THE VALUE OF SPECIES DISTRIBUTION MODELS AS A
TOOL FOR CONSERVATION AND ECOLOGY IN EGYPT
AND BRITAIN

Tim Newbold, Bsc. (Hons.)

Thesis submitted to the University of Nottinghantfor the degree of
Doctor of Philosophy

November 2009



Abstract

Knowledgeabout the distribution of species is limit@dth extensive gaps in our

knowledge, particularly in tropical areas and in arid environments. Species distribution
models offer a potentially very powerful tool for filling these gaps in our knowledge.

They rdate a set of recorded occurrences of a species to environmental variables thought
to be important in determining the distributions of species, in order to predict where
species will be found throughout an area of interest. In this thesis, | explore the
development, potential applications and possible limitations of distribution models using
species from various taxonomic groups in two regions of the world: butterflies, mammals,
reptiles and amphibians in Egypt, and butterflies, hoverflies and birds ih B3 .
Specifically | test: 1) which modelling methods produce the best models; 2) which
variables correlate best with the distributions of species, and in particular whether
interactions among species can explain observed distributions; 3) whether the
distributions of some species correlate better with environmental variables than others and
whether this variation can be explained by ecological characteristics of the species; 4)
whet her the same environment al canalsoi abl es
explain species richness, and whether distribution models can be combined to produce an
accurate model of species richness; 5) whether the apparent accuracy of distribution
models is supported by groutrdithing; and 6) whether the models can prethe impact

of climate change on the distribution of species. Overall the use of distribution models is
supported; my models for species in both Egypt and Britain explained observed

occurrence very well. My results shed some light on factors that maypoetant in

t



determining the distributions of species, particularly on the importance of interactions
among species. As they currently stand, distribution models appear unable to predict

accurately the impacts of climate change.
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Chapter 1. Introduction: ecological niches distributions and

speciedistribution modelling*

1.1 Abstract

Statistical modelsvhich combinedata on species occurrence with
environmental variables to predibie distributionsof speciediave gained
prominence irecology inrecent yearsSpecies distribution models have their
grounding in niche theory. In the first part of this chapter, | provide a very
brief review of niche theorwith somediscussion of recemtevelopmentsin

the second part, | introduce species distribution models, their relationship to
niche theory and some of the challenges associated with them. | review some
of the applicationgor whichdistribution models have beesedin the past,

and the relativenerits and limitations of these applications. Finally, |

introduce records of species occurrence from museums, natural history
collections and | iterature as a valwuable
discussing some of the problems with data ftbese sources and the

implications of these problems for developing distribution models.

! Parts of this chapter were used in a paper publish@ddgress in Physical Geography
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1.2 Niche heory

1.2.1 Formulation of the niche concept

JoseplGrinnell (1917, 1924)s credited with first using the terinn i daohdesoribe the
environmental enditions within which a speciesut survive and reproduce; thesmild

include abiotic factors, such as temperature or rainfall, or interactions with other species
(Grinnell 1924; Vandermeer 197ZharlesElton (1927) on the other handawa

s p e cniclee asiits placer rolewithin theecologicalcommunity, placindess emphasis

on the abiotic conditions amdore on relationships with other spedigandermeer 1972)

and the impact that species have on the environtheittold 1995; Chase & Leibold

20@). Niche theory was first properly formalized by G Evelatchinson(1957) He

descr i bedundamentpheiccihees 6as a-ds maoasei bnabdnhgpervo
defined by numerous (abi ot i(1€57)furdarmentalo n ment al
niche desribes the environmental conditions within which a speciesd survive and

reproduce in the absence of interactions with other species (Bida)e The realized

niche describes the environmental conditions within which a spacieallylives, taking

into account interactions with other species (Figui®). Species distribution models

deal with Grinnellian or Hutchinsonidandamentahiches, rather than Eltonian niches

(Peterson 2006pand so | focusn thesénere



Vi Vi
Figure 1.17 Various plausiblerelationships between the fundamental niche, shown here lmark grey
shading, and the actual distribution of species, shown here as hypothetical instances of gsec
presence (+) or absence (ojodified from Pulliam (2000) For simplicity, the niche is asumed to be a
simple function of two environmental variablesy; and v,: (a) the species occupies its entire
fundamental niche; (b) the presence of a superior competitdtight grey shading) excludes the species
from part of its fundamental niche, leavingit to occupy the realized niche; (c) dispersal limitation
means that the species is unable to reach all environmentakyitable areas; (d) continued migration
from areas of suitable habitat (sources) allows the species to persist in areas of unsuitablbitz
(sinks).

Grinnell (1917)suggested that two species with exactly the same niche cannot
persist together in the same place indefinitélyisidea now t er med &édcompet
e X ¢ | ulsas beem demonstratethpiricallyusing microcosm experiments whdwo
or more speciewere made to competer the same resourckrst by Gausg1934)using
protozoan species, and later Bark(1948)using flour beetlesI{ribolium sp.). Testing
competitive exclusion in the field has been much harder. Assuming disatyctelated
species have more similar niches than more distantly related spelegeshatn predicted
thatcompetition will result icommunitiesbeingcomposed of more distantly related

species than one would expect by chajaes Boer 1986but seraft et al.2007). On



the other hand, similar ecological requiremengs/ cause closely related species to co
occur more often than expectg@ten Boer 1986; Krakt al.2007) A large number of
studieshavedeveloped this ideaisingmeasures of plggendic community structure in
anattempt to disentangkbe mechanisms driving the composition of ecological
communitiegsee e.gWebb 2000. One such studyHelmuset al.2007) focusing on
sunfish in the United States, showed that therensasverall phybgenetic signal in
communities. However, after accounting foe effects of shared environmental
requirementamong related speciesommunities were shown to be composed of more
distantly related species than expected by chameesistent with effectsf@ompetition
(Helmuset al.2007) | return to the importance of competition in shaping species
distributions later.

In recent years, a number of important developments have been made to niche

theory. | briefly discuss these developments in the followsrggraphs.

1.2.2Dispersal limitation

Species may be absent from suitable climatic areas or habitats because they are unable to
reach tlem, either because the distansdoo far or because there are geographical

barriers to dispersdFigure 1.1cPuliam 200Q. Several studies have attempted to
demonstrate dispersal limitatiam local scales) natural populationsA large proportion

of thesestudies hafocused on aquatic species, either measuring the distance that
individuals disperse between wabsrdies(Gulve 1994; Peterseast al.2004) or showing

that the similarity of species composition among whdelies is a function of the distance

between thenjCottenieet al.2003) Tests for dispersal limitation in terrestrial species
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have been fewegthough dispersal limitation is a key assumption of metapopulation
models, which have been applied successfully to a number of spegieddnski et al.,
1995; James et al., 200®ne study(LinaresPalomino & Kessler 2009) showed that
differences in th plant species composition of Andean mountain valleys could be
explained both by environmental differences and by the distance between.valleys

The aforementioned studies were all observational. The problem with this approach
is that the observed patterculd be the result of interactions among speciesoid be
driven byenvironmental factors that were not considdf@attenieet al.2003) This has
led some authors to perform experimental tests of dispersal limitation. In one study
(McCauley 2006)artificial ponds were placed in areas of similar habgeparated by
varying distances, anmblonization by dragonfly species was recordgmkcies richness
in the artificial ponds after colonization decreased with increasing distance to the nearest
natual ponds(McCauley 2006)Mooreet al.(2008)conducted an experimental test of
dispersal ability in rainforest birds by trapping birds from forested islands, and then
releasing them at varying distances from those islands. Birds with high dispersairabilit
these experiments were shown to have langéuraldistributions(Mooreet al.2008)

Dispersal limitation has also been demonstrated at much larger spatial scales.
Munguiaet al.(2008)showed that Mexican mammals generally inhabit only a relatively
small proportion of the area containing suitable climate. At an even larger scale, European
plant species have not expanded to fill the full extent of their potential distribution since
the last ice agéSvenning & Skov 2004anddistributionscanbe expined in part by
distance to the nearest glacial ref§genninget al.2008) Furthermorespatial turnover
in the composition of plant communities in North America can be explained to some

extent by geographical distance, further suggesting dispersaltion (Qian & Ricklefs
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2007).In astudy ofmultiple taxonomic group§Araujo & Pearson 2005)he
distributions of plant and bird species showed a relatstetyngcorrelation with climate,
interpreted as showing a higlegree of equilibrium with cliate, while the distributions
of reptiles and amphibians showed poorer correspondence with ¢lpoatebly owing to
dispersal limitationAs with the observational studiest smaller scalesheresultsof
these studiesould be artefactally caused by udentified environmental factors by
interactions among specié€Svenning & Skov 2004)

Dispersal abilityis expected toary among specieandseveral studies have
reported substantiauchvariation(Peterseret al.2004; Beck & Kitching 2007; Mooret
al. 2008; Munguiaet al.2008) Beck & Kitching(2007)showed that the dispersal ability
of hawkmoth (Sphingidae) species is a function of wing morphology. In aanatgsis

of dispersal ability across species from very diverse thetainset al. (2007) found that

the dispersal ability of active dispersers showed a positive relationship with body size,

while no such relationship existed for passive dispersers.

1.2.3 Sourcesink dynamics

While dispersal limitatiowancause species to be absent fraheowise suitable habitat,

the dispersal of individuals between areas may result in a species being found in habitat

that would not ordinarily suppoitt (Figure 1.1dPulliam 1988. Theoretical models have
shown that, with sufficient dispersal, populaB@anpersist over long periods of time in
areas where thpopulation growth rate wouloh the absence of immigratipbe below

the level required for replacement (Pulliam 1988, 20869as with neemigrationare

termed O6sour c e simmigetoda rag etaesr e d hd sniert k s 6
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There have been several attempts to demonstrate ssinkcgynamics empirically
in natural populations. The approach most commonly used is to compare demographic
rates among different habitdteought to beeithe sources or sinks. If it appears that a
population would not sustain itself without immigration, then it is concluded to be a sink.
Tests of this kind have been conducted for a variety of taxa, including fldatkinson
et al. 1989; Moore 2009) mammalgKreuzer & Huntly 2003; Johnsaet al.2005;

Marshall 2009and birdgHolmeset al. 1996) An interesting alternative to comparing
birth and death ratesnonghabitats is to use genetic parentage assignments to quantify
the proportion of individuals thaire born in a habitat vs. the proportion that inmatig

from other habitats (e.geeryet al.2008.

The problem withanyapproactthat simply compares observed demographic rates
among habitatss that fithesgsurvival and reproductive successay bereduced in some
habitas becausef immigration, through the effects of densitgpendencéVNatkinson &
Sutherland 1995)0bserving that immigration increases population growth rate above the
level required for replacement does not necessarily mean ¢happulation would
become extinct in the absence of immigratidabitats that appear to be sinks, but which
could persist in the absence of immigratiaretermed oseudesink(Watkinson &
Sutherland 1995)WVatkinsonet al. (1989)explicitly accountedor densitydependence
when testing for souregink dynamics in a grasorghum intransdemonstrating the
existence of true sink habit@atkinson & Sutherland 1995)An alternative approach
would be to artificially prevenhigrationbetween habitaterd then to compare

demographic rates.
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1.2.4 Neutral theory

Neutral theoryHubbell 1997, 2001hrings into question whether niches are important at
all in explainingobserved spatiglatternsof biodiversity It provides a null model in

which niche diffeences among species are not important in determiheigoccurrence
and abundanc¢énstead itassunesthat species are essentially identical in terms of birth,
death, dispersal and extinction raf€se regional community consists of species that arise
there by speciation and th#trough chance demographic eveetgntually become
extinct. Local communities consistiofdividuals from any specias the regional species
pool that arrive there through disperBam other local communitigiubbell 199,

200Z% Bell 2001) Neutral theory assumes that species are disgarstdd (Hubbell
1997)and that extinction is slow enough that it is balanced by spec{@tdier et al.

2007) Changes in the composition of local communities come about througlastioch
demographic even(®irth, death, immigration and emigratio®redictions made by
neutral theory about the distribution of abundances among spaitabout

relationships between area and species richabegva remarkablyclose fit to observed
patterns, at leagor communities irtropical forests and coral redidubbell 1997) This
suggests that niche theonmy,its current stateoften falk short of explaining observed
patterns.

