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Abstract

Ecological forecasts under climate change are essential to inform biodiversity conservation plans
but their norfalsifiable nature requires a thorough evaluation of their framework. Most
ecological forecasts under climate change use ecological niche rtimatedsrrelate

environmental variables with the presence or regional density of a sEsseaNg that the

current environmental niche occupied by a species can be used to anticipate its response to
environmental chang®espite the large number of eagical forecasts under climate change

that have been recently published, most of them are limited to predicting presence using climate
variables as predictors. Here | evaluate the importance of incorporatingimate predictors of
regional density in exogical niche models. Given the greater spatial heterogeneity in regional
density data compared to presence data, | used geographically weighted regression (GWR), an
ecological niche model providing a spatiadiyplicit description of the influence of dogical
predictorsl focused on North American beav&gstor canadensjgegional density in Québec,
Canada, and on humaAd@mo sapienspopulations in the United States and across the world
because of the availability atcurate data on regional depgiatterns as well as potential Ron
climatic correlates of regional density. The influence of-olimate predictors of beaver

regional density was very important in six commonly used ecological niche models. GWR
models of beaver regional density perforrasdvell as the other six ecological models used and
the spatial representations of the influence of ecological predictors obtained with GWR models
were broadly congruent with current ecological knowledge of beavers. Approximately half the
variation in hunan regional density across the world was explained by GWR models based on
climate conditions. Combining these GWR models with forecasted climate change models and
forecasted demographic change models led to the first spatiqgdlicit, global human

vulnerability index to climate change. There was a significant negative correlation between the
predicted vulnerability to climate change and thegagrita CQ emissions, suggesting a moral
hazard in international climate change policies. The demographic iretidsUnited States

during the 28 century were more strongly correlated with climate variables than-socio
economical variables. Additionally, the regional demographic trends were such that the average
climate conditions experienced by American citibexxame hotter and drier throughout the

century. The demographically driven temperature change was six times greater than the natural

\



temperature change. Natationary ecological niche models of regional density represent a
useful tool in the development dimate change forecasts and adaptation policy for biodiversity

in general and human societies in particular.
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Résumé

Les préditions écologiques dans un contege changements ofiatiques sont essentielles pour

| 6® aboration debipmpldarnvserdsel tgRe s tPiaorn cdoentlrae , il e
gudelles sont con-ues de mani re appropri ®e p
majorité de ces prédictions utilise des modéles de niche écologique basés sur des corrélations
entreda pr ®sence ou |l a densit® r®gionale doéune es
supposant que | a niche ®cologiqgue actuelle dbo
réaction face a des conditions environnementales différentes. Malgré leenampbrtant

do®t udes sur | e sujet, la plupart doéentre ell
fonction de variables climatiques. JO®value d
climatiques dans les modeles de niche écologiquendsitd régionale. Compte tenu que la
densit® r®gionale dbéune esp ce a une plus gra

j6ai wutilis® des r®gressions pond®r ®es g®ogr a
niche écologique qui permettesite vi sual i ser spatialement | 06inf
pour mod®liser | a niche ®cologique dOastore esp

canadensisau Québec et sur les populations humaiksr(o sapiensaux EtatsUnis et sur la

planete parce que nous avons des données précises tant sur leur densité régionale que sur les
facteurs environnementaux qui peuvent influencer leur densité régionale. Les densités régionales
du castor étaient fortement influencées par des facteusslineatiques selon six modéles de

niche écologique frequemment utilisés. Les RPGs ont été aussi performant que ces six modeles
de niche ®cologique et |l a repr®sentation spat
décrire la niche écologique du castorestaccord avec nos connaissances écologiques actuelles.
Des RPGs bas®es sur quelgues variables cli mat
de |l a variation des densit®s r®gional es humai
et quantitatif des vulnérabilités humaines aux changements climatiques en combinant ces RPGs
avec des prévisions démographiques des Natibrss. Les vulnérabilités prédites par mes

modeles sont significativement négativement corrélées avec les émiss©0s er-capita; ce

gui suggere un risque subjectif inhérent dans les négations internationales sur les changements
climatiques. Les tendances démographiques aux-Btissdurant le 26™ siécle étaient plus

fortement corrélées avec des variables climatiguasé a ve c d e s -éesoaomigueb Dee s s o cC

vii



plus, les tendances démographiques régionales ont fait que la température ressentie par les
ameéricains a augmenter au cours du dernier siécle. Ces changements de températures ressentie
causés par les tendancé&bgraphiques régionales sont six fois plus important que les
changements de temp®ratures dobéorigine naturel
nonstationnaire de densité régionale représente un outil important dans le développement de
prédicions écologiquedans un contertde changements afiatiques et peuvent contribuer a

| 6am®l ioration des politigues dbébadaptations a

gue pour les sociétés humaines.
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«Mai s notre vue a@Weonts diagti ss®e protgrnesusr uel
appris la ligne droite. Apeineavenso us d®col | ® nous | ©chons ces
les abreuvoirs et les étables, ou serpentent de ville en ville. Affranchis désormais des servitudes
biernraimées, délivrées du besoin des fontaines, nous mettons le cap sur not buts lointains. Alors
seulement, du haut de nos trajectoires rectilignes, nous découvrons le soubassement essentiel,
| 6assise de rocs, de sabl eegunpetdedneusse aucreuxaez | a

ruines, ici et la se hasarde a fleurir.

Nous voila donc changés en physiciens, en biologistes, examinant ces civilisations qui ornent des

fonds de vall ®es, et, parfois, parlmanlesr acl e, s

favori se. Nous voil”™ donc jugeant | 6homme ~ |

hublots, comme ~ travers des instrsaments dobé®t
SaintExupéry

Terre des hommes
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values represent high vulnerability and conversely. White regions correspond to zero human
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century. Counties shown in white were not included in the analyses because they did not
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Figure 53St andar di zed regression coefficients (Stoc
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Figure 5.4. Variation in human abundance across the thermal niche of U.S. populations based on
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annual temperatur€g) and temperature seasonalft@), Human abundance data are from
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Chapter 1 : Introduction

1.1 General introduction

1.1.1 Ecological importance of species regional density

fiClimate plays an important part in determining the average numbers of a

species, and periodical seasons of extreme cold or drought seem to be the

most effective of all/l checks. (é) but in so
reducing food, it brings on the most severe struggle between the individuals,

whether of the same or of distinct species, which subsist on the same kind of

foodd .Daryin 1859 p.51

Even though the central determinants ofdigribution andegional densitypf speciesvere
identified in Darwinds s e mabonddncewam diftributianofr cap a
the millions ofspeciesn earth remains limited. The complexitingredicting the presence and

the abundance of a given species in a given area has lead to the development of the field of
ecology, most notably with E19270Cladsicaland moeu s b o o
recentstudieshave insisted on the praence of mechanisms of bio(iDaviset al., 1998b;

Daviset al, 1998a)r abiotic naturéPearson & Dawson, 2003)Jhe concept of abiotic

mechanismgia biotic mechanisms, as suggested by Darwin, has been much déWat&dthur

1972, Hodkinson 199%ut has rarely been tested for multiple reas@gs{on 2008 While

much progress has been made during tfec2@tury, the importance of ecological research

aimed at understanding the factors limiting species abundance both in space and time is more

critical than ever given the profound changes in the biosphere caused by human activities.

1.1.2 Ecological niche concepts

The ecological niche is one of the most fundamental concepts in ecology and yet it remains very

difficult to define, let alone measu(€olwell and Futuyma 1971, Whittaker et al. 1973, Hurlbert



1984, Peters 1991The definition of a niche based Hutchinson (195¥6 6a set of poi nt
abstrach-dimensionaN s p a ds@argudbly the most rigoro&odsoe, 201Q)lkeit not the

easiest to understand or implement. According to Hutchinson, the niche of a species is multi
dimensional in the sense that it represents the conditions (i.e. the points) of many environmental
variables (i.e. the-dimensions) essential for tipersistence of a species in various environments

(i.e. theN spaces). For example, in a given environment, the dimensions of the ecological niche

of a given tree species can refer to, with great simplification, the minimal and maximal amount

of light, CQ,, nutrients, and solil structure, as well as the local density of species that are related

to this species in terms of competition, commensalism, predation, and parasitsinson

(1957)however distinguished the fundamental niche of a species as thie dimensions of a
speciesd6 niche, in contrast with the realized
niche where a species can persist when biotic interactions are explicitly taken into consideration

(Guisan & Zimmermann, 2000)

1.1.3 Ecological niche models

The earliest modsltocorrelate species distributiorend climate seem to be thoseJohnston
(1924), predictinghe invasive spread of a cactus species in AustraliatH#tidka (1963)
assessing the climatic determinants of tisérithution of several EuropeapeciegPearson &
Dawson, 2003)The importance of modelling the ecological niche of a species is not only
fundamental in the advancement of the field ofl@gy but it is also critical for biodiversity
management plans. Recently, the importance of ecological niche models has been most
recognized in conservati@ndprotected area planning under a changing clirfatenset al,,
2003; Lovejoy & Hannah, 2005; Klausmeyer & Shaw, 2009; Rose & Burton, 200@t 8&0
2009; Butcharet al, 2010) The use of ecological niche moliled for predicting species
responses to climate change is based on the assumption thatrém environmental niche
occupied by a species can be used to anticipate its response to environmenta|Rétenggen,
2003; Thuilleret al, 2005; Austin, 2007; Thuiller, 2007)

Despite the recent advances in statistical models describing the current ecological niche of a

specieqElith et al, 2006; Haegeman & Etienne, 2010)ese models have been criticized for
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their overly simplistic framework that igngramongst other thingdjspersal limitation, biotic
interactions, and regional adaptatigRearson & Dawson, 20Q3jurthermore, the vast majority
of ecological niche modelre basedn presence data rather than regional dedsityg Most
monitoring of species responses to recent climate changedegsiprimarily focused on
species range expansions and contractions (I
little attention paid to changes in abundance between range bour{@arne®san & Yohe, 2003;
Rootet al, 2003; Araujoet al, 2005; MartinezZMeyeret al, 2006) The heterogeneity in the
structure of regional density across species distribu{idiosill & Collins, 2003)suggests
howeverthat the greatest ecological changes caused by climate change may not be at the
distribution limits of species but ratherdgnreareasof the range corresponding with major
regional densy gradientgJaremeet al, 2009)

1.1.4 Species regional density
The determinants of a species regional density is-slegdenden{McGill, 2010), which is to say

that we first need to define the spatial extent of the region of interest. For example, the factors
responsible for human densities being higher on the island of Montreal than the surrounding
regions are likely to be different théme factors responsible for higher human densities in Africa
than Antarctica. At a large spatial scale, climate conditions are often the main determinants of a
species regional densi{Whittaker, 19%), although recent studies suggested that small scale
intraspecific interactions can also explain ecological patterns at much larger spatialGeakes
2010; Gotelliet al, 2010) While these two recent examples of small scale biotic interactions
driving large scale ecological patterns areghtul, the absence d¢érrestrialvertebrate

ectotherms in the arctic and the absence of polar bears in the Mediterranean Sea strongly suggest
that climate is the main driver of regional density at large spatial scale. The historical
contingencies relateto long distance dispersal of species in isolated areas can also explain the
regional density of species at large spatial scale. At a small spatial scale, biotic interactions
(competition, predation, and parasitism) and the availability of suitableahabé often the main
determinants of the regional density of a species. Such broad patterns where climate is driving
large scale ecological patterns and biotic interactions are driving small scale ecological patterns
are well established in the ecologitisdrature, although research on unusual regional density

patterns has demonstrated that there are exceptions to the rule. For exangidity in



regional densityat small spatial scale can be caused by temporal variations in g§Bibéicezet
al., 2003; Fisher & Wilkinson, 2005nd biotic(Boutin et al,, 2006)factors.Moreover the
temporal changes in biotic factors can also be triggereddmgiagly unrelated abiotic factors
(Klvanaet al,, 2004)

1.1.5 Spatial non -stationarity in the determinants of species regional density
For a given species, the determinants of regional densities may vary across its distribution. For

example, variatioim regional densitgan be caused by different mechanisogng in different

portions of the range (e.g. competition in the south and temperature in the(Barttes, 1958;

Gross & Price, 2000gs well as local adaptatio(iSImeset al, 1999) Such spatial vaability in

the importance of ecological determinants of a species regional density can be referred to as
spatialnorst at i onarity. For exampl e, if a speciesbod
food available throughout its distribution in th@me way, then we can say that its relationship to
food availability is spatially stationary. On
correlated to the amount of food available in the southern portion of its distribution but not in the
northen portion of its distribution, for example because low winter temperatures cause mortality

in the northern portion of its distribution, then we can describe its relationship to food

availability and winter temperature as spatially 1stationary.

Spatialnonstationarities in the determinants of species regional density are likely responsible for
the great variation in regional density across a species distributiontribiige ofregional

density across gsciedistributioncanthusbe seen as the émesultof all the mechanisms
regulatingregional densityMcGill & Collins, 2003) Such structuréas leen shown to be

rightly skewed Gregoryet al. 1998, meaning that species are mostly rare over their range with

a few dense areas but further characteristics have been conté8tgasiret al, 2006)

1.1.6 Availability of regional density datasets
There is a pauty of spatially extensive and accurate resolution datasets describing species

regional density, which is understandable given the logistical difficulties and financial
requirements of estimating relative abundance throughout the range, particularleb®aosts

animal species are cryptic. Notable exceptions include the North American Breeding Bird
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Survey which provides datasets for all North American bird species based on more than 4000
Arout esodo, or survey tr a(Patexent\WllifpResedrchiCented on a
2001).Similarly, regional density of many tree species can be obtained from various

governmental organisations given the economical importance of forestry acfiviéieson &

Prasad, 1998However, despite the quality of the regional density datasets for these species, the
availability of accurate and high resolutiortaisets describing the ecological determinants of

their regional densities is generally limitdd.this thesis, | focus on two additional species for

which we have accurate regional density data and the natural history knowledge and data

required to modeinajor potential determinants of their density.

1.1.7 Thesis structure
This thesis explores the importance of species regional density and spashtmarity in

ecological models aimed at informing climate change ecological policies. Givpaubiy of

broad and accurate datasets of species regional density, | focus on North American beaver
(Castor canadensjgegional density in Québec, Canada, and on huidam¢é sapiens

populations in the United States and across the world. More spegificasle the beaver dataset

to assess the importance of spatial-stationarity for improving the ecological realism of

ecological niche models used in climate change research. | use human population data across the
world to assess correlations betweamate conditions and human regional density and to

provide a spatialhexplicit null model of the potential impacts of climate change on human
populations. | also use historical and contemporary hucharate relationships in the United

States to test thenplicit assumption in forecasted models of vulnerability to climate change that
the relationship between regional density and regional climate conditions remains the same over
time. This thesis thus contains two chapters on beaver climate ecology acltbipters on

human climate ecology.



1.2 Ecological models of b eaver regional density in Québec, Canada

1.2.1 Rational e
The broad geographical coverage and reliability of beaver regional densities in the province of

Québec, Canaddaremaet al, 2009) combined with the exhaustive knowledge of beaver

natural historyMduller-Schwarze & Sun, 2003nd the awdability of reliable datasets with high
spatial resolution for a wide range of potential ecological determinants of beaver regional
densitiegJarema, 200§)rovide an ideal system to explore niche models and the importance of
spatial norstationarity in climate change ecological research. The study area newelsshalf

the latitudinal range of the digtution of beavers in North America and regional beaver densities
were estimated in 161 sampling units representing approximately 75% of the 1.1 miffioh km

our study area. The regional densities are based on aerial surveys of beaver coloniesgewhich ar
highly accurate because active colonies must build autumn food caches to survive the winter and
these floating food caches are easily visible given their large size t-@0avak, 1987) The
variability in beaver regional density across our study area is very high (apprdyitmate

orders of magnitude between the lowest and highest densities) and the environmental variables

known to be important for beaver ecology are also highly variable across our study area.

1.2.2 The natural history of b eavers
The North American beaver & large semaquatic rodentvith a broad distribution in North

America. Its broad tolerance to temperatusC to 38C) allows it to live along the U.S.
Mexican border as well as near the treeline in Québec and Albskak, 1987) Its habitat
requirements are mostly based on sufficient food sources and perennial aquatic (Savaks
1987; MullerSchwarze & Sun, 2003Beavers can survive in regions where their preferred food
species are uncommon or abg but they cannot survive in areas where the water supply

fluctuates or is fast movin@Novak, 1987)

Beavers ar e fchoosHkarpgreld6R mhey eatshe leavds,dwigs, iand darke s (
of woody plants, as well as many different kindsesfestrial and aquatiterbaceous species
(Jenkins, 1979)North American beaversrefer to eatremblingaspensFopulus tremuloidgs

willows (Salixspp.), cottonwoodd( balsamifery and aldersAInusspp.)(Muller-Schwarze &
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Sun, 2003)Although beavers use coniferous trees, they cannot survive for a prolonged period of
time without deciduous trees and shrid®vak, 1987)Herbaceous species, when available, are
preferrel over woody speciggenkins, 1979)However, beaver establishment is not likely

limited by the actual biomass of herbaceous vegetation but rather by the total biomassyf
species as it is the only food soe that can be hoarded in theinter food cachéBoyce, 1981)

In general, beavers forage upta®0 f r o m t h e (Traeetsye X1906sNowakl, §987;

Fryxell & Doucet, 1993)butthey have been observed foragumto 20maway from the water

when food was scard¢8radt, 1938Hammond, 1943; Northcott, 19¥ Based on field data in

the James Bay area during my PhD, more than 99% of the trees cut by beavers where within 50m
of the water (based on approximately 21 000 trees in 22 different locations; unpublished data).
According b Jenking(1979) the types of food species present may be less important in

determining habitat quality than hydeglic and physiographic factors.

