _Toc229998240]Logical checks
Logical checks are conducted by overlaying observation points on a basemap and inspecting the predicted distribution for:
· Omission errors. Valid occurrence records falling outside the predicted distribution. Investigate thresholds or missing habitat classes.
· Commission errors. Prediction in areas where the species cannot occur, such as cleared land, barriers, or impossible habitat.
· Logical consistency. Every 'likely to occur' area falls within or shares a boundary with 'may occur'.
[bookmark: _Toc229998241]Quantitative checks
Thematic models use several fit‑for‑purpose evaluation methods.
Point capture rate
Percentage of valid species occurrences within each presence category. All or nearly all of the valid records should fall within ‘may occur’ and a high proportion within ‘likely to occur’. Records falling outside 'may occur' indicate either data error or a need to revise layer selections or thresholds and should be investigated and resolved before the model is finalised.
Omission proportion
For 'may occur', omission should approach zero. The 'may occur' extent is intended to encompass all areas where the species could plausibly occur, and unexplained omission indicates the model needs revision.
For 'likely to occur', some omission is expected and is informative. Records falling within 'may occur' but outside 'likely to occur' are not omission errors as such; they reflect occurrences in habitat meeting the broader 'may' criteria but not the tighter 'likely' criteria. The acceptable level of 'likely' omission depends on species mobility, the conservativeness of the layer selections, and threshold choice. A high omission rate from 'likely' may indicate that the 'likely' criteria are too restrictive.
[bookmark: _Toc179886048]For EPBC Act purposes, omission is the costlier error. Failing to map actual habitat risks unassessed impacts, while mapping too broadly triggers unnecessary referrals, which costs assessment time but does not risk species outcomes. The precautionary asymmetry is deliberate (Rondinini et al. 2006; Guillera-Arroita et al. 2015). 
[bookmark: _Toc229998242]Model outputs
Models produced under this methodology are published in the Species of National Environmental Significance (SNES) dataset. This is a polygon feature class containing modelled habitat, attributed by presence category, for EPBC Act-listed threatened, migratory, marine and cetacean species.
The attribute table identifies each polygon by species name and taxon identifier, which corresponds to the species' entry in the Species Profile and Threats Database (SPRAT). SPRAT remains the authoritative source for EPBC Act status and current taxonomy.
Polygons are published at a nominal grid resolution of 100 metres, regardless of the resolution at which the underlying model was fitted. Where a model was fitted at coarser resolution, the output polygons reflect the modelling resolution rather than implying finer spatial precision. For sensitive species, a minimum polygon size is applied to 'likely to occur' areas to protect their locations. Polygons below the species-specific sensitivity threshold, which is determined by state and territory generalisation requirements for species occurrence data, are aggregated to a larger minimum polygon and may be at 1km nominal resolution. This obfuscation is applied as a downstream step after modelling and does not influence the modelling decisions themselves.
Model-level metadata, including the methodology version, occurrence data sources, environmental variables used and evaluation outputs, is recorded for each model. 
[bookmark: _Toc229998243]Limitations
Outputs reflect the species occurrence data, environmental data and ecological knowledge available at the time of modelling. Their reliability depends on the quality, resolution and spatial coverage of the underlying environmental data. Predictions are therefore less reliable in areas where environmental data are sparse, coarse or poorly resolved, particularly in remote and marine regions.
The models represent potential habitat under current climatic conditions, determined by the environmental conditions associated with verified occurrence records. The outputs are not predictions of realised distribution, abundance, occupancy or population persistence. 
Site-specific decisions should be informed by targeted surveys, occurrence records and expert ecological advice, used alongside the SDMs.
Models are reviewed and updated on a priority basis as new occurrence data become available, environmental data improve, or methodology evolves. The date of modelling, source data and the modelling methods are recorded in the model metadata.


