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Abstract

Approaches to assessing the impacts of different landscape scenarios on species range from
metrics based on patterns of occurrence or habitat, to comprehensive models that explicitly
include ecological processes. The choice of metrics and models affects how impacts may be
interpreted, with flow-on effects on conservation decisions. We used a case study to explore the
impact of three realistic disturbance scenarios on four species with different ecological and
taxonomic traits. We used progressively more complex models and metrics to evaluate relative
impact and rank of scenarios on the species. We found that metrics performed consistently in
ranking different scenarios in order of severity primarily when variation in impact was driven
by habitat amount. However, they differed in rank for critical cases where dispersal dynamics
influenced metapopulation persistence. Impacts of scenarios on species with low dispersal
ability were better characterised using models that explicitly captured these processes. We
found metapopulation capacity provided rank orders that most consistently correlated with
those from highly parameterized and data-rich models, because it incorporated information
about dispersal with little additional computational and data cost. Our work highlights the
importance of explicitly considering species ecology, spatial configuration of habitat, and
disturbance when choosing indicators of species persistence. We suggest hybrid approaches,
using a mixture of simple and more complex models, may improve assessments for multi-

species assessments.

Introduction

When evaluating the potential impacts of land-use or climate change on biodiversity,
conservation practitioners look for cost-effective analytical approaches to support robust
decisions to sustain species (Possingham et al. 2001; Guisan et al. 2013). Because complete

biological and ecological complexity can never be fully captured in analysis, surrogates for
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species’ persistence, such as habitat availability (Andelman & Fagan 2000; Nicholson &
Possingham 2006; Guisan et al. 2013), and simple analytical measures of persistence, such as
metapopulation capacity (Hanski & Ovaskainen 2000), are often used. More detailed population
models can incorporate greater ecological complexity and spatial processes (Akcakaya 2000),
but are data, time and resource intensive to implement, need experts to contribute data and
knowledge, and a competent modeler to run them. This leads to trade-offs between the time and
expertise cost of model development, model complexity and capacity to account for key

ecological processes (Beissinger et al. 2009).

A range of model types have been used to measure the impact of land-use and management
options at varying spatial scales (Bekessy et al. 2009; Pereira et al. 2010; Sebastian-Gonzalez et
al. 2011). Species distribution models (SDM) implicitly include ecological processes by
correlating observed patterns of occurrence with environmental variables (Phillips et al. 2006;
Elith & Leathwick 2009) and are commonly used at larger spatial scales to characterize impact
under different scenarios (Visconti et al. 2016). Patch-occupancy models offer a more
comprehensive representation of ecological processes and are based on a metapopulation
framework (Etienne et al. 2004); these models view a population as a network of discrete
habitat patches of local populations within a non-habitat matrix through which species may
disperse (Levins 1969; Hanski 1998). Mathematical shortcuts have been developed for
metapopulation models, making it analytically simpler to estimate metrics related to species
persistence in a given landscape. These include Frank and Wissel’s approximation for the mean
time to extinction (Frank & Wissel 2002), which approximates a stochastic patch occupancy
model, and metapopulation capacity, a deterministic measure of metapopulation persistence
(Hanski & Ovaskainen 2000). More complex still are metapopulation models that attempt to

account for population processes including variation in individual mortality and fecundity,
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dispersal, and environmental and demographic stochasticity (Akcakaya et al. 2004; Wintle et al.

2005a; Franz et al. 2013).

Different models, and the metrics derived from them, fall on a spectrum of ecological complexity
that impacts how comprehensively they characterise impact. For example, population size can
be estimated from a species distribution model (SDM) using a relationship between habitat
quality and abundance (Freckleton et al. 2006) or from a more complex spatially explicit
population model (McCarthy & Thompson 2001). While estimates from SDM implicitly assume
abundance is directly related to habitat quantity and quality, abundance metrics derived from a
spatially explicit population model will also explicitly include additional ecologically meaningful
parameters and processes while also including stochasticity. Depending on the pattern of
disturbance (habitat loss, fragmentation and scale of disturbance) and the relative importance
of different ecological traits in mediating persistence, abundance estimates from these two
models may characterise impact significantly differently, with potential flow-on effects to

conservation decisions.

