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ABSTRACT 

Recent studies have begun to advocate for the integration of species distribution models (SDMs) 

and trait-based approaches in conservation planning. We build on this idea by integrating SDMs 

into a spatial prioritization algorithm (Zonation) and weighting by ranked traits correlated with 

resilience, or the ability to recover after an environmental disturbance. Our study identifies 

priority areas for 163 species across four taxa (frogs, birds, reptiles, and mammals) in the 

Australian Wet Tropics, a hotspot for biodiversity and a region particularly vulnerable to climate 

change. We find that incorporating resilience as a weighted parameter increases the proportion of 

most species’ distributions by 1-17% under various scenarios of landscape loss—especially for 

endemics—and that these results overlap with 70% of the identified refugia areas for the region. 

Our results are meant to inform future management decisions, as well as to serve as a case study 

for other regions.  
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INTRODUCTION 

Conservation biologists have continually sought to establish and maintain protected areas to 

mitigate biodiversity loss, which is predicted to worsen given the current pace of climate change 

and human development (Hof et al. 2011). Yet despite the dynamic nature of the forces 

threatening biodiversity, conservation planning has largely been a static exercise (Dobrovolski et 

al. 2011; Hannah 2010; Araújo et al. 2004). Spatial models that predict current species 

distributions (SDMs), especially in the context of climate change, traditionally have not 

differentiated species based on their natural histories (Araújo and Guisan 2006; Hawkes 2009)—

therefore ignoring traits that influence their vulnerability, a crucial factor to consider in 

conservation planning (VanDerWal et al. 2009). Furthermore, models that predict species’ 

responses to future disturbances rarely possess the historical data necessary to enable spatial and 

temporal validation (Reside et al. 2011); the few studies that have used historical data to back-

predict current distributions as an accuracy measure typically found that the predictive 

performance of these models is limited (Rubidge et al. 2011; Sagarin et al. 2006). To better 

predict responses to environmental threats, some models have begun to incorporate indices that 

rank species based on ecological traits that are correlated with vulnerability. Trait-based 

vulnerability analyses (TVA) ensure that extinction risk predictions consider traits (such as 

dispersal ability, e.g. Whitmee and Orme 2013) that influence each species’ relative adaptability 

rather than potential changes in a species’ current physical environment. Because traits and 

distribution predictions are both important when considering species’ extinction vulnerability, 

testing new ways to integrate SDMs and TVAs will be crucial for informing spatially-explicit 

conservation strategies in the future (Willis et al. 2015).  

On a general level, two factors contribute to extinction risk for species that face 



	 2 

environmental disturbances (Knapp et al. 2011; West and Salm 2003). The first is resistance, or 

the ability to survive an environmental disturbance; the second is resilience, or the ability to 

recover and persist after an environmental disturbance. In the conservation literature, the concept 

of resistance was explored as biologists sought to understand what traits might contribute to a 

species’ ability to survive in the face of acute environmental challenges such as deforestation or 

habitat degradation. Rabinowitz’s rarity model was arguably the first to do this explicitly 

(Rabinowitz 1981; Rabinowitz et al. 1986), ranking species according to their relative 

geographical range size, local abundance, and habitat specificity. This model has since been 

extended to explore extinction risk in many species (e.g. Kattan 1992; Pitman et al, 1999; Yu and 

Dobson 2000; Harcourt et al. 2002).  

More recently, conservation biologists have begun to model how to account for more 

prolonged and gradual risks, such as rising temperatures and sea levels, in vulnerability 

assessments. Assessment of environmental disturbance expanded to include threats that species 

needed to not only survive, but also withstand over longer time-frames. Resilience is often cited 

as a more important factor to consider in conservation planning than resistance (Mortiz et al. 

2014)—if a species cannot persist after an environmental disturbance occurs (or continues to), 

surviving the initial blow is irrelevant. For example, members of a species may survive a 

clearing event that renders a patch of suitable habitat temporarily unsuitable, but if they cannot 

persist nearby and later recolonize because the environmental factors are too dissimilar in the 

adjoining landscape, that non-resilient species cannot withstand the change.  

Although resilience is a crucial component of species vulnerability assessments (e.g. 

Williams et al. 2008), it remains a difficult concept to incorporate into conservation planning 

because it derives from species traits that are not inherently spatial, especially reproductive 
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output and dispersal ability. If a species does not produce many offspring in one year, its chances 

of repopulating an area after a disturbance are limited, especially if the disturbance decreases 

resource availability in the area and affects the survivability of that offspring—thus lowering its 

resilience. Low dispersal ability may prevent a species from seeking shelter and/or resources 

elsewhere after a disturbance (and to return when/if its original habitat recovers); this also lowers 

species resilience. Resistance is often addressed instead, as the factors involved (i.e. local 

abundance, range size) are more compatible with geographical measures. In this study, we 

integrated SDMs and a resilience-based TVA using a conservation planning algorithm called 

Zonation in order to conduct a spatially-explicit resilience analysis and assess the benefits of 

incorporating resilience into the prioritization of regions for conservation efforts. 