On the other handicGill (2003) found that observed abundanistributionsof
birds in North America and trees on Barro Colorado Isfdatet! predictions made by
traditional nichebased models rather better than thoseentgdneutral modelSimilarly,
while observed abundancesmarine benthic communitiégted neutral models very

well, when the dominant specigsa communitywas experimentally removedeutral

14



models predicted changes in the abundance of the other specieqYmotion 2005)
Further, some authors haseggested thdhe fundamental assumptiofneutral theory,
that species are demographically identitsahighly unrealistiq Enquistet al.2002;
Tilman 2004)

Increasingly, niche and neutral models are being seen as extremes of a continuum
along whichmodels ofrealcommunitiedie (Gaston &Chown 2005; Leibold & McPeek
2006; Kellyet al.2008; Leibold 2008)Neutral processes may be important in shaping
community composition for some species and in some ref@aston & Chown 2005;
Leibold & McPeek 2006; Kellet al.2008) while niche diffeences may be more
important in other case¥/hen two ceoccurring species agmilar in terms of
demographic rates (and thus overall fitness), then smaller niche differences will be
required for them to coexist statihan if there are larger differendestween the species
in demogarphic ratg€hesson 2000). Several authors have successfully incorporated
someaspects of neutral theory, such as dispersal limitgBogder & Chesson 200and
demographic stochasticifffilman 2004) into nichebased mods to help explain
observed patterns.

Neutral theory sengas an importantnull model against which observed data can
be compared. Aichebasednodel that captures the mechanisms driving patterns of
species occurrence and abundance should be able &neabserved patterns much

better thardo neutral modelg¢Hubbell 2005).
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1.3 Using niche theory to model the distributions of species

1.3.1 Species distribution models

Species distribution models relate recorded species occurrences to variablegdeberib
environment to predict distributions over an entire area of interest (forrgoenit
reviews, se&uisan & Thuiller 2005; Wintlet al. 2005; Hirzel & Le Lay 2008 The use
of species distribution models has increased rajdiye last two decas(Figurel.2)
andrecent years have seen the developmeséwaral new modelling techniques
(Stockwell & Noble 1992; Phillipst al.2006 see Chapter 2 for more detailjhile
distribution models have been applied primarily to terrestrial spehe have also been
several attempts to model marine species (Wteal. 2003; Hawke®t al. 2007).

Although species distribution models are lohge niche theory, the theoryaften
lost in the statistics. Since distribution models are correlativegythe possible to
develop a seemingly accurate model for a species without capturing causal relationships
between species occurrence and the environment (Hirzel & Le Lay 2008). These concerns
have prompted several authors to call for a greater consideddterological theory
when developinglistributionmodels(Austin 2002; Guisan & Thuiller 2005; Soberén &

Peterson 2005; Austin 2007; Hirzel & Le Lay 2008)
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Figure 1.21 Frequency of papers considering species distribution models published in the yeaiace

1971. Papers were searched for in the ISI Web of Knowledge database using the following search

term in the O6Topico6 field: "species distribution mo
distrib ution modeling" or "ecological niche model"or "ecological niche modelling" or "ecological

niche modeling" or "niche model" or "niche modelling" or "niche modeling" or "habitat model" or

"habitat modelling" or "habitat modeling" or "habitat distribution model" or "habitat distribution

modelling" or "habitat distribution modeling" or "niche -based model" or "niche-based modelling"

or "niche-based modeling" or "bioclimatic envelope" or "bioclimate envelope" or "climatic

envelope" or "climate envelope"”. Omitted years contained no papers matching this re.

A crucial consideration that is often overlooke@xsictly whattomponent of a
s peci eisleinggmodetiedSoberon & Peterson 2005; Soberén 2086peron &
Petersor{2005)distinguish three broad categories of factors that determine the
distributions of species: abiotic environmental factors, biotic factors concerning
interactions among species, and factbed affect the ability of species to disperse to
different areas (Figure 1.3). Areas that meet the abiotic conditions required by tles spec
are part of the fundamental niche. Areas that meet these conditions and also contain an
appropriate combination of interacting species make up the realized niche. Finally, those
parts of the realized niche that can be accessed by the species imqesiidute the

actual distribution{Soberén & Peterson 2005)
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Figure 1.37 The relationship between different components o§ p e cniclees A represents the
fundamental niche B represents combinations of interacting species that allow thepecies ofnterest
to persist; and C represents areas that thespecies is able to disperse to. Thuthe intersection of A
and B constitutes the realized nicheand the intersection of A, B and C is the actual distribution.
Modified from Soberén & Peterson(2005).

Several authors have argued that distribution models capture the realized niche,
even if they only use abiotic variables in the mod&#sause data on species occurrence
used to build models describe act(rablized)distributions(Guisan & Zimmermann
2000; Austin 2002; Pearson & Dawson 2003; Araujo & Guisan 2@&}the other hand,
Soberon & Petersof2005)argue that, unless variables describing biotic interactions or
dispersal limitation arencluded as explanatory variabjelstribution modelgeneally
capture the fundamental niche. An exception to this rule occurs when biotic variables
covary with abiotic variables, in which case the model may more closely approximate the
realized distributiorfSoberdn & Peterson 2003) my opinion, unless onean be
absolutely sure that the variables used in the distribution models are direct afrivers
speciesd6 distributi ons  reséamblehe redlizeedismluibe | wi |

than the fundamental distributiobecause producing a model thatlekgs observed

18



occurrence well is not the same as identifying the important factors determining the niche
(fundamental or realizedJ his issue has implications for trying to predict distributions
outside the environmental conditions encountered duringuihding of distribution

models; a model that captures the fundamental niche should be better able to extrapolate
than a model that captures the realized niche of a species for a particular set of
environmental conditiondearson & Dawson 2003)he chalenges of extrapolating

species distribution models outside the environmental conditions used to develop the

models will be discussed in more detail later.

1.3.2 Choice of environmental variables

As we have seen, a great many factors may determinesthiéutions of specieShe
choice of environmental variables to include in distribution madgtecs onthe
accuracy of those modglBaroloet al.2008; Peterson & Nakazawa 200&ydusing too
manyexplanatoryariables in distribution models will cae overfitting, where the model
fits the species data very closely, at theemge of the ability to generadigChatfield
1995)

Independent ariablesused in species distribution modalgof three different
types(Austin & Meyers 1996; Austin 2002; Setbn 2007)resources required by a
species, environmental conditions that have a direct effect on the ability of a species to
persist in an area, or environmental conditions that have only an indirect effect on species
through correlations with variablésat have a direct effect. Modelsvelopedising
resourcevariablesor variableghat have a direct effect on species are likely to capture

better the underlying biologyf speciegAustin et al.2006) and shouldnake better
19



predictions of distributionsutside the environmental conditions encompassed by the data
used tadevelopthe modelsthan models developed using variables that have only an
indirect effect on distribution@Austin & Meyers 1996; Austin 200.7)he choice of
independent variables foradelling is often driven by the availability of variables in a
formatsuitable for modelling. As a result,amy distributioamodelling exercisebave
consideedonly variables describing the abiotic environmenth aglimate, elaphic
factorsand topogrphy, or norspecific biotic variables, such as land cover, habitat and
plant productivityMany of the variables that can be obtained as maps covering entire
study areas are those that have only an indirect effect on sp&estm 2007)

Very few studiehave made priori hypotheses regarding the determinants of
species distributiongnd therused these variables to modéaitributions. Onexception
was astudyby Titeux et al. (2007) whichmodelled the distribution of thred-backed
shrikeLanius colurio in Belgium using variables thought to have a direct influence on
the species. Anoth€é Andersonet al. 2009)compared threeetsof variablesin their
ability to model the distribution of theen harrierCircus cyaneusn Britain. Taking such
a thoraugh and speciespecific approach to modelling distributions will probably
generate very good models. However, the aioftento model the distributions ehany
species simultaneously. In this case, choosing directly relevant variables for each species
in turn would probably be too tirmnsuming. Climatand habitavariables have
repeatedly been shown to be very good correlates of species distshigigGuisan &
Hofer 2003; Araujcet al.2005a; Araujeet al. 2005b; Wintleet al.2005; Elithet al. 2006;
Guisanet al.2006h but seéAndersoret al.2009 andmanyhavebeen hypothesized to

havedirect effects on species occurreif€arneret al. 1987; Hawkinset al. 2003)

20



Therefore, it will often be desirable to build models ushesereadily-available

variables, rather than developing a set of direalgvant variables for each species.

1.3.3 Dispersal, neutrality and spatial autocorrelation

As we have seen earlier, dispersal limitation can play an important role in shaping
S p eci e stions daussngspecids to be absent from areas that would otherwise be
suitable(Pulliam 2000) Similarly, the existence a&fourcesink dynamics means that a
species can be maintained outside suitable habitedftynualdispersalPulliam 2000)
These procgses will lead to spatial patterns in distributigBeguradeet al. 2006; Bahn
et al.2008) whereby sites close sreasoccupied by a species are more likelyp&o
occupiedthanmoredistant sites; this phenomenon iokm as spatial autocorrelation,
specifically positive spatial autocorrelatiqhegendre 1993)Spatial autocorrelation is
particularly likely to occur in studidbat cover a large spatial scfl&ennon 2000)The
existence of spatial autocorrelation in distributions means that recandswfence used
to develop distribution models maytrime independent of one another; tiéxreasethe
effective sample size of statistical teatel modelsand thus increase¢he Type | error
rate(Legendre 1993)Some studies lva used autologistic geessiorto account for
spatial autocorrelatiowhen modelling distribution€Osborneet al.2001; Ferrieet al.
2002; Keittet al.2002; Lichsteiret al.2002; Segurado & Araujo 2004; Seguradal.
2006; Dormanret al.2007) This approach can only hesed when the species data are
collected in a regular grid and canmatsilybe used for opportunistic records, such as
those found in museum and natural history collectiatisoughSyartinilia & Tsuyuki

(2008) get around this problem by building aniaidistribuion model and then entering
21



the output of this modehto an autologistic modeA simpler methodo account for
spatial autocorrelatiois to fit the geographical coordinates (longitude and latitude), with
polynomials and interactions, as @pendent variablgiegendre 1993; Lobet al.2002;
van Rensburgt al.2002; Gutiérrezt al.2005) although thisappears to blesseffective
thanthe more complex metho@®iniz-Filho & Bini 2005)

Neutral theorjhypothesizeshat dispersal limitatiors one of the primary drivers of
distribution patterns and that climate variables shbaldnimportan{Hubbell 1997) If
this were the case, then climate variables would correlate with species occurrence simply
by capturing the spatial structure in distition patterns and not because of any direct
causal effect. Consistent with this, a number of studies have shown that models using
spatial variables are nearly as accufhtsbo et al. 2002; Bahret al.2006) and
sometimes more accurgi@ahn & McGill 2007) than models using climatenables.
However these resuls could have come about because the spatial variables captured
some aspect of the environment not included in the clivated modsl(Lobo et al.
2002) An alternative test of the importamof climate variables is to generatdl models
by randomlyrearrangings p e ci e s 6 disrupting thelassaciatomwsth climate
variables bumaintainingtheir spatial structuréBealeet al.2008) Using this approach,
Bealeet al.(2008) foundhat the real distributions of many species did not correlate with
climate variables any better than the null distributi@asisistent with the idea that
climatebased distribution models simply capture the spatial structure in distributions
Howe\er, ths study has been criti@don a number omethodological grounds by
severalauthorg(Araujo et al.2009; Aspinallet al.2009; Petersoat al.2009)

It is almost impossible to infer causal relationships from correlative models,

although the strength dfi¢ correlation with different variables may give us some idea of
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the underlying mechanisnflsobo et al.2002) For many conservation applications,

where the aim is to provide an accurate representation of the distribution of species, it
may not matter whaer spatial variables act as a surrogate for environmental variables or
vice versa. However, problems may amgeenthe models are used to predict outside the
environmental conditions used to develop the mofitile variables used do not have a

directd f ect on s pe (Austirs2007)d retern to thidigsue inChapter 2.

1.3.4 Biotic interactions as determinants

Niche theory leads us to expect interactian®ng speciesuch as competition,

predation, herbivorand parasitisnmto play an important role in determining distributions.
However, few studies have considered biotic interactions when developing species
distribution modelgLeathwick & Austin 2001; Andersoet al.2002a; Andersoet al.

2002b; Gutiérrert al. 2005; Araudjo & Luoto 2007; Titeugt al.2007) The inclusion of
variables describing species interactions in species distribution models is the subject of
Chapter 6.