1.3 Ecological models of h uman regional density in the United States and
across the globe

1.3.1 Rational e
Our knowledge of the human species is obviously greater than our knowledge of any other

species. Despite the fact that human population data are generally available at the national level,
the Cener for International Earth Science Information Network (CIESIN) of the Earth Institute
at Columbia Universityin partnership with the Centro Internacional de Agricultura Tropical
(CIAT), has developed a geeferenced dataset of regional human densitysacthe globe,

called Gridded Population of the World (GPW). The latest version of GPW is based on nearly
400 000 human censuses with an average spatial resolution of CB8IN, 2003.

Furthermorein collaboration with the Food and Agriculture Orgatiza of the United Nations
(FAO), CIESIN has developed a dataset of forecasted regional human density fofFl#815.
human regional density forecast is a combination of the historical demographic dynamics
observed in the GPW analyses and the United NaRopsilation Division demographic forecast
based on standard demographic statistics (i.e. fertility and mortality rates as well as the age

structure of human populations).



The United States decennial census provides cehaggd human density since 1788,

mandated by the Article 1, Section 2, of the United States Constitution: "The actual Enumeration
shall be made within three Years after the first Meeting of the Congress of the United States, and
within every subsequent Term of ten Years, in such Maasi¢hey shallbyba di r ect 0.
Between 1900 and 200the number of U.S. counties increased from 3063 to 3141 and the
geographical boundaries of some counties shifted. Given the difficulty in comparing population
figures between censuses when county boueslare shiftingRayer, 2007)we restricted our
analyses to the 2728 counties that kept the same geographical boundaries and tinsbad ce

data available throughout the last century. Such partial sampling of U.S. censuses durifig the 20
century has been shown to adequately represent the demographic patterns of the whole country
(Rayer, 2004)

Beyond the environmental data available for modelling the ecological niche of other species (e.g.
climateconditions, topography, hydrological features, etc.), we also have access to a plethora of
other environmental and soegwonomical variables likely to influence human regional density.

For example, the Global Environment Outlook of the United Nationsr&mwient Programme
provides nearly 700 datasets of variables that may influence human regional density (available at
http://geodata.grid.unep.ch/results.pHpurthermore, the United States decennial census

provides a soci@conomical portrait of each coynwhich can be used, along with historical

climate conditions, to create multiple historical ecological niche models of human regional

density.

1.3.2 The natural history of humans
Humans Homo sapiensare a large primate with a nearly worldwide distridat Their highly

developed brain, considerable manual dexterity, and high vulnerability to predation have led to
the development of numerous tools and complex social relationships. Most humans consume
plantbased diets that are supplemented with meal, ngtrly all of the diet coming from
domesticated plants (e.g., rice, corn) and animals (e.g., poultry, cattle, swine). Agricultural plant
production and animal herding are thus critical to the sustenance of human populations, and
international trade andsdribution networks mean that food is routinely consumed far away

from where it is produced (Wright 2004). The importance of trade in human society has led to
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extensive labour specialization and intensive wage economies. Most humans live within a built
ervironment, sleeping, eating, and working in climatatrolled buildings and relying on

running water, electricity for light and appliances, and fossil fuels for transportation, agriculture,
and, in some cases, production of electricitiye heterogeneitgf contemporarjhuman ecology
spans many spatial and tempaedles and is driven by a complex suite of factivosn regional
seltreliance to global marketgom rapid demographic growth to declining populations, from
peacefulprosperity to armed cométs andeconomical collapse$rom pristine environmental
conditions to extensively impacted environmental conditions. While history has shown that fate
of human societies can be influenced by many fa¢@iesnond, 2004) the importance of

climate conditions cannot be neglec{®deisset al, 1993; Hodelkt al,, 1995; ChepstowLusty

et al, 1996; Culleret al, 2000; deMenocal, 2001; Mayewskial, 2004; Dearinget al., 2006;

Kuper & Kropelin, 2006; Yasuda, 2008)
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Chapter 2 : Alternative niche dimensions, niche models and climate
models as contributors to uncertainty in beaver responses to climate
change
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2.1 Abstract
Ecological forecasts under climate change are essential to inform biodiversity conservation plans

but the nearly infinite number of forecasts that can be created requires a robust framework to
assess the magnitude and source of uncertainty in ecologcidfns. Uncertainty in

ecological forecasts under climate change can arise from the climate aolihmate variables
used to define a speciesdO niche (niche di mens
variables to distribution or densi{giche models), and thgdobal coupled models (GCMand
emission scenarios used to predict future climates (clisiatiglation. Here we assess

variability in the predicted influence of climate change on beavastpr canadensjslensity in
Québec, Caamda, arising from alternative niche dimensions, niche models and climate
simulations Our analysis includes eight combinations of different niche dimensions, six of the
most commonly used niche models, and four clinsateilations These four climatsimulations

were sedcted from 70 climate simulationsing a novel, spatialgxplicit selection approach to

be representative of the range of forecasted climate conditions in our study area. According to a
deviation analysis and a full factorial ANOVA of 3@Palternative regional beaver density
forecasts, alternative climasémulationscontribute the least and most spatially homogenous
variability, whereas alternative niche dimensions contribute the most, and most spatially
heterogeneous, variability in besxr density. These results contradict previous studies based on
occurrence data, possibly due to the higher statistical power of density data to detect regional
ecological patterns and the availability of multiple, ecologically relevant variables to ttefine

niche of beaver. Although the continued refinement of niche models and céimatiationsis

essential in climate change research, our results suggest that an even more important focus is the
availability and selection of appropriate ecological \aga used to modéhe ecological niche

of species

2.2 Introduction
Understanding the environmental determinants limiting species distributions and regional

densities is a central theme in ecology and biogeography. It has also become a priority in
biodiversity conservation planning given the predicted impacts of climate clumigielogical
systemgLovejoy & Hannah, 2005; Butchaet al, 2010; Hannah, 2010k cological niche
modelling is an increasingly common tool for predicting species respemsdiimate change

based on the assumption that the current environmental niche occupied by a species can be used
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to anticipate its response to environmental chgdRg¢erson, 2003; Thuilleat al, 2005; Austin,
2007; Thuiller, 2007)

The use of ecological niche modellingtire emerging field of climate change ecolggyannah,

2010 has been heavily criticized both on its fundamental premises and on the uncertainties
underlying ecological forecastkoiselleet al., 2003; Aaujo & Guisan, 2006; Beatt al,

2008; Haegeman & Etienne, 2018Yhile some of these criticisms are still unanswered, others
have been addressed by recent development in ecological niche modelling. For example, recent
advances in statistical models describing the current ecologicalofiehgpeciegreviewed in

Elith et al,, 2006; see also Haegeman & Etienne, 200e greatly improved the predictive

power of ecological niche modeM/hile the predictive power of correlative statistical models is
often positively related to the complexity of the underlying statistical frame{iditk et al.,

20006, the careful selection of explanatory variables with reliable datasets arguably remains the
best way to insure that ecological mcmodels correspond to current ecological knowledge.

The high predictive power of many ecological niche models based on climate conditions at
continental scale@Root, 1988; Thuilleet al,, 2004; Thuilleret al, 2005; Araujoet al, 2006)is

not surprising given the wetkecognized ecological importance of climate at large spatial scales
(Whittaker, 1975; McGill, 2010)Accordingly, most ecological models predicting species

responses to climate change tend to focus on the climatic determinants of species distribution and
there is limitedevidence that nonlimatic variables are significantly influencing species

distributions at large spatial scal@earson & Dawson, 2003; Thuillet al, 2004; Araujo &

Luoto, 2007) However, ecological models of regional
provide a much more powerful statistical framework to evaluate the relative ecological

importance of climatic and neclimatic variables as regional densities vargaglty across

speci es 6 (tversonetral, P008 Rodenhouss al, 2008; Jaremat al, 2009)

Furthermore, regional patterns in Rolimatic variables can sometimes supersede climate

conditions as regional density determinants, for example in habitat spe¢Mbast&rthur, 1972;
Silvertownet al, 1999) We should therefore expect that, under climate change and across a
species6 distribution, ecological fuencedliyast s o

the selection of nolimatic variables than ecological forecasts based on occurrence data.
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The recent development of reliable rdimatic ecologicabtlatesets ahigh spatial resolutign
ecological niche models, and climate change simulahassmuch contributed to the general
recognition of ecological forecasts under climate change as useful tools in biodiversity
conservation plans. Although ensemble forecagidmgujo & New, 2007 provides the most

likely forecast from a suite of equally probable models, ecological forecasts under climate
changecannot be assumed to be equally probable given the substantial variation arising from the
uncertainties in both their statistical framework and underlying data. We herein discuss each
source of uncertainty and its influence in ecological climate changeafsts by referring to

Aini che di medimateandsor | a smatthee vari abl es used to de
Ani mbd &e | s Gtatistisal fiarheavork used to relate niche variables to distribution or

density and fdcl i ma ttheglobal coupledanodels (GEManhemission scenarios
used to predict future climates

The uncertainty arising from the selection of ecological dimensions is a function of 1) the
concordance between the suite of variables selected and the true detersmihanta s peci es 6
distribution or regional densities and 2) the quality of the datasets used to reflect the spatial
variation of these variables. Accordingly, we should expect greater diclggsionuncertainties

for species with limited ecological informatipfor studies using the same ecological variables to
provide ecological forecasts under climate change for a large number of species, and for studies
based on ecological datasets of questionable accuracy, either in terms of sampling design or

spatial restution.

Most ecologicalnichemodelsarecorrelativeandtheir assumptions, parameterizations and
algorithms are significant sourcef uncertainty. While the framework of the distribution of the
response or the definitions of fittdunctions between viables arespecific to each model,

others processes can be explored by researchers, such as the weight of variable contribution or
the presence of interactiofSuisan & Zimmermann, 2000; Eliit al, 2006; Lawleret al.,

2006; Pearsoat al,, 2006; Austin, 2007)Although it is important to select niche models that

can accurately predict current speaéesribution limits or regional densities, we cannot

extrapolate the current predictive power of niche models to forecast models under future
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ecological conditions. The selection of a fibe
forecasts undetlimate change.

Climate simulation ncertainties stem from many stages in clinratelelling One of the most
important sourceof uncertainties, named forcing uncertainty, represiet extant of future
greenhouse gas emissions. Given the impossibiligredict socieeconomi@l and political

decisions, forcing uncertainty has lead to the development of emission scenarios representing a
realistic range ofuture greenhouse gas emissions (Nakicenovic and Swart 200@ate

uncertainty is further compaded by the imperfections of GCMBhe unique strategy used by

each GCM to deal withw limited theoretical understanding of some climate processes,
uncertainties in parameterization, as well as structural model uncertainties (i.e. how taebccurat
descibe a process) implies that even climate simulations based on a given GCM and a given
emission scenario are unig(nutti et al. 2010).

It has been suggested that the variability 1in
distribution limits is much more influenced by niche model uncertainties than by niche

dimensionor climate simulation uncertainti€éshuiller, 2004; Pearsoet al, 2006; Dormanret

al., 2008;Diniz-Filho et al,, 2009; Buissort al., 2010; but see Peterson & Nakazawa, 2008;

Syphard & Franklin, 2009; Synes & Osborne, 20HQwever, these is a need to evaluate the

relative influence of nichdimensions, niche models, acdlimate simulations in the variability

of ecological forecasts under climate change of regionaides, because 1) the abesited

studies were based on occurrence data rather than regional densities, 2) predicting regional
densities can be much more sensitive to ndiheensionuncertainties than predicting

distribution limits, and 3) changes irgienal densities can have much more important

implications forconservatiomplanning than distribution shifts.

The broad geographical coverage and reliability of beaver regional densities in the province of
Québec, Canaddaremaet al, 2009, combined with the exhaustive knowledge of beaver
natural historyMiller-Schwarze & Sun, 200&nd the availability of reliable datasets with high
spatial resolution for a wide range of potential ecological determinants of beaver regional

densities provide an ideajstem tocontrast thevariability in ecological forecasts under climate
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change of regional densities arising from nidimaensions, niche models, aclinate

simulations. Our study area covesarly half the latitudinal range of the distribution of beaver
in North America and regional beaver densities were estimated in 161 sampling units
representing approximately 75% of the geographical extent of our studyJaremeet al,

2009. Based on the hypothesis that ecological niche models using regional densities data have
more statistical power to assess the influence ofaliomatic variables than similar models using
occurrence data, we predict thia¢ variability arising from nichdimensionswill be larger than
the variability arising from both climate simulations and niche models. Additionally, given the
broad geographical distribution and generalist nature of beavers, we should expect that the
results from other studies based on regional densities of speciksdess and/or more

specialist than beavers would show an even stronger influence of niche dimensions in the

variability of their climate change ecological forecasts

2.3 Methods
Researchdesign

Here weevaluate the variability in ecological forecasts under climate change of regional beaver
densities arising from niche dimensions, niche models, and climate simulations in the province
of Québec, Canada (see Rl for a representation olr study design). We created eight
combinations ohiche dimensioswhere climate variables are combined with topographical,
hydrological, and forest cover variables. Six wealbwn niche models were selected for their

high predictive power of current riegal beaver density. We selected four climate simulations
from a set of 70 climate simulations with an unbiased metfia@nizing the number of climate
simulations required to describe the range of possible future climate conditions forecasted in our
study area We used aplit-sample procedun® calibrate and evaluate the 48 models of current
beaver regional density (eight niche dimension models x six niche models) and repeated this
procedure a 100 times to reduce biases from this random data selgttigexly, we combined
these 48 models with the four climate simulations to obtain 192 X 100 forecasted regional
densities. This experimental design allowed us to assess the variability in ecological forecasts
under climate change of regional beaver d@ssirising from niche dimensions, niche models,
and climate simulations with a feflictorial ANOVA. We also compared the correlation

coefficients of forecasted beaver density at each sampling unit within sources of uncertainties.
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We finally estimatedhe deviation inforecastedeaver density change each sampling unit
from the mean forecasted beaver density change within a source of unceratetiesmoving
thevariability arising from the two other source of uncertaintisingthe ensemble forecding
techniqug/Araujo & New, 2007. The median and raegf deviations in forecasted beaver
density across sampling units provide a consensual metric to evaluate the variability in
ecological forecasts under climate change both within and across niche dimensions, niche

models, and climate simulations.

Beaverregional density data

We estimated éaverregionaldensitesby combining beaver colony abdance data from
helicopter surveys and vectaraps of thel61 sampled areas-{g. 2.2, seeJaremaet al, 2009

for details). Weused the latitude and longitude of dentrad for each of the 161 beaver density
polygonsas the spatial coordinates in all ecological niche models and square root transformed
bearer density datéo normalizetheir distribution

Climate data

We used long term averagkmatedata for the present period (196290) interpolated from
weather stations based on Anusplin tplate splinegRehfeldtet al, 2006 to represent current
climate conditionsThe data were downloaded from the US forest service
(http://forest.moscowfsl.wsu.edu/climatat a resolution of 0.0083dimal degrees (~1km), and
subsequently avegad in 20km x 20kngrid cells across the province of €hec.For each

beaver density polygonve averaged both average annual temperafi@eand total annual

precipitation (mm) across all grid cells inside the perimeter of the polygon.

Future climateconditionswere obtained through the Program for Climate Model Diagnosis and
Intercomparison (PCMDKMeehlet al, 2007 and theCanadian Regional Climate Model

(Music & Caya, 200y The PCMDI data are available from their website
(http://lwww.pcmdi.linl.gov/ipcc/about_ipcc.phpl heseclimatesimulations have been endorsed
by the International Panel on Climatea®ige and form the basis of #8 assessment report
(IPCC, 2007. The 70 simulations were divided more or less equally between emissions

scenarios, containg 25 Alb simulations, 282 simulations, and 22 b1l simulatiofiable2.8).
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We used the 2072100temporal horizonreferred krein as the 2080 horizon, for elimate

simulations to perform our analysis

Each GCM has inherent biases that can be estimated by comparing its predictedaliarate
historical periodwith climate observations. We adjustedddinate simulationdy using the
Adel t ao, or A c@aughtpeetaf, 2001, wihere theediffdremad between future
and currenpredictedclimate data from a giveclimate simulations added to real current

climate data (i.e. weather station average 1P830). Normalizing thelimate simulationsvith

the delta method assumes that their intrinsic biases, obtained by comparing their output with
historical data, willfemain the same in the future. It is likely that the dsag someclimate
simulationsarenot temporally stable, but the delta method nonetheless reduces the disparities
betweerclimate simulatioroutpus. Due to the relatively coarse and variable spegsolution

of the climate simulations (~250km per side on average for PCMDI GCMs and ~45km for
CRCM4), we usea linear Delaunay triangulation interpolation method to estimate climate
values for the centroids of the 20kn20km grid cells.