A key question for the application of models in conservation decision making is: How complex
does a model need to be to make a robust assessment of biodiversity outcomes under different
management scenarios for a given species? It remains unclear whether more complex
population models and metrics provide a substantial improvement over simpler models for
characterising species impacts, and whether simpler metrics reliably approximate the
behaviour and predictions of fully parameterized population models. As global assessments of
biodiversity become more formalized, integrated across sectors and important for informing

global policy (e.g., the United Nations Sustainable Development Goals (UN 2015) and the
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Intergovernmental Science-Policy Platform on Biodiversity and Ecosystem Services (IPBES
2016), it becomes more critical to understand the impact that the choice of model and metric

has on assessments of biodiversity change.

In this study, we explored and compared the ranking of the impact for plausible landscape
disturbance scenarios, as characterised by commonly used metrics of species persistence
derived from increasingly complex underlying models. We explored the behaviour of five
species-specific metrics for four species with different ecological traits and vulnerabilities to
extinction. We used a case study in a 35,000 km2 landscape in south-eastern Australia under
three scenarios involving different levels of fire disturbance and urban and infrastructure

development.

Methods

Study Area

The Greater Hunter region is in eastern New South Wales, Australia, and supports a variety of
land uses including open-cut coal mining, urban infrastructure and residential areas,
manufacturing industries, and agriculture, as well as species and ecosystems of national
environmental importance. Over 65% of the area is native vegetation (Figure 1). Increasing
urbanization is placing pressure on the region’s natural environment, therefore assessing the
impacts of these developments on biodiversity will be important for effective urban and

regional planning.

Development Scenarios

We created three development scenarios representing plausible future landscape changes and

compared these to a baseline scenario with no habitat loss for each species, where current
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habitat distribution remained static. The scenarios were designed to provide a gradient of
impact from low to high, providing realistic variation between overall area of habitat and the

degree of fragmentation and connectivity of habitat in the landscape (appendix 1) (Figure 1).

Study Species and key ecological traits

We selected four study species based on data availability, and to represent a variety of
ecological traits, threat status and vulnerability to habitat disturbance. The greater glider
(Petauroides volans), the tiger quoll (Dasyurus maculatus maculatus), the yellow-bellied glider
(Petaurus australis), and the green and golden bell frog (Litoria aurea). The tiger quoll is listed
as endangered whereas the greater glider, green and golden bell frog and yellow-bellied glider
are listed as vulnerable under the Australian Environment Protection and Biodiversity
Conservation Act 1999 (EPBC 1999). While our species do not represent an exhaustive
representation of ecological traits, they contain variation in key traits which likely affects their
vulnerability to the different habitat and fragmentation patterns of disturbance outlined in the

scenarios above for this exploratory analysis.

While spatial aspects of species traits are likely more decisive in influencing a species
vulnerability to habitat fragmentation and loss (Curtis & Naujokaitis-Lewis 2008), combinations
of traits together can exacerbate or mediate effects of habitat loss and fragmentation on a
species vulnerability to extinction (Johst et al. 2002; Reinhardt et al. 2005). Detailed
descriptions of species biology and ecology can be found in appendix 2, with key ecological
traits for the target species’ vulnerability to habitat loss and fragmentation summarised in Table

1.

Measuring the species-specific impact of scenarios
We evaluated five species-specific metrics of impact from three broad model types: SDM, patch

occupancy models and a spatially-explicit population model. We broadly categorised metrics
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into “pattern based” — those metrics based primarily on patterns of species occurrence that do
not explicitly include ecological processes such as dispersal, population vital rates and
stochasticity - and “process based” - those that explicitly include parameters accounting
explicitly for dispersal at a minimum, but often including population parameters including

survival and fecundity (Figure 2).

Species metrics

Species distribution models

All metrics were based on species distribution models (SDM). These models and their resultant
distribution of habitat were not intended to be the best representations of distribution but
rather as the base from which to build the subsequent metrics. We created SDM for each species
using methods best suited to the available data (Wintle et al. 2005b; Phillips et al. 2006).

Detailed description of the methods and outputs are found in appendix 3.

Pattern based Metrics
For each species and scenario we calculated a series of metrics to approximate persistence. We
describe each metric briefly below and provide detailed descriptions and equations in appendix

4,

We derived two metrics directly from the SDM. The total area occupied (TAO) and the total
estimated abundance (TEA). While TAO include an indication of the area of habitat only, TEA

incorporates heterogeneity in habitat quality by relating species abundance to habitat
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suitability as approximated by the SDM. TEA is also used in the population models described
below and appendix 2 to calculate initial patch abundance for spatially explicit population

models and metrics.