To do so, we used a resilience index (developed in Isaac et al. 2009) to rank SDMs of 163 

species in the Australian Wet Tropics (AWT), the northern portion of one of the 35 

internationally recognized biodiversity hotspots (CSIRO 2011). Although about half of the AWT 

has been listed as a World Heritage Site since 1988, this area—like so many others worldwide—

is extremely susceptible to climate change (Williams et al. 2003) and is severely fragmented due 

to the continued encroachment of agriculture (Laurance 1996). We developed multi- and single-

taxon spatial conservation plans for four vertebrate groups (frogs, birds, reptiles, and mammals), 

weighting each by its individual resilience score. We found that incorporating resilience as a 

weighted parameter increases the proportion of most species’ distributions by 1-17% under 

various scenarios of habitat loss—especially for endemics—and that these results overlap with 

80% of the identified climate refugia areas for the region. Our results are meant to inform future 

management decisions by the Wet Tropics Management Authority, as well as to serve as a case 

study for other regions. 
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METHODS 

Study Region  

The Australian Wet Tropics (AWT) is a biogeographical region encompassing a chain of tropical 

rainforest patches along the northeast coast of Queensland, between Cooktown and Townsville. 

Although the AWT covers less than 0.2% of the Australian land area, it contains a 

disproportionate amount of the continent’s biodiversity, including 30% of its marsupials, 60% of 

its bats, 25% of its rodents, 40% of its birds, 30% of its frogs, 20% of its reptiles, 60% of its 

butterflies, and 65% of its fern species (UNESCO 2016). It is therefore of fundamental 

importance to conservation (WTMA 2015).  

Tropical mountain systems like the AWT are expected to be extremely vulnerable to 

climate change due to their fragmentary nature, relatively small area, high levels of local 

endemism and ecological specialization, and the compression of climatic zones over the 

elevation gradient (Williams et al. 2003). Many other environmental disturbances threaten the 

species in the AWT, including habitat fragmentation, invasive species, and altered hydrological 

and fire regimes. Declines in range size have been predicted for almost every endemic vertebrate 

species from this area (e.g. Shoo et al. 2005; Laurance et al. 1996).  

 

Study Species 

Our analysis includes 87 birds, 25 frogs, 33 reptiles, and 18 mammals—which constitute 

about 23%, 41%, 20%, and 16% of the regional species totals for each taxa, respectively 

(Williams 2006). Since the species-specific resilience index scores provided in Isaac et al. (2009) 

served as the focal inputs in this study, the analyses presented here are based on the same 163 

species. These species were chosen based on data availability for SDMs and resilience metrics—
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this subset is representative of common and rare species, as the data was collected over a 20-year 

period (increasing the likelihood of encountering rare species) and only excludes a few data-

deficient species. Frogs are by far the most threatened of these four groups, with four critically 

endangered species, five endangered, one vulnerable, and three near threatened (IUCN 2016). 

Three of the mammals in our dataset are listed as near threatened, and one bird species (the 

Southern Cassowary, Casuarius casuarius) is vulnerable (IUCN 2016). Most Australian reptiles 

are listed as ‘data deficient’ in the IUCN Red List database and therefore lack a threat status as of 

2016. 

 

Species Distribution Models and Climate Refugia Layer 

For each species, we created species distribution models (SDMs) using MaxEnt, a maximum 

entropy algorthim (Phillips et al. 2006), with occurrence data obtained from over 20 years of 

field surveys (provided in Williams et al. 2010). Climatic data inputs included annual mean 

temperature, temperature seasonality, maximum temperature of the warmest week, coldest 

temperature of the coldest week, annual precipitation, precipitation seasonality, precipitation of 

the driest quarter and precipitation of the wettest quarter (Anuclim 5.1; McMahon et al. 1995). 

Inputs also included an 80-meter resolution digital elevation model (GEODATA 9 Second DEM 

Version 2; Geoscience Australia, http://www.ga.gov.au/) and vegetation data classified by broad 

vegetation groups (BVG at 1:2million resolution; Accad et al. 2006). We clipped SDMs using a 

subregional species presence/absence matrix. These 163 SDMs served as the main biodiversity 

feature inputs in our Zonation runs. 

Since the SDMs in this study are meant to represent current distributions rather than 

future projections affected by worsening climate change (the most relevant of the potential 
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disturbances for the region, as much of the remaining rainforest in the AWT is currently 

protected), we also incorporated a climate refugia raster layer (provided in Shoo et al. 2010) in 

our analysis. We used this layer to compare how much overlap exists between areas of highest 

priority for vulnerable (low resilient) species and areas that serve as climate refugia (i.e. areas 

where temperatures have not changed as rapidly and are predicted remain stable in the future due 

to various environmental buffers).  

 

Resilience Index 

We ranked species in our assemblage by resilience, or the potential to recover from an 

environmental disturbance. Each resilience score was based on three traits that are highly likely 

to contribute to extinction risk: reproductive output, dispersal potential, and climatic niche 

breadth. Every species first received a dichotomized rating for each trait (i.e. high/low for 

reproductive output and dispersal, narrow/wide for niche) based on thresholds established in 

Isaac et al. (2009) described below, and natural history data complied in Williams et al. (2010).  

Reproductive output scores were based on the mean number of offspring each species 

produces in a single reproductive event, standardized within each taxonomic group. Species 

outputs were considered “high” if above the group median and “low” if below. For instance, the 

highest reproductive output mean for birds in our dataset is 5.5, with a median of 2; therefore, we 

consider the Southern Cassowary, a large flightless bird with an average of 4 eggs per clutch, to 

have a “high” reproductive output. 