Il nteractions with humans mwithdiflelers o0 s hape
respnses likely for different specigsSor instance, aumber of studies have documented
negative effects of humaactivity ordisturbance on speciéSavashelishvili &

Lukarevskiy 2008; Andersoet al.2009; Ficetola & Pade&chioppa 2009)whereas
Nyari etal. (2006)found that the distribution of the house cr@arvus splendensas

positively related to an index of human impact.
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1.3.5 Scaledependency of distributiornvironment relationships

The extent to which diff doutemsténdpattantsofr s det e
species richness depends ondhain (resolution) and extemtf study(Whittakeret al.
2001; NoguésBravoet al.2008a) this in turn affects the accuracy of models developed
using environmental variables at different resoluti@@esoet al.2009) Field et al.(2009)
conducted a metanalysis of studies comparing the importance of different types of
variable for explaimg patterns of species richne$teyfound:first, that climate and
energyrelated variables generally had thest explanatory power, but that their
importance was diminished at the finest resolgiand smallest extents of study; second,
thatvariables describing interactions among species were most important in explaining
species richnegzatterns at intermealie scales; and third, thiie overall explanatory
power of models increased with increasing resolution and extent étiald2009).

As with species richness patterns, determinants of the distributiomdivafual
species probably varyiimportancevith scale Mackey & Lindenmaye(2001) suggest
that climate variables wil!/ be the most i m
scales, that topographical variables will be the primary drivers at intermediate scales, and
that habitat and biatiinteractions will drive distributions at the finest scales. They
propose a hierarchical approach to modelling distributions and demonstrate that such an
approach produces more accurate modelariokustralia marsupial thamnodels that do
not considersale (Mackey & Lindenmayer 2001)ncorporating finescale lanecover
informationinto a broadescale distribution model based on climate significantly
improved its accuracy (Pearsenal.2004).Climate variables modeitig distribution(of

the hen harar) very well at a European scafgerformedvery poorly athe more local
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scaleof Great Britain wherefine-scale habitat was a mubletter correlat€Andersonet
al. 2009).
Variables describing relevant environmental features at very fine resolutigrisema
very hard taobtain Although the importance of climate may diminish at small scales, a
multitude ofstudies have shown that climate variables camseesuccessfully to explain
species6 distributions even &hceoflandgovedri ne s
and habitat in shaping distributions is a point worth bearing in mind when designing
models. Relatively detailed habitat data are available on a global scale (ldaaken
2000), andnore accurate habitat classifications are availabtegional and local scales

in many parts of the world (e.Brown et al.2002).

1.3.6Evolution of ecological niches

The rate at whiclkecologicalniches evolve over time is an issue that has implications for
several potential applications of speciestritbution modelg¢Kozaket al.2008) To

address thisssue many studies have compared niches among closklied speciesr
subspeciesor have investigated niche shifts in single specieslongitime periods The
results of these studies have be@red. MartinezMeyer & Petersoii2006)developed
distribution models for eight plant species in North America using data from the Last
Glacial Maximum, approximately 20000 years ago, to predict distributions in the current
day and vice versa, finding thiie ability to predict from one time period to the other was
high. Another studyPearmaret al.2008b) using data for plants in Europe, showed that
the ability to predict distributions between the fridlocene (approximately 6000 years

ago) and the cuent day varied markedly among taX&e authors highlight the fact that
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the species thahowed the most accurate predictions across time pevexd@sgenerally
competitivelydominant speciesuggesting that shifts in realized niches may have been
respongble for the poor predictions for some tafearmaret al.2008a) Similarly,
MartinezMeyeret al.(2004b)found that the accuracy of distribution model predictions
between thé.ast Glacial Maximurnand the present day, for mammals in the United
States, aried among species. In this case the least accurate predictions were for
widespread species, possibly because the distributions of widespread species are
determined more by biotic interactions than by clin{ftartinezMeyeret al.2004a)

Studies companig niches among closelglated taxa have also generated mixed
conclusionsDistribution models for butterflies, mammals and birds in Mex&o
predict the distributions of their sister species with a remarkable degree of accuracy
(Petersoret al.1999) andmore closelyrelated plant species in Europeveanore
similar niches than would be expected by chgRezinget al.2001) Correlating
ecological niche similarity with phylogenetic relatednéissre isa relatively high degree
of conservatism ithe New World blackbirds (Icteridae) in North Ameri&atonet al.
2008) In contrast, ther studies have provided less support for theexxig of niche
conservatisni several on diverse taXgdososet al.2003; Peterson & Holt 2003; Rie¢
al. 2003; Gahamet al.2004b; Knouftet al.2006; Evan®t al.2009)have shown
considerable divergence in the niches of closelsited species or ssiecies.

Overall, it appears that the strength of niche conservatism varies among taxa and in
different parts of th world(Kozaket al.2008) Certainly, conservatism of ecological
niches is far from being universdlosos 2008)although it will always be present at
some phylogenetic scal@d/iens 2008)Niche conservatisrhas implicationgor attempts

to usespeciedistribution models to predict outside the environmental conditions
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encountered during development of the models, for example when predicting the impact

of climate change on species6 distribution:
exoticspe@s.Pr ovi ded that direct determinants of
conservatismvould mean that modeéxtrapolate well into new environmental

conditions

1.3.7 Variation among species in the strength of the distributemvironment

relationship

Since there are a great many factors tlaatdetermine the distributions dffferent

species, it may reasonably be expected that the distributions of certain species will be
captured by climatbased models better than the distributions of othedged, this has
beenshown to be the case fepecies fronseveral taxonomic groups in different parts of
the world(Elith et al.2006) Many studies have investigated whetties variation in

model accuracy can be attributed to characteristics of tliespguch as niche breadth,
range size, migratory behaviour and species detectatiigrceet al.2001; Hepinstalet

al. 2002; Stockwell & Peterson 2002; Kadmetral. 2003; Berget al.2004; Brotonst al.
2004; Segurado & Araujo 2004; Luotd al. 2005; Seoanet al.2005; Carrascadt al.

2006; Hernandeet al.2006; Schwartet al.2006; McPherson & Jetz 2007; Murphy &
Lovett-Doust 2007; Tsoaet al.2007; Poyryet al.2008) | test patterns in distributien
model accuracy among speciesChaptes 4 and 7 In order to be able to use distribution
models for biodiversity conservation, it is very useful to know which species have
distributions that are likely to be modelled accurately. For species with distributions that

show poor relationships with @inonmental variables, it will be necessary to search for
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more relevant variablesith whichto model distributions, such #sosedescribing biotic

interactions or dispersal ability.

1.4 Applications of species distribution models

1.4.1 Conservation o$pecies

One of the maipotentialapplications of species distribution models is in making
decisions regarding the conservation of particular, often threatened, spemasse of
species distribution models, which can be of immediate benefit, is imgidrveysfor
species. For exampl@/altheret al.(2007a) modelled the poorknown wintering
distribution of the threatened aquatic warlflscrocephalus paludico)an subSaharan
Africa, proposing that the model be used to direct surivegsderto increase knowledge
about t he s pelLkéwses Guisahetal.(2006a) usedistabutionmodels
for alpinesea holly(Eryngum algnum) in Switzerlando guide field surveys, leading to
the detetion of seven new populationrRaxworthyet al. (2003) discovered seven new
specief chamaeleon in Madagascar on the basthaif distribution modelsThis is
probablyone of the most powerful applications of species distribution models, driving an
increase i n our knowl eddegwhichadn besugsesl toigledses 6 r an g «
conservation decisionBata fromthe new surveyganbe used to build more accurate
distribution models, which can turnbe used to dect further surveys, and so on (Guisan
et al.2006a).

Modelscanalso be used to idéfy potential areas for species reintroductions

(Rodriguezet al.2007) For example, one studiflar et al.2008)modelled the
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distribution of European wildcat&€lis silvestrig in Germany. It was suggested that a
suitable, but unoccupied, area couddused for reintroductions of the species (ltaal.
2008).If distribution models are to be used in this way, it is cruci the models are
very accurate, since the outcome of potentially very expensive projects is at stake. Given
that there are mgruncertaintiegboutt he det er mi nants of speci es
consequently in models based on only a subset of these determinants, it is probably too
soon to base important decisions solatythe outcome of species distribution models. On
theotha hand, where knowledge speciedecologies and distributions lacking, as is
the casdor the vast majority of taxa (especially invertebrates), models could provide a
good starting point.

In the face of rapid habitat degradation, the conservatiopeziess may depend on
their inclusion in networks of protected areas. Many studies have used distribution models
to assess the coverage of particular species by protected are@a(dertet al. 2006;
Papek & Gaubert 2007; et3o2D08)iTbesesstudies haveafted 0 0 7 ;
found that coverage is poadn; this case, the models can be used to propose additions and
extensions texistingprotected areas networks (Thatnal. 2009).

Species distribution models can also be used to infer tlesdorspecies decline.
For exampleSouthgateet al.(2007) developed distribution models for the bilby
(Macrotis lagotig in Australia to assess different hypotheses for its dedlogués
Bravoet al.(2008b)used distribution models to investig#be extentto whichthe
extinction of the woolly mammotfMammuthus primigenijsvas caused by
environmental change or by an increase in human hunting pressure, concluding that both

factorsmay haveplayed a role.
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The use of species distribution models hasrbconfinedargelyto the pages of
academic journaland they have seen relatively lithpplicationin conservation decisien
making.On the other hand, some studies using species distribution models have had a
directimpact on policymaking (e.g. IPCQ007. Conservation organizations such as the
Royal Society for the Protection of Birds in Britain, the Darwin Initiative in Borneo, the
Commonwealth Scientific and Research Organizatiohustralia,and the BioMAP
Project in Egyptare beginning to usdistribution models to support their wokk.more
immediate and direct applicatiamvolved usingKlar et al6 €008)modelsfor the

European wildcat to decide the location for a proposedagaifse development.

1.4.2 Modelling species richness patterns

Biogeographers have long sought to understhedrivers of species richnegstterns.
Many studies at widely differing scales and extents, and for many different taxonomic
groups, have found that climate variables are very good correlates of speciessich
(Turneret al.1987; Andrews & O'Brien 2000; Jetz & Rahbek 2002; van Rensilal
2002; Algaret al.2007; Buckley & Jetz 2007; Kivinest al.2007; Kuussaaet al.2007;
Menéndezt al.2007; Qian 2007; Qiaet al.2007; Araujoet al.2008; Schrdt et al.

2008; Schoutest al.2009) In addition to contemporamlimate,measures of climate
stability over long periods of time and also climate seasonality have been shown to
contribute taexplainng richness patterns (Andrews & O'Brien 2000; Qeaal. 2007,
Araujo et al.2008).A metaanalysis of studies of species richness patterns found that
climate variables were the strongest correlates of biodiversity in the vast majority of cases

(Hawkinset al.2003) A number of hypotheses have been proptseskplain why
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climate variablesnight determine species richness, including: 1) direct effects of
available energgr habitat productivity on the number of individuals that an area can
support and thus on species richn@3sa balance between water dahility and energy;
3) an effect of climate on the number of species able to tolerate the environmental
conditions in an areand 4) a positive effect of temperature on rates of speciation (Turner
et al.1987; Hawkinset al.2003; Qiaret al.2007). Studes attempting to test these
hypotheses hawgenerally been correlative and thus héuend it difficult to disentangle
cause and effeceven where explicit predictions can be made, strong support for any one
of the hypotheses has so far been lacking (itas\et al.2003; Qiaret al.2007).
Variables other thathose describinglimate also have an effect on patterns of
species diversityAt relatively small scalg habitat typeand habitat diversity correlate
well with speciesichnesf various taxonona groupgKivinen et al.2007; Kuussaagt
al. 2007; Schoutemt al.2009) At a much broader scaléetz & Rahbek2002) showed
that the richness of stBaharan bird species increased with increasing habitat diversity.
Interactions among species may dleamportant in determining patterns of
richness. For example, using structural equation modelling (SEM)s been showthat
the richness of butterfly species in Britérdirectly influenced by the species richness of
larvalfood plants; this effectvas particularly strong for specialist species, whereas for
generalist butterfly species there was a stronger correlation between climate and species
richnesyMenéndezt al.2007) ConverselyHawkins & Porte(2003) found that
including the species tmess of food plants in models of butterfly species richness for
Californiaoffered little improvement in explanatory power over modigisg only

climate variables.
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Historical factors related to speciation and extinction rates, and to patterns of
dispesal may alschelp explain species richnegifferences in species richness among
environmentallysimilar regions in different parts of the wotdvesometimes been
attributedtentativelyto differences in speciation and extinction rgt@mn & Ricklefs
2000; Buckley & Jetz 2007although the data availakde not permit rigorous testing of
this hypothesig¢Currieet al.2004).

