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Abstract

Climate refugia are regions that animals can retreat to, persist in, and potentially then expand
from under'changing environmental conditiomdost forecasts of climate change refugia for

species.arbased on correlative species distribution models (SDMs) usingidongclimate

averages, projected to future climate scenatimsitations of such methods include the need

to extrapolate into novel environments and uncertainty regarding the extent to which
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proximate variables included in the model capture processes driving distmibatits (and
thus can be assumed to provide reliable predictions under new conditions). Theserfimit
are well documented, however, their impact on the quality of tdimedugia predictions is
difficult to quantify. Here we develop a detailed bio-energetics model for the kbala
indicates'thatange limits are driveby heatinduced water stress, with the timing of rainfall
and heat waves limiting the koatathe wamer parts of its range. We compare refugia
predictions fromthe bio-energetics model with predictions from a suite of competi
correlativesSDMs under a range of future climate scenarios. SDMs were fitted using
combinations of longerm climate and weathextremes variables, to test how well each set
of predictions captures the knowledge embedded in the bio-energetics nwddhiive
models produced broadly similar predictions to thedmergetics model across much of the
species’ current rangewith SDMs that included weather extremes showing highest
congruence. However, predictions in some regions diverged significantly when projecting t
future climates due to the breakdown in correlation between climate varildgwovide
unique insight into the mechanisms driving koala distribution and illustrate thetamperof
subtle relationships between the timing of weather events, particularhefative to hot-
spells, in driving species-climate relationships and distributions. By unpacking the
mechamsms captured by correlative SDM&e can increase our certainty in forecasts of
climate change tmpacts on species.

Introduction

Considerable"@mphasis has been placed on identifying climatic reftegéons that animals
can retreat to, persist in, apdtentially then expand from under changing environmental
conditions (Keppett al., 2012). Refugia can include locations currently occupied by the
specieghat remain suitabl@n situ refugia), as well as currently unoccupied locations that
can support the species as conditions chagget( refugia) (Ashcroft, 2010) Most
commonlysrefugia are identified usiegrrelative species distribution models (SDMs)
whereby the,current distribution of a species is used to develop a model whiticaitstis
associates distribution with environmental lay@stersoret al., 2002, Thomast al., 2004).
Refugia arexthen identified by projecting which areasfafllwithin the species
‘environmental envelope’ under future climates (Guiskal., 2005) These models can be
built with little or no information about the species (aside from distribution records) and have
the potential to implicitly capture both abiotic and biotic processes thiaslpecies
distributions (Elith & Leathwick 2009). However, this approach has a number of iongat
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when used to identify refugia under future anthropogenic climate change, including
complications arising from deriving habitat suitability models froased occurrence data
(Guillera-Arroita et al., 2015), the need to extrapolate when projecting models to no-analogue
conditions (Fitzpatrick & Hargrove, 20Q®nd failure to explicitly capture biotic
interactionsrand demographic processes that may strongly influence populatiste pegsi

within refugia(Thuiller et al., 2013). Here we focus primarily on the assumption that the
relationship between proximatanables included in the models and the processes they
implicitly capture remains constaftbuisanet al., 2005, Elith & Leathwick, 2009, Jacksein

al., 2009).

Animals inhabit fluctuating environments, experiencing weather rather than thtetamg
climate averages typically used to model their distributions. Daily, seasonal arahimted
variations insenvironmental conditions can influence species’ distributionbamtiance
(Parmesamtal2000, Residet al., 2010, Wernbergt al., 2013)and an pproach that

captures these is needed to provide more robust predictions of refugia under future thange
climate. Recent' extreme weather events have been linked to high mortality aredireduc
reproductive 'success in a range of taxa including birdsabdtarboreal mammals
(Welbergeret al., 2008, Catryet al., 2011, Lunneyet al., 2012). Increased frequency or
severity of these events in the fut(Easterlinget al., 2000, Jentscé al., 2007) could lead

to local extinction of species within these ar@&grnberget al., 2013) even if the average
conditions remain suitable. Not surprisingly, a number of studies have found thasspeci
distributionsmodels that include variables that quantify iatamual variation in climate
(Zimmermanretal., 2009) @ weather data that captures extremes such as drought and heat
waves (Residetal., 2010, Batemast al., 2012)were better able to accurately identify
suitable habitat under the current climate.

As well astbetter capturing how species are distribute@mily, models that explicitly

include effeetraf'weather on species are important because the relationship between mean
climate and-extreme weather events is likely to change in the future. In some regions of the
world, temperature extremes during patciseasons are projected to scale with changes in
global annual mean temperature by a factor of more thaf@wowsky & Seneviratne,

2012). Physiologically stressful environments also frequently arise from imp@sact

between multiple environmentabreditions. For example, thermal stress for mussels in the
intertidal zone is dependent on whether low tide (mussel exposure) coincildeisevit

warmest part of the dayHelmuthet al., 2002). For mammals or birds that rely on
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91  evaporative cooling for temperature regulation, hot weather is most stressfigl diyr

92  periods where access to water is limi¢atbright et al., 2010, Krockenbergest al., 2012). In
93  such cases, it is particularly important to model these interactions explicitly because any
94  changesn the relationship between these variables in the future could lead tadmsgje

95 conclusionstabout climatically suitable habitat if a single correlated variable is used as a

96  proxy.

97 Biophysicalecology is a powerful approach with which to investigatedhiavate influences

98  survival andsreproductive output of individuals, and to make inferences about current and

99 future spegies distributions (Porter & Gates, 1969, Buckley, 2008, Kearney & Porter, 2009).
100 Biophysical models are based on the physical priesipf energy and mass trangfgird et
101 al., 2002) and describe the exchange of energy, nutrients and water between organisms and
102  their physicalenvironment. They can be used to predict the energy and water requioéments
103  endothermssbased on their physiology, morphology and behaviour, as well as the
104  microclimates they experien¢Borteret al., 2000, Porter & Mitchell, 2006). Using this
105  approach itis‘possible to predict where species could survive and reproduce umder bot
106  current and future climate by coupling predicted energy and water requireménts wit
107  information on the amount of energy and water available to indivikianeyet al.,
108  2013).