Potential for long distance dispersal was based on the indexed sum of relevant natural 

history features (considering multiple features is more representative of dispersal ability than one 

trait as a proxy, e.g. Sekar 2011), including the ability to fly (no = 0; yes = 1), aquatic 
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larval/tadpole stage (no = 0, yes = 1), level of daily and/or annual movements (sedentary, <5 km 

= 1; local dispersion, 5–10 km = 2; altitudinal migrations/nomadic, 10–50 km = 3; long-distance 

migrations, >50 km = 4), and body size (0–100 mm = 1; 101–250 mm = 2; 251–500 mm = 3; 

500–1000 mm =4; >1000 mm = 5). Each species was individually scored and binned in the 

“high” or “low” category based on the median ranked value across all species, 4. The Southern 

Cassowary has a “high” dispersal capacity—no flight, no tadpole stage, local movements of 5-

10km, and a body size of >1000mm (0+0+2+5 = 7). 

Climatic niche marginality (environmental specialization) scores were based on 

Ecological Niche Factor Analysis (ENFA; Hirzel et al. 2002), which combines species 

occurrence data with environmental variables that represent a given study area. Environmental 

inputs for this study included annual mean temperature, temperature seasonality, maximum 

temperature of the warmest week, coldest temperature of the coldest week, annual precipitation, 

precipitation seasonality, precipitation of the driest quarter and precipitation of the wettest 

quarter—all created with Anuclim 5.1 (McMahon et al., 1995). Species occurrences were 

referenced from Williams 2006. ENFA uses modified principal components analysis (PCA) to 

quantify the difference between each species’ areas of occurrence and the mean background 

environmental space of the region. Values of marginality, a measure of niche position, are 

directly comparable among species, with higher ENFA values equating to smaller climatic niche. 

Species with values above the median (1.154) were classed as having a “narrow” niche, those 

below the median a “broad” niche. For example, the Southern Cassowary had an ENFA score of 

1.44, so it has a “narrow” climatic niche. 

Each species was then assigned a resilience score based on its individual dichotomized 

(low/high, narrow/wide) scores for reproductive output, dispersal potential, and climatic niche 
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marginality. Resilience scores are based on the eight-cell model provided in Isaac et al. (2009).  

Species with low reproductive output, low potential for dispersal, and a narrow climatic niche 

were assigned a value of 1, the lowest resilience score (and thus the least likely to recover from 

environmental disturbances). Species with high reproductive output, high dispersal potential, and 

a wide climatic niche were assigned the highest value of 8, representing high resilience. Species 

with intermediate trait combinations were ranked based on the following hierarchy: climatic 

niche marginality > reproductive output > potential for dispersal (Table 1). A species’ ability to 

survive in existing habitats with changing climate conditions or to colonize new habitats is 

arguably the most important factor when considering its resilience, so niche breadth was 

therefore ranked above the other two traits. Since the ability to disperse is not beneficial if a 

species cannot survive in a new area, due to low environmental tolerance or a population crash, 

dispersal ability was ranked third; reproductive output—important for maintaining a healthy 

population size—was ranked second (Isaac et al. 2009). Considering its high reproductive 

output, high dispersal potential, and narrow niche, the Southern Cassowary has a resilience score 

of 5 based on this model. Resilience scores served as weights for each species in the resilience-

focused Zonation runs, described below.  

 

Table 1: Resilience index matrix (from Isaac et al. 2009). 
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Zonation Algorithm Inputs 

To represent conservation priorities for the region spatially, we used Zonation (v.4; 

cbig.it.helsinki.fi/, Helsinki, Finland), a spatial analysis package that allows multiple raster files 

(in this case, of species distributions) to be considered concurrently. Once the program combines 

all 163 species raster files, Zonation calculates a value for each cell, or pixel, in the landscape. A 

cell’s value is based on the relative vulnerability of the species (usually more than one) occurring 

within it. In our study, cells with the highest values contain at least one low-resilient species 

and/or a large proportion of at least one species’ total distribution.  

After Zonation calculates values for each aggregated cell, the algorithm removes the 

pixel with the lowest value. Zonation then recalculates the value of all remaining cells and 

removes the next pixel with the lowest value. Removal occurs in increments of 0.1% —meaning 

that Zonation revalues all cells at 99.9% landscape remaining, 99.8%, 99.7%, and so forth. 

Iterative recalculation is necessary because every time a cell is removed, the proportion(s) of 

species distributions contained within the other cells shift, which in turn affects the cell values. 

For example, if four cells initially constitute the Southern Cassowary’s entire distribution (25% 

in each cell), when one pixel is removed, the other three cells now contain 33.33% of its total 

distribution and are thus more valuable. Zonation iteratively removes pixels and recalculates cell 

values until 0% of the landscape remains. 

The value of a cell is therefore determined by the value(s) of each species within it. 