Like the distributions oindividual speciesspecies richness pattercenshow
spatial autocorrelation, whereby the spedigsnessvaluesof cells near one anothare
more similar than expectdry chanceSpatial autocorrelation may be exogenous, caused
by spatial autocorrelation in the environmental variables that drive species richness
patterns, or endogenous, caused byggsees inherent to the species themselves, such as
dispersal limitation (Currie 2007). Endogenous spatial autocorrelzdigoresent
problems forstatistical analyses @hatterns of species richnessing simulated species
richness patterns, spatial actorelation can cause pseudiplication and thus increase
the chance of Type | errors (falsely rejecting the null hypothesis) in statistical tests and
can bias the apparent relative importance of varighlmsnon 2000)When analyzing
spatially autocordated patterns of mammal species richness in South America, the
apparent importance of spatially autocorrelated environmental variables was inflated in
models that did not account for spatial autocorrelgflmgnelli & Kelt 2004) On the
other handparaneter estimatesf statistical modelsre sometimeainaffected by spatial
autocorrelatior{e.g.Hawkinset al.2007)

Given that climate and habitat appear to drive blo¢tdistributionsof individual
speciesand patterns of species richnessnay be posible to combine species distribution

models for a number of different taxa in order to model species richirresias been
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successfully performeskeveral times at small spatial scales for different taxonomic
groups and in different environmerf@Gioia & Pigott 2000; Loisellet al.2003; Garcia
2006; Pawaet al.2007; Pineda & Lobo 2009; Raestal.2009) and once at a global
scalefor Viperid snakes (Terribilet al.2009) Giventhat different speciesanshow
different responses to the environmehis approach may be better than simply
correlating recorded species richness with environmental vari@m@egbile et al.2009)

An interesting possibility, and one that would have implications for conservation, is
that of congruence in species richnpatterns among taxonomic groupsevious studies
have generally found relatively high congruence in species richnesegamong plant
and vertebratanimal groupsbothat morelocal spatial scales andaglobal scale
(Grenyeret al.2006; Loyolaet al. 2007; Qian 2007; Jet al.2009) Furthermoe,
Thomsoret al.(2007) found that richness patterns of indicator bird and butterfly species
were good correlates of the overall richness patterns of these gfespsof congruence
in species richnegsatterns among invertebrate taxa are very ratteg@adhthoseof
butterflies and plantsan bevery similar(Hawkins & Porter 2003andSchouteret al.

(2009) found good congruence in species richness patterns among several taxonomic
groups, including iasshoppers, crickets, hoverflies and dragonfliesthe other hand, in
some instances congruence in species richness patterns among groups is poor (e.g. Ryti
1992; Ormeet al.2005). Wngruenceamong taxonomic groups in species richness
patternscould cane about through a direct effect of one group on the other, for example
because plants provide food to herbivasebecause a higher richness of plant species
means greater structural complexity in the habitat leading to higher animal species
richness (Ksslinget al.2008) However globalplant species richnessrrelates better

with the species richness afiimals fromhigher trophic levels anigss well with the
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richness oherbivores, which would seem unlikely to be the case if plant richness had a
direct effect on animal richness (Jetzal.2009).If species richness patterns are similar
among different taxonomic groups, it may be possible to use richness patterns for a small
number of taxa to determine which areas to cong@&weoet al. 2008) making the

selection of these areas quicker and more efficient.

Previous assessments have suggested that the coverage of biodiversity by existing
protected areas networks is generally poor. Several studies in different countries have
shown that protectedeais do not correspond well with areas of high species richness or
high numbers of endemic speci{&arcia 2006; Pawaat al.2007; Qian 2007; Trabet al.

2007 but sed_eeet al.2007).Furthermore, a global assessment of the efficiency of
protected area®hapeet al. 2005)suggestedhat existing protected arehave avery

poor coverage of habitat diversity, used as a surrogate for species dikdosigfs of
species richness generated by combining species distribution models for many taxa can be
usedto assess the coverage of biodiversity by existing protected aneb® suggest
where new protected areas might be situdted examplePawaret al.(2007)modelled

the distributions of reptiles and amphibians in the Himalayan andBondma

biodivers t y 0 h sehsaVyarstetsali2000, combining then to estimate patterns of
species richnesshey therrana reserveselection algorithm to propose extensions to the
existing protected areas network. One issue with this application of speciestigstrib
models is that different algorithms vary, resdtin very different networks of protected

areas being select¢doiselleet al.2003)
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1.4.3 Predicting future distributions

Species distribution models can be used to predict how the distribafispscies will
change in the future as a result of climate and-lsselchanges. A distribution model is
built for the current time, using contemporary species occurrence and climate data. This
model is then updated to reflect predicted changes inithatel or land use in the future.
Many papers have used distribution models in this, wapstly at regional or global
scaleqe.g.Huntley 1995; Saetersdet al. 1998; Iversoret al. 1999; Bakkenest al.

2002; Berryet al.2002; Peterson 2003; Miles al. 2004; Thomaset al. 2004; Thuilleret
al. 2005a; Levinskyet al.2007; Holeet al.2009; Randiret al.2009, but sometimes at
more localscalegPetersoret al.2001; Petersoat al.2002b; Randiret al.2009). Most
have considered only changes in thmate, but lanelise changes will also have
important effects on the distributions of spediBisuiller 2007) andvery few have
considered thegdut see e.gPetersoret al.2006. The possibility of using species
distribution models to predict how digtutions will change in the future as a result of

climate change is explored in Chapter 8.

1.4.4 Predicting the extent of species invasions

Models can be projected in space as well as in time, to predict distributions outside the
area for which they wergeveloped. Such projections can be used, for example, to predict
where invasive species will be able to establish and survive outside their native ranges. A

number of studies have used distribution models in this way, often finding that known
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invasions a predicted very successfullpeterson & Vieglais 2001; Peterson & Robins
2003; Thuilleret al.2005b; Herborget al.2007) On the other handh some casethe
distributions of species in their invaded ranges are predicted very poorly by distribution
models based on data from their native ranges (Ragtcih 2006; Broennimanet al.
2007). Model failure may be caused by differences in the fundamental or realizesi niche
in the invaded rang@roennimanret al.2007; Steineet al.2008) Differences in
realized niches may result from speaies yethaving reached equilibrium with climate
in the new rangewing todispersal limitation, from the species not having been in
equilibrium with climate in its native range, or from changes in interactions among
specieqThuiller et al.2005b; Steineet al.2008)

In species invasions, suitability of climate is only one of several factors that
determine invasion success. Propagule presshiagacteristics of the invading species
species composition of the invalarea and human influencanalso be important

(Thuiller et al.2005b; Thuilleret al.2006; Ficetolat al.2007; Ficetolaet al.2009)

1.4.5Addresing ecological and evolutionary questions

In addition to more applied problems, species distributiodels can also be used to
tackle mordundamentakcological or evolutionary issues. For examfileyhave been
used to assess the extent to which climate drives distribution pattenpsired tother
factors, such as interactions among species (A&ujooto 2007), dispersal limitation
(Svenninget al.2008)or habitat (see alsoeStions 1.3.21.3.4). Other studies have used
distribution models to test whether niches are evolutionarily conserved by comparing

modelled niches among closelglated speeis(Petersoret al. 1999; Eatoret al.2008).
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An idea that is receiving increasing attention is to use distribution models to test
hypotheses about the phylogeographic or evolutionary history of species or populations.
Phylogeography is the study of thetoric patterns in the distributions of species and
populations, and thgrocessedriving these patterns. Phylogeograps$tudies often rely

on genetic data to make inferenddswever, many competing hypotheses are often
generatedSome authors have retty proposed using species distribution models to
support the hypotheses made by traditional phylogeography sthgissggesting which
putatively inhabited areas would have been suitable at th€Rimleardset al. 2007,

Kozaket al.2008). Another pasbility is to use species distribution modelsnier
mechanisms of speciatipne. whether populations are likely to have occurred in
sympatry or allopatry at the time of speciatithis approach has already been used with
Ecuadorian frogs (Grahaetal. 2004b) and Madagascan geckBsaxworthyet al.

2008b) One recent study used distribution models to test whether the ranges of two ibex
speciesCapra nubianaandCapra walig in Africa are distingtand thus, with the help of
molecular analysis, wheth the two taxa can be considered to be different species

(Gebremedhiret al.2009).

1.5 The value of museum data for species distribution models

Thereis a vastamountof data on the occurrence of species in museum and private
collections, in herbariand in the literaturéhenceforttd mu s e u mSedeaat parial}

are now available on the internet to maka@seundata freely available to anyone with an
interest in the distribution of species, including the National Biodiversity Network (NBN)

Gateway fo data on British species, and the Global Biodiversity Information Facility
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(GBIF), which contains data from all over the world. At the time of writing, the NBN
gateway contained 40,397,129 occurrence records and the GBIF database contained
177,448,319ewmrds Databases like these are an invaluable resource for conservation
biologists and provide the means to develop distribution modelsvistaumber of
species irmany differentparts of the world. However, there @ mainlimitations
associated witmuseumdatato be borne in minadvhendevelopng distribution models

The first limitation of museum data is that the recaascontain errors, either in
the plottedocatiors or in the identification of species (Grahatal.2004a) The
potential foridentificationerrors necessitates very careful checking of museum records by
expertsand examination of the original museum specimens if possible (Gretham
2004a). The names of species must be updated to reflect cuaecdiyted taxonomies
(Grahamet al.2004a). For some taxonomic groups, such as the mammals, there are
websites available with complete andtopdate information on taxonomy (e\Wilson &
Reeder 2009aFor other groups, finding this information is more difficult.

In order to be uskfor distribution models, records must be assigned precise
coordinates, a process known as georeferencing. Museum specimens are generally
accompanied by descriptions of the location from which they were taken. A gazetteer is
often used to matctmese des@ptions with known localities to assign geographical
coordinates. Errors can arise during georeferencing if the specimen description is matched
to the wrong location and thus assigned incorrect coordi{f@takamet al. 2004a) This
is particularly likey to occurwhen the descriptiorsccompanying the specimeasd the
locationsin the gazetteeasregivenin different languagegspeciallywhen the languages
employ different alphabets. For exammgepreferencing many of the recogighered by

E g y p toAP Piject (which will be used in many of the studies described in this
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thesis)involved interpreting location namé&sansliteragdinto the Latin alphabdtom
Arabic. Thiscan result in many differd spellings for a single site. It is necessary to
check very thoroughly for georeferencing errorsrinseundata for example by
checking for obviously outlying points (Willianet al.2002).

Theassigned coordinateds museum records are also subject to considerable
uncertaintyDescriptions of locatiasiaccompanying museum specimens vary widely in
their specificity, which translates into variable uncertaintheassigned coordinates
(Wieczoreket al.2004). For examplehedescriptions for Egyptian butterfly species
associated with the museum specimesed by the BioMAP Projecange from very
precise (e.g. O6St. Kat herineds Monastery?o)
coordinates assigned to the latter will have a very high degree of uncertainty. Many
descriptions of location describe ansaff from a known locality, for example6 k m NW
of St. KUntethamty in the distance and direction of these offsetstadtie
uncertainty in assigned coordinates (Wieczaeél. 2004). Uncertainty can also arise
from inaccuracies in the maysed to georeference the records (Wieczetek.2004).
Finally, if museum specimsmreaccompanied by coordinates instead of a textual
description, imprecision in the coordinates and untgytaver the coordinate system
used camgenerate uncertaintg the given coordinates (Wieczorekal.2004).