109 In this modelling framework, an animal’s response to its environment can be simulated on a
110  hourly basis using daily weather data, making it possible to capture a range skpsoce

111  including extremes, which limit species disttilons. The combined effects of factors such as
112  temperature, humidity and water availability on heat exchange, water balance and survival
113 are explicitly modelled, meaning that predictions of animal responses underdiiugte

114  scenarios are robust to changes in the relationships between these variables. As well as
115  enabling predictions of species distribution shifts under climate change, thamstic

116  approach grantsinsight into why these shifts are likely to occur, allowing us tdyidemdi

117  explore predietion uncertainty. For example, one can quantify the effect of difsrenc

118  projected.changes in key climate drivers, assess the potential for adaptation in key traits
119  (Kearneyet al.;;2009) or assess the likely impacts of concurrent changes in habitat properties
120 (Kearney, 2013).

121 Despite the utility of procedsased approaches such as bio-energetics modelling, evaluation

122  of climate change impacts on species’ are most frequently based on SDM predictions (Guisan
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etal., 2013). A number of studies have examined how modelling approach, assumptions
about of future climates (emissions scenariogamkral circulation modgland the number
and type of predictor variables, can influence correlative model predi¢ibtis& Graham,
2009, Buissoret al., 2010, Synes & Osborne, 2011). An important but often neglected
source of'uncertainty is that, when used to project climate change impacts, correlative
approaches assume that the relationship between proximate variables inclinechodels
and the proceses they implicitly capture remains constant (Gugsah, 2005, Elith &
Leathwicky 2009) This is difficult to assess because we seldom know which processes are
limiting a species distribution the most, and there is considerable uncertainty about how

environmental factors will change in the future.

Here, we develop a fine spatial and temporal scale endotherm @®engedel which

describes th&undamental niche of the koala from a thermodynamic point of view, and use it
to evaluatescorrelative modal§the same species using daily and annual weather data under
a variety of climate change scenarios. We consider the mechanisms driving the koala
distribution"at'local to continental scales and investigate where and whggtmased and
correlative modepredictions of refugia differ. Insight gained by ‘unpacking’ the mechanisms
captured by different modelling approaches can help improve predictions of clehagiar

and identify"key sources of uncertainty in future projections.
Materials and methods
Study species

The koalaPhascolarctos cinereus, is broadly distributedcross eastern Australia (FiD-

insert). Koalas feed predominantly on Eucalyptus foliage, a poor quality food source (Moor
& Foley, 2000), and food intake is likely to be constrained by a relatively small body size.
Foliage is/also.the primary source of water for koalas, particularly during dogpevhen

free waterfis'not available in the environment. Koalas do not typically use angfiaien

but reducesheatloads by seeking shade and cool tree trunks during hot weather ¢Babkgcoe
2014, Crowther et al., 2014). High koala mortality has been observed during extreme heat
events that coincide with periods of low rainfall (Gor@bal., 1988).

Biophysical model
To generate bi@nergetic predictions of climate refugia for koalas we used Niche Mapper

(Porteret al., 2000, Porter & Mitchell, 2006), a modelling framework that calculates energy

This article is protected by copyright. All rights reserved



154  and water requirements of animdilased on their behavioural, morphological and

155  physiological traits, and the microclimates available to them. Niche Mapper consists of a

156  microclimate model and an animal model. The microclimate model translates location, terrain
157  and weather station datdgfly air temperature, wind speed, cloud cover and humidity) into

158  the rangeof'microclimatic conditions available to the animal based on properties of the

159  environment specified by the user (e.g. slope, aspect, soil properties, availabléRbidee)

160 etal., 1973, Kearnewt al., 2014).

161  The animalmedel then uses the principles of heat and mass transfer to determine the

162  metabolic rate and water turnover required for the animal to maintain the core body

163  temperature within specified limits, based upon its traits and the range of micreslimat

164  available to if(Porter & Mitchell, 2006, Porteaat al., 2006). Input data used to model koalas

165 included thesrange and order of thermoregulatory behaviours (e.g. shade seeking behaviour,
166  postural changes), as well as morphological data (body dimensions and shape, fur

167  characteristics) and physiological data (core temperature, target metabolic rate; see Table S1).
168  Niche Mapper first calculates hefiixes using the initial conditions specified by the user. If

169  the predicted hourly metabolic rate is morart2.5% above or below the minimum

170  metabolic rate, a set of thermoregulatory behaviours, and then physiological adissare

171  enacted to bring the predicted metabolic rate closer to minimum levels (Table S1). Once the
172 predicted'metabolic rate is within the allowable range, or if all thermoregulatory options are
173  exhausted, the program moves onto the next hour, with all pgpateterge.g. posture, fur

174  propertiesyeset to initial values. This version of the model assumes that the animal reaches a
175 thermal steady'state within each hour. The Niche Mapper model performs well in describing
176  koala energy.and water requirements when tested against metabolic chamber and field data
177  collected during hot, dry conditions that are of primary interest(Beigcoe, D14).

178  We identified. climate refugia by modelling habitat suitabildy reproducing females

179  because forpopulations to persist individuals must successfully reproduce tionaddi
180 limitationsren-actating females appear to restrict koala distributiohetiinland and

181  northern areas (Briscoanpublished data), andpopulations withirthese regions amost
182  likely to beaffected by climate changBaily water and energy requirements fartédion in
183  females werestimatedy splining measurements of miknergy intake by offspring

184  (assumed to equal milk productianpdeat seven time points during lactation

185  (Krockenbergeet al., 1998), and combining ésewith milk composition data

186  (Krockenberger, 1996rable S). Koalas vary in morphological traits (body size and fur)
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across their range, which alters their sensitivity to clinftesscoeet al., 2015) We
modelled koalas with sitepecific body size and fur properties estimated from current
geographic clines in trai{8riscoeet al., 2015), thus making the assumption that

morphological clines remain constant over time.