Climate models

We contrasted th2080 climate forecasts of 70 climate simulationerder to seledour climate
simulations representirtpe range offorecasted temperature and precipitatbanges in our
study aredcold/dry, cold/wet, warm/dry, warm/wetWefir st averagedhe temperature and
precipitation changes in ajfid cellsacross the province of Québec for each climate simulation
to plotbivariate density ellipsedescribing the variability in forecasted temperature and
precipitation changes across climaimulationsWethenselectedour highly divergent but
realistic climate simulations after excluding climate simulations located bekefdr5

confidence interval density ellipse

Niche dimension models

We selected six nealimatic ecologicalvariables from a large suite @driables (hble2.7) by
excluding variables with extreme distributions (e.g. uniform or strongly exponeani@iipen by
choosing a set of variables with lamalinearitythat were likely ecologically meaningful based

on current knowledge of beaver natural histdyiller-Schwarze &Sun, 2003 We categorized
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these variableasforest coverhydrological featuregyr topographical features, and used these
categories rather than the individual variabledetine the nichelimensions (i.ea model based

on hydrologicalfeatures canot be parameterized with only one of the twdrological

variable3 (see Table.1). All proportional variables were arcsine square root transfotmed
normalize their distributionGiven the imperative inclusion of climate variables as a dimension
in our niche models, there are eight niche dimension models that can be contrasted (a climate
only model, three models where climate variables are combined with either one or two non

climate variable categories, and one model with all the categories; s€ellig.

Niche models

We chose four regression methodsrieralized linear models (GLM), generalized additive
models (GAM), multivariate adaptive regression splines (MARS)Iregression tree analysis
(RTA)) and two machine learning metho@®@¢sted regregm trees (BRT) and random forests
(RF)). A comprehensive description of these modaisbe founelsewherdElith et al,, 2006;
Heikkinenet al,, 2006)

M odel predictive power

We evaluated th@redictive powenf the 48 models of current beaver regional density (Ei.

by comparingpredictedand observed beaver regional densitie®0% of the sampling units. We
prediced beaver regional densities with a calibration set using 80% of the sampling units (Fig.
2.2). To reduce biassarising fromthis random data selection, the sghtmple procedure was
repeated 100 times and we used the ssangling uniteamong calibratio-evaluation sets for

all the combination omfiiche models and nicldimensions.

Forecasting beaver density change

We used the climate conditions forecasted byfole climate simulations to predict beaver

regional density in 2080 for each of the 100 titioes of the 48 combinations afche

dimensions and models of current beaver densitgrder to minimize theariability arising

from repetitions poorly predicting current beaver regional densities, we averaged the forecasted
beaverdensitiesat eachof the 161 sampling ursity weightingthe 100repetitiors by their
respectiveR? (Thuiller, 2004; Araujcet al, 2006; Marmioret al, 2009)for each of the 192
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forecasts (eight niche dimension modelxniche models x four climate simulations). We were
thus able to estimatée change in beaver densityeach sampling unlty subtracting the
predicted current beaver detysior each of the 48 combinations of niche models and niche
dimensions from t 192 beaver density forecasts arising from the combination of these 48
models with four climate simulations (Fig1).

Variability in forecasted beaver density arising from model selection

We used three methods to evaluate the variability in forechstager density arising from the
choice of niche dimensions, niche models, and climate simulations. We first compared the
correlation coefficients of predicted beaver density in 2080 across the 161 sampling units within
each source of uncertainti®¥e thenestimatedfor each submodel andsampling unitthe

deviation in predicted beaver density chahgesubtracting its forecasted beaver density change
from the averaged forecasted beaver density change across othevdeibafter removing the
variability arising from the two other model typbg theensemble forecasting technigifgaujo

& New, 2007. For example, the deviation at a given sampling unit for the cold/dry climate
model is the difference between its forecasted beaver density change and the averaged forecasted
beaver density change across the fdunate models under an ensemble forecasting of the six
niche models and eight niche dimension models. Based on these 161 deviations estimates, we
estimated both the central tendency and dispersion in beaver density change arising from the
choice of niche mnensions, niche models, and climate simulations. We used the highest
difference in median deviation between gubdels to represent the central tendency and the
highest difference between the 25% and 75% quantiles to represent the dispersion. We also
estimated the proportion of the variance explained by each type of models with a full factorial
ANOVA based on all replications of all models at all sampling units (n =30 912, i.e. 6 X8 x4 X
161) in order to insure that the ensemble forecasting methodruseddeviation analysis does

not bias our results
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2.4 Results
Selection of climatesimulations

The climate forecasts for 2080 obtained from the 70 climate simulations used in this study
suggest that both tleserage annual temperatwaed thetotal annual precipitatiowill, on
average across all climate simulations, increase across the province of QuébeC fyasgpe:
2-8 °C) and 120 mm (range: 5225 mm) (Table2.8). We contrasted the forecasted changes
obtained by the 70 climate simulants with a bvariate density ellipse order to seledour
climate simulationgiear thed.75 confidence intervalllipse torepresenthefour combinations
of cold/warm and dry/wetlimate simulations used in our analysis ().

Predictive power of current beaver density

The 48 models of current beaver regional densities created by combining the eight niche
dimension models and the six niche models explained about half the variation in current beaver
regional densities in our study ared (Rnge: 047-0.62) (table2.2). The average explanatory

power of niche models across niche dimension models was similar to the average explanatory

power of niche dimensions models across niche models.

Variability in forecasted beaver density across models

The corelation coefficients of predicted beaver regional density in 2080 were highly variable
across models (Tabl@s3-2.5), yet similar when averaged within model types (T&#¢. The

range of deviations in predicted beaver regional density changes acsss@llhg units was

highest and most variable for niche dimension models and lowest and least variable for climate
simulations (Fig2.4). The range of deviations based on the median value amongst niche
dimension models was 210% larger than the one amoityg models and 763% larger than the
one amongst climate simulations. The range of deviations between the 25% and 75% quantiles
amongst niche dimension models was 185% larger than the one amongst niche models and 345%
larger than the one amongst climataulations (Tabl&.6). The proportion of variance

explained by each model type across all 30 912 repetitions estimated with a full factorial
ANOVA was consistent with our deviation analysis as niche dimension models explained 4.4
times more variance tharniche models and 11.2 times more variance than climate simulations
(Table2.6).
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2.5 Discussion
Both the full factorial ANOVA and deviation analysis used in this study suggest that the

uncertainties in forecasted beaver regional densities are mostly driven by niche dimensions rather
than niche models or climate simulations. Moreover, much of theakpaterogeneity observed

in forecasted beaver regional densities was related to niche dimensions in our deviation analysis
based on ensemble forecasting. Incorporating ensemble forecasting techniques in our analysis
was essential to detect such spat&tEhogeneity given that the correlation coefficients between
forecasted beaver regional densities at each sampling unit were highly variable within models
(Table2.3-2.5), but very similar across models (TaBlI6).

Predictive power of current beaver dengy

While the similarity in predictive power across models suggests that they are equally suitable to
depict observed beaver regional densities, we cannot assume that these models will have the
same predictive power under future climate conditions. Howswueh similarity provides a

robust framework to assess traiability in forecasted beaver densitiassing from the choice

of niche dimensions, niche models, and climate simulations. The variability observed in our
analysis is thus mostly caused by doning climate simulations, differing in the magnitude and
spatial heterogeneity of their forecasted climate conditions, with equally suitable ecological

niche models differing in their dimensions.

Variability from climate simulations

The variability in brecasted beaver density changes arising from cligiaiglations is much
smaller, both in terms of central tendency and dispergianthe variability arising from niche
models and niche dimensiofisg. 2.4), even though we used an analytical desigi th
maximizes the variability arising from climate simulations. We first selected the most distant
temporal horizon available (i.e. 2080) since the variability in ecological forecasts caused by
climate simulations is expected to be positively correlateld thi¢ extent of temporal horizons
(Buissonet al, 2010 as the uncertainties of climate simulations increasassimilar fashion
(Stott & Kettleborough, 20Q2Furthermore, unlike the majtyiof previous studies arbitrarily
choosing a few GCMs and emission scenafTduiiller, 2004; Brionest al, 2007; Jaremat al,,

2009) or the few studies using a large number of climate simulatiomseret al, 2009;
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Lawler et al, 2009) we contrasted a large suite of reliable climate simula{iblezhlet al,

2007 to select a few highly divergent climate simulations (Big). Thefour climate

simulations used in our analysis represent much of the variation of forecasted temperature and
preciptation changes observadthis exhaustive set aflimate simulations. We believe that
performing such a climate simulation selection prior to an ensemble forecasting analysis can
improve the confidence in ecological forecasts under climate change bégqaos@les an

accurate representation of the variability amongst available climate simulations while keeping
the number of alternative ecological forecasts under climate change to a minimum. As more and
more GCMs and their regional and downscaled devieafHijmans, 2005; Rehfeldt al,

2006; Music & Caya, 200@gre developed, ensemble forecasting methods become essential to
provide an unbiased way to obtain ecological forecasts given the impossibility to judge the
guality of forecasted climate conditions from climate simulations. On the other hand, the number
of ecological forecasts under climate change models must reflect all the available climate
simulations, niche models, and niche dimensions, and can rapidly becomewaiional and
inferential burden for climate change ecologists. For example, our analysis required 192 models
to forecast beaver regional densities using four highly divergent climate simulations from a set of
70 climate simulations, whereas we would édmad to create 3360 models to represent the full
extent of climate simulations. Therefore, selecting a few highly divergent, but equally probable,
climate simulations to perform ensemble forecasting may become a necessary procedure in

climate change ecadical research.

Variability from niche models

Forecasted beaver regional density changes were more variable across niche models than across
climate simulations but less variable than across niche dimensions. Given the broad literature on
the influence ohiche models on the variability of ecological forecasts under climate change

(Elith et al, 2006; Lawleret al, 2006; Iversoret al, 2008; Buissort al, 2010) our analysis

should be perceived as a casedy comparing the variability in forecasted beaver regional

density changes arising from niche dimensions, niche models, and climate simulatians rathe

than a formal assessment of the quality of the niche models that we used. Although emergent and
promising nichemodels, such ageographically weighted regressi@fotheringham, 2002nay

have provided additional insights on the potential impacts of climate change on beaver regional
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densities in our study area, we limited our analysisix of the most common niche models used

in climate change ecological research. More importantly, the similar predictive power across our
48 models of current regional densities insures that our variability analysis of forecasted regional
density assss the uncertainties in ecological forecasts rather than the fit of ecological niche
models.

Variability from niche dimensions

The much larger variability in forecasted regional beaver density changes arising from niche
dimensions compared to climate simulations or niche models suggests that, although regional
beaver densities have been shown to be strongly influenced by cliomaliéians(Jaremeet al,

2009, the inclusion of nowrlimatic ecological variables can drastically influence ecological
forecasts under climate afige of regional beaver densities. The major weakness in our analysis
of niche dimensions is the assumption that-olimatic variables will not be influenced by

climate change. While topography will not significantly change during this century, hydrdlogica
and forest cover variables will likely change with climé@égin & Payette, 1988; Iversan al,
2008) We should nonetheless expect that the pace of the impacts of climate change on
hydrological and forest cover variablegl be much slower than the impacts of climate change
on regional beaver densities given the broad distribution, generalist nature, and high dispersal
capacities of beavers. More importantly, we maintained the hydrological and forest cover
variables consint in our analysis to insure that the variability arising from climate simulations
and niche dimensions would be independent given that forecasted hydrological and forest cover
datasets would necessarily be strongly influenced by climate simulationgediet@d regional
beaver densities under four climate change forecasts but stable hydrological and forest cover
conditions in order to parsimoniously describe the variability arising from niche dimensions,
niche models, and climate simulations, but ackeaolgé the potential insights of using

forecasted explanatory variables in ecological forecasts under climate change.

The variability in forecasted regional beaver densities arising from niche dimensions may also be
caused by the number explanatory varialeswe used. The correlative nature of ecological
niche models and the colinearity between most ecologarables(although we selected

explanatory variables order to minimize their colinearities) imply that the variability in our
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regional densitydrecasts may have been caused by spurious correlféfionsn, 1954 We did
not havever observe a pattern between the variability in forecasted regional beaver density
changes anthenumber of explanatory variables across niche dimension m@deshown in
Fig. 2.4 whereniche dimension models are sorted by increasing number of expitgn

variables.

Importance of density data

While our results are at odds with current climate change ecological litef@atunder, 2004;

Pearsoret al, 2006; DinizFilho et al, 2009; Buissort al, 2010)by suggesting that the

influence of niche dimensions is much stronger than the influence ofmiztiels or climate
simulations in ecological forecasts, we believe that such contradiction can be explained by the
fact that previous studies forecasted species distribution shifts based on occurrence data whereas
our analysis relies on regional densiti8gice regional density data have obviously more

statistical power than occurrence data to evaluate the regional influence of niche dimensions,
niche models, and climate simulations across ecological forecasts under climate change, our
results cannot fal§i or challenge the validity of previous studies. Instead, our analysis should be
seen as an initial case study demonstrating the importance of regional density data in climate
change ecological research. The development and increased accessibilitgting exi

geographically broad regional density datasets at high spatial resolution should thus be a priority
in climate change ecological research in order to insure that climate change ecological

predictions truly represent current ecological knowledge.

Concluding remarks

Although the optimization afiche dimensions, niche models, and climate simulaigomsich

needed in climate change ecological resedahghrecent sophistication ofimatesimulations
andnichemodelsarguably suggests thétte mostproductive avenue to improwological

forecasts under climate changeéy amore rigorous selection ¢fie dimensions of the niche.

While the variabilityin ecological forecasts under climate change arising from the choice of

niche dimensions, niche meld, and climate simulations is best assessed from regional density
data, studies based on occurrence data should nonetheless carefully evaluate the importance of

non-climatic ecological variables limiting species distributions. Our results cannot be
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extrgpolated to other species or regions, and, to our knowledge, previous studies based on
regional density data have never evaluated the sources of variability in their ecological forecasts.
Therefore, our analysis introduces the hypothesis that the sounaasadiility in ecological

forecasts under climate change must be evaluated with regional density data. Wealso

introduce the idea that, given the ever increasing availability of climate simulations, a sub
sampling technique reflecting the randeotential future climate conditions across a large suite

of climate simulations may become necessary in order to provide clear climate change ecological

predictions based on a limited number of alternative climate simulations
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Table2.1. Datasets and statistical models used to compare the uncertainties in forecasting beaver

density in Québec, Canadajsing from the selection of niche dimension, niche model, and

climate simulation. See the Material and methods section for details.

Source of

uncertainties Category

Name

Niche dimension Climate(C)

Forest typgF)

Hydrology(H)

Topography(T)
Niche model

Climate simulation  Cold/wet
Cold/dry
Warm/dry
Warm/wet

Average annual temperature

Total annuaprecipitation

Deciduous cover

Mixed cover

Coniferous cover

Lake density

River density

Proportion of area with a slope less thaft 10
Boosted regression (BR)

General additive mod¢GAM)

General linear model (GLM)

Multivariate adaptive regression splines (MARS
Random forest (RF)

Regression tree analysis (RTA)
CCCMA_CGCM3_1

CSIRO_MK3_5

MIROC3_2_ MEDRES

CRCM_4.2.0
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Table2.2. Predictive power (B of all possible combinations between six niche models and eight
niche dimension models of current beaver regional density in Quéaaagda. The Ror each
combination of niche models and niche dimension models is an average of 100 replications. The
standard deviations of the Rcross the 100 replications ranged between 0.10 and 0.16 for the 48
models and did not reveal any insightbatterns between niche models and niche dimension
models. Niche dimensions are abbreviated based on the type of variables used: climate (C),
forest cover (F), hydrological features (H), and topography (T). See the Material and methods
section for detail®n the niche models.

BRT RF GLM GAM MARS RTA Average

C 0.53 0.51 0.48 0.48 0.48 0.51 0.50
CH 0.58 0.60 0.56 0.53 0.51 0.55 0.55
CF 0.57 0.57 0.54 0.56 0.53 0.49 0.54
CT 0.55 0.54 0.49 0.49 0.48 0.48 0.50
CFH 0.60 0.62 0.62 0.59 0.53 0.53 0.58
CFT 0.60 0.59 0.55 0.58 0.54 0.47 0.55
CHT 0.60 0.59 0.57 0.55 0.51 0.51 0.55

CFHT 0.59 0.61 0.61 0.56 0.52 0.49 0.56
Average 0.58 0.58 0.55 0.54 0.51 0.50 0.54
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Table2.3. Correlation coefficients between forecasted beaver regional densities in 2080 based on
four climate simulations under an ensemble forecast of six niche models eight niche dimension

models. The correlation coefficients are based on 161 independent sammtsng

Cold/wet Cold/dry Warm/dry
Cold/dry 0.89
Warm/dry 0.25 0.52
Warmwet  0.85 0.85 0.53
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Table2.4. Correlation coefficients between forecasted beaver regional densi?@80 based on
six niche models under an ensemble forecast of four climate simulations and eight niche

dimension models. The correlation coefficients are based on 161 independent sampling units.