The usefulness of records for distribution modeljgbablydepend to some
extenton theprecisionof the coordinatesA similar kind of model (theesource selection
function) which assessthe strendt of preference of a species for different habitat types
can bestrongly affected by locational error in the species occurrencg\daszher
2006) althoughthe accuracy distributionmodelsmay berelatively insensitive to

moderate levels of impreas because opatial autocorrelation in the environmental
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variables, meaning that records with a small degree of impreaiiorecordvery similar
environmental condition&rahamet al.2008) The total uncertainty associated wétlset
of coordinaéscan be estimated using the peiatius metho@Wieczoreket al.2004)

The second limitationf museum data is bias in the scope of the records. Sampling
of biodiversity is far from completevith large gaps in our knowledge, especially in the
tropicsand in arid environmen{Stockwell & Peters 1999; Andersehal.2002a; Soria
Auza & Kessler 2008)Species distribution models are designed to extrapolate from
incomplete data and fill the gaps, but assume thatpgbeieglata constitute a
representatie sample of the environments occupigdiseumspecimenshow three
major types of bias: spatial, taxonomic and temp@aberoret al.2000)

Several studies have demonstrated significant spatial biasards from museums,
collections and the literate. As mentioned before, sampling has beer intensivén
the tropics and in arid environments, and mondre intensivén temperate areas. Even
within regions and countries, sampling has beeatiallyuneven(Petersoret al. 1998;
Dennis & Hardy 1999Denniset al. 1999; Hijmanset al.2000; Soberdet al.2000)
Sampling tends to be biasedvrdsroads, rivers and citigglijmanset al. 2000; Soberén
et al.2000; Reddy & Déavalos 2003; SancHezrnandeezt al.2008) tends to be closer to
the homes ofhe collectorgDennis & Thomas 2000and is generally more frequent
inside protected areas than outgigeddy & Davalos 2003; SanchEernandezt al.
2008)and at locations that are known to contain many spédesnis & Thomas 2000;
SancheZ-ernande et al.2008) Using simulated dat&astre & Lobq2009) showed that
biasing surveying towards sites at which higher numbers of spevieall@ady been

recorded haa strong adverse impact on the accuracy of recorded species assemblages.
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Sampling of mdiversity has also been biasegdaomically. Pants and vertebrate
animals, in particular mammals and birds, have been very well sampled. Most
invertebrate groups are represented by very few reogirgsithe number of species they
contain (Figure 1.4)Within groups, sampling has been biased towards species that are
more easily detected during surveys and of more interest to collectors (Hgtralns

2000; Soberoet al.2000; Williamset al.2002).
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Figure 1.47 numbers of records in the Global Bialiversity Information Facility (GBIF) database for
several major taxonomic groups, compared to the estimated numbers of specieshose groups,
according toMay (1997).The number of chordates is estimated to be approximately 50,000 (May,
1997), which istoo few to be visible on the graph.

The intensity of the sampling of species in any one asevariestemporally
becausalifferent collectors are activat different timegPetersoret al. 1998; Soberdet
al. 2000).

For the purpose of modelling spee s 6 tibmsgt ts esseltial that species

records are not systematically biased with respect to the environmental gradients of
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interest (Wintleet al. 2005).However, the biases described aboaasometimes translate
into environmental bias. For ample,museum records for dung beet{8sarabaeidae,
Aphodidae and Geotrupida)Iberia  not cover the full range of environmental
conditionstheyinhabit(Hortal et al.2008) In contrast, other studies have found that
museum dataanbe spatially bdsed without there being clear environmental bias (Austin
& Meyers 1996; Kadmoet al.2004).

It has been suggested that a tltodnmonlimitation of museum data elack of
records of species absence to complement records of species presence ¢eaham
2004a) However, the fact that the majority of data describing the distributions of species
consistonly of records of presence has led to the development of several techniques for
dealing with this issuégne solution is to take a random sample of geills with no
presence r e caobrsdesn caesd Odpasteh2@2yAdternatvelysdveral
distributionmodelling techniquethat need only records of presemeae been developed
recently many of which have been shown to model distributamaccurately as models

that require both presence and absence records ¢EAIh2006).

1.6 Conclusions

My review of studies that have used distribution models suggests that the models are, on
the whole, capable of providing a very accurate reptaten of the ranges of species.

One must be careful of inferring causal relationships between species ncelanel
environmental variablesn the basis of distribution models. Nevertheless, the results of
modellingexercises seem to correspond well vgitedictions made by niche theoFirst,

aspects of the abiotic environment, such as climate and habitat, seem to exert a strong
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influence on the potential distribution of speci®scond, patterns of dispersal and
interactions among species appear tcetav importantimiting effect on thalistribution

of species. Mird, modelled niches are often very similar among species within single
genera, and even within families, supporting the idea that niches show some degree of
evolutionary conservatism.

Specis distribution models have been applied in a great many studies and to
address numerous issues, from applied conservation problems ttunaaeental
ecological and evolutionary topics. Applications that involve projecting the models
outside the environnmeal conditions encompassed by the data used to developghem
as predicting the impact of climate change or the extent of species invasessbject
to a number of uncertainties. Attempts to validate the predictions made by these models
have had nxed success.

Museums, collections and literature are potentially a very valuable source of data on
the distributions of specieslowever, these data are prone to a number of errors and
inaccuracies which must be addressed beforedhe be used to devgl@ccurate
distribution models. The quality of data on the occurrence of species should be assessed
before any modelling exercise.

In the studies presented in this thesis, | assess the value of species distribution
models as a tool for conservation ecoloigpgusing on severagsues surrounding their
use and severalbssible application®r whichthe models may be usdd Chapter 2, |
introduce the distribution models and the general methods that will be used throughout the
studies presented in the otlobiapters. In Chapter 3, |1 deal with a number of technical
issuesarising from the usef distribution modelsexploringthese issues using data for

Egyptian butterflies and for simulated species in the real landscape of Egypt. In Chapter 4,

43



| test whethethe accuracy of distribution models varies among species, and whether this
variation can be explained by characteristics of the species. Chapter 5 investigate
whether species distribution models can be combined to produce models of species
richness thatan be used in conservation decisimaking, and how these models

compare with models made using species richness data. Chapter 6 sah®pal®lityof

two sets of variables to explain the distributions of species: environmental variables
(climate and hlaitat) andvariables describing the distributions of interacting species. In
Chapter 7, | present a rare test of distribution models for Egyptian species by ground
truthing closer to an idedést of the accuracy of distribution modeidich also revea

some interesting patterns in accuracy among species. Finally, in Chapter 8 | test the ability
of distribution models to predict how the distributions of species will change in the future

as a result of environmental changes.
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Chapter 2. General methods

2.1. Abstract

In this chapter, | introduce methods that will be used throughostulkéss
presented in this thesisdescribe: first, some of the most commeubed
techniques available for modelling the distributions of species; second, the
environmeral variables, for Egypt and for Britain, that will be used in my
distribution modelsthird, the available data on the occurrence of species in
Egypt and Britain, including an analysis of the quality and coverage of these
data; fourth, the methods usedetmluate the accuracy of the distribution
models, including a test of whether model accuracy measures are significantly
better than would be expected by chance; and finally, a test of whether
distribution models based on environmental variahtesettethan models
based only on spatial variables. This final section attempts to deal with a
recent controversy over the ability of environmental variables to tell us

anything meaningful about the distributions of species.

2.2 Modelling technigues

There are growing number of techniques available for modelling the distribution of
speciesA number of studies have compared the accuratlyeske different techniques,

the most comprehensive which considered 16 of the most commonly ussethods
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(Elith et al.2006).Here | provide a short overview of some of there widelyused

techniques, their merits and shortcomings, and their relative performance in previous

comparisons.

2.2.1 Climate envelopes

Perhaps the simplest modelling techniques are the climatdopes.Thesedefine an

6envel oped of sui t a bfdraspexieswy referenceeorthe a | condi i
conditionsat sites at which the species is known to occur (Figure €lihate envelopes
use only records of species presence, and thus may béwkefuinformation about

species absence is not available (Edital. 2006).
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Figure 2.11 The basic approach taken by climate envelope technigaéor modelling the distribution

of species: (a) a set of presence, and sometimes absence, records alected and plotted in

geographic space, for example using aggraphic information system(GI§ ; (b) an O6envel ope
suitable conditions is defined around the presence points in environmental space; (c) the suitable

conditions are projected back into geoaphic space to generate a predicted distributionThe

environmental space is depicted in two dimensions here. Usually it would be a multidimensional space

defined by many different environmental variables, but the principle is the same.

BIOCLIM (Nix 1986 is the most commonly used climate envelopzlel In its

simplest form it produces a binary prediction of presence and absence, but it can also
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produce a prediction of relative environmental suitability by using different proportions of
the species occrence data to define the climate envelope (Figure Bx2pme studigs
BIOCLIM has been reported to model the distributions of species reasonably well
(Penmaret al.2005; Finchet al.2006; Richardsoet al.2006). However, in comparisons

of several teleniques, BIOCLIM has emerged amongst the wpestorming(Elith 2002;
Ferrieret al.2002; Loiselleet al.2003; Elithet al.2006; Tsoaket al.2007) It has a

tendency to ovepredict observed distributions (Elith 2002), particularly for more
widespreadgpecieqFinchet al.2006).This overprediction may be owing to the

sensitivity of BIOCLIM to species records that are outliers in environmental fpach

et al.2006)or because interactions among climate variables are not considered (Carpenter
etal 1993)Most examples of BI OCLI M6s poor perfo
focusing on small areaBIOCLIM may be useful for modellinthe broad environmental

limits to distributions over very large study areas.
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Figure 2.21 The categories of suitabity used in the implementation of BIOCLIM employed in the
Diva-GIS software. Several envelopes are defined in environmental space around varying proportions
of the species occurrence datgshown as the percentiles of the data that are included in the clirte
envelope) with smaller proportions corresponding to higher predicted suitability.

An alternative but relateshode| DOMAIN, estimates suitabilithased orthe
distance, in environmental space, to the nj@stironmentallysimilar species presence
record (Carpenteet al. 1993) The distancedag) between the grid cell being considered
(A) and the most similar grid cell containing a species re®ra (measured using the

Gower metric, as follows:

1.2 A-B,

dAB -

P = rangeg -
wherep is the number of environmental variablkss the environmental variable under
considerationA, andBy are the values of environmental variablat grid cellsA andB,
andrangeis the total range of variablein the study ared&nvironmental suitability of a

cell (Rap) is calculatedCarpateret al. 1993)as:

Re =1- d,,.
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DOMAIN has been shown to overcome some of the problems ofppediction
associated with BIOCLIM (Carpentet al. 1993). In comparisons of modelling
techniques its performance has generally been intermediate EEs2007; Wisz et al.
2008) to poor (Elitret al.2006), although relatively bettéran other techniquesith very

small numbers of presence records (Wésal. 2008).

2.2.2 Logistic regression

The second major category of modelling techniques comprises thetrabstatistical
approachesGenerallinear models, with which most ecologists are familiar, are not
suitable for modelling speci@distributions because they assume homogeneity of

variance a linear relationship between the response variable andddygeindent

variablesand a normal distribution of errors (Ferretral. 2002).Generalizedinear
models(McCullagh & Nelder 1989)which | shall refer to as GLMs throughout this
thesis,are an extension of general linear models, which ddova varietyof error

distributions and relax the assumpsaf linearity and othhomogeneity of variance

(Ferrieret al.2002).They do this by using a link function to relate the response variable

to the independent variabl@dcCullagh & Nelder 1989)To model spees distributions

using generalized linear models, species occurrence (presence and absence) records are
fitted as the response variable and the environmental variables as independent variables.
Models based ogpecies presence and absetta@@have a binmial distribution of errors.
Models fitting this error distribution are collectively known as logistic regression models.

The link functionin this cases the logit link:
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wherep is the predicted response anid the linear combination of indepdent variables
(McCullagh & Nelder 1989).

GLMs have proven popular for modelling the distribution of species, in part because
the relevant software is freely and readily available, but also because the output is easy to
interpretwith coefficients relatigthe occurrence of speciseach of the environmental
variablegWintle et al.2005) GLMs have generally performed very well in comparisons
of different modelling techniquédslirzel et al.2001; Loiselleet al.2003; Elithet al.

2006; Meynard & Quinr2007; Wiszet al.2008) although relatively poorly with very
smallsample sizesRearce & Ferrier 2000a; Walthetral.2007a; Wiszt al. 2008 but
see Stockwell & Peterson 2002

Generalized additive models (GAMs) are an extension of GLMs that havbesda
used frequently for mdndANslthe dath deteprenethee s 6 di s |
relationships between the response variable and the environmental variables, although the
complexity of these relationships can be constraingereas in GLMsherelationships
(e.g. linearor quadratiy are specified by the us@Buisanet al.2002).This means that no
a priori hypotheses about the way that species respond to the environment are required
which allows GAMs to fit more complex relationships than Gd{&uisanet al.2002)

GAMs have also performed very wellpuiblishedstudies, and often somewhat better

than GLMs(Pearce & Ferrier 2000a; Ferrietrral.2002; Moisen & Frescino 2002;

50



Zaniewskiet al.2002; Elithet al.2006; Wiszet al.2008) althoughthey areeven more
sensitive to small sample siz@¥isz et al.2008) As with GLMSs, the softwares freely
available and relatively easy to use, but the output is not easy to in{&vimmde et al.