[bookmark: _Toc229998244]Glossary
	Term
	Definition

	AICc
	Akaike information criterion (corrected). A model selection measure that balances model fit with complexity. It is used to compare MaxEnt models tuned through ENMeval.

	background points
	Locations sampled from the study area to represent available environmental conditions in presence–background models such as MaxEnt. Typically 10,000 points are used for each species. Background points are not absences.

	bioclimatic envelope
	A climate-based suitability surface defined by the range of climate conditions associated with species' occurrence records. Used in thematic modelling as a constraining envelope (typically generated by a MaxEnt run, or by DOMAIN or BIOCLIM for very small samples) to prevent thematic predictions extending into climatically implausible areas.

	block cross‑validation
	A method of model evaluation that partitions occurrence data into spatially separated folds to reduce bias caused by spatial autocorrelation.

	Boyce index
	A presence‑only evaluation metric that measures how predictions differ from random expectation across suitability classes. Values range from −1 to +1.

	categorical layer
	A spatial dataset composed of discrete classes such as vegetation types, soil types or geological units. Widely used in thematic modelling.

	Clark–Evans index
	A measure of clustering in point patterns. Values < 1 indicate clustering; values > 1 indicate over‑dispersion. Used to assess occurrence data quality.

	cloglog output
	The recommended MaxEnt output transformation, producing values between 0 and 1 interpreted as relative probability of presence.

	continuous layer
	A raster dataset with numeric, continuously varying values, such as elevation, rainfall or temperature. Used in both statistical and thematic modelling.

	definition query
	A spatial selection rule applied to categorical datasets (for example NVIS) to extract classes representing suitable habitat.

	effective sample size
	The count of occurrence records remaining after spatial thinning to one record per environmental grid cell. Provides a conservative estimate of the spatially independent information available to the model.

	ENMeval
	An R package used to tune MaxEnt models by exploring combinations of feature classes and regularisation multipliers under spatial cross‑validation.

	environmental variable suite
	A curated set of environmental variables selected for modelling a taxonomic group, designed to reflect ecological relevance and reduce multicollinearity.

	feature class (MaxEnt)
	A transformation of environmental variables used in MaxEnt to model different types of species–environment relationships. Examples include linear (L), quadratic (Q), product (P) and hinge (H).

	habitat suitability
	A predicted measure of how suitable an area is for a species based on environmental conditions. Not equivalent to confirmed presence.

	hybrid model
	A model combining thematic and statistical methods, typically using a broad climatic envelope from a simple MaxEnt run and applying thematic constraints for finer delineation.

	likely to occur 
	Areas identified by the distribution model as having environmental conditions highly consistent with habitat where the species has been observed. 

For statistical models, this corresponds to areas above a strict threshold on the modelled probability of presence. For thematic models, this represents the area of intersection of mapped environmental requirements for a species within an ecologically justified distance of observed species occurrences.

	may occur 
	Areas identified by the distribution model as having environmental conditions that could support the species. 

For statistical models, this corresponds to areas above a permissive threshold on the modelled probability of presence. For thematic models, this represents the broader environmental envelope or geographic range within which habitat for the species may be present.

	MaxEnt
	A maximum entropy modelling algorithm widely used for presence‑only species distribution modelling. It estimates suitability by comparing environmental conditions at presence locations with those at background points.

	multicollinearity
	The presence of strong correlations among environmental variables, which can reduce model interpretability and stability. Managed using correlation filters and variance inflation factors.

	occurrence record
	A verified spatial point representing the presence of a species at a location. Also termed observation or point record.

	omission rate
	The proportion of known occurrence points predicted as unsuitable by the model at a given threshold. Used to assess model calibration.

	regularisation multiplier
	A parameter controlling model complexity in MaxEnt. Higher values constrain the model to prevent overfitting. Optimised through ENMeval.

	raster
	A grid‑based spatial dataset composed of cells, each representing a value. Used for continuous and some categorical environmental variables.

	spatial autocorrelation
	The tendency for nearby spatial locations to have similar values. Spatial autocorrelation in model residuals can inflate apparent performance under standard cross-validation and is addressed using spatial block cross-validation.

	spatial block
	A geographically defined fold used for spatial cross‑validation. Blocks are sized according to the environmental autocorrelation range.

	species distribution model (SDM)
	A model that predicts the suitability, probability of occurrence or geographic distribution of a species based on relationships with environmental variables.