To assess current and future habitat suitability we used predicted energy and water
requirements of koalas at each site to calculate how much Eniodl yptus leaves) a koala

would need:tereconsume each week to meet both energy and water requirements. Food intake
to meet energysrfequiramts was estimated assuming that leaves had an energy content of
20.1 kJ.g 6f dry'matter and that koalas were able to metabolize 45% of this energy (Nagy &
Martin, 1985) To calculate food intake to meet water requirements we assumed 66% of
preformed weer within leaves was available to koalas and foliage water content was 56%
(Nagy & Martiny 1985)Where increased food intake was required to meet water
requirementsyit'was assumed that koalas display a flexible digestive strategy and only
metabolize sufficient energy to meet requirem¢its et al. 2010) We calculated yearly
habitat suitability scoresS( as: 1 the proportion of weeks in each year that koalas needed to
increase food intake above maintenance le\@&isk et al., 1983)to meet thermoregulatory
costs. If predicted food intake (assuming high foliage water con&sfo) exceeded the
maximum foed.intake rate recorded for koalas (Krockenberger, 2003) for more than one
week, we'sef to 0. We conservatively assumed koalas could obtafitient free water to
balance their water budget (e.g. from wet leaves) if rain in the past weadegck mm, and
explored the impact of different foliage water content values (47%, 66%) on pdedicte

distributionss

In fluctuating natural environmentsiet persistence of species may be influenced by temporal
patterns in habitat suitability; the effect of poor years may be partiafigtdffy subsequent
good years thatallow high survival and reproductive success, while prolonged periods of
stress maysres$iin local extinction(Harrison, 200Q)To account for this we calculated site
habitat suitability §) by taking the mean of habitat suitability scores for each 20 year period
simulatedywith the additional constraint that sites were classed as unsu$itad)af(any

single generatien could not survive and reproduce (i.e. suitability across anydexedr

was 0).
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Maxent models

We generated correlative model predictions of koala distributions using M&telips et

al., 2006) Wefocusdon Maxent because it swidely used modelling approach that is
designed fopresencenly data. We obtained koala presence records finevitlas of

Living Australia@LA : http://www.ala.org.auas well as obtaining additional records from
Australian/sate government agencieseé AcknowledgementsThese datasets spanned
1900-2013 and included data from a range of sources including incidental observations and
planned surveys (total 66314 records). We excluded all records that were not accurate to 1
km or less andrecords from prior to 1960, and then randomly selected one observation per
grid cell (0.05°_resolution). Island and coastal sample points that were not covéeined by
climate layers were also excluded, leaving 4387 records. Rather than alzdanbtéadent

takes background samples that are assumed to have the same geographic and environmental
extent as the region sampled for presence data. Choice of background region can influence
predicted habitat suitability and should reflect knowledge of 8aghps well as the intended
model applicatior{Elith et al., 2011). We generated a background layer by selecting all

IBRA bioregions'(nterim Biogeographic Regionalisation for Australepartment of the
Environment, 2012hat contained at least one koala presence observation, as well as
bioregions immediately adjacent or surrounded by these. Tasmania was excluded because
Bass Strait isJdikely to act as a geographic barrier to dispersal, thus the absence of koala
observatios from this region may reflect geographic rather than environmental range
limiting processes. Background samples10,000) were generated by randomly sampling

this layer, accounting for differences in cell area across latfiidhb et al., 2011).

We wsed twe,sets of environmental variables to model koala habitat suitabifity Msixent.

First, following previous studies of koal@sdamsHoskinget al., 2011, Adams-Hoskingt

al., 2012, Santikat al., 2015)we modelled koalas with two variables caited from long-

term climate averages: mean annual rainfall and mean maximum summer temperature (mean
temperature of the warmest period). Second, using daily weathevagenerated five

candidate variables that we believed reflected processes thakaiaedistributions:

maximum.run of dry days (days with <1lmm of rainfall)"@®rcentile temperature (T95),
maximum run of hot, dry days (days with maximum temperatures in thee36entile &
rainfall<imm), and average vapour pressure during hot eeg@thily maximum temperature

in the 9¢" percentileXGordonet al., 1988, Cliftonet al., 2007, Lunnet al., 2012). Both

‘averages’ and ‘extreme’ variables were calculated usinge20 weather datasdts current
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and future (2070¢limates (see below)The two variables designed to capture extreme heat
effects— T95 and the maximum run of hot daywere correlatedr(= 0.69). It is common
practice to discard highly correlated variables by retaining the variable with the highest
contributing weight, because including correlated variables in models can influence
parameter estimates and inflate variable importédoemannet al., 2013; although see Elith
et al., 2011) Since our aim was to compare predictions generated using variables that
captured the processes we believed limit koala distributions and we lagmtioo reason to
preference one variable over the other, we ran separate models that excluded the maximum
run of hot days.(extremes A) and excluded T95 (extremes B). This alletechnalyse and
compare predictions of models in which climate variables show high correlation at the
present time,/but are predicted to diverge (show lower correlation) in future times under

alternative climate scenarios.

Koalas feedspredominantly on Eucalyptrees; therefore we includétlicalyptudorest or
woodland gover in all Maxent models. Using a 100m resolution land cover layer (NVIS 4.1,
http://www.environment.gov.au) we calculated the proportion of 100m x 100m cells
classified as Eucalyptwgoodlands or forest within each 0.05° cell.

Presenc@nlydatasets may provide a biased view of a species distribution due to uneven
sampling effort:' Koalas are better surveyed than many arboreal species, but sampling bias
towards roads is possible (Md&irRuete, 2016). Therefore we also included road deasity
covariate irall Maxent modelsWe then generated predictions for a constant level of
‘sampling effort” Gensu Leathwick et al., 2006, Wartat al., 2013).To test the effects of

this approach to modelling bias, we also built models with only environmental and landcover
data (i.e.not accounting for bias) and using a bias grid approach (Pletlghs2009, Merow

et al. 2013 -seeFig. SJ). We used hinge features (beta_hinge = 2.5) as thesg fdlo

smooth, more biologically realistic response curves that reducdittvgr-and are more
appropriatesforspredicting into new environmefiisth et al., 2010). All models were built

using the ‘dismo’ package in Rlijmanset al., 2013, R Core Team, 2014).