Within a cell, the value of each species is calculated by multiplying the proportion of its total 

distribution represented in that pixel by its weighting. In this study, we assigned a weight to each 

species based on the resilience index scores described above. In the algorithm, 1 represents the 

lowest priority weight; we therefore converted resilience index (RI) scores so that the species 
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with the lowest resilience were given the highest weights, and so on (RI of 1à Zonation Weight 

of 8, RI of 2à Zonation Weight of 7, 3à6, 4à5, 5à4, 6à3, 7à2, and 8à 1). Continuing with 

the example above, the value of a cell containing 33.33% of the Southern Cassowary’s remaining 

distribution would be .3333 * 4 (Southern Cassowary weighting based on a resilience score of 

5)—but this is oversimplified, as most cells contain more than one species. For example, if this 

cell also contained 15% of the remaining Australian Lace-lid Frog (Litoria dayi; weight = 8) 

distribution, then calculating the value of the cell becomes more complex. 

The cell removal rule determines how the species value(s) within each cell, which will 

differ even in cells with identical species compositions due to differences in distribution 

proportions, inform overall cell values. The two most common cell removal rules in Zonation are 

the additive benefit function (ABF), which adds the values of each species in a cell to determine 

its value, versus core-area zonation (CAZ), which assigns a cell’s value based only on the 

species with the highest value within it, regardless of species diversity within the cell. ABF 

would value the example cell above by adding the values of the two species ([.3333* 4] + [.15 * 

8] = 2.53), whereas CAZ would calculate the individual species values (.3333* 4 = 1.33; .15 * 78 

= 1.2) and choose the highest value to represent the cell (1.33). This example also elucidates how 

a species’ weighting and the cell’s distribution proportion interact—in this cell, the Lace-lid 

Frog’s high weighting (signifying low resilience) brings its value very close to the Southern 

Cassowary’s, which has more than double the distribution proportion but half the weight 

(resilience) score.  

During each iteration, Zonation removes the cell with the lowest value—which can 

sometimes differ depending on the cell removal rule. Consider this hypothetical: cell 1 contains 

5% of Species A’s distribution and 10% of Species B’s distribution, while cell 2 contains 14% of 
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Species C’s distribution. Assuming Species A-C are weighted equally, cell 1 would be more 

valuable under ABF and cell 2 would be more valuable under CAZ. ABF sums the distributions 

located in each cell (cell 1 = 5% + 10% = 15%; cell 2 = 14%), whereas CAZ only considers the 

highest proportion (cell 1 = 10%; cell 2 = 14%). However, if Species A-B were weighted 

differently—for example, if Species B were weighted higher than Species C, then cell 1 would 

likely be more valuable than cell 2, even under CAZ. 

We chose CAZ for this study because it identifies high priority areas for species based on 

vulnerability rather than richness—ABF is not ideal, as it would (especially early on in the 

process) likely prioritize cells with many common, highly resilient species over cells with lower 

species counts but higher conservation value. If the Zonation cell evaluation process were not 

iterative, the CAZ removal rule would sacrifice a great deal of information. However, one of the 

most powerful aspects of Zonation is the way in which it reevaluates cell values; as original 

distributions shrink with increasingly limited landscape, the proportion in each remaining cell 

increases. Therefore, the most valuable cells do not remain constant, because the species 

distribution proportions constantly shift. In this way, Zonation can spare otherwise species-poor 

cells if they have high occurrence levels for one rare or low-resilient species, while also 

prioritizing common species as they become more rare in the landscape. 

 

Analysis 

This study consisted of ten total Zonation runs, five in which we weighted species by their 

resilience: the multi-taxonomic run, with all 163 species considered together, and four runs each 

including only one taxonomic group (birds, mammals, frogs, and reptiles). As Zonation 

iteratively eliminates cells (land area), the algorithm reassigns cell values as described above. 
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Each run produces a map that ranks the landscape with a color gradient, identifying areas of 

highest priority (top 2%) in red through to areas of lowest priority in black. Zonation outputs also 

provide the raw re-calculations for each species at every 1/10 interval of removal (e.g. 71.1% 

71.2%, 71.3% and so on) from 100 to 0% landscape remaining. Each interval of removal 

represents a ‘loss scenario.’ The iterative nature of the algorithm allowed us to compare loss 

across runs with different input parameters—in this case, to test the power of weighting by 

resilience. Zonation produces conservation recommendations with the standard inputs (i.e. no 

weightings), so we sought to quantify the percentage difference between the two main runs. 

Therefore, we ran the algorithm for all species and by taxon twice—using resilience as weights 

in the first run, and without in the second (in which all species were assigned a dummy weight of 

1). All other parameters described above (e.g. species distribution models, cell removal rule) 

were consistent across each run. For each species, we extracted the raw data from the multi-taxa 

runs and subtracted the percentage of distribution remaining in the non-weighted output from the 

percent distribution remaining in the weighted output under various landscape loss scenarios, 

starting with 50% and increasing by intervals of 5% until no landscape remained (100% loss).  