	statistical modelling
	Data-driven modelling approaches that fit a quantitative relationship between occurrence records and environmental variables. EIA uses MaxEnt as its statistical SDM method, applied where occurrence data are sufficient in quantity and quality.

	target‑group background
	A sampling bias correction method that uses background points from locations where similar species have been recorded, reducing the impact of sampling bias.

	thematic modelling
	An expert-driven and evidence-based modelling approach that uses ecological reasoning and spatial data layers (vegetation, soil, geology, hydrology and climate) to map suitable habitat. Thematic modelling is used as a primary method where habitat associations are well documented and can be clearly mapped, and may also be used where occurrence data are insufficient for statistical modelling

	threshold
	A value used to convert continuous suitability predictions into binary habitat classes. Different thresholds support different applications (for example conservation or regulatory purposes).

	true skill statistic (TSS)
	A threshold‑dependent evaluation metric that accounts for both omission and commission errors, ranging from −1 to +1. Higher values reflect better model discrimination.

	variance inflation factor (VIF)
	A diagnostic measure used to detect multicollinearity in environmental variables. Values greater than 10 typically indicate a need to remove or review variables.







[bookmark: _Ref229572238][bookmark: _Ref229572247]

[bookmark: _Toc229998245]Appendix A - Technical implementation details
This appendix provides technical detail supporting the implementation of EIA’s species distribution modelling methodology when using MaxEnt. The material in this appendix informs model fitting, tuning and evaluation but does not change the decision logic, principles or approach selection described in the main body of the manual.
[bookmark: _Toc229998246]Variable selection protocol
The following measures ensure appropriate selection of environmental variables.
[bookmark: _Toc229998247]Correlation analysis
Pairwise Pearson correlation coefficients are calculated for candidate variables. Where pairs have a correlation coefficient greater than 0.7 in absolute value, one variable is removed based on ecological interpretability and data quality. The retained variable should be more directly interpretable in terms of species ecology.
[bookmark: _Toc229998248]Variance inflation factor (VIF)
VIF analysis is used to identify multicollinearity among the remaining variables. Variables with VIF greater than 10 are candidates for removal. The process is repeated until all remaining variables have acceptable VIF values (Graham 2003).
[bookmark: _Toc229998249]Ecological justification
Each retained variable must have documented ecological justification linking it to known physiological tolerances, habitat requirements or other ecological processes (Austin 2002).
[bookmark: _Toc229998250]Model optimisation
[bookmark: _Toc229998251]ENMeval
ENMeval provides a framework to test combinations of feature classes and regularisation multipliers while incorporating spatial cross-validation (Muscarella et al. 2014; Kass et al. 2021).
For high-quality datasets, the following parameter combinations are tested:
feature classes: L (linear), LQ (linear and quadratic), H (hinge), LQH (linear, quadratic and hinge), and optionally LQHP (the preceding plus product features) where effective sample size exceeds 80 records. Threshold features are excluded as they generate step-function responses that are rarely ecologically defensible and prone to overfitting.  
regularisation multipliers: 0.5 to 5 in 0.5 increments. Higher values produce simpler, more constrained models; lower values permit greater complexity.
[bookmark: _Toc229998252]Model selection criteria
Models are selected using multiple criteria (Warren and Seifert 2011; Morales et al. 2017):
AICc: Primary criterion which balances model fit with complexity. Lower AICc indicates better models. Models within ΔAICc ≤ 2 are considered equivalent.
omission rate: models with omission rates substantially exceeding the expected rate (based on threshold) may indicate poor calibration   
ecological plausibility: Response curves are examined for biological sensibility. Models producing ecologically implausible relationships are rejected regardless of statistical performance.
[bookmark: _Toc229998253]Spatial block cross-validation
Spatial block cross-validation partitions data into geographically separated folds. 
[bookmark: _Toc229998254]Block size determination
Block size is determined by the spatial autocorrelation range in environmental variables (Roberts et al. 2017):
estimate spatial autocorrelation range from environmental rasters using variogram analysis  
use the median range across variables as the basis for block size  
blocks should be 2–4 times the autocorrelation range to ensure adequate separation.
Alternative blocking strategies, such as environmental or checkerboard blocking, may be appropriate in some contexts and should be documented where used.
[bookmark: _Toc229998255]Validation approach by sample size
Table 7 provides guidance on cross-validation strategy by sample size.
[bookmark: _Ref225265108]Table 7 - cross-validation strategy by sample size
	Sample size (N)
	Validation method
	Notes

	greater than 30
	spatial block cross-validation (4 to 5 folds)
	standard approach for adequate samples