Creating species-specific metapopulation structure

The remaining metrics relied on defining a metapopulation structure, with suitable habitat
patches within which a population exist, and unsuitable areas that must be traversed during
dispersal events. We defined our metapopulation structure for each species using RAMAS GIS
5.0 (Akcakaya 2005). The program uses information on the distribution of suitable habitat, as
defined by the SDM, together with species-specific parameters to identify clusters of cells that
represent distinct habitat patches. The patch identification algorithm, parameters used and

procedure are described in detail in appendix 2.

Structural landscape measures

From this metapopulation structure we calculated three structural landscape measures
commonly used to assess and monitor landscape condition and inform management decisions
(Eyre et al. 2015). These measures are also illustrative of the effect of the disturbances pattern
realised for each species by the development scenarios. We followed Fahrig 2003 and examined
habitat area loss and fragmentation separately for each species. We calculated the number of
patches (P), percentage of habitat lost from baseline and the Patch Cohesion Index (PCI), a

measure of patch aggregation.

Process-based metrics

Accepted Article

Patch occupancy approximation metrics

Again using the metapopulation structure above we calculated the metapopulation capacity
(Hanski 1998; Schnell et al. 2013) (MPC) and Fank and Wissel’s (2002) approximation of mean

time to extinction for a metapopulation (MTE) based on a stochastic patch occupancy model.

This article is protected by copyright. All rights reserved.



Accepted Article

MPC provides a deterministic measure of how the spatial configuration of patches contributes
to long-term metapopulation persistence (Hanski & Ovaskainen 2000), while MTE provides a

stochastic approximation of the mean time to extinction.

Spatially-explicit population model and metric

Using the metapopulation structure developed above as a base, we used RAMAS GIS (Akcakaya
2005) to develop stage-based population models that represented vital rates at different life
stages for our species and evaluated persistence using population simulations. We specified
density-dependence functions, fecundity and survival, and constructed stage-based population
matrices for each species by reviewing species lifecycles, published models and consultation
with species experts. From this we calculated expected minimum abundance (EMA). We chose
this over probability of extinction because: (i) it provides a more nuanced indication of the
propensity for decline than the risk of extinction especially when the risk of extinction is small,
and (ii) it is regarded as a more robust metric for ranking scenarios than the risk of extinction
(McCarthy & Thompson 2001). The main functions and parameters, used in RAMAS along with
justifications for parameter choice are outlined in appendix 2, while details of all metrics are

described in appendix 4.

Measuring and characterizing the predicted impact of environmental changes

Relative Impact and Rank

For consistency and interpretation, we measured impact for a species (k) and scenario (s), Is as
the proportional difference between a given scenario (X;) and the baseline scenario (X;) for each
metric: Ig=(Xs-X5)/Xp* 100. An Iy value of zero indicates there is no difference in the scenario

relative to baseline, while negative and positive values indicate both direction and magnitude of
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the impact for a scenario relative to the baseline for a given metric, species and scenario. We
used the direction and magnitude of change to rank the scenarios from least to most negative
impact for each species and metric. Of the metrics used, EMA was the only one to include error
estimates around the values. We defined differences in EMA between scenarios that were
smaller than the estimated standard error as insignificant in terms of rank and impact. When
ranking using the structural landscape measures we made the assumption that more habitat
area was preferable, fewer patches were preferable and that increasing PCI was preferable to

the alternatives.

Sensitivity Analysis

To investigate critical cases where metrics diverged in their rank, or where there were marked
differences in impact for the same scenario and species, we performed sensitivity analysis by
varying parameters in metrics thought to be decisive. Depending on the species and metrics in
question we varied dispersal by either including or excluding it from the metric, re-calculating
and comparing the results. To test the impact of stochasticity on the outputs from the stage-
based model, we also ran the model in a deterministic mode, excluding demographic and

environmental stochasticity and any spatial correlation in vital rates.

In addition, where the above investigations proved unhelpful in revealing decisive parameters
we examined the pattern of the disturbance itself and difference in scaling of the metrics for
affected patches. We examined the value of affected patches as measured by different metrics,
by iteratively calculating the metric with and without the affected patches and comparing
results. This allowed comparison of the relative importance placed on the patches affected by

the different metrics.
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Results

General patterns of habitat loss and fragmentation and relationship with species traits

Each scenario resulted in different species habitat availability and fragmentation patterns,
creating twelve realisations of the disturbance scenarios, three for each species. For all species
we observed the greatest impacts arising under scenario 3 where habitat loss and

fragmentation were most severe (Figure 3).