Future ¢limate data

We simulated future climate data by adding projected monthly changes in temperature,
humidity, solar radiation and wind speed for 2070 onto interpolated daily weather data for
1990-2009 obtained from the Australian Water Avallty Project(Raupactet al., 2009

2012) Projected changes in climate differ between general circulation models (GCMs),
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sometimes considerably. For example, rainfall in some regions of Australia is predicted to
increase or decrease, depending on the climate r{®uohgthet al., 2013) Because we were
primarily interested in identifying climate refugia, we present predictions based on ACCESS
1.3(Bi et al., 2013), which represents a relatively dry future scenario in northern parts of the
koalas range-@:"worst case scenario). To assess whether choice of GCM is an important
source of uncertainty in identifying koala refugia in the future, we also generateshiMax
predictions using five other genecalculation models that perform well in capturing past
climate in Australia (Wattersaat al., 2013), provide all variables required by the biophysical
model, and.represent a range of possible future rainfall scenarios across eastern:Australia
ACCESS 1.(Biet al., 2013) HadGemZES (Jone<t al., 2011),CanESM2(Chyleket al.,

2011) HadGem2CC (Martin et al., 2011), and5sDFL-CM3 (Griffies et al., 2011). Each

Niche Mapper Simulation required that energy and mass balances were solved every hour for
20 years at 114,000 sites across eastern Australiab{(Hid@ calculations). Due to these
computational demands, Niche Mapper models were only run at high resolution with two
GCMs— ACCESS 1.3 and HadGEM2€, with HadGEM2CC selected because preliminary
modelling indicated that it showed the greatest divaszgérom ACCESS 1.3 in regions
currently occupied by koalas (Fig. S2). Downscaled projected monthly changes for 2070
were obtained as the differences from the base period-A®3®) using SImCIM (Yin et

al., 2013) (1kmrresolution) and assuming greenhouse gas concentrations for RCP8.5 and a
moderate response to increased, Cahcentrationg¢Riahiet al., 2011). RCP 8.5 was selected
asglobal greenhouse gas emissions have followed the most intensive emissions scenario

(AL1FI under the previous Special Report on Emission Scendékieuereet al., 2009).

At each site;wessplined predicted monthly changes in each variable to predict daily changes
over an annual cycle, which were then applied to daily weather data for 1990-2009.
Temperature and humidity values were adjusted by adding on the predicted change, while
wind speed and cloud cover were adjusted using a proportional changé@&iR0O and

Bureau of Meterology, 2015)anapproach commonly used in impact assessments (&ebb
al., 2008, Belletal., 2012). To generate rainfall predictions we applied the monthly predicted
changes.in total precipitation to observed monthly rainfall values (1990-2009), with the
constraint that monthly rainfall could not fall below 0. We then multiplied rainfall from all of
the days with rainfall greater than 0 by a set proportion, such that the new monthly total
rainfall matched predictions. This simple approasbumes that all rainy days are similarly

affectedhowever changes in the length of dry spells could occur ifggsamrainfall
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resultedn days that were previously classified as ‘rainy days’ being classified as ‘dry days’
(i.e.if rainfall fell below 1 mm) and vice verseClimate change may also alter the

distribution of rainfall, resulting in intense rainfall events followed by lomges of dry

days. Spatial and regional predictions of how changes in variance are likely to influence
patternsrof daily' weather and extremes were not available at the time of ourrstudy a
therefore liese types of changes are not capturenlr simulated future weather datasets.
Averages and extremes variables used in Maxent models were then generated foing070 us

this new 2Qyeardaily time series.

Niche Mapper predictions and future climate layers were generated usingeHgimance
computing platform (‘Barcoo’ an IBM iDataplex x86 system with 1120 Intel Sandybridge
compute cores running at 2.7GHz) administrated by the Victorian Life Sciences @boomput

Initiative.

Model evaluation & comparison

To assess the predictipewer of the Niche Mapper model we calculated AUC values

(Swets, 1979Jrom the predicted habitat suitability scos) gnder the current climafer

each koala.observation location, as well as habitat suitability score9@0 X@ndomly
distributed background points using the package pROC (Rbhin 2011) To test how well
Niche Mapper-captured temporal changes in habitat suitability, we also calculated AUC
values using the mean of predicted habitat suitability for the year of the koataatioseand

the year priorif = 6472).Maxent models were assessed usingald cross validation, with

test AUC calculated as the mean of AUCs calculated from the predicted suitability scores at
held-out ‘test’ presence locations in each fold, and 10,000 randomly distributed background
points.AUC values were calculated using fitted (actual road density) and projected

(assuming constant high road density) predictions.

Evaluating species distribution models against presence/absence data provides additional
information about whether the model is opeedicting, as well as underedicting
(Guillera-Arroita€t al., 2015) Absence data were not readily available to evaluate the
models) however we were able to generate absence data by assuming that koalsenere
from sites where other arboreal or sarboreal mammals were observed (i.e. we assumed
that, if koalas were present at the site, they too would have been observed). These
assumptions are likely to be most realistic for visual observations (etliglspng) in

planned/systematic surveys, however we were unable to obtain information abopetbg ty
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record from all states and so included all records. ‘Absence:¢hsarvation) data derived

in this way can be thought of as possessing reliabiitgrmediate between randomly chosen
pseudoabsence data and systematically recorded field absences. To minimise the risk of
including false absence points within inhabited sites, we excluded absence points that were
within 10kmrof‘koala presence observat (the maximum dispersal distance across a range
of koala studies). This left 3285 absence points with which to evaluate the mod&3Fi

Using this'dataset we generated AUC values of all models using the packagéRétD(Et

al., 2011) Within this dataset, absence points were located primarily within the koala’s
range, thus.these values reflect the model’s ability to distinguish habitat used by koalas from
habitat used by.other arboreal mammals at relatively fine (~10km) scales.

We examined corrations between habitat suitability predicted by Niche Mapper and Maxent
models acress:all time periods using Pearson’s correlation coefficients and quantile
regressiong:as:well as by visually assessing spatial patterns in predicteoagaWined
relationdips with and withouincorporatingdynamic information about habitat suitability

(e.g. suitability"across sequential years) into Niche Mapper model predictions, since Maxent
models produced single (static) prediction of habitat suitabilifWe generated uncertainty
maps by plotting the standard deviation of predicted habitat suitability for i) Menatels
varying predietor variables (averages, extremes A, extremes B) and GCM, ii) Niche Mapper
varying feliage water content (low, med, high, predict) and GCM. We also produced a
combined uncertainty map after re-scaling Niche Mapper predictions by multiplyitige

maximum habitat suitability predicted by Maxent models under the currarateli(0.7).