Since one of the major aims of this study was to produce mapped representations of 

conservation priorities, we also performed a directional overlap analysis between priority area 

outputs with and without resilience weightings, in order to identify areas where the two runs 

agree and disagree. We then used the same technique to identify the spatial overlap between the 

resilience-weighted multi-taxa outputs with a raster created with climate change refugia models 

for the region, provided in Shoo et al. (2010). All directional overlap analyses were conducted in 

the R statistical program (v. 2.15.3; http://www.r-project.org). Overlap maps generated in R were 

edited for aesthetic clarity using QGIS (www.qgis.org).  
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RESULTS 

We found that weighting by resilience increased the total distribution remaining for most species 

under all landscape loss scenarios, compared to the runs without weights (keeping all other 

parameters constant). For example, the total remaining percentage of the Southern Cassowary’s 

original distribution under an 80% landscape loss scenario was 15% in the non-weighted run, 

and 20% in the resilience-weighted run. By subtracting these two distribution proportions, we 

found the Southern Cassowary’s distribution was 5% higher in the resilience-weighted run. In 

other words, weighting by resilience increased (conserved) this species’ distribution by 5%. We 

calculated this difference under 10 loss scenarios (beginning at 50%) for every species in the two 

multi-taxonomic runs. To visually represent how resilience weightings benefit most species in 

our dataset, we plotted the results for all 163 species at 80% landscape loss (Figure 1). This bar 

graph does not represent the total amount of distribution remaining for each species; rather, it 

depicts the increase or decrease in each species’ remaining distribution between the two runs. At 

80% landscape loss, almost all (147 out of 163) species distributions were larger in the 

resilience-weighted run, with increases between 0.1 to 14.5%; the distributions of only 16 

species decreased. Of the species that experienced a distributional loss, only two were more than 

-5%. 

Although endemism was not an input parameter, endemic species distributions (blue bars 

in Figure 1) benefited without exception in the resilience-weighted runs. The top ten species with 

increased distributions, between 7-14.5% in the 80% loss scenario, were endemic, and almost 

70% of the endemic species distributions increased by at least 5%.  

We also determined the mean percentage of distribution increased in the resilience-

weighted multi-taxonomic run compared to the non-weighted multi-taxonomic run across 
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landscape loss scenarios increasing from 50% (Figure 2). We calculated means across all species 

and by taxon (still within the multi-taxonomic run, not to be confused with results from taxon-

specific runs in Figure 3B). As the available landscape decreases, the Zonation algorithm is 

forced to prioritize areas in an increasingly parsimonious way (hence the mean distribution gains 

are lower at 50% and steadily increase until a tipping point around 80% loss). Resilience-

weighted runs become particularly powerful when 25-20% of the landscape remains, increasing 

mean gains by about 4% for all species, more for frogs and mammals, and slightly less for 

reptiles and birds. The gain decrease that follows the 25-20% threshold is inevitable given the 

amount of landscape remaining. However, mean percentage gains in the resilience runs are 

consistently positive, even when only 5% of the landscape remains.  

Some taxa benefit more from the prioritization algorithm under various percentages of 

landscape loss compared to others (Figure 2)—in this case, mammal and frog distribution gains 

steadily increase until the threshold of 25-20% remaining landscape, and remain around 3% gain 

even when the landscape loss drops to its lowest level. In fact, the mean gains for frogs and 

mammals are higher at 95% loss than at 50%, while the total and reptile means are very similar 

to values at the 50% scenario—birds lose about 1.5% mean gain when comparing the two ends 

of the loss trajectory. This pattern likely reflects the high relative vulnerability of frogs and 

mammals, two taxa with many restricted distributions even at 100%; this means that many cells 

with frogs and mammals likely started with higher distribution proportions, resulting in higher 

cell values even without weightings early on in the elimination process. For these taxa, the 

resilience weights become beneficial under higher landscape loss scenarios, when remaining 

distributions for most species exist at a similarly low level. 
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Given the net positive effect of resilience-weightings, we produced high-resolution, 

resilience-weighted maps that define areas of greatest conservation concern with all 163 species 

considered together (Figure 3A) and separately by taxon (Figure 3B). We also produced maps 

with the non-weighted results for the multi- and single-taxon runs, which allowed us to spatially 

compare the weighted and non-weighted runs. To identify the areas of overlap (areas where both 

weighted and non-weighted runs either conserved or eliminated) and of disagreement (areas 

conserved in the weighted run but the non-weighed run, or vice versa) at each landscape loss 

scenario, we imported the raw prioritization data into R. We then determined which areas were 

prioritized only by weighted runs, only by non-weighted runs, and by both analyses (Figure 4A). 

In every landscape loss scenario, the areas prioritized only in the resilience-weighted runs tended 

to expand regions where the two runs overlapped, whereas areas conserved only by the non-

weighted run produced more landscape fragments.  

Using the same technique, we identified regions of overlap and disagreement between the 

multi-taxa weighted and non-weighted runs and the climate refugia identified for the AWT (from 

Shoo et al. 2010). We found that the resilience-weighted areas overlap quite extensively with the 

refugia. For example, at 80% landscape loss, the resilience prioritization overlapped with 

approximately 80% of the refugia areas (Figure 4B). Only 5% fell within areas only prioritized 

by the non-weighted run areas, and the remaining 15% fell out of either prioritization output.  
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Figure 1: When weighted by their relative resilience, the majority of species’ remaining 
distributions increase (positive bar values). Only a few species experience a distributional loss 
(negative bars). Values for each species (represented by individual bars) were calculated by 
subtracting the percent distribution remaining (at the 80% landscape loss scenario) in the multi-
taxa non-weighted run from the percent distribution remaining in the resilience-weighted run. 
These values do not represent the percent distribution remaining itself—only the comparative 
increase or decrease. Blue bars represent endemic species for the region. 
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Figure 2: This graph depicts the distribution differences between weighted and non-weighted 
runs averaged across species, at each loss scenario between 50-100%. The colored curves 
separate the taxa distribution gains from the all-taxa output from Figure 3A. Resilience becomes 
particularly impactful when 20-25% of the habitat remains, increasing mean gains by about 4% 
for all species (blue), more for frogs (green) and mammals (purple), and slightly less for reptiles 
(red) and birds (orange).  