2005)

2.2.3 Maxent

Maxent is a machinearning mettod based on the principle of maximum entropy, where
the aim is to produce a prediction that is as close to uniform as possible with the
constraint that the expected value of each environmental variable (the sum, across all grid
cells, of the product of thprobability of occurrence and the value of the environmental
variable) must equal the empirical average (the mean value of the environmental variable
at the presence point@hillips et al. 2004; Phillipset al.2006) The risk of model

overfitting (fitting the data very closely, at the expense of the ability to genersdiee

Chapter lis reduced by emplaryg a process known as regulatipn,which allows the
expected value of each environmental variable to fall within a specified margin of the
empitical averag€Dudik et al.2004) At each iteration, the algorithm adjusts the
relationships between the environmental variables and the modelled probability of
occurrence to increase the fit to the species data. The algorithm runs until the
improvement irfit at each iteration falls below a specified threshold, or until a maximum
number of iterations have been perforngedillips et al.2006) Maxent requires only

species presence records, comparing these to a random background sample from all the
grid cels in the study are@Phillips et al.2004) Maxent can fit relationships of a number

of different shapes between the environmental variables and species probability of
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occurrence: linear, quadratic, product (interactions between pairs of environmental
variables),threshold (1 or 0 depending on whether it falls above or below a derived
threshold), or hinge (similar to linear relationships, but constant below a threshold)
(Phillips et al.2006)

In comparisons of modelling techniques, Maxent has consigteetih among the
bestperforming method&Phillips et al.2004; Elithet al.2006; Phillipset al.2006; Wisz
et al.2008) and appeaito be relatively insensitive to decreases in the numbers of
presence records used to build the mo¢feltsllips et al. 2006; Pearsoet al.2007; Wisz

et al.2008)

2.2.4 GARP

Another machindearning modelling technique that has seen widespread use is the
Genetic Algorithm for Ruleset Prediction (GARPGARP develops a set oftifien
statement$ O r uthakedstérinewhether the species is predicted present or absent

according to the environmental conditions of the grid cell in queéStmtkwell & Noble

1992) Rules can be of three types: (1) envelope rulgesence or absence is predicted if

the environmental vables fall within a certain range; (2) atomic rulgsresence or
absence is predicted for specific values of the environmental variabt8) logistic
rulesi presence or absence is prediatsthga logistic regression function of the
environmentalariablegStockwell & Peters 1999 GARP initially takes a random
sample, with replacement, of 1250 species presence points and 1250 gridticells

presence record$hese data are divided in half for modtelilding and internal model

validation.A random set of rules is generated, and then these are modified by mutation
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(changes to the values of the environmental variables in the rules) and recombination
(whole portionsof rulesare swapped At each step the rules are tested against the internal
validation data; rules that fit the data well are more likely to be retéBtedkwell &
Peters 1999)The algorithm runs until improvement in accuracy falls below a certain
threshold or until a maximum number of iterations have been perfo@ireck the
stating set of rules is generated randonmhgrkedlydifferent predictions can be made
using exactly the sanspecies and environmental déandersonret al.2002a) One
solution to this problem has been to develop a number of replicate models for each
specis, and themo sum these models to generate an index of predicted environmental
suitability (Andersonret al.2002a) However Andersoret al.(2003)found that the
accuacy of modeldor the same speciegs very variable and suggested that only the
best nodels should be selected for the fipekdiction Accurate models should predict as
being present as many of the species records as possible, and should predict as being
present an area that approximates the true range size of the species in (fuedtison
et al.2003) Andersoret al. (2003)propose identifyinghe 10 mostccurate models by
selecting: 1) the 20 modedisat have the lowestumbers of presence locatiopedicted
absent (omission errgrand then 2) the tesf thesemodels that havaproportion of
baclground points predicted present (commission ind#gest to the median value.
GARP has shown mixed performance in tests of its accukéamyy studies have
found that 1t modeelysacceaeyReierson & Cahoos ¥3r i but i on
Petersoret al.2002a; Loisellest al.2003; Peterson & Kluza 2003; Peterson & Robins
2003; Raxworthetal.2 0 0 3 ; Papek &Hovgeaey in eomparisdnd 6f 7 )
several techniques, GARP hgenerallybeen shown to perform relatively poo(iith et

al. 2006; Pearsoat al.2007, but sed@soaret al.2007) and has a tendency to oyanedict
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distributions (Peterson & Robins 2008)n the other hand; ARP has been shown to be
relativelyrobust to small sample siz€Solano & Feria 2007; Wiset al. 2008), but

perhaps less so thahaxent(Pearsoret al.2007)

2.2.5 Other techniques

In Chapter 3, | compare the accuracy of four commasld techniques, which had
differing levds of accuracy in the study Hgfith et al.(2006): Maxent, GLM, BIOCLIM
andGARP. In the remaining chapters, | focus on just one model that has been shown
several times to produce highly accurate models, namely MaXeste are a great many
other modelling techniques available, including regression trees, artificial neuratksetwo
and multivariate adaptive regression spliné@wvever, because Maxelnas been shown

to producehighly accurate modelsyen with very small numbers of species records

chose to focus on Maxent and not to consider any other techniques.

2.3 Environmental data

2.3.1 Environmental data for Egypt

The WorldClim dataset is a freefwailable and widehlused set of climate variables
with global coveragel'he WorldClim ¢cimate maps were interpolated from temperature
data recorded &4542 weather stationgrecipitation data recorded at 47554 weather
stations and temperature range data recorded at 14835 weather stations (Figuseng.3)

a thinplate smoothing splingHijmanset al. 2005).The interpolated maps were used to
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generate 19 bioclimatic variad(Table 2.1) (Hijmangt al.2005). There were relatively

few weather stations in Egypt and these were largely concentrated in the Nile Valley and
Nile Delta(Figure 2.3, insets)Therefore it is important to note that there may be
inaccuracies in the deed variables, particularly in remote desert areas far from the

weather stations. Nevertheless, a number of studies have successfully used the WorldClim
variables to model the distributions of spegiasluding in tropical areas where the

density of wether stations is very loHijmans & Graham 2006; Broennimaenal.

2007; Pearsoat al.2007; Petersoat al.2007) The WorldClim dataset also includes a

global elevation map, from which topography variables (slope and aspect) can be

calculated.

Table 2.17 Bioclimatic variables available in the WorldClim Version 1.4 dataset (seklijmans et al.
2009for full details). Names in parentheses correspond with the names used in the WorldClim dataset
and are used in graphs later in this chapter.

Annual mean teperaturgBiol)

Mean diurnal temperature ran(&io?2)
Isothermality(Bio3)

Temperature seasonalifigio4)

Maximum temperature of the warmest mo(Bio5)
Minimum temperature of the coldest moiiBio6)
Annual temperature randBio7)

Mean temperate of the wettest quart€Bio8)
Mean temperature of the driest qua(iio9)
Mean temperature of the warmest quafBio10)
Mean temperature of the coldest quaf®&in11)
Annual precipitatior{Bio12)

Precipitation of the wettest mon{Bio13)
Precipitation of the driest mont{Biol14)
Precipitation seasonalifiol5)

Precipitation of the wettest quar{@iol6)
Precipitation of the driest quart@Bio17)
Precipitation of the warmest quar{@®io18)
Precipitation of the coldest quar{@iol19)
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Figure 2.37 Weather stations with: a) temperature; b) precipitation; and c) temperature range data
that were used to generate the WorldClim bioclimate variablednset shows in Egypt.

Collinearity among environmental variables can result in relexamdbles being
excludedfrom distribution models, and unimportant variables being incl{Gedsanet

al. 2002). The WodClim climate variables show very high collinearity. Correlation
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coefficients (Spear mands r anlonsinBgypprangedv ar i al

from -0.89 to 0.996. One solutida this problemnis to excludeandomlyone out of each
pair of variables that correlate strongly with each other (letyal. 2001; Engleset al.

2004; Lutolfet al.2006). However, there is a dangeatthiariables with a direct effect on
species6 di st r i batntheiexpanse ofwarialles that haeerdylam d e d
indirect effect A better approacts to perform principal components analy@€A) on

the environmental variables to generate atanhcorrelated factors (Manet al. 1999a;
Manelet al.2001) | performed PCA on values of the 19 bioclimatic variables and the
elevation variable from the WorldClim dataset for Egypt. Aa88second resolution,
Egyptcontains over one million gricetls, too manyata pointso performa PCA inthe
statistical packagesed(SPSS) Therefore, | performed ten replicate PCAs on 2000
randomlocationswithin the borders of EgypMean eigenvectors and loadings across all
ten replicate analyses were calteld. Four principal component axes with a mean
eigenvector greater than one were retaiidese axes collectively explained 86.5% of
the variance in the climate variables (Figure 2¥Ban loadings, which were highly
consistent among replicate analy@eéigiure 25), were used to generate new maps for
each of theeaxes High values of PC1 indicatevarm and dry climatic conditions; high
values of PC2 correspoedto areas that do not experience extremes of R
increasedvith elevationand precipitdon; and PC4ncreasedvith decreasing

precipitation seasonality, decreasing temperature in the driest quarter and decreasing

isothermality (the ratio of daily temperature range to annual temperature range).
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Figure 2.471 proportion of variance explained by 19 principal component axes based on climate
(temperature and precipitation) and elevation data for Egypt. Ten principal component analyses were
performed, taking climate and elevation data at 2,000 randor80-arc-second grid cell§or each. Mean
(x SEM) proportion of variance explained across the ten analyses is shown hefiéhe first four

principal component axes, which hadnean eigenvalues greater than one, were used in the
distribution models.
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Figure 25171 For each of four principal component axeqa) PC1; b) PC2; c) PC3; d) PC4), man
loadingsof each of the original environmental variableg+ SEM), across 10 replicate pringbal

components analysesEach replicate analysis consisted of a principal components analysis on values
of the environmentalvariables at 2000 points, randomly located within Egypt. Eigenvectors and
loadings were averaged across the ten replicateghe four principal componentsaxes shown are those
that had meaneigenvectos greater than one. The mean loadings were used to geagr new maps for
these four axes.

In addition to the climate variables, | also used two habitat classifications for Egypt.
The firstwasa global land cover classification derived usiamotelysensediata from
the Advanced Very High Resolution Radiomg®&VHRR) (Hanseret al.2000). Land
cover was classified into 13 categories (needleleaf evergreen forest, broadleaf evergreen
forest, needleleaf deciduous forest, broadleaf deciduous forest, mixed forest, woodland,
wooded grassland, closed shrubland, aglenbland, grassland, cropland, bare ground

and urban areas) using a decision tfdé® secondavasa geological habitat classification,
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compiledby Dr. A. Hassan for the BioMAP project. Habitat was classified into one of 11
categorie$ sea, littoral codal land, cultivated land, sand dune, wadis (dry desert

valleys), areas of metamorphic rock, areas of igneous rock, gravels, serir sand sheets,
sabkhas, and areas of sedimentary iogking remotesensing and extensive ground
truthing. The problem with inluding land cover variables in species distribution models

is that human habitat modification often means that land aharges rapidly with time

Since museum data often coveng periods of time, the habitat at a given location at the
time of recorccollection may not match the habitat represented in land cover variable
Some authors have suggested developing distribution models using only climate
variables, and then refining the models using a current habitat map and expert knowledge
on t he habimereguirensebts (Guisahal.2006a; Petersoetal.2 0 06 ; Papeck
Gaubert 2007). However, this approach would be very-tiomsuming fo large numbers

of species. Theroblemof temporal correspondence between species and habitad data

not relevat for the geological habitat map. Therefore, although models developed using
the geological habitat map differed little in accuracy from models developed using the
AVHRR land cover classificatio(see Chapter 3jhe geological mawasusedin all

studiespresented in this thesis

2.3.2 Environmental data for Britain

A wider variety of environmental variables are available for Britain, owing to greater
recording effort. Furthermore, the data have been collected over a long time period
allowingoneto study temporal changes in the environment and resulting changes in the

distribution of species.
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The climate data for Britaiwere interpolated from values recordedvatt Office
weather stationfPerry & Hollis 2006) Coverage by theeweather stations was iakser
and more evethan coverage by the WorldClim weather stati@ffigure 26). | used 39
variables: monthly values of minimum temperature, maximum temperature and total
precipitation; and annual values of growing degree days, consecutive dry days and
growing season length. Values of these variables are available for 1914 onwards; | used

data for 1968 to 2002.