	20 to 30
	spatial block cross-validation (3 to 4 folds)
	reduced folds to maintain fold size

	less than 20
	jackknife 
	statistical validation unreliable, consider thematic approach



[bookmark: _Toc229998256]Variable importance
Variable importance is assessed for every fitted model and recorded in the model metadata. Two complementary measures are reported.
Permutation importance is the primary measure. For each variable in turn, the values at presence and background locations are randomly permuted, the model is re-evaluated, and the resulting drop in training AUC is recorded. Variables that cause large drops when permuted are contributing strongly to the model's predictions; variables that cause little change can be permuted without consequence and are contributing little. Permutation importance is robust to correlation between predictors because it measures dependence on each variable in the context of the fitted model, not in isolation.
Jackknife of regularised training gain is reported alongside permutation importance. The jackknife procedure fits the model with each variable in turn removed, and again with each variable alone, and compares the training gain in each case to the gain of the full model. Variables whose removal causes a large drop in gain, and which produce high gain when used alone, are contributing both unique and substantial information. The jackknife is particularly useful for diagnosing redundancy between correlated predictors that may not be evident from permutation importance.
Response curves are produced for each variable, holding other variables at their mean. Curves are reviewed for biological plausibility (monotonic responses to temperature within physiological tolerances, unimodal responses to soil moisture, threshold responses to elevation) and models producing implausible response shapes are rejected regardless of statistical performance.
[bookmark: _Toc229998257]Evaluation metrics
[bookmark: _Toc229998258]Area under the curve (AUC)
AUC measures the ability of a model to discriminate between presence locations and background points (Fielding and Bell 1997). AUC has known limitations for presence–background models and should be interpreted alongside other metrics (Lobo et al. 2008; Jiménez‑Valverde 2012; Peterson et al. 2008).
 Generally, values are interpreted: 0.5 as random, 0.7 to 0.8 as acceptable, 0.8 to 0.9 as good, and above 0.9 as excellent. These provide a rough reference but were derived for presence-absence data and apply less directly here. AUC below 0.7 in a presence-background SDM is a strong signal that the model is not capturing meaningful structure; AUC above 0.9 in this setting can also indicate problems such as severely restricted background sampling or pseudo-replication from clustered records. AUC is reported alongside Boyce and is not relied on in isolation.
[bookmark: _Toc229998259]Boyce index
The continuous Boyce index evaluates how model predictions differ from random expectation across the range of predicted suitability values (Boyce et al. 2002; Hirzel et al. 2006). It is designed for presence-only evaluation. The index ranges from −1 to +1, with negative values indicating predictions inconsistent with observations, values around zero indicating no better than random, values between 0.3 and 0.7 indicating reasonable agreement, and values above 0.7 indicating strong agreement.
[bookmark: _Toc229998260]True skill statistic (TSS)
TSS measures improvement of model predictions over random expectation, considering both omission and commission errors. It ranges from -1 to +1, with +1 indicating perfect agreement and zero indicating performance no better than random (Allouche et al. 2006). TSS is threshold-dependent and should be calculated at ecologically meaningful thresholds. TSS values below 0.4 indicate poor discrimination, values between 0.4 and 0.6 indicate moderate discrimination, and values above 0.6 indicate good discrimination.
[bookmark: _Toc229998261]Omission rate
Omission rate is the proportion of known species occurrence records predicted as unsuitable by the model at a given threshold. Low omission rates indicate that conditions at known locations are captured. High omission rates suggest poor calibration (Peterson et al. 2008).
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