BRT GAM GLM  MARS RF
GAM 0.73
GLM 0.29 0.73
MARS 0.59 0.91 0.83
RF 0.96 0.79 0.39 0.67
RTA 0.87 0.73 0.47 0.72 0.87
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Table2.5. Correlation coefficiergbetween forecastdebaveregionaldensitiesn 2080 based on
eightniche dimension models under an ensemble forecast of six niche models and four climate
simulations The correlation coefficients are based on 161 independent sampling units.
Nichedimension modelare abbreviated based on the type of variables used: el({@stforest

cover (F), hydrological features (H), and topography (T)

C CF CH CT CFH CFT CHT
CF 0.44
CH 0.47 0.58
CT 0.90 0.48 0.53

CFH 0.35 0.91 0.79 0.44

CFT 0.48 0.99 0.60 0.56 0.91

CHT 0.46 0.60 0.99 0.56 0.79 0.63

CFHT 0.38 0.90 0.79 0.48 0.99 0.92 0.79
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Table2.6. Indices of variability in 2080 forecasted beaver regional densities arising from the
choice of niche dimension models, niche models, and climate models. Deviation range values, a
metric of the magnitude in central tendency and variation, were estimétezldiference

between the highest and lowest deviations across models for either the median value or between
the highest 75% quantile and the lowest 25% quantile. The deviations observed between models
were all significantly different (p < 0.001). The axge correlation coefficients between 2080
forecasted beaver regional densities are based on data i@.8aBI6. The proportion of the

variance explained by each source of uncertainty is based on a full factorial ANOVA between
eight niche parameterizatis, six niche models, and four climate models (n=30 912) and all
factors were highly significant (p < 0.001).

Climate model Niche model Nichedimension

Deviation median range 0.016 0.058 0.12
Deviation 2575% quantile range 0.051 0.095 0.176
Averagecorrelation coefficients 0.65 0.70 0.67
Proportion of the variance explaine 1.3% 3.3% 14.6%
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Figure2.1. Analytical framework to evaluate the variability in forecasted beaver regienasity
changes arising from the choice of niche dimensions, niche models, and climate simulations. We
first created 48 models of current beaver regional densities representing all the possible
combinations between eight niche dimension models and sig mollels. We then used these

48 models to create 192 unique forecasted beaver regional density models using four climate
simulations. We repeated the 48 currently predicted and the 192 forecasted beaver regional
density models a 100 times and averagecdethegetitions within models using a weighting

technique based on theif.RVe evaluated the predictive power of the 48 models of current

beaver regional density through a sglitmple method where 80% of the sampling units was

used for calibrating our motewhile the remaining sampling units were used to assess the fit
between observed and currently predicted beaver density. We calculated beaver regional density
changes based on the difference between forecasted and currently predicted beaver density, thus
providing 30 912 unique forecasted beaver density changes across the 192 unique models and the
161 surveyed regions in our study area. More details on the analytical models and sampling units
can be found in Tabl2.1 and Figure2.2.
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~ 011-0.25
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: B >0.65

Figure2.2. Beaver density in 161 surveyed areas across the Province of Québec, Canada. The
four surveyed areas without beaver evidence (i.e. zero density) are represented by the symbol
(the southernmost surveyed area without beaver evidence is very smalf)a5kinsurrounded

by a much larger surveyed area with visible borders on this figure for which the estimated beaver
density is 0.07 colony/kfi The map at the bottom left corndrtbe figure shows the beaver
distribution in North America in pale grey and the geographic coverage of our study in dark

grey. The black line at the top of the figure represents the approximate beaver northern

distribution limit in our study area.
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Figure2.3. Average change in average annual temperatGjeafnd total annual precipitation

(mm) in Québec, Canada, for 70 global coupled models (GCMs). Ellipses of bivariate confidence
intervals at threshdk of 0.50, 0.75 and 0.90 are shown as dotted, dashed, and full lines,
respectively. The four GCMs selected for our analysis, displayed as squares, are
CCCMA_CGCM3_1 for cold/wet, CSIRO_MKS3_5 for cold/dry, MIROC3 2 MEDRES for
warm/dry, and CRCM4.2.0 for varm/wet (see tabl2.8).
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Figure2.4. Boxplot of the deviation in 2080 forecasted beaver regional density change from climate model, niche model, and niche
dimension based on 161 sampliogations. The whiskers represent the 10% and 90% percentiles whereas the dots represent the 5%
and 95% percentiles. The niche dimensions are abbreviated based on the type of variables used: climate (C), forest cover (F),
hydrological features (H), and tography (T). The computation of deviation and the nature of the different models are described in

the Methods section.

45



2.8 Supplementary material

Table2.7. Description of the all theonclimate variables used in our analysis. We selected six
of these nostlimatic variables to represent the hydrological features, topography and forest
cover in our ecological models (see Methods). This table is adaptedJaoema, 2006)

Non-Climate Definition Non-Climate Definition
Variable Variable
Bufrivers Total area of the 200 m buffer arcund all Totdec Total area of land covered by deciduous forest
rivers in the study area, divided by the (including de ciduous regrowth) in the 200 m buffer
total area of the study area zone around all rivers, |akes and wetlands in the
study area, divided by the total area of the 200 m
buffer around all rivers lakes and wetlands in the
study area
Buflakes Total area of the 200 m buffer arcund all Totmix Total area of land covered by mixed forest (including
lakes in the study area, divided by the mixed regrowth, mixed dominaled by young
total area of the study area coniferous and mixed dominated by young
deciduous) in the 200 m buffer zone around all
waterways in the study area, divided by the total
area of the 200 m buffer around all waterways in the
study area
Bufwetland Total area of the 200 m buffer around Totmossroc Total area of land covered by moss and rock in the
wetlands in the study area, divided by the 200 m buffer zone around all waterways in the study
total area of the study area area, divided by the total area of the 200 m buffer
around all waterways inthe study area
Relrivshor Total km of shoreline along rivers inthe Totrock Total area of land covered by rocks inthe 200 m
study area, dvided by the total km of buffer zone araund all waterways in the study area,
shoreline (rivers, |akes, wetlands) in the divided by the total area of the 200 m buffer around
study area all waterways in the study area
Relakeshor Total km of shoreline along lakes inthe Totshrublich Total area of land covered by shrubs and lichens in
study area, divided by the total km of the 200 m buffer zone around all waterways inthe
shoreline (rivers, lakes, wetlands) in the study area, divided by the total area of the 200 m
study area buffer around all waterways in the study area
Rehwetshor Total km of shoreline along wetlands in | Totshrubmoss Total area of land covered by shrubs and mosses in
the study area, divided by the total km of the 200 m bufier zone around all waterways in the
shoreline (rivers, lakes, wetlands) in the study area, divided by the total area of the 200 m
study area buffer around all waterways in the study area
#ake S100 Al lakes within the study polygon that Toturban Total area of land occupied by populated areas.
are less than or equal ta 1 km* within the 200 m buffer zone arcund all waterways in
the study area, divided by the total area of the 200 m
buffer around all waterways in the study area
#lakes >100 All lakes within the study polygoen that Tot2 Total area of land having a slope of less than or
are greater than 1 km* equal to 2 degrees within the 200 m buffer zone
around all waterways in the study area, divided by
the total area of the 200 m buffer around al
walerways in the study area
Totagri Total area of land used for agriculture in Tot10 Total area of land having a slope of less than or
the 200 m buffer 2one around all equal to 10 degrees within the 200 m buffer zone
waterways in the study area, divided by around all waterways in the study area, divided by
the total area of the 200 m buffer around the total area of the 200 m buffer around al
all waterways in the study area waterways in the study area
Totconf Total area of land covered by coniferous | Tot30 Total area of land having a slope of less than or
forest (including coniferous regrowth) in equal to 30 degrees wihin the 200 m buffer zone
the 200 m buffer zone around all around all waterways in the study area, divided by
waterways in the study area divided by the total area of the 200 m buffer around al
the total area of the 200 m buffer around waterways in the study area
all waterways in the study area
Mineralsoil Total area of surface material made up | Tot31 Total area of land having a slope of greater than 30
predominantly of mineral particles degrees within the 200 m buffer zone around all
containing <30% organic matter as waterways in the study area, divided by the total
measured by weight, divided total area of area of the 200 m buffer around all waterways in the
study polygon study area
Organicsoil Total area of surface material containing | Totbuff2 The area within the study polygon cccupied by a
=30% organic matter as measured by slope less than or equal to 2°, dvided by the total
weight, divided by total area of study area of the study pelygen
polygon
Softrock Total area of surface matenal made up of | Totbuff10 The area within the study polygon occupied by a
rock that can be dug with a shovel (i.e. slope less than or equal to 10°, divided by the total
undifferentiated shales, upper area of the study polygon
Cretaceous and Tertiary materials),
divided by total area of study polygon
Hardrocaci Total area of surface material composed | Totbuff30 The area within the study polygon accupied by a
of granite, divided by the tetal area of the slope less than or equal to 307, divided by the total
study palygon area of the study polygan
Hardrocbas Total area of surface material composed | Totbuff31 The area within the study polygon accupied by a
of limestone, divided by the total area of slope greater than 30°, divided by the total area of
the study polygon the study polygon
Hardrock Total area of surface material compesed | WolfDens Number of walves found in the administrative region
of hard rock of unspecified arigin and or wildiife reserve, divided by the area of the
undifferentiated properties, divided by the administrative region or wildlfe reserve
total area of the study polygon
Blank Tolal area that is undetermined, divided | BearDens Number of Black Bears per km squared per trapping
byt the total area of the study polygon 20ne
RvgHarvest Average Harvest of Beaver Pelts for Limitedroads km of road whose conditions vary depending on the
Structured or Free zones in the season or to which public access is denied, divided
Administrative Regions of Québee by total area of study area polygon
divided by Area of Structured or Free
zone within the Administrative R egicns of
Québec
Builtup km? of populated zones where buildings Roads km of roads for the movement of motar vehicles,
are so close together that, for divided by total area of study area palygon
cartographic purpose, they are
represented by a bulk-up area outline,
divided by the tolal area of the study area
polygon
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Table2.8. Average 2080 forecasted change in anavatage temperaturé ¢ a YCJ gnd tétal
annual precipitationd p r @m) in Québec, Canada, based on 70 climate simulations. The
emission scenario (ES) and the GCM run were obtained (Meehl et al., 200/Music &

Caya, 200Y. The climate simulations used in our analysis are displayed in bold.

GCM ES Run Uavg Uprec
cccma_cgem3_1 alb 1 46 151
cccma_cgem3_1 a2 1 57 204
cccma_cgem3 1 bl 1 2.9 93
cccma_cgem3 1 alb 2 4.0 160
cccma_cgem3_1 a2 2 53 201
cccma_cgem3_1 bl 2 26 137
cccma_cgem3 1 alb 3 4.2 159
cccma_cgem3_1 a2 3 5.8 229
cccma_cgem3_1 bl 3 26 121
cccma _cgem3_ 1 t6 alb 1 5.3 182
cccma cgem3_ 1 t6 bl 1 3.6 113
cnrm_cma3 alb 1 3.2 72
cnrm_cm3 a2 1 4.4 97
cnrm_cm3 bl 1 2.0 44
csiro_ mk3 0 alb 1 2.9 75
csiro_ mk3 0 a2 1 45 112
csiro_ mk3 0 bl 1 1.9 48
csiro_ mk3 5 alb 1 49 126
csiro_mk3 5 a2 1 56 114
csiro_mk3 5 bl 1 3.5 62
gfdl_ cm2_0 alb 1 4.6 100
gfdl_ cm2_0 a2 1 5.1 94
gfdl_ cm2_0 bl 1 3.4 83
giss_aom alb 1 3.1 93
giss_aom bl 1 2.3 56
iap_fgoalsl 0 g alb 1 4.8 118
iap_fgoalsl 0 g bl 1 3.0 95
iap_fgoalsl 0 g alb 2 5.2 107
iap_fgoalsl 0 g bl 2 3.5 81
iap_fgoalsl 0 g alb 3 4.8 107
iap_fgoalsl 0 g bl 3 3.0 66
ipsl_cm4 alb 1 7.0 115
ipsl_cm4 a2 1 8.2 143
ipsl_cm4 bl 1 5.2 77
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miroc3_2_hires
miroc3_2_hires
miroc3_2_ medres
miroc3_2_medres
miroc3_2_medres
miroc3_2_medres
miroc3_2_medres
miroc3_2_medres
miub_echo_g
miub_echo_g
miub_echo_g
miub_echo_g
miub_echo_g
miub_echo_g
miub_echo_g
miub_echo_g
miub_echo_g
mpi_echam5
mpi_echam5
mpi_echam5
mri_cgcm2_3_2a
mri_cgcm2_3 2a
mri_cgcm2_3_2a
mri_cgcm2_3_2a
mri_cgcm2_3 2a
mri_cgcm2_3 2a
mri_cgcm2_3 2a
mri_cgcm2_3 2a
mri_cgcm2_3 2a
mri_cgcm2_3 2a
mri_cgcm2_3 2a
mri_cgcm2_3 2a
mri_cgcm2_3 2a
mri_cgcm2_3 2a
mri_cgcm2_3 2a
crem_4.2.0

alb
bl
alb
a2
bl
alb
a2
bl
alb
a2
bl
alb
a2
bl
alb
a2
bl
a2
bl
alb
alb
a2
bl
alb
a2
bl
alb
a2
bl
alb
a2
bl
alb
a2
bl
a2 adj

O o b~ PP WOWWWNDNNRPRPRPPARPPWOWOWWWDNDNDNPPRPEPDNNMNNRPEPRRERPREREPR,

(631

7.7
5.7
6.5
7.5
4.8
6.7
7.5
4.8
4.9
5.4
3.6
4.9
5.4
3.0
4.5
5.3
3.3
5.5
3.8
5.3
3.8
3.9
2.7
3.1
3.9
2.6
3.5
3.7
2.5
3.5
4.1
2.6
3.8
4.0
2.5
5.0

210
177
150
154
118
132
96
96
143
133
104
139
150
100
115
172
106
187
142
183
90
126
98
102
114
102
107
128
86
100
130
53
117
132
97
187
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Linking statement

In the previous chapter, | demonstrated that, contrary to current ideas found in the ecological
literature related to climate change, the selection of predictors in ecological niche models can

cause morencertainties in ecological forecasts under climate change than the selection of

ecological niche models or climate models. In the next chapter, | evaluate the usefulness of
geographically weighted regression as an ecological niche model that providesidysp

explicit description of the influence of ecological predictors of beaver regional density from
which it is possible to evaluate the relevanc

niche basedmcurrent ecological knowledge.
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Chapter 3 : Applic ation of geographically weighted regression
ecological niche modelling of beaver density

to
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3.1 Abstract
The rapid development of ecological niche models to inform biodiversity planning in a changing

climate should be accompanied with validation techniques to insure that these models are
congruent with current ecological knowledge. Many ecological niche madelvery efficient at
explaining current variation in the presence or regional density of a species but reveal little about
the ecological states and mechanisms contributing to presence and high abundance. Here we
evaluate geographically weighted regies{GWR) models as an alternative niche modelling
approach, by using the technique to model be@vastor canadensjsegional density in

Québec, Canada. We use eight predictors of beaver regional density, reflecting aspects of
climate, hydrology, forestover, and topography that are known to be influential in beaver
ecology. The influence of these different predictor variables, their collective predictive power,
and model sensitivity to alternative parameterization is then compared between GWR models
ard six other commonly used ecological niche models. Based on 16 uniquely parameterized
GWR models and 48 uniquely parameterized-@WR models, we found that the explanatory
power of GWR and ne@®WR models were similar. The influence of annual average
tempeature was highest for both GWR and f8#W/R modelsbut the influence of other

predictors were much smaller in rR@WR models than in GWR models. More importantly,

GWR models provide a visual representation of variation in standardized regression ctfficie
across the study area and the spati@dplicit influence of most predictors was highly congruent
with current beaver ecological knowledge. Given that80iR models often provide a relative
influence of predictors that is idiosyncratic, combining GWe&dels with other ecological niche
models could improve our confidence in ecological forecasts by allowing more explicit

regionalized comparisons with current ecological knowledge.
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3.2 Introduction

Understanding the environmental conditionsthatlsng e ci es 6 di stri buti ons

densities is essential for biodiversity conservation planning given the predicted impacts of
climate changen biological system@utchart et al. 2010, Lovejoy and Hannah 20@&yen

the increasing recognition of the importance of climate change, there has been a strong impetus

in the field of ecological niche modellingtoingpv e ecol ogi c al predictions

response to climate change based on the assumption that the current environmental niche
occupied by a species can be used to anticipate its response to environmentglAusinge
2007, Peterson 2003, Thuill2007, Thuiller et al. 2005Pronising advances have been made in
ecological niche modelling but these models mostly focus on the climatic determinants of
species distribution without giving much consideration to-danatic variables related to land
cover, topography, and hydrologicebturegAraujo and Luoto 2007, Pearson and Dawson
2003)

Given the important but nefalsifiable nature of climate change predictions, many studies have
focused on assessing and minimizing uncertainties involved in ecological niche modelling.
Promising advances have bewvade regarding the appropriate spatial scale of the datasets used
(McGill 2010, Seo et al. 2009)he underlying theories and statistical frameworks of ecological
niches(Elith et al. 2006)andthe most reliable evaluation and averaging techniques of ecological
niche models for providing a single bastormed prediction along with a measure of its
uncertainty(Araujo and New 2007)However, little attention has been paid to the implications of
selecting alternative ecological v dAaljadnd e s
Luoto 2007, Peterson and Nakazawa 2008, Thuiller et al. 2Q0&)ate change research

involving niche models have mostly focused on climate variables because they have strong
predictive powefBrown 1995, Caughley et al. 1987, Stenseth et al. 2002, Whittaker 48F5)
because detailed and highly refined future climate models are readily avéieielel et al.