Results

The Nichesmapper model had high predictive power when tested against independently
collectedpresence data (Fip), with an AUC of 0.868 (95% CI: 0.861-0.874). Our
simulations suggest that the key process limiting distributions is theyalfikoalas to meet
their weekly water requireents. Whether koalas are predicted to be able to survive and
reproduce in regions that impose high water loss rates is influenced stronglytibyirigeof
rainfall @and by leaf water content. In particular, obtaining free water from the environment
(by eding wet leaves or drinking) means that koalas could meet their water requirements
when they could not acquire sufficient water from food intake alone due to intakeagusstr
Consistent with this, simulations indicate that predicted inland fimife are dynamic,

showing considerable intannual variation, driven by the timing of rainfall relative to
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thermally stressful conditions (Fig. 5& hese temporal trends were reflected in presence
data, with higher AUC values when habitat suitability was calculated usingdtrepreor to,

and of, the observation, rather than the mean across all years (AUC = 0.887, 95% CI: 0.884-
0.890). In southern inland regions, some sites were predicted to be unsuitable thraiegro
females forone‘generation or moresgdite moderate habitat suitability across the 20 year
period (Fig 2).

In the averages Maxent model (Fidp), predicted habitat suitability decreased markedly in
regions with mean maximum monthly temperatures greater than 37°C and annahllesmf
than 600mm. Habitat suitability was also lower where Eucalyptus forest or wdodla
comprised less.than 10% more than 80% of the cell, although this variable had low relative
contribution' (4.2%) to the model. Predicted habitat suitability frontvileeextremes models
was very similar under the current climate (Rig,d) Both models had average test AUC
values of 0.908 £0.009 and response curves showed very similar patterns, although variable
contributions to the model differed (Table 1, Fig. S5). In both models, habitat styitabili
decreased.in regions with maximum runs of dry days greater than 35 and very high or low
vapour pressure’during hot weather. Habitat suitability was again lower whexlgius

forest or woodland comprised less than 10% of the cell, but this variable maglelg sl

higher (8-9%) contribution to the models.drtremesnodel A, habitat suitability declined in
regions with 95 percentile temperatures > 32°C with a sharp decline >39°C, while in
extremesnodel B, habitat suitability declined sharply in regions with maximum runs of hot,
dry days greater than 7.5 day#e fitted reponses for all Maxent models showed declining
frequency of observed presence with low road densiost likely reflecting the absence of
sampling in more remote areas. féotor out thissampling bias weredicted distributions

under current and futureiciatesto a constant road density (i@nstantsampling effort,

sensu Leathwicket al., 2006, Wartoret al. 2013). Model AUC values were calculatesing

both fitted'and.projected (i.e. assuming constant high sampling) IdM@dels fit using a
sample msgridin Maxent (an alternative approach for dealing with bias) showed very
similar spatial-predictions and model performance (8upm Information Fig S1a-f, while
models thatdid not account for sampling bias predicted slightly lower hsiitability in

some regions ef inland and northern Austréffigy SLg-i).

Maxent models haslightly higherpredictive ability than the Niche Mapper model, with test
AUC values calculated using presetiiakground data ranging from 0.894 — 0.90&ble

1). When assessed using presefatesence’ data generated using records of other arboreal
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mammalsall models had lower predictive power, however the Maxent models, particularly
extremes model B, werauchbetter aidentifying koala habitat (Table 1).

Predictions & sources of uncertainty

Under the current climate, Niche Mapper predictions of koala habitat suytatelie most
strongly correlated with the two Maxent models based on weather as opposed ® climat
variables (Table 2), although there was atpascorrelation ( > 0.7) between all four sets of
predictions=Quantile regression(50" and 9%' percentiles) illustrated that the Maxent
models thabineluded weather show strong agreement with Niche Mapper in regions that
Niche Mapper predicts toave low mean habitat suitabiliggll intercepts < 0.1)with greater
divergencen regions Niche Mapper predicted to be highly suitabl& (#5centile slope

0.64 and 0.58,"Bpercentile slopg 0.12 and 0.TFig. 3). This is likely because Niche

Mapper has=nezinformation about the presence of Eucalyptus trees (Fig. 2b). When we
constrainedsthe/Niche Mapper output so that sites that were predicted to be wnuitaié
generation had a suitability of 0, the egment between models weakened. This indicates
that at least' some of these sites that were reclassified had moderate values of habitat
suitability when temporal trends in poor years were not considered. There was a weaker
relationship between habitat sability predicted by the averages Maxent model and Niche
Mapper (Table.2), with less agreement regarding which areas were unsuit&iper@tile
intercept="0.32, Fig. 3). Most notably, the Maxent averages model predicted moderately high
habitat suitability in some regions of northern Australia that were predicted to be unsuitable
by Niche Mapper (Fig. 2).

Under future climate scenarios (ACCESS 1.3), all models predicted a rangectiont

towards the coast, with all Maxent models also predicting that regions of high habitat
suitability will be concentrated in the south (Fig 2). Future predictions from the mechanistic
model showed. the strongest agreement with Maxent neatieimesA (r = 0.85, Table 2).
Despite havingwery similar predictions under the current climate (Fig 1) the Maxent models
based on weather extrentaade quite different predictions under climate change, with
Maxent extremeB predicting a much more rapid and severe decline in northern regions,

including coastal populations (Fity).

MESS mapsNlultivariate Environmental Similarity Surfaces, Elghal., 2010), indicated
that Maxent B was extrapolating in these northern regions, with much longer runs of hot, dry

daysthan observed under the current climate .(5i§. The Maxent model based on climate
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averages showed slightly higher agreement with Niche Mapper predictions in the future
(2070), with regions of northern Australia now projected to be unsuitable by both models.
The averages model predicted declines in habitat suitability across regions of southern
Australia that were predicted to be relatively unaffected by climate change by Niche Mapper

and the weather Maxent models (Flg.