Scenarios 1 and 2 resulted in varying patch number and local aggregation in sub-populations
(PCI increases), accompanied by a small loss of habitat in peripheral isolated patches for green
and golden bell frog. For these cases we may reasonably expect an increase in overall
probability of persistence, especially if in aggregating sub-populations, new sites are within the
dispersal ability of the species, as nearby sites emptied by local extinction are more rapidly

recolonized for this highly fecund species.

Habitat loss and fragmentation were negligible for tiger quoll and there was no reduction in the
number of patches, while for greater glider and yellow-bellied glider there was negligible
habitat loss and fragmentation for scenario 1 and 2, but scenario 3 indicated considerable

fragmentation and habitat loss for both species (Figure 3).

Impacts by species and metric
The results for the ranking and relative impact of each scenario on each species as quantified by

the different metrics, are shown in Figures 4 and 5 respectively.
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We found that MTE showed contrasting behaviour to all other metrics when used to rank and
assess impact of the development scenarios. For example, this metric ranked scenario 3 as
providing the best outcome for greater glider and green and golden bell frog despite the
scenario being the most destructive to available habitat. The magnitude of impact as indicated
by this metric also differed markedly from the other tested metrics (+1.36x106 % and
+2.97x1016 % increase in MTE from baseline in scenario 3, respectively, for the green and
golden bell frog and greater glider). These results suggested that the formula was unable to
approximate realistic values with the combination of landscape and model parameters in our
case study, and that it is not a reliable measure of impact for the scenarios presented here
(Figure 4). Results for all species, metric and scenario combinations are included in appendix 5 -

Table 1.

The four remaining species-specific metrics all ranked scenario 3 as the worst scenario.

For scenarios 1 and 2 metrics gave identical rank order for two species, tiger quoll and yellow-
bellied glider, while the pattern-based metrics (TAO and TEA) disagreed with process-based
metrics (MPC and EMA) for green and golden bell frog and greater glider. MPC and EMA were

the only metrics to agree in their rank order for all species (Figure 4).

For greater glider, both MPC and EMA ranked scenario 1 and 2 as equal, while pattern-based
metrics ranked scenario 1 as preferential to scenario 2. This diverged from our expectations
based on the landscape structural measures and species ecology (Figure 3). For green and

golden bell frog TAO and TEA ranked scenario 1 as preferential to scenario 2. Conversely,
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process-based metrics, rank scenario 2 as preferential over scenario 1. Rank was challenging to
discern for the structural landscape measures, as there were confounding signals between

changes in patch numbers, habitat area and PCI (Figure 4).

Generally, for all species, pattern-based metrics provided similar assessments of impact to one
another (£5%), but MPC and EMA showed marked variation in their individual
characterisations of impacts, and on occasions diverged markedly from pattern-based metrics.
The differences in magnitudes of impact between metrics became more pronounced as the

amount of habitat loss and fragmentation became more acute (Figure 5).

Sensitivity to metric parameters

For cases where ranks diverged or where there were marked differences in impact measured,
we examined how key parameters in the different models influenced impact and ranks by
systematically adjusting underlying model parameters to either include or exclude specific

ecological parameters (appendix 5).

We found that rank differences between pattern and process based metrics were most sensitive
to the explicit inclusion or exclusion of dispersal in metrics for greater glider, and green and
golden bell frog. For tiger quoll, although ranks for all metrics concurred, the marked difference
in impact between MPC and EMA was best explained by the explicit inclusion or exclusion of

demographic stochasticity.
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For yellow-bellied glider we noted the marked difference in impact between EMA and MPC in
scenario 3 was best explained by a difference in scaling between the two metrics rather than by
dispersal, stochasticity or correlation in vital rates. For example we noted the key patch affected
in scenario 3 (Figure 4d and Figure 5d) accounted for ~94% of the metapopulation persistence
as measured by MPC while the relative contribution of the effected patch accounted for ~ 63%
of the total EMA value. Also of note was the difficulty in interpreting any definitive difference
due to stochasticity in the case of EMA or the asymptotic nature of MPC where metapopulation

persistence is ensured in scenario 1 and 2 for greater glider (appendix 5).