2007) While the paucity and uncertainty of forecasted datasets eflimate variables limit the

use of these vables in ecological forecasts, their role in defining the distribution and

abundance of species, at present and in the future, is likely far from trivial.
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The use of ecological niche modelling in the emerging field of climate change ecology has been
heavily criticized both on its fundamental premises and on the uncertainties underlying

ecological forecast@Araujo and Guisan 2006, Beale et al. 2008, Haegeman and Etienne 2010,
Loiselle et al. 2003)One of the key criticisms of ecological niche models is that they are often
perceivedbaso awlidddl@ac&kne can hardly assess the
transform the input (i.e., current ecological data) into an output (i.e., forecasted ecological data).
While the Ablack box0o issue i s ndovhentheomtputn eco
can be confirmed with observations, ecological forecasts under climate change cannot be

validated for some time. Confidence in ecological forecasts under climate change therefore
depends on whether they are recognized to be based ohaobuexplicit ecological

mechanisms and the extent to which they quantify and communicate uncertainty in the

predictions they generate.

Ecological predictions under climate change mostly focus on the geographical distribution of
specieqAraujo et al. 2006, Broennimann et al. 2007, Thuiller et al. 2606nore rarely, on the
regional density of that species across its distribfiierson and Prasad 1998, Jarema et al.

2009) Most ecological niche models typically make their predictions by correlating the presence
(or density) of a species with a suite of environmental variables and use this correlative model to
predict the presence (or density)tlbat species based on forecasted environmental conditions.

Some ecological niche models assume that environmental variables have a constant influence on
a species in al/l parts of the speciesd range
influence of the environmental variables to vary across the species distribution. Such spatial
variability in the influence of an environmental variable, or spatiaisiationarity, is included

in many recent ecological niche modé@®theringham 2002, Haegeman and Etienne 2010,

Lawler et al. 2006)For example, the influence of temperature or precipitation may be critical at

the northern edge of the distribution for a treecgsebut not at its southern edg&@ng and

Lechowicz 2006)Nontstationary ecological niche models generate spatadplicit predictions

of the importance of different variables in d
predictions can be tested with more regionédlgused and procesgiented studies that are so

common in ecological research, rstationary models tend to be more predictive and more

thoroughly testable with contemporary ecological data than theinrséay counterparts. The
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predictability and testability of nestationary ecological niche models becomes stronger yet
when they are applied to regional density data rather than coarser presence only or-presence
absence dat@Brown 1995) Furthermore, discrepancies between our current ecological
knowledge of the species and nstationary ecological niche models can be further investigated
to either improve the ecological niche model or our ecological knowledge of the species

Although all norstationary ecological niche models are based on spagigfiljcit influence,
metrics describing parameter influence are often idiosyncratic (i.e. relative to the influence of the
other parameters included in the model) and difficulnterpret. Geographically weighted
regression (GWR{Fotheringham 2002, Fotheringham et al. 199@) nonstationary spatial
regression technique that has rarelyrbapplied in ecological research except as an explanatory
method of spatial visualisatiqustin 2007, Wimberly et al. 20085WR offers a promising

tool for creating notstationary niche naels because it generates spatiabylicit standardized
regression coefficients (difithat can be used to compare spatial variation in the influence of
predictor variables between models across sets of predictors for a given species, or between
models aross species for a given predictor. Moreover, thie cath be contrasted with other
studies using regression techniques whereas the relative importance obtained in most other

ecological niche models cannot.

Here we compare the predictive power and g&ial variability in predictor influence between

GWR models and six ecological niche models commonly used in the literature using a
geographically extensive dataset including 161 regional beaver densities and eight ecological
variables in Québec, Canadde then assess the robustness of GWR estimates of predictor
influence under alternative parameterizations. We then compare the predictive power and the
influence of climate predictors obtained either from a climate based model {&GJFr from

a modebwith all predictors (GWR predictory t0 assess the suitability of using climate based

models to make ecological forecasts under climate change. We finally assess the extent to which
spatial variation in predictor influence aligns with current ecolodinaivledge related to large

scale determinants of beaver density in the landscape.
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3.3 Methods
Beaver regional density data

Beaverregionaldensity estimatesxpressed as active beaver colonies pér Wwere derived by
combiningactivebeaver colony aimdance data from helicopter surveys and vaoigs of the
161sampled aread-{g. 3.1, see Jarema et al. 2009 for detaild)e used the latitude and
longitude of thecentrad for each of the 161 beer densitypolygonsas the spatial coordinates in
all ecological niche models and square root transfolimeeder density data normalizetheir

distribution

Climate variables

We used long term averagkmatedata for the present period (196290) interpolated from
weather stations based on Anusplin tplate splinegRehfeldt et al. 2008p represent current
climate conditionsThe data were downloaded from the EiBestService
(http://forest.moscowfsl.wsu.edu/clima}ett a resolution of 0.0083dimal degrees (~1km). &V
then averaged both average annual temperdi@jeaqd total annual precipitation (mm) across

eachbeaver density polygon (Fi§.1).

Non climate variables

We selectedix nonclimatic ecological variables from a large suitevafiables (hble3.3) by
excluding variables with extreme distributions (e.g., uniform or strongly exponedithen

by choosing a set of variables with l@elinearitythat were likely ecoloigally meaningful

based on current knowledge of beaver natural higtdijler-Schwarze and Sun 2003hese
variables broadly refledorest cover hydrological featuresand topography (Fig3.6). The
hydrological variables were calculated in order to represent the proportion of suitable beaver
foraging area in each sampling unit, conservatively bas¢deomaximum inland foraging
distance of beavef200 m;Miller-Schwarze and Sun 2003)he variabld_aketherefore
represents, within each sampling unit, the relative area covered by a 200 m buffer around all the
lakes depicté in national topographicigital maps (1: 250 000%imilarly, the variabldRiveris

the relative area covered by a 200 m buffer around all the rivers in these maps. We also
estimated the variables related to forest cover and topography based on aft ardund

water bodies given the limited importance of areas outside such buffer for beaver population
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dynamics.The variableTopographyrepresents the proportion of buffered areas with a slope less
than 16, and thus positive relationships between keaensity and opographyindicate high
densities are associated with shallow topographg. three variables representing forest cover
were similarly estimated as tpeoportion of buffered areas covered widbciduous

Coniferous or Mixedforests. Detded methodology and primary datasets used to estimate these
variables can be found aremg2006) All non-climatic variables were arcsine square root

transformedo normalize their distributics

Geographically weighted regression
Geographically weighted regression (GWR) estimates spatial variability in local
estimates of regression parameters by using tisgumre geographical weighting function

(equation 1).

\Nlat,long = (1_ (d /b)2)2 if d <b
=0 otherwise equaion 1

lat,long lat,long

wherew represents the weight of observed ddtis,the distance between the observed data and
the area where local regression parameters are estimatdulisaathreshold distance referred to
as the bandwidth. We used an adaptive kernel of 30%hdéobandwidth of all models. Local

regression coefficients are estimated by equation 2:

Q -
B ationg = (X TVV(Iat,Iong) X)X TVV(|aL,0ng) density
equation 2

whereX represents the matrix of predictors alaepresents the matrix of geographical wesght
for each of the observed data used for a given location. Take, for example, a motiaiesith
predictors: average annual temperatd@® (avgT), Topography(Topd, and River density,
(Riven.The regression parameters can then be used to keplatialy-explicit predictive model

of beaver densities as shown in equation 3:

density,ong = b b Tavg, o, *+ & T OPQ,jong

+
(latlong) Tavyat,long) TopQiat,long)

+ bRiver(Iat,Iong) Rlvqgt,long + elat,long equation 3
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Alternative ecological niche models

We contrasted the variability in the influence of predictors of beaver regional density between
GWR models and commonly used ecological niche models. We chos&lsly used statistical
models suitable for the continuous nature of regional density data. Specifically, we used four
regression methodgéneralized linear models (GLM), generalized additive models (GAM),
multivariate adaptive regression splines (MARS)dregression tree analysis (RT)And two
machine learning methodsdosted regressionges (BRT) and random forests (RF)). A
comprehensive description of these models can be found elseiighdrest al. 2006, Heikkinen

et al. 2006)

We used a bootstrapping technique to obtain a consistent metric of the influence of predictors
across notGWR models. For each combination of .BWVR models and predictonse

assessed the change in regional beaver density created by randomly changing the predictor
values across sampling units. For example, the influence of river density in the GLM model
based on all predictors was calculated by creating 100 datasets véReettat each sampling

unit was replaced with a random value taken from the rangévefvalues across all sampling
units. We then used the correlation in predicted beaver density across sampling units between the
observed dataset and the 100 randacrdyated datasets to obtain a metric of the influence of
Riverin the GLM model of beaver density based on all predictors. Our estimates of predictor
influences in norfGWR can thus be seen as a sensitivity metric assessing the changes in
predicted beaver asity from changing the value of one predictor while keeping the values of all
other predictors constant. While the influence of predictors of beaver regional density obtained
with nonGWR models cannot be directly compared to thé stidained with GWR maels

their standardized nature allows a coarse comparison of the relative influence of predictors
between GWR and ne@WR models.

Analytical design
We estimated beaver regional density with GWR models based on all possible combinations of
the eightpredictors and compared their &fjand the central tendency and dispersion in their

estimated stilfor all predictordn order to assess the sensitivity of GWR models with respect to
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their parameterization. The §tdf all predictors was then comparedhhe relative importance

of these predictors estimated with alternative ecological niche models. We then contrasted the
average stolof climate predictors between the GWR model including only climate predictors
(GWRiimate and the GWR model includingl @redictors (GWR) predictord t0 €valuate the

sensitivity of climate based models of regional beaver densities to the inclusion of many non
climate predictors. We finally mapped thefstd climate predictors for the GWRate model

and the GWR, predciors model to relate ecological niche model predictions of regional density

correlates to current knowledge of beaver ecology.

3.4 Results
GWR modelsof regional beaver density

The high colinearity and spatial homogen@&ifysome predictors reduced pdssible

combinations of the eight predictors of regional beaver density down to 16 GWR models (Table
3.1). The 16 models explained between 62% and 84% (average 73%) of the variation in beaver
regional densities. All models included at least one climatdigior and each predictor was used

in seven or more models, providing an appropriate sample size to assess the within sampling unit

variation in the predictor influence across models.

Predictor influence across GWR models

The average shof each predidr across the 16 GWR models at each sampling unit suggests
that regional beaver density is positively influenced’byg Lake Decid, andMixed, but
negatively influenced biPrecipandConif (Fig. 3.2). The influence of climate predictors of
regionalbeaver density estimated with the two most divergent GWR md@&{&R{imate and
GWRuail predictory are broadly congruent with each other (RB@) and with average predictor

influence across the 16 GWR models (comparing E&ywith Fig.3.2).

Non-GWR ecological nichemodels

The six noAGWR ecological niche models explained between 52% and 91% (average 73%) of
the variation in beaver regional densities (T&bh®). Across all combinations of six modelling
techniques and eight predictor variable s€tsg was consistently the most important predictor

variable (Fig.3.4). However, variability in the influence @fvgacross these different model
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combinations was much greater than among alternate GWR models (compar®g with
Fig. 3.3).

Spatially-explicit ecological patterns

The std of climate predictors obtained with the GWRie model and the GWR predictorsmodels
were broadly congruent both in terms of magnitude and spatial pattern3.9rig-he south
western region, where beaver densithighest (see Fi@.1), has however spatially incongruent

stdb for most predictors.

There was a general tendency for beaver density to be positively reldiadgio the coldest

parts of the province and negatively related avgin the warmest, soutbentral parts of the
province.Beaver density was also weakly but positively associated with a high prevalence of
shallow topography in nearly all regions of the proviridigh collinearity between forest land
cover and temperatureaae it difficult to disentangle their influence on beaver density. But if
the influence of land cover variables is interpreted independent of climate variables, then high
beaver density is negatively associated Witmifer, in most regions but particulgrin south

central Quebec, and positively associated Witked andDeciduousn most parts of the

province. The amount of land area surrounding lakes and rivers within survey blocks did not

emerge as a strongly positive or negative predictor of beavsitylenQuebec.

3.5 Discussion
The variation in beaver regional densities across our study area was well explained by both

GWR models and ne@WR models. The adjusted coefficient of determination of the 16 GWR
models varied between 0.62 and 0.84 with aaraye of 0.73 whereas the 48 other ecological

niche models had the same average adjusted coefficient of determination (0.73) but varied
between 0.52 and 0.91. While the relative influence of predictors should not be compared
between a poorly fit model aradwell fit model, the broad similarity in the explanatory power of

all models of current regional beaver density, combined with the large number of models used in

this study, provide a sound framework for comparing models with alternative parameterizations

The relative influence of predictor variables varied between GWR models ar@Wén

models. While the overwhelmingfluence ofTavgwas consistent between GWR and 1&WR
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models, the noiWR models mainly suggested a weak influence of all the othdiciwes

whereas the GWR models showed much more heterogeneity in the influence across predictors
(Fig. 3.2 and Fig.3.4). The diminishing influence dfavgobserved when additional predictors
were included in both GWR and n@WR models illustrates the @ogical relevance of
incorporating norclimate predictors in ecological niche modellifiReterson and Nakazawa

2008)

The nonstationarity nature of GWR models allows us to spatially visualise the influence of
predictors of regional beaver density. The spatial patterns of the influence of climate predictors
were very similar between the GWR model based only on climaticfwes and the GWR

model with allpredictors (Fig3.5). The influence of all predictors of regional beaver density
shown in figure3.6 are broadly consistent with the current ecological knowledge of North
American Beave(Jarema 2006, Mulleechwarze and Sun 2003, Novak 198Me strong

positive association between temperature and beaver density in the northeeo Quelnsistent
with the general idea that poleward range limits of temperate species are imposed by abiotic
factors(Fang and Lechowicz 2006 the particular case of beaver, the temperaderesity
association could result fronlimatic determinants of the ice free season, which determines the
length of time beavemust rely orhoardcedterrestrial vegetation (Milligan & Humphries, 2010).
Alternatively, temperature variation may in fact be an abiotic proxy for biotic processbhsas
differences in growth and pebkarvest recovery of terrestrial and aquatic food sources that are
too subtle to be reflected in coarse land cover classifications. The positive association between
beaver density and the prevalence of mixed and deetdfosests, and the negative association
between density and conifer forest, is consistent with the importance of deciduous vegetation in
beaver diets. Beaver preference of deciduous vegetation over coniferous vegetation has been
widely described by captévstudies using cafetersyle preference trials and field studies
examining cut and neatut tree stem@-ryxell and Doucet 1993Jurthermore, aerial surveys of

the location of beaver lodges have also often described a positive association between the
prevalence of acte beaver colonies and the distribution of deciduous vegei@fioier-

Schwarze and Sun 2003jowever, the current study offers the first demonstration that these
behavoural and habitat scale preferences translate into consistent large scale patterns of

distribution and abundance of beaver populations with respect to predominant vegetation cover.
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Given such scaleonsistency tends to be the exception rather than time inogcology(Levin

1992) this intuitive but noteworthy scat®nsistency speaks to the importance of this aspect of
beaver ecology and the effectiveness of-stationary modeling techniques such as GWR in
identifying these processes. The influencéafeandRiverwere most strongly positive in the
DeciduousandMixed forest of the southern part of the study area, which may be caused by the
fact that, in a region where food is abundant, the availability of suitable habitat may limit the
density of beaver. The influence of predictors in the sagstern portion of oustudy area

(where beaver densities are anomaly high) were at odds with current beaver ecological
knowledge and this may be explained by the fact that ecological niche models have difficulties
handling great disparities in densities (i.e. real observabonhstatistical outliers) over short
distances.

3.6 Conclusion
Despite the consistent improvement of ecological niche models in representing actual species

distribution or abundance, their framework provides little insight into the underlying ecological
dynamics. We suggest that GWR can be used, in combination with other ecological niche
models, to improve ecological niche models and their application to forecasting the impacts of
climate change. Based on this study, GWR performed as well as many comseuhly u

ecological niche models in predicting current regional density while also providing a spatially

explicit description of the influence of each

Since GWR models provided standardized regression coafidieat can be contrasted with
previous ecological research, we believe that
boxeso obtained by standard ecological ni che
the importance of nenlimate variables morihan other ecological niche models, in line with

current knowledge of beaver natural history.