18 

Figure 3: Areas of highest conservation concern in the Australian Wet Tropics for 163 vertebrate 
species considered (A) together and (B) by taxonomic group: (1) birds, (2) mammals, (3) frogs, 
and (4) reptiles. Based on its resilience to environmental disturbance, each species was assigned 
a weight between 1 and 8 (higher numbers indicate resilience and thus higher conservation 
priority).  
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Figure 4: These maps depict overlap at 80% landscape loss. (A) The all-taxa weighted run vs. 
the non-weighted run. Green shows areas conserved by both runs. Yellow shows areas that only 
resilience weightings conserve (much less fragmented); blue shows areas that only the non-
weighted run conserved. (B) A comparison between areas highlighted by resilience-weighted run 
and areas identified as important for climate change refugia by Shoo et al. (2010). Dark green 
depicts agreement (over 70%). Lime green shows non-refugia areas highlighted as important in 
the weighted run, and red shows refugia areas not prioritized in that same weighted run.	
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DISCUSSION 

Interpretation of results 

In this study, we found that weighting by resilience provided better conservation of most species 

ranges in the dataset, especially for highly vulnerable species, under the same scenarios of 

habitat loss. First, resilience-weighted runs increased a higher proportion of species’ distributions 

with very few exceptions, especially under scenarios of high landscape loss. Compared to non-

weighted runs with otherwise identical inputs, most remaining species distributions increased by 

1-17% (Figure 1, 80% landscape loss). These increases are important because the higher the 

proportion of distribution retained throughout the cell removal process, the higher a species’ 

chances of survival. In this study, distribution essentially represents habitat availability: if a 

species occurs in an area, we can assume that area constitutes a portion of its habitat. When a cell 

containing a portion of that distribution disappears, the species’ chances of survival decrease.  

Species distribution increases ranged from 1-17%, with a mean around 5% (Figure 2). 

While the lower end of that range may not seem like an important increase, from a spatial 

perspective, 1% could represent a crucial aquatic breeding habitat for a frog or a rare nest cavity 

for a bird. These distribution increases do not represent arbitrary locations on the landscape, but 

rather cells that are biologically relevant to the respective species. The resilience weighted multi-

taxa run increased the remaining distributions of about 90% of species in the dataset; the 

summed distribution gain (all values in Figure 1) across all 163 species was 620% when only 

20% of the landscape remained. This summed percentage is of course only possible because 

many of the species distributions overlap, but the congruence represents hotspots of vulnerability 

(and therefore conservation concern) when represented spatially in the Zonation maps (Figure 3).  
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The net positive effect of resilience weightings was made possible by decreasing the 

proportions of a few (16) species’ distributions, all of which were highly resilient species with 

extensive distributions at the outset. Herein lies the power of the weightings: the non-weighted 

runs only emphasize the remaining distribution sizes of each species in a cell, while the weighted 

run takes both resilience and distribution into account. Therefore, subtracting the distribution 

remaining at different iterations of landscape loss between these run pairs allowed us to assess 

the added benefit of weighting by resilience. The weighting indicates how much added 

importance a given distribution should have in a cell (since the Zonation algorithm multiplies the 

distribution proportion by the weighting). There were other species in the dataset with similarly 

large distributions at the onset (meaning that each of those species’ distributions were distributed 

in many cells, and that those cells would therefore be the first to go given their relatively low 

distribution proportions). The resilience index allowed Zonation to identify the 16 least 

vulnerable species from the larger set by giving it extra information (a resilience score). The 

weightings ensured that a low resilient species with a larger initial distribution had more 

conservation value than a highly resilient species with a similarly extensive distribution. 

On average, resilience weightings are most powerful—or provide the greatest distribution 

increase over non-weighted approaches—under high landscape loss scenarios. In Figure 2, mean 

gains under higher habitat loss scenarios (right portion) almost mirror the mean gains under 

lower habitat loss scenarios (left portion). This pattern reflects the fact that the cells with the 

lowest values are likely the same or similar in both weighted and non-weighted Zonation runs, as 

both prioritize cells with higher proportions of species distributions (i.e. cells that are very 

important for maintaining a species’ distribution and thus survival). Even at 80% landscape loss, 

Figure 4A shows that both runs prioritize the same large portion of the land area remaining 
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(green). Mean distribution increases in the multi-taxa run peak at 75-80% (depending on the 

taxon) in Figure 2. Although the mean distribution increase drops as Zonation continues to 

remove the landscape, the pattern does not represent a decrease in the effectiveness of resilience 

weightings; on the contrary, mean distribution increases remain positive across all taxa even 

when only 5% of the landscape remains. In other words, most species still retain more of their 

distributions even when land is extremely limited. Weighting by resilience in Zonation is 

therefore most useful when identifying areas of greatest conservation importance—80% loss 

represents the top 20% of the landscape. 