¥

Figure 261 Location of the Met Office weather stations from which data were taken to generate the
British climate variables, fromPerry & Holli s (2006) Solid circles indicate stations that provided
temperature data and open circles indicate stations that provided pressure data.

I took | and cover data for Britain from

Classand Land Covemaps. The Lad Class mappart of the CORINE landlassmap for
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Europewas made by classifyingach100-m grid cell into one of 44lifferent land cover
types(Table 2.2)based on remotelgensed datior 1989 and 1990 from the Landsat
satellitegBrown et al.2002) The ten Land Cover maps report the percentages ofleach
km grid cell covered by each of ten aggregate land cover types (Tablé& 2n2asure of
land cover diversity was also used. This was developed by Stuart Ball oirthBature
ConservatiortCommittee, by calculating the diversity of land cover types within 2 km of

the centreof each ikm target cell using the Shanndvieiner diversity index.

Table 2.21 1) Categories used in the CORINE land-cover classification for Europe Grid cells were
assigned tahe CORINE land-cover categories using remote sensing data, captured by the Lamadls
satellites in 1989 and 199@) Aggregate landcover typesused to generatghe Land Cover maps,
which describethe percentage of each-km grid cell accounted for by different types of land use.

CORINE land cover types:

Continuous urban fabric

Discontinuous urban fabric

Industrial or commercial units

Road and rail networks and associated land
Port areas

Airports

Mineral extraction sites

Dump sites

Construction sés

Green urban areas

Sport and leisure facilities

Nortirrigated arable land

Permanently irrigated land

Rice fields

Vineyards

Fruit trees and berry plantations

Olive groves

Pastures

Annual crops associated with permanent crops
Complex cultivatiorpatterns

Land principally occupied by agriculture, with significant areas of natural vegetation
Agro-forestry areas

Broadleaved forest

Coniferous forest
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Mixed forest

Natural grasslands

Moors and heathland
Sclerophyllous vegetation
Transitional vwodlandshrub
Beaches, dunes, sands
Bare rocks

Sparsely vegetated areas
Burnt areas

Glaciers and perpetual snow
Inland marshes

Peat bogs

Salt marshes

Salines

Intertidal flats

Water courses

Water bodies

Coastal lagoons

Estuaries

Sea and ocean

Aggregate land cover types:

Broadleaved woodland
Conifer woodland
Arable farmland
Improved grassland
Seminatural grassland
Montane

Built up

Standing water
Coastal

Sea

Topographic variables were also used in some of the distribution niod@lstish
species. These were based on the Ordnance Survey digital elevation model (DEM) at 50
m resolution Qrdnance Survey 200 pecifically,l used elevation and slope; slope was

calculated by Stuart Ball.
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Finally, | used agriculture variables basedthe Edina censuse&non. 2009.
These variables described total numbers of cattle and sheep, and the acreage of cereals

grown. Censuses were taken in 1976, 1981, 1988, 1994, 1997 and 2004.

2.4 Species occurrence data

2.4.1 BioMAP data for Egypt

The BioMAP project in Egypt (seBioMAP 2009for more details) spent three years
collecting species occurrence records from natural history and museum collections, and
from the literature. There are severatilations associated with dat@ifn these sources
discussed in Bapter 1 Therefore, a analysis of the quality ahedata is crucial before
distribution modelling exercises are undertaken.

One major problem with records from museums, natural history collections and
literature sources is that they aften accompanied by very vague descriptions of their
locality (Grahamet al.2004a) This results in very poor locational accuracy when the
record is assigned geographical coordinat e:
additional problem in §ypt is that the transliteration of site names from Arabic into the
Latin alphabet can yield many different spellings for the same site; this often makes it
very difficult to identify the site to which a record refers. To aid the process of
georeferencinghe BioMAP project developed a gazetteer of all dit@s which species
recordswere takenAs part of the development of this gazettelee, Ibcational accuracy
of each site was calculated using the poaalius methodWieczoreket al.2004) records

from excessively inaccurasteswere excludedrom the database.
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Another problenwith museum data is environmental biasha scope of the

species record$srahamet al. 20044 for a moredetaileddiscussion, seel@pter 1).

Therefore, undertooka testof the environmental representativeness of the BioMAP data

for butterflies, mammals, reptiles and amphibidresdo this, the distribution of the
record localities along each of three main environmental gradients (elevation, mean

annual temperature andabannual precipitationjand also along an index of human

impact (Sandersoet al.2002),werevisually compared against the distribution of all grid

cells in Egypt along the same gradiefiise environmental representativeness of record

localities was B0 tested quantitatively using anagdation of the method used Wintle
et al.(2005). Four principal component axes, based on 11 temperature variables, 8
precipitation variables and 1 elevation variafalescribed in detail in Section 2.3.%)ere
eachdi vided into four bins usi ngthesehnkfsrd
all four principal component axes gave 256 possible combinations of categories
(henceforth called o6areas of climatic

number of areas of climatic space that the surveyed localities represented. For

(196

spac

comparison, | calculated the number of areas of climatic space represented by 100 sets of

random points of the same number as surveyed localities, drawn from anywhere within

Egyp 6 s b Totesttherceaveragef habitat typedy surveyed sites,usedthe
geological habitat variable dg#bed in the previous section atested departures from
randomsamplingusing a chisquared test.

At the time of analysishe BioMAP data fobutterflies consisted df898 records

for 59 species. These records were taken from museum specimens and the literature

(Larsen 1990; Gilbert & Zalat 2007). The identification of all extant specimens was

checked according to the latest taxonomic opinidost other specimens had been
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checked previously biyarsen(1990). Records were made between 1829 and 2006,
although most were from the ®@entury (Figure Z). Geographical coverageas
reasonabléFigure 28a). The lack of records in the Western Degsee Figure 8e) was
probably owing to the true absence of butterflies. On the other hand, the lack of records in
the Qattara Depressigmobably representathdersampling.Surveyed localitiesvere

clearly biased towards areas with a high human impacgreas near roads amgman
habtation (Figure 2a), but showdno obvious bias with respect to the main

environmental gradieniselevation, temperature apdecipitation (Figure ®b-d). Sites

with butterfly records fiéinto 44 of 256 areas of cliatic space, 84.1% of the number
expected if the same number of sikese located completely at randorBites were

distributed nor andoml y amo n §=1036kdift=®,tP <0.90f)eLittord] &
coastal areas, cultivated land, wadis (dry desert valleys), areas of metamorphic rock and
areas of igneous rock were sampled more often than expectedrog cBand dunes,

gravels, serir sand sheets and areas of sedimentary rock were sampled less often than
expected by chanc8ixty-threeof 333 sites were located insigemtected areaprotected
areas cover 7.5% (sek Figug Bdofdara@mnsap of thenpilotestadr f a c e

areas).
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Butterflies ®=Mammals ® Reptiles & amphibians
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Figure 2.71 Temporal distribution of butterfly, mammal, and reptile and amphibian records in
Egyptds Bi oMAP database

67



0 250 500 1,000

68



Figure 281 Sites in the BioMAP database with (a) butterfly records; (b) mammal recordsand (c)

reptile and amphibian records; (d)the | ocati on of Egypt 6sEggpkiansti ng pr ot
Environmental Affairs Agency 2007for more details); and (e) the approximate location of the main

geographical areas of Egypt, which will be referred to througout this thesisi (1) Nile Delta, (2) Nile

Valley, (3) Western Desert, (4) Eastern Desert, (5) Sinai Peninsula, (6) Faiyum Oasis, (7) Qattara

Depression, and (8) Mediterranean Coast.
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Figure 2.91 Frequency distributions ofall grid cells (grey bars) ar sites with butterfly records
(black bars) along four environmental gradients: a) human impact index; b) elevation; ¢) mean
annual temperature; and d) total annual precipitation. The human impact index ranges from 0 to 64
and combinesdata onpopulation density, proximity to roads, railroads and rivers, proximity to the
coast, light pollution, location within cities, and human land covefSandersonet al.2002) For details
of the othea environmental variables, see 8ction 2.31.

The mammadtlataconsistedf 4718 records for 103 speciéom museums and
personal collections, and from the published literature. The identificationsyfealies
was checked according to the latest taxonomic opifWiitson & Reeder 2005H)y Dr.
M. Bassiouny (Al Azhar Univesity, Cairo).Records were made between the years 1580

and 2007, although most fell in the second half of theQéntury (Figure 2).
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Geographical coverageasvery good, owing to systematic collecting in the period 1950
1980 6eeOsborn & Helmy 198p(Figure 28b). As with the butterfly records, there was a
clear bias towards areas witlgher human influence (Figurel®a) but little obvious bias

in environmental space (Figu210b-d). Sites with mammal records fell into 76 of 256
areas of climatic sgce, 107.5% of the number expected by chaBites with nammal

records were distributed naandomly among habitat typése= 2248, d.f. = 9P <

0.001) littoral coastal areas, cultivated land, wadis, areas of metamorphic rock and areas
of igneous rockvereoverrepresented, and sand dunes, gravels, serir sand sheets and
areas of sedimentary rovkereunderrepresentedlwo hundredf 1395 sites fell inside

protected areas.
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Figure 2.107 Frequency distribution of all grid cells (grey bars) and sites with mammal records
(black bars) along four environmental gradients: a) human impact index; b) elevation; ¢) mean
annual temperature; and d) total annual precipitation. The human impact index ranges from 0 to 64
and combinesdata onpopulation density, proximity to roads, railroads and rivers, proximity to the
coast, light pollution, location within cities, and human land coer (Sandersonet al.2002) For details
of the other environmental variables, see &ction 2.31.

The BioMAP database contained 16397 records f@rrégtile and amphibian
species, from museum and personal collections, and from the literature. Thecaigorifi
of species was checked by Dr. Sherif B&tdin (Cairo) according to current taxonomic
opinion(Baha EIl Din 2006)Records were made between 1854 and 2007, with the vast
majority made in the second half of thé"ZDentury(Figure 27). Geographickcoverage
wasexcellent, owing to extensive and systematic surveying in recent years by Dr. Sherif
BahaEI-Din andDr Mostafa SalelfFigure 28c). Surveyed localities were biased towards

areas withhigh human impact, but showed lgtenvironmental biag={gure 2.1).
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Surveyed localities fell into 77 of 256 areas of environmental space, 99.3% of the number
expected if the sites were located at randBurveyed sites were not distributed among
habitat types as would be expected if they were randdistyibuted( %= 2495, d.f. = 9,

P < 0.001). Littoral coastal areas, cultivated land, wadis, areas of metamorphic rock and
areas of igneous rock were sampled more often than expected by chance, while sand
dunes, gravels, serir sand sheets and areas of sediyreatawere sampled less often

than expected. 457 of 2320 sites fell inside protected areas.
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Figure 2.117 Frequency distribution of all grid cells (grey bars) and sites with reptile and amphibian
records (black bars) along four environmental gradientsa) human impact index; b) elevation; c)
mean annual temperature; and d) total annual precipitation.The human impact index ranges from O
to 64 and combineslata onpopulation density, proximity to roads, railroads and rivers, proximity to
the coast, lightpollution, location within cities, and human land cover(Sandersonet al.2002) For
details of the othe environmental variables, see 8ction 2.31.
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2.4.2 Species data for Britain

In Chapters and 8] model the distributions of species@meat Britiin. Collectingof
species records Britain has been much more extensive than in Egypt and coverage, both
geographical and environmeht&s substantially better. Therefeieshall not present a
formal test otthe quality ofthese data here.

In Chapterg, | use datdor butterflies, flowering plants, hoverflies, and
hymenopterangom the National Biodiversity Network (NBN) gatewayhe NBN
gateway provides access to data from a large nuofbedividuals and organisatiorisee
Anon. 2009dor more detds); a full list of contributors whose data | usiedgiven in
Appendix 2.1 Records for all of the taxonomic groups considered shaxeellent
geographic coverage (Figuzel?). In total (at 10km resolution) there were 3792
presence records for 15 brfly species, 20907 records for 60 flowering plant species,

20140 records for 48 hoverfly spes, and 27072 records for 9gnenopteran species.
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Figure 2.127 Siteswith presence recorddor: (a) 15 species of butterfly; (b) 60 species of flowering
plant; (c) 48 species of hoverfly; and (d) ® hymenopteran species, from the British National
Biodiversity Network (NBN) gateway.