The similarity between our GWR models based on climate predictors and our GWR models
based on all predictors also suggests that the inclusion edlimoate predttors may not be
essential for creating ecological forecasts under climate change used in biodiversity planning.
However, ecological forecasts based on both climate andlimoate predictors can provide
additional insights if we have a good level of ddahce in the direction and the magnitude of

the impacts of climate change on rdimate predictors. For example, we can assume that
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topography will remain stable in a changing climate, and it is likely that deciduous forest cover
will increase in regionsurrently represented by mixed forest cover. Similar analyses are needed
to assess the influence of nolmmate variables in ecological forecast of the impacts of climate
change on the distribution and regional densities of other species.
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Table3.1. Parameterization and explanatory power of 16 GM#Rlels of current beaver
regional density based on 161 sampling locetio Québec, Canaddhe number of models

including each predictor is shown at the bottom. The averag®’atjd number of predictors

across models are, respectively, 0.73 andRré&dictors are average annual temperafliaed),

total annual precipitan (Precip), river density River), lake densityl(ake), coniferous cover

density Conif), deciduous cover densitpécid), mixed cover densityMixed and density of

slope lower than TTop9g), see Methods for predictor descriptions. The model using all

predictors(GWRaj predictory @nd the model with only climate predictd@GWRgimaid are in bold.

Model Tavg Precip River Lake Conif Decid Mixed Topo adjR
1 1 1 1 1 1 1 1 0.84
2 1 1 1 1 1 1 1 0.79
3 1 1 1 1 1 1 1 1 0.79
4 1 1 1 1 1 1 0.78
5 1 1 1 1 1 1 1 0.77
6 1 1 1 1 1 1 0.77
7 1 1 1 1 1 1 0.76
8 1 1 1 1 1 1 0.76
9 1 1 1 1 1 0.75
10 1 1 1 1 0.72
11 1 1 1 1 1 0.72
12 1 1 0.70
13 1 0.67
14 1 1 0.66
15 1 1 1 1 1 1 0.63
16 1 0.62

# of models 12 14 10 10 7 7 7 12
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Table3.2. Explanatory power (adR?) of six ecological niche modets current beaver regional
densitybased on 161 sampling locatianQuébec, Canada, based on alternative
parameterizationg.he average adg? across the 48 models is 0.7he ecological niche models
are: boosted regression trees (BRT), generalized additive models (GAM), generalaed line
models (GLM), multivariate adaptive regression splines (MARS), random forests (RF), and
regression tree analysis (RTA). The parameterizations represent combinations of predictors
related to climate conditions (C), forest cover (F), hydrological featitesnd topography (T).
See Methods for details.

Model CFHT CFH CHT CFT CH CF C
BRT 0.78 0.77 0.77 0.77 0.76 0.75 0.67
GAM 0.69 0.70 0.66 0.67 0.65 0.66 0.54
GLM 0.69 0.69 0.64 0.64 0.63 0.63 0.52
MARS  0.72 0.72 0.68 0.68 0.68 0.68 0.57

RF 0.91 0.91 0.91 0.90 0.91 0.88 0.84
RTA 0.83 0.81 0.77 0.74 0.76 0.74 0.65
Average 0.82 0.82 0.80 0.78 0.80 0.76 0.68
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Figure3.1. Beaver density in 161 surveyed areas across the Province of Québec, Canada. The
four surveyed areas without beaver evidence (i.e. zero density) are represented by the symbol
(the southernmost surveyed area without beaver evidence is very smalfya&ttmsurrounded

by a much larger surveyed area with visible borders on this figure for which the estimated beaver
density is 0.07 colony/kfi The map at the bottom left corner of the figure shows the beaver
distribution in North America in pale grey and theographic coverage of our study in dark

grey. The black line at the top of the figure represents the approximate beaver northern

distribution limit in our study area.
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Figure3.2. Boxplot of standardizedcegression coefficients (diglat 161 sampling location in

Québec, Canada. The btcbefficient at each sampling location represents the averdyge std
coefficients obtained with 16 GWR modelscurrent beaver density (see taBlg). Predictors

are averagannual temperaturd avg, total annual precipitatiorP¢ecip), river density River),

lake densityl(ake), coniferous cover densitfonif), deciduous cover densitpécid), mixed

cover densityNlixed) and density of slope lower than®(@opd), see Methds for predictor
descriptionsThe whiskers represent the 10% and 90% percentiles whereas the dots represent the

5% and 95% percentiles
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Figure3.3. Boxplot of standardized regression coefficientsisfdr two GWR models of
current beaver density at 161 sampling locatiarf@uébec, Canaddhe thick lines at the top of
the figure differentiate the results from model 14 (climate predictors only) and model 3 (all
predictors) as presented in TaBlé. Predictors are average annual temperatlier@, total
annual precipitationRrecip), river density River, lake densityl(ake), coniferous cover density
(Conif), deciduous cover densitpécid), mixed cover densityMixed) and density of slope
lower than10” (Topg), see Methods for predictor descriptiolbe whiskers represent the 10%

and 90% percentiles whereas the dots represent the 5% and 95% percentiles
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Figure3.4. Relative importance of predictoo$ current beaver density in ecological models with
alternative parameterizations. The ecological models are based on a combination of predictors
related to climate(), forest coverk), hydrological featureH), and topgraphy €). The

relative importance of each predictor within ecological models was estimated by averaging the
relative importance estimated by six RGWVR ecological niche models. More specifically, we

used a bootstrapping technique that randomly chtreyealue of the predictors and used the

change in predicted regional densities to assess the importance of predictors (see Methods). The
error bars represent the standard deviations across the six species distribution models. Predictors
are average annuamperatureTavg, total annual precipitatiorP¢ecip), river density River),

lake densityl(ake), coniferous cover densitfonif), deciduous cover densitpécid), mixed

cover densityNlixed) and density of slope lower than®{@op9, see Methods fapredictor

descriptions.
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Figure3.5. Standardized regression coefficients f¥tdr two GWR models of beaver density
(model 14 (climate predictors only) and model 3 (all predictors) as presented ir8Tatde161
sampling locationsn Québec, Canaddhe standardized naturesitb allow to directly compare
the influence of predictors where negative values (shown in blue) represent a negative
relationship between the predictor and beaver density aneisaty for positive values (in red).
Thestdb estimated by the GWiR.atie model are boxed at the top of the figure whereas the other
stdb are from the GWR predictorsmodel. Predictors are average annual temperafiangg, total
annual precipitationRrecip), river density Riven, lake densityl(ake), coniferous cover density
(Coniferou3, deciduous cover densitipéciduou, mixed cover densityMixed) and density of

slope lower than fTopography, see Methods for predictor descriptions.
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3.11 Supplementary material

Table3.3. Description of the all the neclimate variables used in our analydée selected six

of these noftlimatic variables to represent the hydrological features, topography, and forest
cover in our ecological models (see Methods). This table is adaptedJaoema, 2006)

Non-Climate Definition Non-Climate Definition
Variable Variable
Bufrivers Total area of the 200 m buffer arcund all Totdec Total area of land covered by deciduous forest
rivers in the study area, divided by the (including deciduous regrowth) in the 200 m buffer
total area of the study area zone around all rivers, |akes and wetlands in the
study area, divided by the total area of the 200 m
buffer around all rivers lakes and wetiands in the
study area
Buflakes Total area of the 200 m buffer arcund all Totmix Total area of land covered by mixed forest (including
lakes in the study area, divided by the mixed regrowth, mixed dominated by young
total area of the study area caniferous and mixed dominated by young
deciduous) in the 200 m buffer zone around all
waterways in the study area, divided by the total
area of the 200 m buffer around all waterways in the
study area
Bufwetland Total area of the 200 m buffer arcund Totmossroc Total area of land covered by moss and rock in the
wetlands in the study area, divided by the 200 m buffer zone around all waterways in the study
total area of the study area area, divided by the total area of the 200 m buffer
around all watenways in the study area
Relrivshor Total km of shoreline along rivers inthe Totrock Total area of land covered by rocks inthe 200 m
study area, divided by the total km of buffer zone around all waterways in the study area,
shoreline (rivers, lakes, wetlands) in the divided by the total area of the 200 m buffer around
study area all watenways in the study area
Relakeshor Total km of shareline along lakes inthe Totshrublich Total area of land covered by shrubs and lichens in
study area, divided by the total km of the 200 m buffer zone around all waterways in the
shoreling (rivers, lakes, wetlands) in the study area, divided by the total area of the 200 m
study area buffer around all waterways in the study area
Relwetshor Total km of shoreline along wetlands in Totshrubmoss Total area of land covered by shrubs and mosses in
the study area, divided by the total km of the 200 m buffer zone around all waterways in the
shoreline (rivers, lakes, wetlands) in the study area, divided by the total area of the 200 m
study area buffer around all waterways in the study area
#lake =100 All lakes within the study polygon that Toturban Total area of land occupied by populated areas
are less than or equal to 1 km* withinthe 200 m buffer zone around all waterways in
the study area, divided by the total area of the 200 m
buffer around all waterways in the study area
#lakes >100 All lakes within the study polygon that Tot2 Total area of land having a slope of less than or
are greater than 1 km* equalto 2 degrees within the 200 m buffer zone
around all waterways in the study area, divided by
the total area of the 200 m buffer around al
watenways in the study area
Totagri Total area of land used for agriculture in | Tot10 Tetal area of land having a slope of less than or
the 200 m buffer zone around all equalto 10 degrees wihin the 200 m buffer zone
waterways in the study area, dvided by around all waterways in the study area, divided by
the total area of the 200 m buffer around the total area of the 200 m buffer around al
all waterways in the study area watenways in the study area
Totconf Total area of land covered by coniferous | Tot30 Total area of land having a slope of less than or
forest (including conifercus regrowth) in equalto 30 degrees wihin the 200 m buffer zone
the 200 m buffer zone around all around all waterways in the study area, divided by
waterways in the study area divided by the total area of the 200 m buffer around al
the total area of the 200 m buffer around waterways in the study area
all waterways in the study area
Mineralsoil Total area of surface material made up Tot31 Total area of land having a slope of greater than 30
predaminantly of mineral particles degress within the 200 m bufer zone around all
containing =30% organic matter as watenrways in the study area, divided by the total
measured by weight, divided total area of area of the 200 m buffer around all waterways in the
study polygon study area
Organicsoil Total area of surface material containing Totbuff2 The area within the study polygon occupied by a
=30% organic matter as measured by slope less than or equal to 2°, dvided by the total
weight, divided by total area of study area of the study polygon
palygon
Softrock Total area of surface material made up of | Totbuff10 The area within the study polygon occupied by a
rock that can be dug with a shovel (i.e slope less than or equal to 107, divided by the total
undifferentiated shales, upper area of the study pelygon
Cretaceous and Tertiary materials),
civided by total area of study polygon
Hardrocaci Total area of surface material composed | Totbuff30 The area within the study polygan occupied by a
of granite, divided by the total area of the slope less than or equal to 30°, divided by the total
study polygon area of the study pelygon
Hardrocbas Total area of surface material composed | Totbuff31 The area within the study polygon occupied by a
of limestone, divided by the total area of slope greater than 30°, divided by the total area of
the study palygon the study polygen
Hardrock Total area of surface matenal composed | WolfDens Number of walves found in the administrative region
of hard rock of unspecified origin and or wildlife reserve, divided by the area of the
undifferentiated properties, divided by the administrative region cr wildlfe resarve
total area of the study polygon
Blank Total area that s undetermined, divided | BearDens Mumber of Black Bears per km squared per trapping
byt the total area of the study polygon 2ane
AvgHarvest Average Harvest of Beaver Pelts for Limitedroads km of road whose conditions vary depending on the
Structured or Free zones inthe season or to which public access is denied, divided
Administrative Regions of Québec by total area of study area polygon
divided by Area of Structured or Free
zone within the Administrative R egions of
Québec
Builtup km* of populated zones where buildings Roads km of roads for the movement of motor vehicles,
are so close together that, for divided by total area of study area polygon
cartographic purpese, they are
represented by a buik-up area outline,
divided by the total area of the study area
palygon
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Quantlle - Q1 - QZ‘ 03 Q4 - 05 - Q6 0 100 200 400 Kilometers
Figure3.6. Spatial variability in predictor values used in @malyses. The colour ramp is standardized using quantiles where each quantile

represents 16.6% sampling units. The smallest values are shown in blue whereas the highest values are shown in redré ssicige
annual temperatur@ &vg, total annuaprecipitation Precip), river density River), lake densityl(ake), coniferous cover densitgZonif),
deciduous cover densit{pécid), mixed cover densityMixed) and density of slope lower than’Top0, see Methodsfor predictor

descriptions.
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Linking statement

The previous chapter demonstrated that geographically weighted regression (GWR) has the
capacity to account for the spatial retationarity in the influence of predictors of beaver
regional density and that GWR models were broadly congruentcwtent beaver

ecological knowledge. In the next chapter, | evaluate the capacity of GWR models to produce
ecological niche models of human regional density across the globe. I then use these models
to create ecological forecasts of human regional deuasier climate change. | finally

combine these ecological forecasts with demographic forecasts based on statistics of human

vital rates to create an index of human vulnerability to climate change.
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Chapter 4 : Geographic disparities and moral hazards in the
predict ed impacts of climate change on human populations
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4.1 Abstract
Aim It has been qualitatively understood for a long time that climate change will have widely

varying effects on human webeing in different regions of the world. The spatial

complexities underlying our relationship to climate and the geographical dispamitiuman
demographic change have however precluded the development of global indices of the
predicted regional impacts of climate change on humans. Humans will be most negatively
impacted by climate change in regions where populations are stronglyddepen climate

and favourable climatic conditions decline. Here we use the relationship between the
distribution of human population density and climate as a basis to develop the first global
index of predicted climate change impacts on human populations

Location Global.

Methods We use spatialbexplicit models of the contemporary relationship between human
population density and climate along with forecasted climate change to predict climate
vulnerabilities over the coming decades. We then globally septeegional disparities in

human population dynamics estimated with our ecological niche model and with a
demographic forecast and contrast these disparities witle@i3sions data to quantitatively
evaluate the notion of moral hazard in climate chgeies.

ResultsStrongly negative impacts of climate change are predicted in Central America,
central South America, the Arabian Peninsula, seaitt Asia and much of Africa.

Importantly, the regions of greatest vulnerability are generally distantthrerigh latitude
regions where the magnitude of climate change will be greatest. Furthermore, populations
contributing the most to greenhouse gas emissions on a per capita basis are unlikely to
experience the worst climate change impacts, satisfyingotigitons for a moral hazard in
climate change policies.

Main conclusionsRegionalized analysis of relationships between human density distribution
and climate provides a novel framework for developing global indices of human vulnerability
to climate chang. The predicted consequences of climate change on human populations are
correlated with the factors causing climate change at the regional level, providing quantitative

support for many qualitative statements found in international climate change asgessme

Key words climate change, climate vulnerability, demography, ecological niche model,

human populations, geographically weighted regression, moral hazard.

HEADER: Spatiallyexplicit impacts of climate change on human populations
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4.2 Introduction
Recent international assessments of the societal impacts of climate change repeatedly stress

the importance of defining regional vulnerabilities to inform adaptation po(i¢iesid

Health Organization [WHO], 2004; Pagtr al, 2005; IPCC, 2007; Lobedit al, 2008; World
Water Assessment Programme, 2009)e importance of geographic disparities in the impact
of current climate variability on human populations has also received much attention with the
2003 European heat wagleoumaderet al, 2005; Chaset al, 2006) recent droughts in
Australia(Horridgeet al, 2005)and Californig(Service, 2009)and dramatic impacts on the
traditional lifestyles of Inuit communitiggord & Smit, 2004)Furthermore, there is strong
evidence that climate change has played a major role in defining the history of human
civilizations (Weisset al, 1993; Kuper & Kropelin, 2006nd widespread scepticism that
modern technology and globalizatiorilglobally alleviate the negative impacts of climate
changgZhanget al,, 2007; Burkeet al, 2009; Trouett al, 2009) The complexity of

regional dynamics underlying the coupled hureamironment system has however restricted
most climate vulnerability assessments to qualitative or regional apprdaciyes, 2006)
Spatial variability in the magnitude and direction of climate change impacts makes it
challenging but important to develop global indices of regional vulnerability to climate
changgDyson, 2005)

Niche modelling is an increasingly common approach used by ecologists to predict species
responses to climate change (Peterson, 2003; Austin, 2007). The approach assumes that a
species response to climate changelmanticipated by modelling how environmental

niches currently occupied by the species will contract, expand and/or move as a result of
climate chang€Austin, 2007) Application of niche modelling to predict the impacts of

climate change on human pogptigas is potentially problematic for many reasons, but most

of these problems are not unigque to humans. The possibility that the current distribution of
humans reflects where humans choose to live not where they are capable of living, that the
distributionof humans is dictated more by historical contingencies than current climate
conditions, that any apparent relationship between human populations and climate is indirect
and likely to be mediated by the distribution of resources, that the current associati
between humans and climate may not persist in a rapidly changing world, and that humans
are too complex to model using simple associations between climate and distribution, are
possibilities that also applglbeit to a lesser degréde,all the norshuman organisms that

have been studied with ecological niche modelling. As a result, these potential limitations
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have been widely discussed and debated in the ecological niche modelling literature in the
context of other animals and plants (see reviewBdason & Dawson, 2003; Austin, 20Dp7
Application of niche modelling to human populations can thus be informed by a large and
growing literature focused on the complexities involved in modelling a wide range of species
responses to climate change. Furtherase the assumptions and limitations involved are
likely to be similar, at least in kind if not to the same degree, application of niche modelling
to a species as widespread and well known as humans may also provide insight into the

implicit logic and geeral limitations of niche modelling in ecology.