Prediction‘uncertainty acrod$axent models was highest in northern Australia under the
current elimateygbut shifted to be concentrated along the northern coastal regiontand s
eastern Australia by 2070 (Fig. 4). Changes in simulated water content of leavey strong|
influenced'Nicle Mapper predictions across inland regions under both current and future
climates. Under projected 2070 climates, only southern coastal regions had both lmgh mea
predicted habitat suitability and low prediction uncertainty across all matiedsg GCM,
differencessinsdeaf water content and predictor variables). Climate refugia for 2070 predicted
with high cenfidence (moderategh habitat suitability across all models and scenarios) were
located algng coastal areas in southern Victoria, South Australia and southern NSW, as well
as the NSWnorth coast, and New England Tablelands (Figi\4udle there was strong
agreement about the loss of suitable habitat in northern inland regions acnosgedd,
predictions regarding the location and quality of halitaorthern Australia differed (Fig

4c). Locationsef potential refugia in norteasterrAustralia (Fig 4d) were strongly driven

by NicheMapper predictions of habitat suitability assuming low foliage wateemofnte.

under the most pessimistic cimgtances)Prediction uncertainty for Maxent models using

all six GCMs was similar to prediction uncertainty using ACCESS 1.3 and HadGEMR-

= 0.973, Fig"S¥%). The effect of GCM on predicted habitat suitability varied between models
and regions;with ACCESS 1.3 associated with lower predicted habitat suitabildythern
regions for all models excluding Maxent extremes B, and higher habitat suitabgdyth-

west areas of the modelled region for Niche Mapper and to a lesser extent, the Maxent
extranes models (FigS8).Across the modelled region, predictor variables (simulated water
content, selected environmental variables) were a greater source of uncertainty than the
choice of GCM.

Discussion

Climate change has multiple dimensions spanning both time and(§eceet al., 2014)
yet climate change forecasts based on correlative SDMs have predominantly characterized

species responses to climate averages, paying much less attention to climate extremes or the
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timing of climate events (Helmuti al., 2014) Our results indicate that the timing of
thermally stressful conditions relative to water availability (recent rainfall and foliage water
content) is an important driver of koala distributions and will strongly determidedatons

of climate and weather refugia in the coming decades. Thermally stressfulamnddupled
with low water-availability are likely to be an important determinant of the future
distributions of arange of taXgeaneyet al., 2010, Krockenbergest al., 2012)and our

results suggest that explicitly modelling these, and related extreme onaddould improve

the predictive power of correlative species distribution models.

Predictions generated using correlative and process-explicit models rely onfiexgntli
assumptions and can capture different proce&smsnannet al., 2012). They can therefore

be viewed as independent lines of evidence, with congruent forecasts viewed aketpore li
(Morin & Thuiller, 2009 Kearneyet al., 2010). In our study, both Niche Mapper and

Maxent simulation sets identified coastal regions of southern and sasiidrn Australia as
climate refugia for koalas and predicted the loss of inland northern inland populstions

2070. Thes@redictions were consistent across different modelling approaches, GCMs and
predictor variables, providing a sound basis for conservation decisions about how to manage
these particular regions. These refugial areas were larggty (falling within thekoala’s

current range),.although additiorexisitu climate refugia may exist in regions not considered

in this study because they are inaccessible due to dispersal barriers (e.g. Tasmania). Results
from the biophysical model also provide insight into the types of habitat that may provide
important refuges for koalas at finer scales within marginal inland and norggons that

are expected‘to,become increasingly unsuitable (e.g4@jgHabitats where koalas have

access to ceoler microclimates (edge to finescale topographic relief), and either free water

or high foliage water content, can help buffer koalas againstrélkestd mortality during

extreme year§Gordonet al., 1988). Such refuges are likely to become increasingly

important for the prsistence of many inland populations in the coming decades, both in

marginal regions and areas that show considerable inter-annual variabilitydeg).F

Despite thesfact that all SDM predictor sets used in our study were designed to capture the
same process,(heat stress and water availability), the predicted impact of climate change on
koalas differed considerably between models. Our analyses suggest that tl@lgomm
adopted process of removing variables that are correlated under the currentadutte
strongly influence future predictions because variable sets that ardamgeable under

current conditions can diverge in the future (e.g. T95 and length of heat events, Table S2)
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Consistent with a number of previous studies, we also foundnib@dels with different

variable sets had similar predictive power as measured by AUC (a widely used metric) under
the current climate, yet produced very different forecasts of species responses to climate
changgElith et al., 2010, Synes & Osborne, 201The problems associated with projecting

to new environments with different correlation structure have been highlighted by studies
examining‘collinearitfDormannet al., 2013). However, discussions have largely focused on
statistical approaches that canused to identify and help reduce the impacts of collinearity,
with less fecus on how to select predictor variakédthough see Barbétassin & Jetz,

2014).

Interrogating and comparing predictions from different modelling approaches is pnhe wa
gain insight into the strengths and weaknesses of different appr¢&chssn &
Zimmermannyz2000, Elith & Graham, 2009), why predictions differ, and what processes are
(and are net)being captured by individual modElgh et al., 2010) For example, the

averages model overestimates habitat suitability in northern Australigacedhwith the
mechanistic model and the two weathased correlative models (Fig2a). Across this

northern region, .annual rainfall and maximum temperatures alone are pootgoseafic

whether koalas are likely to be able to meet their water requirements. This is because periods
of high watersequirements coincide with a prolonged dry season, and high vapour pressure
during het'weather may also reduce the effectiveness of evaporative cooling. Theflimi

the mechanistic model are also evident from this comparison; information aboutwhethe
koalas can:meet their energy and water requirements provides a strong basdidongre

koala distribution limits but not for discriminag between habitat utilized by koalas and

other arboreal.mammals at finer scales within climatically suitable regions. Niche Mapper
does not use information about the availability of Eucalyptes, or where koalas are

currently found in the landscapeHhieh reflects where foottees are available), and
consequently predicts some regions to be highly suitable that do not contain suitable koal
habitat (i.e. food trees). The usefulness and robustness of a particular medellis h
influenced by the aimand scale of the study (Guiseral., 2013). For example, the ability to
identify iclimatically suitable regions not currently inhabited by the species can be a strength
of mechanistic approaches (e.g. when identifying translocation sites for spehies

restricted ranges (Mitchell et al., 2013)). However, integrating Niche Mapper predictions
with landuse data will be necessary for many management decisions, including where to

conserve existing koala habitat.
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We assume that the availability Bficalyptistrees remains constatat 2070 and beyond,
providing food and shelter throughout the period. This may not be théAmmasHosking
et al. 2012, Buttet al. 2013). Our results suggest that even if Eucalyipaltat remains
available, changes in climate are likely to lead to the loss of koala populatiofenid
northernwregions. However, the contraction and fragmentation of koala food trdmitists
may exacerbate koala range retracteomg will be a key concern when managing climate
change refugigAdamsHoskinget al. 2012).