Furthermore, areas prioritized in the resilience-weighted runs maintain more continuity 

with one another, an important result considering the generally negative effects of habitat 

fragmentation on species survival (Fahrig 2003). The areas exclusively prioritized by the non-

resilience run are mostly fragmented and separate from the areas where both runs agree, whereas 

the areas exclusive to the resilience weighting generally expanded the agreement areas. Again, 

the only difference between the two runs was the inclusion of resilience weightings, so this result 

demonstrates that resilience weightings provide a dual spatial benefit by conserving more of a 

species’ distribution and by avoiding fragmentation.  

 

Strengths of considering resilience in conservation planning 

Over the past decade, conservation planning has begun to incorporate models and other forms of 

assessment in an attempt to account for and predict species vulnerability. The most common 

approach, especially in climate change vulnerability assessments, has been the use of species 

distribution models (SDMs). In their simplest form, SDMs correlate data on species’ current 

distributions with various climatic variables collected from the area in order to predict 
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contemporary species ranges—and thus, areas that are most important to conserve for a target 

species or higher taxon. Recently, many studies have applied current SDM correlations to future 

climate change projections in order to predict what areas will be climatically important for a 

target taxon in the future (e.g. Jensen et al. 2008; Phillips et al. 2006). SDMs have also been used 

to assess projected turnover of species in protected areas (e.g. Araujo et al. 2011; Bagchi et al. 

2013), but this approach does not distinguish species by their natural histories and ecologies—

which may influence their vulnerability or behavior in the future. While process-based SDMs 

have begun to include relevant biological traits such as dispersal ability and vegetation, 

parameterizing these models requires quantitative data that is not easily acquired for many 

species (Willis et al. 2015). Trait-based vulnerability assessments (TVAs) take a somewhat 

opposite approach from modeling and measure vulnerability with indices informed exclusively 

by ecological data (Willis et al. 2015). Many variations of TVAs exist in the literature (e.g. Chin 

et al. 2010; Dawson et al. 2011), but the assessments are difficult to represent spatially.  

Since both approaches are applicable to conservation planning (Ladle et al. 2011) but 

involve inherent tradeoffs, the conservation community has called for the integration of the two 

(Willis et al. 2015). Since the spatial representation of resilience was the main focus of our study, 

the traditional SDM approach was not an option; the published resilience index for the AWT 

(Isaac et al. 2009) was useful in ranking species but did not include a spatial component. 

Therefore, we combined the SDM and TVA approaches by incorporating the refined SDMs 

(which included vegetation and elevation inputs) and the existing resilience TVA into the 

Zonation algorithm.  

In previous TVA studies, it has been a fairly straightforward exercise to recommend that 

a species with low resilience (or another vulnerability metric) be given priority. However, the 
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conservation of a species inherently involves the preservation of its habitat, which is why the 

Zonation valuation system is so powerful: species can be simultaneously valued by their traits 

(via weightings) and their distributions, which in turn influence the values of the cells in which 

they reside. Zonation is also powerful in its ability to simultaneously consider many species at 

once. A common critique of conservation planning is that it is mainly informed by studies that 

only provide recommendations for one or a few species (or at best one taxonomic group) in an 

area (but see Kremen et al. 2008). Such a limited scope can lead to the unintentional neglect of 

an equally vulnerable but unstudied species or even the degradation of an ecosystem (e.g. Davies 

et al. 2004)—for example, prey of a protected species may rely on in a different area or 

microhabitat that may seem low priority if information is purely based on the SDMs of the 

predator. Our approach balances the traits and distributions of species from four taxonomic 

groups, which introduces difficult but necessary tradeoffs in conservation priorities.  

Zonation was designed as conservation planning software (Moilanen et al. 2012). As 

such, when the weighting feature is employed, it is common to rank species by endemism or 

threat status (e.g. Red List of the International Union for the Conservation of Nature, IUCN). 

However, both of these metrics are problematic. Conservation based on endemism is a very 

common practice; 35 hotspots around the world have been designated mainly on the basis of 

endemism and species richness. Yet endemism is not always a reliable metric for vulnerability—

for example, an endemic species may be locally abundant with many healthy populations; a non-

endemic species may be scarce in every country/region where it is native (e.g. many endangered 

vulture species in Asia). IUCN Red List threat statuses are based on much more nuanced and in-

depth species accounts and provide a more holistic ranking of extinction risk; however, many 

species remain data deficient and or are not listed at all. This is the case even in an information-
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rich country like Australia. For example, the majority of Australian reptiles have not been 

assessed by the IUCN. Since a resource like this requires constant monitoring due to population 

crashes (e.g. the sudden chytridiomycosis disease outbreak in frogs) or successful conservation 

strategies boosting species numbers (e.g. captive breeding programs), the information is often 

outdated. 

Resilience may provide a valuable alternative weighting metric compared to endemism or 

threat status. First, resilience is a predictive index, useful when considering a species’ response 

to future environmental disturbances—yet it is informed by key natural history traits. In contrast, 

endemism is dualistic input sometimes based on arbitrary boundaries (country borders), and 

threat status is reactive rather than proactive. Resilience is also more generalized, requiring less 

information than threat status, and thus more accommodating for wildlife communities with 

unbalanced conservation status information. If, for example, we also wanted to weight species by 

IUCN status in our study, we would be unable to include reptiles, due to lack of information for 

this taxonomic group (see above). Additionally, the resilience metric inherently includes 

endemism and threat status. Isaac et al. (2009) found that the resilience index strongly correlated 

with the IUCN rankings available for the species within this dataset. Similarly, we also found 

that resilience weightings disproportionately benefited endemic species (Figure 1, blue bars). 