Discussion

Using models of varying sophistication, we compared five metrics of persistence for four
species, across three scenarios of varying habitat loss and fragmentation. We found metrics
performed consistently in ranking different scenarios in order of severity under circumstances
where variation in population size is driven by habitat amount. However, where inter-patch
dynamics were important for maintaining metapopulation persistence, divergence in ranks
occurred between pattern-based and process-based metrics. Despite differences in assessment
of impact magnitude, MPC ranked scenarios most consistently with those from highly
parameterized and data-rich spatial population models (Figure 4). In contrast, we found MTE to

be unreliable for our study species and context.

The landscape configurations in this study rendered Frank & Wissel’s (2002) MTE formula
unworkable. Frank & Wissel (2002) and Frank (2005) identify four key conditions under which
their approximation is likely to fail: 1) the population includes isolated sub-networks of patches;

2) the metapopulation patch size is very heterogeneous; 3) metapopulation persistence is
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driven by several large patches; and 4) the number of patches falls below approximately five
(Frank & Wissel 2002; Frank 2005). At least one of these conditions were met in our landscape
patch configurations. We suggest similar arrangements are likely to occur frequently in many
larger scale assessments of biodiversity impact, restricting the formula’s use to smaller, more

classically structured metapopulations (see, for example, Levins 1969).

Measures of landscape structure (percentage area loss, PCI and change in number of Patches)
(Figure 4) failed to capture the species-specific ecological impact and ranks were difficult to
discern with were confounding signals between changes in patch numbers, habitat area and the
PCIL. We therefore caution use of these structural landscape measures in assessing the condition
of alandscape related to suitability for a given species, or to act as a proxy for assessing impacts

on biodiversity.

The species-specific metrics in this study did perform consistently in identifying the worst
scenario (scenario 3) for all species. For yellow-bellied glider and tiger quoll pattern-based
metrics concurred with the rank order of the most complex models and metrics. In these cases,
the disturbance pattern and ecological traits of the species meant that persistence was driven
by a few large patches or supported by the species’ good dispersal capability. Although changes
in habitat and area may have still affected population processes in smaller patches, this did not
appear to significantly affect the metapopulation as a whole, such that pattern-based metrics

were a reasonable proxy for MPC and EMA in terms of rank.
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Where changes in landscape configuration were more nuanced, critical differences in rank order
occurred between pattern-based and process based-metrics. For green and golden bell the
aggregation of patches in scenario 2 was beneficial, which was best accounted for in the metrics
that explicitly included dispersal parameters (MPC and EMA). Including dispersal was more
decisive than including stochasticity in our case, however, may not for other situation where, for
example asynchronous colonization and extinction in sub-populations are decisive for
maintaining persistence (Hanski 1998). Including dispersal is likely particularly important for
range-restricted species (Cardillo et al. 2005), like the green and golden bell frog, and indeed
using MPC in systematic spatial prioritisation has been shown to benefit range restricted
species over more traditional pattern-based approaches (Strimas-Mackey & Brodie 2018). Such

a change in rank order of scenarios could affect decisions based on such assessments.

Ranks also differed for the greater glider, but while our initial results suggested dispersal was a
decisive factor in altering rank between pattern and process-based metric, we also caution that
differences may be hidden in the stochastic noise of EMA or the asymptotic scaling of MPC. The
results of the sensitivity analysis for yellow-bellied glider also pointed to differences in scaling
between EMA and MPC. We suggest further investigations of how MPC scales to more complex
metrics such as EMA in spatially realistic landscapes across different disturbance scenarios and

for different species are needed to discern any patterns or scaling relationships.

Although not critical to rank order for our cases, sensitivity analysis uncovered additional
parameters that may have been decisive to altering ranks under slightly different landscape or
disturbance patterns. These differences in impact were a function of the metrics and their

underlying models (deterministic and stochastic)(Frank 2005), the pattern and configuration of
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the disturbance scenarios (spatially auto-correlated, large, small or fractal), and the
configuration of the species habitat (size of patches, inter patch distance and patch aggregation)

(Kallimanis et al. 2005).

Firstly, including demographic and environmental stochasticity and spatial correlation
drastically altered the magnitude of impact measured for tiger quoll. In similar species with
naturally low density populations, demographic stochasticity can drive populations to local
extinction purely by random or correlated fluctuations in vital rates (Akcakaya 2000). The same
can be said for for range-restricted species, especially those that rely on colonization and
extinction dynamics to maintain metapopulation persistence (Hanski 1998). Although for tiger
quoll excluding stochasticity was insufficient to alter rank, this will not always be the case,
especially for species with high sensitivity to stochasticity (see Frank 2005). For species with
restricted ranges, relying on colonization dynamics or with naturally low densities, metrics
including stochasticity in representations of impact, along with dispersal, will further increase

the relevance of the metrics in characterising impact.