Our analysesssuggest that the inclusion of weather variables that raftepgically

stressful conditions, such as the maximum length of dry spells, could improve SDM
forecasts. However, adequately characterizing physiologically stressful ‘extamditions

for species is not straightforwagdelmuthet al., 2014). Extremes are typically defined
statistically«(e:g=as those witt$% statistical probability of occurrence) with reference to a

base climate.(Meel al., 2000, Smith, 2011). In our study, discrepancies between future
predictions from the two extremes models were largely driven by the fact thaterstable
northern environments, higher maximum temperatures have a disproportionzteretfee

length of sequential days with temperatures in tief@@centile, with these longer heat

events leading to low predicted habitat suitability across northern regign2¢i The
biophysical'medel predicted that, in at least some of these northern regioas,woald be

able to meet their water requirements during these longer heat events. But this inference is
dependent on the availability of suitable foliage (which may be affected by exteydweat dr
weather) and @ks not account for other potential fithess consequences, such asffisade-
between foraging and behavioural thermoregulgiionPlessigt al., 2012), which are not
captured by,the'modélhere biological data is available, the use of spespesific
thresholds'to define extreme events is an alternative approach that could be used to define
extreme conditions for species that do not show geographic variation in theqd&Straiis

2011).

Niche Mapper=predictions were sensitive to simulated foliagerveantent, which influences
how easily-koalas can meet their water requirements. Landsnagalata on foliage water
content across,seasons is not available for koala food trees, and leaf properties and intake
constraints may also change in the future due to the combined effect of higher CO
concentrations and changes in climate (Lawiet., 1997) Koalas are likely to be

particularly sensitive to such changesnneyet al., 2012). By predicting koala responses

across a range of foliage water carttealues, we were able to identify where model
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predictions are most sensitive to this parameter (and thus where datborolexld be

yield the biggest reduction in model uncertainty) as well as where management actions
directed at increasing foliage water available to koalas could be most effective. This ability to
explore how changes in key parameters influence predicted distribution limits &f the

strengthssof'mechanistic modelling approadife=sarneyet al., 2009).

Body size ‘and fur propees can also influence climate sensitivity and predicted habitat
suitability inskealas and were estimated from museum data in our @udgoeet al., 2015).
While we assumed that trait distributions remain constant through time, clines in traits may
shift in response to climate chan@eardneret al., 2009), potentially reducing koala

population vulnerability.

Future koala distributions will also be influenced by variation in habitat suitability. Rather
than representing model uncertainty, the iemal variation in habitat suitability predicted
by Niche Mapper reflects the dynamic nature of habitat suitability within inlajidngand

is consistent with studies showing that koalas are more broadly distributed dudnafae
conditions in.these regions but contract during drought (Seabtabk2011). However,

poor years.imay-have disproportionate effects on population dyn@hitiwegg et al., 2006,
Frederikseretal”; 2008), and demographic processes including dispersal are likely to modify
the relationshipbetween predicted habitat suitability and long-term populatiostgecsi
(Johstet'al., 2002) Where sufficient data are available, predictions of weather impacts on
individuals_could be translated into estimates of long-term population persistging a
metapopulation framework (Benngt al., 2013), a promising avenue for future research.

To be useful for conservation, species distribution models need to identify refugyia w
populations are most likely to persist — which may be different to identifying redjianare
suitable"on averag&eppelet al., 2015). We should also have high confidence in predicted
refugia in that they should be robust to potential sources of uncertainty and extegnse e
especially if they become relatively isolated and difficult to recolonize. Characterising and
guantifying model uncertainty allows explicit consideration of uncertainty ineceaison
decisiongDiniz-Filho et al., 2009, Kujaleet al., 2013) However, we suggest that effort also
needs to be directed at reducing uncertainty by improving our understanding of the processes
that limit species dtsbutions. Combining biophysical modelling approaches, that do not rely

on correlations between variables and so are more likely to perform similarly under current
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and futureclimates Dormannet al., 2012) with statistical ecological approaches is oragyw
to improve the quality and certainty of refugia predictions.
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Table S1: Key physiological, morphological and behavioural parameters used aalkhe k
Niche Mapper model
Table S2: Correlations between environmental variables used in Maxent models unde

current and future climates.
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Figure S1: Effect of approaches used to account for sampling bias on model predictions
Figure S2 Effect of GCM on Nicle Mapper predictions of koala habitat suitability in 2070.
Figure S3: Presence and ‘absence’ points used to evaluate koala distributitsn mode
Figure S4 Yearly Niche Mapper predictions of koala habitat suitability across eastern
Australia®(19962009).

Figure S5 Marginal response curves for Maxent models.

Figure S6:"MESS maps of Maxent predictions showing regions of extrapolation.

Figure S7yMaxent model prediction uncertainty due to predictor variables and.GCM
Figure S8 Difference in predicted habitat suitability for koalag@v0 across models due to

general cireulation model.

Figure captions

Figure 1. Predicted habitat suitability for koalas under current andc@i@Tdtes as predicted

by a) NicheMapper, b) Maxentvith longterm climate averages, c) Maxent with weather
extremes A, d) Maxent with weather extremea®well as the predicted change in habitat
suitability from current to 2070 for each model (bottom). Koala distribution reapeds

shown intthesinserAll models predicted a substantial decline in suitable habitat in central

and northern inland regions by 2070. The averages and extremes B Maxent models also
predictedreduced habitat suitability in some parts of southern Australia, andrémes B

model predicted a more severe decline in central and northern coastal regions than other
models. Note'the divergence of the two extremes models, which show high agreement under

the current climate.

Figure 2. Differences in predicted habitat suitability predicted by Niche Mapgea,d)
Maxentraverages model, b,e) Maxent extremes A, c¢,f) Maxent extremes B under current
climate(a-c) and 2070 climatéd-f). Positive values (purple) correspond with regions where
Niche Mapper had higher predicted habitat sulitglihan Maxent models. To allow
comparison, Niche Mapper predictions were rescaled so that the maximum predicted habitat

suitability value was equal to the maximum value predicted by Maxent.