This is an encouraging result, as endemism was not an explicit input in the Zonation algorithm 

(although endemism is highly correlated with niche marginality, one of the three components in 

the resilience index model). Weighting by resilience may therefore be useful in many 

conservation planning contexts when local or global vulnerability assessments are not available.  
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Scenarios under future climate change 

We chose not to incorporate future climate projections into our analysis. SDMs that predict 

current distributions are generally more reliable (as they are able to be ground-truthed and 

refined) than SDMs that predict future distributions based on climate projections. The latter 

inherently involve uncertainty and, as such, are rarely able to be validated with historical data. In 

the rare instances where future models are able to be back-checked based on historical records 

and/or museum specimens, the accuracy is quite mixed—range expansions or contractions, for 

example, have been found to respond to temperature rise in the opposite manner predicted by 

models (Rubidge et al. 2011). This uncertainty represents a large problem for managers, who are 

often advised to use models to inform their decisions—models that all vary by input variables, 

algorithms, resolution, focus taxa, and scope of environmental disturbances (climate change, 

land-use change, natural/anthropogenic disasters, and/or disease are rarely considered 

concurrently in the same study—but see Faleiro et al. 2013), and yet unanimously purport to be 

relevant for conservation.  

Our study aims to provide clear spatial priorities today that are still relevant for the 

future—especially in the context of climate change. The AWT and many other biodiversity 

hotspots are disproportionately threatened by temperature and sea level rise (Williams et al. 

2012). Therefore, climate refugia, areas that maintain a cool temperature even as surrounding 

areas continue to warm, will become increasingly important. Refugia are especially important for 

ectoterms (e.g. reptiles and amphibians) and/or species with narrow niches (Thuiller et al. 2013). 

Many studies have begun to identify refugia on micro (e.g. Scheffers et al. 2014) and macro 

scales (Keppel et al. 2012); Shoo et al. (2010) published a climate refugia model for the AWT, 

identifying areas that currently serve as refugia, and that are predicted to remain cool as climate 
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change worsens. Therefore, we performed an overlap analysis to identify areas where the refugia 

and areas prioritized by the resilience-weighted run agree (Figure 4B). We found that over 70% 

of the AWT refugia areas overlap with resilience-prioritized areas, which is an encouraging 

result given that the least resilient species are those with narrow niches and limited dispersal 

ability—making them especially susceptible to climate change. 

As various disturbances compound on one another—climate change, for example, can 

exacerbate other major threats to biodiversity, such as land use change or invasive species 

(Benning et al. 2002), future studies should seek to expand on the power of resilience by 

employing it to predict how a species will persist after environmental disturbances of various 

magnitudes and combinations, and/or after different types of disturbances—one species may be 

more susceptible to climate change or invasive species than another. 

 

Utility for managers 

High-resolution maps are arguably the most straightforward and useful tool scientists can 

provide to managers, and the Zonation outputs provided in this study (Figure 3) are especially 

beneficial in that they rank the landscape by priority level. Managers can use them to implement 

conservation measures according to their particular resource availability. For example, if the Wet 

Tropics Management Authority is tasked with closely monitoring 30% of their land, our map can 

serve as a reference that identifies areas where this would be most beneficial. Alternatively, if 

they have funds to extend protected area boundaries, this map can help inform decisions in terms 

of where this would be most beneficial to the most vulnerable species. Figure 3A is especially 

useful in that it considers frogs, birds, reptiles, and mammals as a whole—multi-taxonomic 

approaches to conservation planning have been called for in many papers (e.g. Kremen et al. 
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2008), but are rarely carried out. Similarly, the landscape loss scenarios in this study can be 

interpreted in two ways: (1) as the literal loss of land, due to human development for example, or 

(2) as a way to identify the most important core areas (where resources should be focused)—

80% landscape loss could also be interpreted as the most important 20% of the landscape. 

Our methodology is relatively simple and repeatable, and eliminates much of the ‘black 

box’ element that is often frustrating when interpreting complex model outputs—all important 

features for a manager wishing to repeat the study for species in their jurisdiction. The software 

used to create the inputs and outputs are free and open-source, eliminating a common access 

barrier for managers if they were to replicate this study, in the AWT or elsewhere. 

Combined with other base inputs, resilience should be considered an important, utilitarian 

variable when prioritizing areas for conservation. By combining SDMs with a trait-based 

vulnerability analyses, we provide a spatially explicit result for conservation planning in the 

AWT. As resilience indices and metrics become more sophisticated (perhaps by incorporating 

genetic inputs such as gene flow, for example), weightings easily can be adjusted as necessary. 

We intend these outputs to serve as a case study for incorporating resilience into conservation 

maps and analyses. Protected areas are arguably the most important places to preserve 

biodiversity, but their ability to do so is often taken for granted, since relatively few protected 

areas exist in the first place. Yet resources for protected areas are dwindling, and climate change 

introduces uncertainty that renders planning quite difficult. Identifying the most important areas 

within existing protected boundaries may be just as important as the creation of new ones.  
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