Secondly, as species become more susceptible to stochastic events the pattern of the
disturbance itself also becomes increasingly important to consider in metric choice. Where
disturbance is fine scaled and affects only isolated patches, then deterministic and stochastic
models and indeed pattern- and process-based metrics will likely rank impact similarly. If
however disturbance is spatially autocorrelated on important sub-populations, metrics
including dispersal and stochasticity are likely to be critical for obtaining meaningful
characterisations of impact. This is likely compounded as disturbances become larger, or more

heterogeneous (Kallimanis et al. 2005). For most real landscapes, spatially autocorrelated
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patterns of disturbance are likely (Hanski 2009). As patterns of disturbance are difficult to
predict, to err on the side of caution, metrics with dispersal at a minimum, ideally with
stochastic processes included, will provide more meaningful metrics. For poorly dispersing
species in particular, the effect of the pattern of disturbance on species habitat may have as
much bearing on metric choice, and measuring a reliable impact as the biology and ecology of

the species.

In our case, it appears the additional detailed parameters describing population dynamics,
density dependence, survival and fecundity included in EMA were not decisive enough to alter
rank with the next most complex metric, MPC. However, where source sink dynamics are
present, Allee effects are probable, where different patterns of density-dependence are
important or where including density-dependent dispersal is likely required, these more
complex parameters and metrics may prove essential. However, including meaningful

parameter values for these may be difficult for all but the most well studied species.

Our exploratory analysis suggests that including dispersal is the next important parameter to
account for after amount and quality of habitat in obtaining more meaningful representations of
impact. This is followed closely by the addition of stochasticity properties in population
processes. Where dispersal accounts for configuration of habitat in a species-specific way,
including stochasticity in ecological processes accounts for, and better captures extinction risk
to a species due to natural variation. Both dispersal and population structure are likely
susceptibility to stochastic events and may be inferred from body size and general species traits

(Sutherland et al. 2000; Van Houtan et al. 2007; Santini et al. 2013).
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Although our exploratory analysis suggests MPC provided a useful shortcut for the most
complex metric (EMA), it does have its shortcomings and limitations. The deterministic
character of MPC may make it unreliable in small patch networks, especially where extinction-
colonization stochasticity are decisive, or where the population dynamics are highly spatially
correlated (Frank 2005; Hanski 2010). It is also limited in cases where habitat is mostly linear
(Hanski et al. 2013). MPC is also asymptotic, and thus where persistence is assured in a

landscape it may not be particularly sensitive to small scale and localised changes.

The choice of metric, and how comprehensively it represents the species of interest, will always
be traded off against data availability and resources (Jones et al. 2011). While rules of thumb
for choosing metrics of performance have been suggested (Frank 2004; Henle et al. 2004;
Drechsler 2009; Grilli et al. 2015) these are often based on hypothetical landscapes and
scenarios. Significant further research is required before such rules and guidelines can be safely
used in multi-species impact assessment over large, spatially realistic and heterogeneous
landscapes. Further simulations investigating realistic disturbance scenarios, the pattern of the
disturbance itself and a broader range of species, may help with elucidating these rules. In the
meantime, where knowledge of outcomes for multiple species over a range of ecological traits is
required, hybrid approaches to performance assessment based on a combination of pattern-
based metrics and more sophisticated models that incorporate some aspects of dispersal and

species ecology may present a better way forward (Sebastian-Gonzalez et al. 2011).
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Although not comprehensively dealt with in our assessment, sensitivity and uncertainty to
parameter estimates are critical to address where using metrics to inform decisions or assess
impact. Specifically, spatial parameters including population configuration, number of patches,
carrying capacity, dispersal survival, and dispersal rates, are likely most influential (Naujokaitis-
Lewis et al. 2009). Importantly the assumptions and uncertainties of our base SDM have the
ability to propagate through to all metrics. In their creation we assumed linear relationship
between habitat quality and density, however, altering the functional form of the response can

significantly change assessments (Cadenhead et al. 2016).