Humans are globally distributed, but human population density is regionally variable.
Accordingly, the distribution of human population density provides a more appropriate basis
for niche modelling than theange distribution of human presence. However, because
humans live in such a wide range of climate conditions and are socioeconomically diverse,
the relationship between climate and human density is likely to differ in different parts of the
world (Diamord, 2004; Fagan, 2004). For example, human population densities might be
higher in cool localities in warm parts of the world or wet localities in dry parts of the world.
Furthermore, the strength of association between climate and human populatiokeig unli

to be globally uniform, with human density more closely correlated with climate in some
parts of the world than others. Finally, similar to the sd&jendence of many ecological
patterns $chneider, 2001; McGill, 20)0the nature of correlations tixeen climate and

human populations are likely to vary according to the scale of comparison. In particular, the
local distribution of human population density (e.g., over scales of tens to hundreds of
kilometres) is likely to be dictated by natimatic ard historical factors such as proximity to
waterways, trade routes, and geological features, whereas across larger scales of comparisons
(e.g., hundreds to thousands of kilometres) these factors are more likely to generate localized
exceptions within a braker pattern of density distribution, which may be correlated with
larger scale environmental gradients such as climate. These forms of spattdtimrarity
(Fotheringhanet al, 1996)in the relationship between human populations and climate
requires a spatiallgxplicit modelling approach, such as geographically weighted regression
(Fotheringham, 2002)n which regression parameters have enough spatial flexibility to
reflect regional differences in humafimate associations. The alternative of standard
regression models is inherently imprecise because regional dftssare treated as noise

rather than informative spatial patterns.
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Here we assess the potential impacts of climate change on human populations by combining
current regional relationships between climate and human population density with predicted
regiond climate change (Figd.1). The key assumption to this approach is that a) favourable
climate conditions are currently associated with high population density and unfavourable
climate conditions are associated with low population density and b) the sygdadimate

change on human populations will be more severe where climate conditions currently
associated with high population density decline rather than expand. These assumptions are
not inconsistent with the existence of many additionalelonatic deerminants of human
population density such as land use and agricultural production, distance from trading routes,
and natural resourcéSmall & Cohen, 2004; Nelsaat al, 2006) nor of many additional
nonclimatic determinants of human vulneildip to climate change such as regional

differences in exposure, sensitivity and resilience to climate change (Earler2003). But

we do assume that the many and complex socioeconomic determinants of the distribution of
human populations and themmerability to climate change are best considered not only in
relation to how much climate is expected to change but also in the context of the match or

mismatch between regional climate suitability and regional climate change.

First, we empirically examine how much of the global variation in human population density
can be explained by climate variables, which climate variables offer the most explanatory
power, and the nature and extent of regional variation in relationshipsdsetlimate and
population density. Second, we examine the importance of agricultural production as a
potential covariate in relationships between climate and human population density. Third, we
develop a climate vulnerability index (CVI) by combiniregional climatedensity

relationships with predicted regional climate charigigh vulnerability is predicted for

regions where climate change will cause a decline in conditions currently associated with
high population density and an increase in conditions associated with low population density.
Fourth, since regions with rapiegpulation growth are likely to be most severely impacted by
climate changéRaleigh & Urdal, 2007)we build on the CVI to develop a climate

demography vulnerability index (CDVI) that also incorporates current demographic trends. In
this case, highwnerability is predicted for regions where a decline in climate conditions
currently supporting high population density is combined with rapid population growth.
Finally, we relate this climatdemography vulnerability index to current per capita

greenhose gas emissions as an initial quantification of potential moral hazards involved in

climate change mitigation policies. If moral hazard represents a reduced incentive for actors
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to minimize risk if they are unlikely to bear the most negative potentiabmeés of their
actions (cf. Dembe & Boden, 2000), then a negative correlation between the causes and
potential consequences of climate change is consistent with a moral hazard (or at least a

perverse incentive structure; Rauchhaual, 2009) in climateehange mitigation.

4.3 Methods
Data source

Human densities in 1990 and 2015 were obtained through the third revision of the Gridded
Population of the World (GPW) datasetjustedo United Nation national population size
(CIESIN, 2005). The extrapolation methods in the GPW dataset is based on population data
obtained in the most recent soational censuses from nearly 400 000 administrative units
with averaye input resolution of 1Bm and adjusted to national population sizes forecasted in
2015 by the United Nations. We used’aelsolution grid describing 18 504 georeferehce
human densities (Figt.7).

Climate data for current conditions (193000 averag) and general circulation model

forecasts for 2050 were obtained from WorldClim, versionHignans, 2005) We used the

10 areminute resolution consisting of 587 000 data points and filtered the dataset through our
georeferenced human dag¢hto obtain 15 842 pairs of climate and human data. The reduced
sample size produced by combining both datasets is due to the spatial mismatch in available

data for islands and coastal areas.

Geographically weighted regression models

We usedjeographically weighted regression (GWR) to describe the spatiatatonarity
nature of current humagiimate relationship. Our statistical models correlate 1990 human
densities with a few climate variables that are geographically weighted to alltal spa
flexibility in their respective regression coefficients. Take, for example, a model with four
predictors: annual mean temperatfi@) (Tavg, mean temperature diurnal rang€)(
(Trang#, total annual precipitation (mmiP{ot), and precipitation seasality (Psed. Current
humanclimate relationships are then predicted by the following spatiedblicit regression

model:
denSItYat,long = bO(Iat,Iong) + bTavg(|atv|ong)Tanat,long + bTranggatJong)T rar]gglt,long equatlon 1

+ thot(lat,long) Ptorat,long + stea(lat,long) Pseaat,long + elat,long
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Local regression coefficients are estimated as:
2 . . equation 2
b(lat,long) = (XTVV(Iat,Iong)X) l><TVV(Iat,Iong)densn:}(lat,long)
whereX represents the matrix of predictors aNdepresents the matrix of geographical
weights for each of the observed data used at a given location. We ussgLiarei
geographical weightinguhction as shown in equation 3:

Wigiong = (1= (Gagjong/0)?)? if Giagion <D

=0 otherwise

lat,long latlong <

equation 3

wherew represents the weight of observed datdis, the distance between the observed
datum and the area where local regression parameters are estimate, atiareshold
distance referred to as the bandwidth.

We assessed the predictive power of 19 climate variables at various bandwidths with the
software SAM(Rangelet al., 2006) The tandwidth is limited to a minimum value by high
spatial colinearity in predictor values while very large bandwidths cannot describe non
stationary patterns. A bandwidth of°4Z3000km) was chosen to maximise overall fit of
regression models and minimiseoslyrcratic regional patterns (Fig.8, Table4.1, 4.2). We

had to divide the global dataset in four regions (&iaédl 94 of longitude and isolating the
Americas; mapped olfig. 4.3) because of computing limitations arising with large matrices
(seeequation 2). We adjusted the geographic coverage of the four datasets by overlapping
data by 17to minimize edge effect in regression coefficient estimates around division lines.
We selected two models with both high regiosighificance (defined in Tabk.2) and
predictive power but with contrasting climate variables to insure that our results are robust to

the selection of climate variables.

Indirect influence of agriculture

We evaluated the importance of agriculture as an indirect predictor of ldemaity by

modeling human density with both climate and agricultural variables. Based on Ramankutty
et al.(2008) gridded agricultural dataset, we created an agricultural density index by
combining the proportion of land used for crops and pastures in 20®@ontrasted the
explanatory power and the standardized regression coefficients of climate variables obtained

with a climate model and a climagégriculture model.
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Climate vulnerability index

We forecasted human densities in 2050 with equation 1 tlengegression coefficients from
current humastlimate models and climatforecast data for 2050 (Fi4.9). From this

climate consistent forecast, we estimated regional human density annual growth rates

between 1990 and 2050 as follow:

] = eﬂn(hdzosalln(hdlgga)/eo equation 4
C

Wherea. represents climate consistent human density annual growth rate (referred herein as
the climate vulnerability inde>xCVI) andhd represents predicted human density based on
equation 1.

Climate-demography vulnerability index
We created a climatdemography vulnerability indexCQVI) reflecting the concordance
between climate consistent human density annual growth eatiesng equation 4) and
human density annual growth rates betweer0l®®l 2015 based on demographic models
(&) (Fig. 4.11). We calculate@y with equation 4 taking into account the different temporal
horizon and had to limit its geographical coverage to regions ezemnhuman density in
the 1990 human density datasgte CDVI is thus:

CDVI=/,-1, equation 5

RegionalCDVI values are consequently positive where climate consistent human density
annual growth rates are lower than human density annual growth rates predicted by

demographic models.

Moral hazard

We used a linear regression model to evaluate the relationshipdrethe cause and the

predicted consequence of climate change. Given the lack of gridded greenhouse gas emission
dataset, we defined the cause of climate change based on national per captagsOns in

2006 from the International Energy AssociatitieX) estimates under the sectorial approach
(OECDI/IEA, 2008) We transformed the IEA data to national per capita €@issions using
national population size and national bdaries in 2006 from UNPD (Fig.12) (UNPD,

2007) Excluded from this analysis are sevehtyo nations, collectively representing less

than 2.7% of the world population in 2006, with UN membership but withoyte@@sion
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data We averaged gridded natior@@DVI values to test the moral hazard hypothesis with the

following regression model wheMPCErepresents national per capita £mission:

CDVI = b, + bypceNPCE Equation 6

Climate forecast uncertainties

To assess the robustnessOMl andCDVI to regional climate change uncertainties, we used

two other sources of climate forecasts (CSIRO, HADCM3) in addition to the CCCMA 2a2
forecast presented in the main text. In all cases, we used Worldclim climate data based on the

A2 emission scenario antle 2050 horizoifHijmans, 2005)

4.4 Results
Evaluation of the relationship between gridded global human deasiyclimate using

geographically weighted regression revehé approximately half of the global variation in
human density can be accounted forfdayr climate variables (Tabk.2). Regions of high

and low explanatory power were widely dispersed across the globe and not obviously related
to population density atlimate conditions (Figd.2). The spatial pattern of climatiensity
residuals (actual densityclimate predicted density) does not reveal large scale deviations in
population density that are not accounted for by climate, but does indicate many dbcalize
areas where population density is much higher or lower than predicted from climate alone
(Fig. 4.2). The spatial patterns of standardized regression coefficients relating climate
predictors to population density are pstationary (pvalues< 0.001 acros all models) with

major continental isoclines of shifting coefficient sigrgy. 4.3). In general, human

population density tends to be negatively related to average annual temperature in warm parts
of the world (e.g. northern South America and Afric&im 4.3a) but positively related in

cold parts of the world (e.dnigh latitudes in Figd.3a). Similarly, human population density
tends to be negatively related to total annual precipitation in wet parts of the world (e.g. north
eastern North Ameca and Soutleast Asia in Fig4.3c) but positively related in dry parts of

the world (e.g. central North Ames and the Middle East in Fig.3c). This is not

surprising, but the spatial change in relationships is not captured by most regression

techniqwes given their stationary natui@mall & Cohen, 2004)
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Agricultural influence

The explanatory power of our ilate model of current human density (&j= 58%) was

similar to the one (adR? = 61%) obtained by adding agricultural density (i.e., a combination
of both crop and pasture density) as an additional predictor. Using crop density and pasture
density as tw separate and additional predictors incrementally improved the explanatory
power (adiR? = 67%). However, the four climate variables included in our model also
explained considerable variation in crop density-@fi 61%) and pasture density (&R =
57%), suggesting that human density is influenced by climate conditions and agricultural
density in a highly collinear pattern. The standardized regression coefficients of the four
climate variables from the climatnly and the climatagriculture modelsvere highly
correlated (average Pearsono6s-000wthal at i on
average slope of 0.82 (range 60.89)). Thus, although including agricultural density in our
climate model decreases the explanatory power of climatecfexdby about 20%, the

regional patterns of climate variable regression caefits remains unchanged (F43,

413, 4.13.

Climate vulnerability index

Regions with highCVI (i.e., where climate conditions currently associated with high
population densities will shift towards climate conditions associated with low population
densities) include central South America, the Middle East, and both eastern and southern
Africa (Fig. 4.4). Regions with lowCVI are, on the other hand, largely restricted to northern
portions of the northern hemisphere. Localized anomalies in predittecear areas
classified as having zero population density, such as central Brazil and centrala@hina,
artefacts caused by the increased sensitivity of growth rates estimated for very small

predicted human densities.

Climate-demography vulnerability index

The CDVI magnifies the higl€ VI in regions where demographic forecasts of population
growth are lgh such as central South America, the Arabian Peninsula,-eastiAsia and
much of Africa (Fig.4.5). Regions with lowCVI, including northcentral North America,
northern Europe, and central Asia, also tend to have the most favoOEa¥ldecause most

of these regions are experiencing stable or even declining demographic growth rates.
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Model robustness

We evaluated the robustness of our analyses with respect to the selection of predictors by
comparing two models with contrasting sets of climate vl he spatial patterns of
standardized regression coefficients strongly déffiebetween models (Fig.3 and4.15), but

the spatial patterns &VI andCDVI of both models we very similar (Fig4.4-4.5 and4.16-
4.17). TheCVI andCDVI were also robugo current uncertainties in fecasted climate

change (Fig4.18-4.19).

Moral hazard

We found a significant negative correlation between national per capitar@8sions and
national averag€DVI supporting the moral hazard hypothesis that countries predicted to be
most negatively impacted by climate change are contributing the legrgteiohouse gas
emissions (Fig4.6). The explanatory power of this relationship is relatively low£R8%)
indicating substantial variation in predicted climate change impacts, at a national level, for a

given per capita C&emission.

4.5 Discussion
The human impacts of climate change are likely to be most severe in parts of the world where

current demographic gwth is rapid and future climate change will amplify and expand
conditions currently supporting low human densities. Our global analysis identifies hot and
arid regions that will become hotter and drier in the future as particularly vulnerable. This
predidion is far from surprising. Nevertheless, the observation that regions of greatest
vulnerability are generally distant from the high latitude regions where the magnitude of
climate change will be greatest and generally distinct from the nations respdasitvlost
greenhouse gas emissions has important implications for climate adaptation and mitigation
policies. On the other hand, our analysis indicates that many cold, low density parts of the

world have the potential to support higher population dessiti@ climate changed future.

Similar to most contemporary research on the ecological impacts of climate change using
niche models (Austiet al. 1984; Guisan & Thuiller, 2005; Austit al, 2006), the reliability

of our analyses is a function of bothtd quality and underlying assumptions. The quality of
current human density data (CIESIN, 2005) and global climate Hataanset al,, 2005 is

likely to be very high at the spatial resolution used in this study. Further, our demonstration

86



that predictd patterns of climate vulnerability are highly congruent across two sets of climate
predictors and three general circulation models, indicates that these predictions are robust to
current uncertainties in forecasted climate change and climatic corrdiatenan density

(Fig. 4.18). However the adequacy of our underlying assumptions requires careful

evaluation. The main criticisms of ecological niche models are that they aspaoies to be

at quasiequilibrium with current climate, that they sometimeteipret specieslimate

correlations as causal, and that they assume instantaneous responses to climate change

(Pearson & Dawson, 2003; Hampe, 2004). We consider each of these assumptions in turn.

Current human-climate relationships

The complexities of human societies and the rapidity of their demographic and technological
transitions make it unlikely that the distribution of human population denstygsasi

equilibrium with current climate. However, a small number of climatealées account for a
surprisingly high proportion of global variation in contemporary human defsigy.

proportion of variance in current human density explained by our climate models varied
between 40% and 60%ith an average of 54% (Tabde2). Such ex@natory power is

favourably comparable to climate modelling of other species. For example, l'etr@ion

(2008) modeled the current abundance of 134 tree species in eastern United States based on
38 climatic and nowlimatic variables and the pseu of their random forest models

averaged 29% (standard deviation = 21%). The same research group also modeled 150 bird
species in the same region based on climatic, elevation, and tree abundance variables and
their mean model had a pseuBoof 66% (standardeViation 15%; Rodenhouss al,

2008). If such predictive powers are considered to provide a satisfactory empirical basis to
generate coarse initial predictions of bird and tree distributions in a climate changed future,
then,a fortiori, our models sugge the same techniques can be usefully applied to humans
(despite all of the events of recent centuries that could have served to decouple contemporary
human density from contemporary climates). The capacity of climate conditions to predict
the geographidalistribution of human density has also been indirectly supported based on
the relationships between climate, lamgk, and human density across the old World and
Australia (Beck & Seiber, 2010) The reason wiy simple climatadensity models

performed well, despite the absence of historical, economical, or cultural components, likely
relates to the importance of spatial scale and spatial flexibility in explaining biogeographical
patterngSchneider, 2001; McGill, 2010)
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We analysed the relationship tveen climate and human density over large spatial scales,
which reduces the importance of more localized determinants of population density such as
proximity to waterways, trade routes, geological features, and areas of industrial and
agricultural developent. The spatial scale of our models cannot describe highly localized
and drastic variations in human density (e.g., Nile and Ganges valleys, large cities); as a
result urban areas and other localized forms of population aggregation are largely
contributirg to unexplained variation in our models. These factors are clearly important
determinants of smaller scale patterns in human density distribution and likely account for
why significant amounts of variation remain unexplained by our models. The resitloals o
climate-density modelFig. 4.2) clearly illustrate localized regions where population density
is higher or lower than expected based on climate variables. This map may be of interest to
researchers interested in moving beyond simple cliipased eplanations of human density
distribution to explore the multitude of historical, cultural, economic, and geographic
determinants of density distribution. Vulnerability to climate change will also be heavily
influenced by fine scale patterns in the disttiti of human population density, including
urbanization flcGranaharet al, 2007;Satterthwaite, 20Q9distance from coastlines related
to sealevel rise (Nicholls & Lowe, 2004 ), and access to freshwatkarid Water

Assessment Programme, 200But these issues are probably best investigated with targeted
regional models rather than by attempting to modify global models to include all factors of
potential regional importance. In any event, our global representations of climate
vulnerability are basednd should be interpreted, at a broad regional scale similar to the

scale at which climate conditions vary.