Figure 3. The relationship between habitat suitabiligdicted by Niche Mapper (x-axis) and
the three Mxent modelgy-axis) under current climate. Niche Mapper habitat suitability was
calculated as the mean across all 20 years (top) or the mean across all years with the

additional constraint that sites with 5 sequential poor years classified as unsuitable
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(botton). Lines represent™lower), 53" (middle) and 98(uppe) quantile regressian The

two extremes modekhowed good agreement with Niche Mapper in regions that Niche
Mapper predicdto have low mean habitat suitability, but divergedegions Niche Mapper
predicedto be more suitable. The relationship between the averages model and Niche
Mapper is much noisier, as indicated by the flatteasd 958' quantile regression lines.
Classifying sites with sequential poor years as unsuitable reduced the agreement between

NicheMapper and the extremes Maxent mqutebdictions.

Figure 4. Meansand standard deviation of predicted habitat suitabilty for koalas across eastern
Australia under the current climate and 2070 usinyjlaxent models, b) Nichdapper

models, c) all'moels (2070 only), and d) minimum habitat suitability across all models in

2070. To allow comparison, Niciapper predictions were rescaled so that the maximum
predicted habitat suitability value was equal to the maximum value predicteddepnia

Mean andstandard deviations were calculated from predictions using two GCMs (ACCESS

1.3 and HadGEMZC) as well as varying predictor variables (Maxent) or foliage water

content (NicheMapper).Location of refugia (d) were strongly driven by NicheMapper
predictions of habitat suitability assuming low foliage water content (i.e. under the most
pessimistic circumstances). In northern Australiangebrt) refugia are typically high

elevation sites:
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Tables

Table 1 Model information including variables, variable importance and AUC values of siaded to predict koala distributions across
Eastern AustraliaAUC values were calculated using both presdraekgroundand presenc&@absencedatg andusing either fitted or projected

(i.e. assuming constant road density) model predictions (Maxent models only).

Permutation AUC - background AUC —‘absence’
Model Variables
importance fitted projected fitted projected
Niche Mapper Reproducing females with site-specific NA 0.868 0.557
morphology
Maxentl= 1) Annual rainfall 36.9 0.894 0.888 0.655 0.649
Average 2) Maximum temperature in the 48.5
climate warmest period (month)
3) Eucalyptus forest/woodland cover 4.2
4) Road density 10.4
Maxent - 1) Maximum run of dry days 39.7 0.908 0.903 0.697 0.706
Extreme 2) T95 (95" percentile temperature) 35.4
weather A 3) Vapour pressure during hot weather 12.0
4) Eucalyptus forest/woodland cover 7.6
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5)

Maxent - 6)
Extreme 7)
weather B 8)

9)

Road density

Maximum run of dry days
Maximum run of hot days
Vapour pressure during hot weather

Eucalyptus forest/woodland cover

10) Road density

53

70.4 0.908 0.904
5.9
9.8
9.4
4.5

0.718

0.720
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Table 2 Paarson’s correlation coefficients)(for habitat suitability predictions of models
under current (top) and 2070 (ACCESS b@tom) climates (correlations based on,000

points randomly distributed across the study Jarea

Niche Maxent — Maxent— Maxent —
Model
Mapper averages extA extB
Niche Mapper 0.72 0.83 0.78
Maxent —averages 0.78 0.87 0.81
Maxent — extA 0.85 0.91 0.98
Maxent — extB 0.77 0.78 0.90

This article is protected by copyright. All rights reserved



Current

2070

Change: Current-2070

{a) NicheMapper {b) Maxent () Maxent {d) Maxent
- averages - extremesA - extremesB

Y

gcb_13280_f1.tif

This article is protected by copyright. All rights reserved

Highly suitable

Unsuitable

Change in predicted
hahbitat suitability

B osc- 040
B 40 - 030
55 - 0D
030 - 0,25
B os 02
Eozn-015
CJo1s-010
[ 1-010--008
1008 -00m
[ 1-0.01 - 0.01

X 0 N B =

I 005 - 00



Current climate High water requiremeants
: during dry season t

1 (b) F {ch
i
"r_n_...wi 3
Variable
suitability

with sequential ;
poor years ..

o

Low availability of

gcb_13280_f2.tif

This article is protected by copyright. All rights reserved

Difference in
predicted habitat
suitability

B 05 --a41
B -oa-032
B 0z1-022
[ -021-013
Cl-n12- 004
[ -003-0.08
[lao7-01s
a18-024
B 02s- 034
B 0.35- 043
| EFrEs.
B 0s53-0462



Nicr&r prediction

e =
=
@ O o
e
o 2 -
[= T = % I=1
= b =+
<= @ =1
=
2
398 b
=
=] e
I = 1 o
A0 90 S0 F#0 EO0 Z0 O 00 40 90 50 vO0 EO0 Z0 VO 00
uoioipasd (Ae) Jusxew uooipaad (Ae) Jusxep
£ 0
en
= O @
& = =
5
e
o a =
e
i)
j= 3
- a -
c ® S
=
2
= o
= :
< =
{1 =
£0 90 S0 0 £0 ZO L0 00 L0 90 S0 ¥0 E0 E0 LD 00
uopolpaid (g xe) wexep uolopesd (g 1xe) Jusxepy
=
=
2 O
f=] a—
9
=
o 2
o O
s .v
843
=
=
o
A0 &0 S0 F0O EO Z0 O 00 L0 80 S0 FO 20 EZ0 L0 00

uoloipa.d (v 1xe) Juexely uonolpasd (v 1x8) Jusxe|

NicheMapper prediction

13280_f3.tif

NicheMapper prediction

gcb

Qo
=
-
O
=
>
<

This article is protected by copyright. All rights reserved



(a)
Current "

(c)

Habitat
suitability

0.70
0.61
- 0.52
0.44
0.35
0.26
- 017
009

a

Standard
deviation

0.38
0.33
0.28
024
0.19
0.14
- 0.09
0.05
-0

Tevariswille
[ ]

Rockhampta
[ ]

gcb_13280_f4.tif

This article is protected by copyright. All rights reserved