Biodiversity assessments should be used to guide policy at continental or global scales (UN
2015; IPBES 2016). However, our results suggest that the consequences of not explicitly
including ecological complexity, including dispersal as a bare minimum, may result in
misleading conclusions as in the examples we explore above. If we are to move beyond coarse
approximations of biodiversity such as ‘mean species abundance’ (Alkemade et al. 2009), MPC
offers an appealing shortcut. However, additional investigation of its properties are needed,
especially in how it scales to more complex metrics such as EMA in spatially realistic landscapes

across different disturbance scenarios and for different species.
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Table 1: Description of key traits potentially influencing vulnerabilities of species to extinction (top row) and

a description of where each species sits on along each trait axis relative to the other species (columns) for

(a)greater glider, (b)green and golden bell frog, (c) tiger quoll and (d) yellow-bellied glider.
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® 50 m

scenario 2: ‘development and average fire

scenario 3: ‘development and high fire’

Figure 1: Map of study area showing extant native vegetation (black) with impact scenarios (red). scenario 1:
‘development only’ - indicates habitat lost due to current and planned urban development and potential
mining areas(422kmz2); scenario 2: ‘development and average fire’(594kmz2); and scenario 3: ‘development

and high fire’(1717km?2). Scalebar represents 50km
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Figure 2: Schematic illustrating increasing model complexity and explicit inclusion of ecological processes in
metrics. Species distribution models (SDMs) rely only on the correlation between observed patterns of
occupancy and environmental variables to predict where suitable habitat may exist in the landscape. This
habitat suitability can be converted to an estimate of the total area of occupancy (TAO) for any individual
species. By combining this information with data on the area requirements of individuals of a species and the
average density, an overall total estimate of abundance (TEA) is obtained. These data can then be combined
with information on daily movement to identify patches, from which several other structural measures can

be obtained including the area of habitat, the number of patches of habitat (P-No. Patches) and the Patch
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Cohesion Index (PCI: see Equation 3 Appendix 4). The metapopulation capacity is calculated from this patch

structure and includes species-specific dispersal to give a deterministic measure of persistence. Again, using
the metapopulation structure and using an established formula to approximate a stochastic patch occupancy
model (Frank & Wissel 2002) we include species-specific information on rates of colonization, extinction and

fecundity to provide a stochastic approximation of mean time to extinction of a metapopulation (MTE).
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Finally, also based on the same metapopulation structure, we use stage-based population models and
simulations that explicitly include the above ecological complexity and also include *population dynamics-
referring to stochastic population processes such as variation in vital rates, spatial correlation in vital rates,
different patterns of density-dependence and dispersal to provide an estimate of “expected minimum
abundance” (EMA). Each metric explicitly includes varying degrees of modelled ecological processes that
approximate different ecological traits for a species and therefore explicitly include how these traits will play

out to mediate or exacerbate the effect of changes in habitat configuration.
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Figure 3: Pattern of disturbance for each species and scenario and likely impact given species ecology and
resultant changes in habitat configuration and quantity. Available habitat, shown in grey, with area lost in
red for each species and scenario. (a) greater glider; (b) green and golden bell frog; (c) tiger quoll; (d) yellow-
bellied glider. Relative change in habitat and PCI was calculated as a percentage loss from baseline. A Patches

numbers are reported as change from baseline.
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Species Ranks ) Scenario 1 Scenario2 Scenario 3
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Figure 4: Rank order of scenarios for target species as established by impact measured by different species
metrics (a) greater glider, (b) green and golden bell frog, (c) tiger quoll and (d) yellow bellied glider. TAO =

total area of occurrence, TEA = Total estimated abundance, Area = % area loss, A Patches= Change in patch

number, PCI= Patch Cohesion Index, MTE= Mean Time to Extinction, MPC = metapopulation capacity and EMA

= expected minimum abundance.
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Figure 5. Change relative to baseline (y-axis) for species (a-d) in the three scenarios, as measured by the
different metrics. (a) greater glider; (b) green and golden bell frog; (c) tiger quoll; (d) yellow-bellied glider.
TAO = Total Area Occupied, TEA = Total Estimated Abundance, MPC = Metapopulation capacity, EMA =
Expected Minimum Abundance. Note MTE is omitted for clarity, but full results are listed in Annex 3. The
dashed line around the bars in (b) highlights the marginal increase in EMA and metapopulation capacity
between Scenarios 1 and 2. The asterisk (*) indicates insignificant differences between scenarios when

accounting for standard error in EMA. Structural landscape metric relative change is summarized in figure 4.
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