Second, we used a spatially explicit modelling approach capable of analysing spatial non
stationarities in humaalimate relationships rather thé&eating these as noise in a global
model. The capacity for geographically weighted regression to capture the geographical
variability in the magnitude and direction of humelimate relationships significantly
decreased the spatial attorrelation of reslual values while providing visual insights into

the spatial pattern of the influence of climate conditions. Thestationary nature of this
regression technique is also important in modeling species with broad distribution, such as
humans, because ibds not rely on the assumption that there is no local adaptation. This
often unrealistic assumption may also explain why stationary models of species with broad
distribution are generally weaker than those of species with limited distribution (Negtbold
al., 2009).

88



Causality in speciesclimate correlations

One of the most fundamental criticisms of ecological niche modeling is that current species
climate relationships may not persist in a changing climate because they are not direct, causal
relationships. Although future projections are difficult to testpieical support for climate

based modelling of a variety or plant and animal taxa has been shown by predicting the non
native ranges of invasive species based on the climatic niche of their native range (Peterson,
2003; Thuilleret al, 2005; but seBroemimannet al, 2007; Fitzpatriclet al,, 2007.

Paleoclimate studies also reveal a surprising degree of coherence between species
assemblages and prevailing climate conditions, even during periods of relatively rapid
climate change (though unlikely to be rapid as the anthropogenic warming occurring

during this and the previous century) (McGlone, 1996; Aratial., 2008). Finally, recent

climate change has been shown to coherently drive a wide range of ecological phenomena,
despite an importance of manonclimate determinants (Parmesan & Yohe, 2003).

The validity of our climate vulnerability indices requires sufficient continuity in climate
influences on human populations, that the climate vulnerability of human populations in a
climate changed futerwill be related, in some way, to the current climatic correlates of
human density. The high explanatory power of our models of current human populations may
be driven by nostlimate variables that are influenced by climate. If this were the case, our
indices would only be meaningful if the climate relationships of theseclmate variables
remained consistent in a changing climate. Localized sexomomical variables such as
concentrated areas of resource exploitation, transportation, trade, or ecdewaiopment

are likely to contribute to unexplained variation in our models, rather than as globally
coherent covariates of the densitymate relationship, given the relatively smooth changes in
the regression coefficiemof climate predictors (Figl.3, 4.13, 4.15). Agricultural and large

scale socieeconomic variables are better candidates for globally important covariates of the
climatedensity relationship, because they have global relevance and are more likely to vary

across large spatial scal@sa pattern similar to climate variables.

Food production has been central to the foundation and persistence of human societies
(Diamond, 2004) and its strong association with climate conditions have lead to climate
change models predicting substahtegional changes in food production (Thomas, 2006;
Cline, 2007). Additionally, cropland and pastures now represent approximately 40% of the

land surface (Folegt al, 2005) and may therefore strongly influence the geographical
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distribution of human desity. Our climatebased models of current agricultural density

support the hypothesis of strong climaigriculture relationships. On the other hand, our
analysis indicates that the climatic correlates of human density are strongly overlapping with
climatic correlates of agricultural output. Thus; at a global scale of analysis, agricultural
density explains little additional variation in human density that is not already explained by
climate. This overlap in explanatory power, knowledge that not all climgdacts on human
populations operate via agriculture and the absence of gridded global agricultural forecasts
have led us to focus on predictions of climate vulnerability derived from destsitgite
relationships for the time being. However, the pastetii and presumably future

distribution and wetbeing of human populations is likely to be as dependent on the
availability of food resources as any other animal populations. As a result, more thorough
examination of the interrelationships between clan#te production and distribution of food
resources, and the density distribution and vulnerability of human populations clearly
warrants deeper consideration. Climate conditions have recently been shown to better explain
current laneuse patterns than stype in the old World and Australia (Beck & Seiber, 2010).
Although Beck & Seiber (2010) did not model current human density with climate variables,
their models of human density based on lasd variables performed relatively well (&&fj

= 34%).

In many regions of the world, forms of so@oonomical development and employment
opportunities seemingly unrelated to either climate or agriculture may be primary
contemporary drivers of human density distribution. The emergence of these density drivers
mayonly partially erode current correlations between climate and density if development and
employment tends to arise in localities with a long history of dense human occupation, which
may have originally been predicated on climate or agricultural suitafilite emergence of

major economic and employment opportunities in previously unoccupied, climatically
unfavourable regions of the world would do much more to weaken current associations
between climate and human population density. But to the extehésatremain localized
concentrations of higher than expected density in vast regions of otherwise low density, they

are unlikely to be important influences in global analyses of human density distribution.

A more important and uncertain issue is how@economic factors will interact with
contemporary climatic correlates of population density and regional climate change to define

the climate vulnerability of human populations. In this paper, we considered only one socio
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economical factor, projected poptibn growth rates derived from demographic forecasts, in
our analyses. Inclusion of this so@geonomic variable to create our CDVI index tended to
reinforce and amplify the regional disparities predicted from our CVI index based on climate
and density @ine. That is, regions where climate conditions currently supporting high
population density are expected to decline also tend to be characterized by higher than
average population growth. Thus, comparison of CVI and CDVI maps reveals a similar
global patten but the magnitude of disparity tends to be higher after the inclusion of one
socio-economical variable. But many more seeimonomic variables can and should be
considered. For example, recent research has examined the importance of climate conditions
on national institutions (Sokoloff & Engerman, 2000; Acemagflal., 2001), associations
between trade policy and economic development (Frankel & Romer, 1999), and relationships
between national institutions, environmental endowments and economic devaeiopme
(Easterly & Levine, 2003).

Instantaneous Response

Climate change predictions based on ecological niche models are often criticized because
they assume instantaneous species responses to new climate corfl@aserf & Dawson,

2003. For example, if climate change leads to the appearance of suitable climate conditions
in a previously unoccupied location, species are assumed to be able to immediately occupy
that locality. This assumption ignores potential limits to dispersal ardifflweilty of

establishing in sites that may lack key resources or habitats (because they may be lagged in
their response or also be limited by rdimatic factors). Because our analysis focuses on
human population density within already occupied areas;igumvent the necessity of

some of these assumptions. Nevertheless, our calculation of climate consistent population
growth involves a similar implicit logic that, as climate changes, so too will the potential for
human population growth. However, ircognition of the many diverse drivers of human
population growth and responses to climate change, we do not proceed to the step of using
our climate modelling to predict the redistribution of human population density in a climate
changed future. Insteadeviimit our analysis to the calculation pdtentialclimate

consistent population growth as a basis to predict regions of relatively high and low
vulnerability to climate change. Although our approach could be extended to predict climate
change induced mration patterns (Myers, 2002; McLeman & Smit,2006), we caution about
the need to differentiate potential from realized responses to climate change and the need to

match the spatial scale of analyses to the spatial scale of interpretation.
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4.6 Conclusions
The strength of current associations between human population density and climate

conditions and the robustness of the climate vulnerability predictions they generate offer a
critically needed framework for predicting regional disparities in the potemgcts of

climate change on human populations. Regional vulnerability assessments have been largely
focused on the influence of GCM forecasts on adaptive capa@Rie€, 2007; World Water
Assessment Programme, 200@} there is little doubt thateating exposure as simply the
magnitude of change in one or a suite of clenadriabless inadequatéHockleyet al,

2009) Climate exposure should rather incorporate regional relationships between populations
and climate, the direction and magnitude of regional climate change, as well as current and
predicted demographic trenf(ddcGranaharet al, 2007; Meyersoet al, 2007; Pope &

Terrell, 2008) Additionalinsight into the human consequences of climate change can be
achieved by expanadg the framework described here to consider additional climate change
effects, such as sea level r{§verpecket al, 2006; Yinet al, 2009)and extreme weather
eventg(Hockleyet al, 2009)as well as measures of adaptive capacities in areas such as
resource management systems or development initig®res & Wandel, 2006)

In summary, we believe that the capacity of our simple human ecological models to explain
broad densitylistribution patterns provide a coarse but important way to formulate initial
predictions of the impacts of climate change on human societies. These initial predictions can
be used as a null model (Gotelli, 2001) to highlight the regional importanistafidal,

economical, or social correlates of human density and climate change vulnerability.
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(Eq. 4)
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Moral Hazard (Fig. 6)

Figure4.1. Conceptual framework of a spatiakyplicit approach for predictinthe impacts of
climate change on human populations. Rectangles represent data or indices calculated by the
eguations above each rectangle (see Methods). The climate vulnerability@dgis(

estimated by combining climate change forecasts with contempi@iationships between

human density and climate. We further refined@\é by contrasting predicted vulnerabilities

with demographic growth rates to create a clirt@mography vulnerability indexCOVI)

reflecting the spatial disparities between dgraphic trends and climate consistent population
growth. ThisCDVI is then compared to per capita £&nissions on a natieloy-nation basis to

test the hypothesis of a moral hazard in climate change mitigation policies.

100



- Local adj-R?

. High: 0.744 ’

Low : 0.006

Residuals

- High : 433
B Low:-11.7

Figure4.2. Global variation in explanatory power (local adjustéi&®&nd r esi dual val u:
(observed densi t)yofaGWR mquel eptdasenting D90 denarsderisites
based on four climate predictors (Fg3). The averag (standard deviation) of local allf and

residual values are, respectively 0.35 (0.17) and 0.11 (3.23).

101



Figure4.3. Geographically weighted regression analysis of the contemporary relafidietween human population density and four

climate variables (R= 58%). Panelsiillustrattt andar di zed regression coefficfCe@Br s (stdef
mean temperature diurnal rang€)( (C) total annual precipitation (mm), and (D) precipitation seasonality (coefficient of variation).

The average and range of slOHhA.7,{BpOx31l:R.8c®h3, (€)D.0%#LZ DI1L.8 (Dg0.0&1.8t¢ A) 0. 2
5.6. The blackines at the bottom of panel (C) represent the longitudinal breaks in the global dataset and apply to all four panels (see

Methods).
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B High : 1.21

Figure4.4. Climate vulnerabilities index@Vl)e x pr essed as <cl|l i mat e ¢ seexjquatibnedpblasecaomnual gr
contemporary human densitjimate relationships (Figt.3) anda 2050 climate forecast (Fig.9). Climate consistent annual growth

rates less than one, indicated in regyesent negative growth and high vulnerabilities while changes in annual growth rates greater

than one, indicated in blue, represent positive growth and low vulnerabilities. White regions correspond to zero hugnealgessit

in the global gridded popuian database.
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Figure4.5. Global climatedemography vulnerability indexCOVI) estimated by subtractingVI (Fig. 4.4) from demogrphic annual

growth rates (Fig4.11), expressed asuman density annual growth rates (see equation 5). Highly negative values, indicated in blue,
represent low vulnerability situations where current demographic growth is much lower than climate consistent populétion grow
while highly positive values, d@icated in red, represent high vulnerability situations where current demographic growth vastly exceeds

climate consistent population growth. White regions correspond to zero human density values in the global gridded population

database
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Figure4.6. Relationship between per capita £€nissions (KT per person) and aver@gzVI
among 120 nations (0.001). The per capita G@missions are based on OECD/IEA 2006
national CQ emissiondOECD/IEA, 2008)and UNPD 2006 population sifgNPD, 2007)
(Fig. 4.12). Excluded from this analysis are sevetwyp nations, collectively represeng less
than 2.7% of the world population in 2006, with UN membership but withoute@@ssion data
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4.11 Supplementary materials

Table4.1. Climate variables used to predict contemporary human dersitiethe number of

models including each variable. The variable code is used to name modébls t2a

Code

Climate predictor

# of models

© 0O ~NO O WDNPRF

PR RERERRRERRE
© O ~NO UM WNEREO

Annual Mean TemperaturéQ)

Mean Temperature Diurnal Rand€)
Isothermality (%)

Tenperature Seasonality (%)

Max Temperature of Warmest MontiC]
Min Temperature of Coldest MontfQ)
Temperature Annual RangéC]

Mean Temperature of Wettest Quar(éc)
Mean Temperature of Driest Quartéc)
Mean Temperature of Warmest Quarf)(
Mean Temperature of Coldest Quart&e)(
Total Annual Precipitation (mm)
Precipitation of Wettest Month (mm)
Precipitation of Driest Month (mm)
Precipitation Seasonality (CV)
Precipitation of Wettest Quarter (mm)
Precipitation of Driest Quarter (mm)
Precipitation of Warmest Quarter (mm)
Precipitation of Coldest Quarter (mm)
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Table4.2. Explanatory power and regional significance of 33 GWR models of contemporary
human densities based on current climate predictors. Adjusted coefficients of determination are
calculated by averaging the & of the four datasets independently analysee (dethods).

The regional significance index is an average for the four datasets of the proportion of localities
where the pseudevalues (Fotheringhamt al, 2002 are larger than 2 for each climate

predictor. Modebtescriptions are based on taBlé. Selected models are in bold

Model Adj-R? Regional
significance
hd=f(1,3,7,10,11) 0.582 53%
hd=f(1,2,4,5,6) 0.581 43%
hd=f(1,2,12,18,19) 0.579 52%
hd=f(1,2,12,15) 0.575 65%
hd=f(1,2,4,7) 0.568 51%
hd=f(1,5,6,12,15) 0.568 43%
hd=f(1,5,6,13,14) 0.568 42%
hd=f(1,5,6,16,17) 0.568 42%
hd=f(1,10,11,12,15) 0.567 48%
hd=f(4,7,10,11) 0.566 44%
hd=f(1,3,12,16,17) 0.565 48%
hd=f(1,4,12,16,17) 0.563 50%
hd=f(1,5,6,13) 0.561 42%
hd=f(1,7,12,15) 0.560 61%
hd=f(5,6,13,14) 0.560 48%
hd=f(1,8,9,12,15) 0.559 32%
hd=f(1,5,12,15) 0.559 56%
hd=f(1,3,13,14) 0.556 60%
hd=f(1,8,9,12,18,19) 0.555 30%
hd=f(10,11,12,15) 0.554 54%
hd=f(1,5,6,14) 0.553 42%
hd=f(1,3,18,19) 0.545 56%
hd=f(8,9,12,15) 0.542 59%
hd=f(1,5,6) 0.542 43%
hd=f(2,4,7,15) 0.529 51%
hd=f(1,12) 0.527 71%
hd=f(8,9,18,19) 0.522 60%
hd=f(12,13,14,15) 0.496 48%
hd=f(12,15,16,17) 0.495 49%
hd=f(13,14,15) 0.480 51%
hd=f(12,13,14) 0.480 51%
hd=f(12,15) 0.474 66%
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Figure4.7 Global distribution of human density, expressed as persons peirki®90 at a resolution of {CIESIN, 2005).
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Figure4.8. Explanatory power and average regional significance of two current climate models
of 1990 human densities as a function of GWR bandwidth (modhel=£(1,2,12,15) model 2:
hd=f(1,5,6,13) see table 4.1 antl2) for the Old World, displayed as averagé¢hefthree

datasets analysed. The New World required a bandwidth based on an adaptive kernel of fixed
sample size rather than spatial threshold because Hthimus of Panamda he regional

significance index is an average of the proportion of localitiesre the pseudevialues
(Fotheringhanet al, 2002) are larger than 2 for each climate predictor. The dataset representing
the western part of the Old World is not included in the 2500km bandwidth for both models due
to high spatial colinearity in predar values. Similarly, we limited our analyses to bandwidths

greater than 2500km because of high spatial colinearity in predictor values at lower bandwidths.
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Figure4.9. Forecasted change between 1990 and 2050 in (A) annual mean temp&CatB) (mean temperature diurnal rang@)(

(C) total annual precipitation (mm), and (D) precipitation seasonality (coefficient of variation). Based on interpoldtechdbta
CCCMA 2a2 general circulation model (Hijmagisal, 2005)
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Figure4.10. Forecasted change between 1990 and 2050 in (A) annual mean temp&@tyi) (maximum temperature of the
warmest month°C), (C) precipitation of the wettest month (mm), and (D) minimum temperature of the coldest {6)nBaged on
interpolated data from the CCCMA 2a2 general circulation model (Hijaals 2005)
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