In Chapter 8, | use records for hoverfly and bird species. This chapter was
concerned withagmporal trends in distributionsh&refore, occurrence records were
divided into discrete time periodEhe data for hoverflies were taken from the Hoverfly
Recording Scheme (s&all 2009for details). This datasebmprises 488550 records
made between the years 1800 and 2006 by numeobuisteers] used records made
between 1972 and 2002, divided into the following time periods:-1972Z, 19781982,
19831987, 19881992, 19931997, and 1992002.Records with a locational accuracy
poorer than 1 km were excludéthe number of recordsagverylargeand generajl
increased over time (Table 2.8eographical coveraggas excellenin all six time
periods(Figure 2.B). The bird data were taken from the two BritiBtust for Ornithology
(BTO) breeding bird atlases (Sharrock 1976; Gibbeiral. 1993). These data were

collected byvolunteers duringwo extensive andystematic surveys of every-kfn
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square in the British Isleand as a consequertbey includereasonably reliableecords

of species absence as well as records of speciesnue

Table 2.31 Numbers of presence recordgat 1-km resolution) from the Hoverfly Recording Schemen
each of six time periodsused to study temporal trends in the distributions of British hoverfly species
(Ball 2009)

Time period Number of
presencerecords

19721977 7901

19781982 20927
19831987 62355
19881992 72323
19931997 59644
19982002 42215
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Figure 2.137 Geographical distribution of occurrence records for hoverfly specief Britain, taken
from the Hoverfly Recording Schemejn each of six time periods a) 19721977; b) 19781982; c)
19831987; d) 19881992; e) 19931997; f) 19982002.
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2.5 Evaluating model accuracy

2.5.1Measures of model accuracy

The simplest measures of model accuracy are estimates of the proportionsesf spec
presence records correctly predicted by the model as being present (model sensitivity), the
proportion of absence records correctly predicted by the model as being absent (model
specificity), or the proportion of all records predicted correctly byrtbdel (correct
classification ratefFielding & Bell 1997) The problem with these measures is that they

are sensitive to the relative proportions of presence and absence records used (the sample
prevalence), with very high estimates of model accuracyilpess/ chancevhen there

are highly unbalanced numbers of presences and absences. An alternative is the kappa
statistic, which corrects the correct classification rate to account for the probability that

the model will classify a record correctly by chafiglanelet al.2001) The kappa

statistic is calculated using the following formula:

da+d)- (((a+c)a+b)+(b+d)c+d))/n)s

T8 - (@ ofarn)+ braXera)n)

wherea is the number of correctly predicted presence recordsthe number of
incorrectly predicted presence records the number of incorrectly predicted ahse
recordsd is the number of correctly predicted absence records, and n is the total number

of records.
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Most models output a continuous prediction, either probability of occurrence or
relative habitat suitability. All of the above measures of modelracgthusrequire a
threshold to be definetb convert the continuowsutput into a binary prediction of
presence or absence. Although objective measures exist for defining such thresholds (e.g.
Pearsoret al.2004; Liuet al.2005, there are measuretrmodel accuracy that do not
require a threshold to be s8bme authorsg.g.Engleret al.2004; Pearsoat al.2004)
haveusal the maximum value of kap@ross all possible thresholds, bytfar the most
commonlyused measure of model accuraayd ore that lusethroughout this thesiss
the AUC statistic. This is derived from a Receiver Operating Characteristic (ROC) curve,
which is a plot othe proportion of presence records correctly predicted by the model
(sensitivity) against the proportion albsence records incorrectly predicted (1
specificity). The AUC statistic, which is simply the area under the ROC curve, measures
the ability of models to discriminate presence records from absence régetdsg &

Bell 1997) A perfectly discriminatig model would have an AUC value of 1, while a
completely random model would have an AUC of (&lding & Bell 1997) Pearce &
Ferrier(2000a)suggest that models with an AUC value greater than 0.7 are useful.

The AUC statistic has been criti@d recent], becausét isinsensitive to the exact
output values of the model,ptaces equal emphasis on correctly predicting presences and
absences (particularly when psetatisence data are usedtead of real absence daia
failsto consider spatial pattesof model accuracy, andig sensitie to the proportion of
the study area occupidy species (when pseudtrsences are used to evaluate models)
(Lobo et al.2008) This last issue iprobablythe mostsignificant,and may have
important implications Wwen compang model accuracy among species. For spedibs

smaller rangeggiven that environmental variables generally show strong positive spatial
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autocorrelation, randomiglaced pseudabsences will have a greater chance of falling
outside the envimmmental conditions inhabited by the species. Therefore, models for these
species will have atrtificially high AUC scor@sobo et al.2008) Given these limitations,

it is important to use alternative measures of model accuracy wherever passible,

partiaularly when making comparisons of model accuracy among species.

2.5.2 Testingvhether distribution models are significantly better than random

If the species occurrence records used to develop distribution models are environmentally
biased, then convential estimates of model accuracy may be artificially elevated. An
estimate of the extent to which this is a probleno st whether thapparentccuracy

of a distribution modelas measured by the AU®)significantly better tharandom
expecation, where the latter is generated digtribuing the occurrence recordandomly
among sites sampled for a particular taxonomic greopthe Egyptian butterfly and
mammal species$ followed this approachasrecommended bRaes & ter Steeg007)

To do ths, for each specielscreated one real distribution model and 100 null models.

Both the real and the null models were builthiite same environmental variables: the
geological habitat classification, and four principal component axes based on elevation
and 19 bioclimatic variables from WorldClim Version 1.4 (see Section 2Thg)real

models used the presence records for the target species, while the null models used the
same numbenf presence records randomly selected from all sites redtwdthe same
taxonomic group as the target species. each species, if the AUC value of the real

model fell within the highest 208 of AUC values of the null mode{enetailed test) then

the real distribution model was considered to be significdtier thamandom.
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The results for butterfly species were mixed. Only 12/40 species had distribution
models with AUC valuesignificantly better than rando(m the top 10% of AUC values
achieved by the null modé|salthough distribution models for 31/40 achieved@\
values higher than the mean AUC value of the null mgte®mial probability =
0.0003) The distribution models for mammal species were much better. Distribution
models for 47/63pecies were significantly better than randand 57/63 specidsad
AUC valuesbetter than the mean of the null modgmomial probability <<0.001)

Across species, the percentage of null models that outperformed the real distribution
model was strongly negatively related to the AUC value of the real distribution model for
both butterflies ¢g=-0.965, N = 40, P < 0.001) and mammals=(¥0.865, N = 63, P <
0.001).Most AUC valueqof species modelghatwere greater than 0.85, weaalso
significantly better than random.

Overall, these results suggest ttet AUC statist is a useful measure of the
relative accuracy of distribution models. Howevenjgherthreshold AUC value dd.85
for distinguishing accurate disttibon modelsnay be more appropriate than a threshold

of 0.7, especially if the models are to be ugethke important conservation decisions.

2.6 Spatial autocorrelation in the distributions of species

The distributions of species almost alwap®w positive spatial autocorrelation; i.e. a
species is more likely to occur in a given grid cell if it asours in neighbouring grid
cells(Legendre 1993)Such autocorrelation may be exogenous, caused by spatial
autocorrelation in the environmental variables, or endogenous, caused by processes

inherent to the species, such as dispersal pafiecisteinetal. 2002) Some authors
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have suggested that distribution models achieve good fit to speciesnplybecause
both speciesd distributions andBabtnlke envi r ol
McGill 2007). In other words, spatial autocorrelation istdbutions is entirely

endogenous in origjmand distribution models using environmental variables capture this
spatial structure only because the environment is autocorrelated aBarvetkample,
modelsfor bird species in North Ameridating only spatial variables (i.e. longitude and
latitude) were on averagdightly better than models that fitted only environmental
variablegBahn & McGill 2007) andthe fit of distribution models for real bird

distributions in Europ&ere in most cases no betteanthe fit of null models for

simulated distributions with the same spatial structBealeet al.2008;but seeAraujo

et al.2009; Aspinallet al.2009; Petersoat al.2009) A number of methods have been
developedo account for spatial autocorretat in distribution models (reviewed in
Dormannet al.2007 see also Section 1.3.3). Most methods only work properly if the
specieglataconsist of systematic presence and absence records in a regular grid. One
approach that can be used with mopportunstic data is to fit the geographical

coordinates (longitude and latitude explanatory variables. Bahn & McGill 2007.

Unless spatial models are shown to be much better than environmental rmodieks,
versathe confounding effects of environntahautocorrelation and autocorrelation in
distributions (either endogenous or exogenous) will make it difficult to determine the
extent to which species actually respond to the environment. Whatever the outcome,
distribution models may still be useful wih the study areas in which they were

developed. However, the issue of whether distribution models capture any real biological
signal will be crucial in attempts to extrapolate the models to predict distributions in other

areas or time periods.
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To comparehe ability of environmental and spatial variables to fit the distributions
of 40 Egyptianbutterfly species and 63 Egyptian mammal species, | built two sets of
generalized linear modelgth binomial errorsin the first, lused only environmental
varialdes (habitat and four principal component axes basetkoat®n and climate, as
above); inear and quadratic terms were fitted for the continuous variables. In the second
set of models, only the following spatial variables were fitted: longitude, lat&jtu
longitudé, latitude, latitud® latitud€, longitude x latitude, longitude latitude, and
longitude x latitudé The deviances explained by each @ fets of models were
conmpared.

For both butterflies (Wilcoxon matchemirs test: Z = 4.80, N =04 P < 0.001) and
mammals (Z = 2.83, N = 63, P = 0.005), models fitting only environmental variables
explainedsignificantlymore deviance in the species distribution data than models fitting
only spatial variables. For butterflies, the environmental mexighined more deviance
than the spatial model for 33/40 spedigimomial probability <<0.001)For mammals,
the environmental model explained more deviance than the spatial model for 40/63
speciegbinomial probability = 0.02)These results generallypgort the use of

environmental variables for modelling the distributions of speaidgasin Egypt.
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Chapter 3. Testing factors influencing distribution-model

accuracy using data from real and simulated species

3.1 Abstract

In this chapterl presat a test of hovdata characteristics and the technical
details of modebuilding affect the accuracy of species distribution models
Models were built for simulated species, aliogva test of model accuracy
wherethe true distribution of species was knmgvand also for real species,
enabing the models to be tested under more realistic ecological conditions.
Using data for simulated species, | tested the effects of samplésizboice

of modelling techniqueghec o mpl exi ty of speciesd respon
environment anthe method of splitting the species records into model

building and modeévaluating datasets on model accuracy. Using the data for
real species, | tested the effects of sample size, choice of modelling technique,
choice of independent vables and species identity on the accuracy of

models.| show that all the tested factors and many of theway interactions
between them have significant effects on model accuracy. These results
highlight the importance that choices made during the dedigpecies

distribution models have on the accuracy ofrtteelsproduced, and thus

make asignificantcontribution to the growing literature on species

distribution models

83



3.2 Introduction

The accuracy of species distribution models is often téstedsessing their ability to
matchthe distributions of real speciés.g.Wintle et al. 2005; Elithet al.2006. This
approacthas thalisadvantage that the true distribution is not knomwaking it difficult
to evaluate the predictions propefAustin et al.2006) An alternative is to simulate
species distributions, making assumptions about how species occurrence is related to
environmental conditions. dihg simulated species distributidmas the advantage thtae
distribution that the model is tnyg tofit is perfectly knowr(Hirzel et al.2001) Only a
few studies have used simulated datthis way(Hirzel et al.2001; Hirzel & Guisan
2002; Moisen & Frescino 2002; Aust al. 2006; Wintle & Bardos 2006; Meynard &
Quinn 2007)In this study | ¢st the accuracy of models using both the traditional
approach with real species and the simulated species approach.

There are many differetéchniquesvailable fomodellingspecies distributions\
number of studies have compatbd accuracy of diffent techniqueasingdata for real
speciesin the most comprehensive of these studitithy et al.(2006)compared the
ability of 16 techniques tmodelthe distributions of species froraveral regions around
the world, finding that some techniques weoasistently better than othe&milar tests
using simulated data have been much less frediMmsen & Frescino 2002; Meynard &
Quinn 2007)nd have generally supported the results of studies using data for real
speciesin thischapter | focus on fair techniquegTable 3.1)commonly used for
modellingspeciedistributiors (e.g.Elith et al.2006. The chosen techniques are only a
small subset of the many that are available. Some of the other technmaetiscussed

in Chapter 2.
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Table 3.17 Comparison of the four model types used in this study, including their strengths, weaknesses and performance in previous studies.

Model Advantages Disadvantages Relative accuracy
Maxent (Phillipset al.2006) Requires little technical skill. Output parameterdfticult to interpret. Very good®.
Generalized Linear Models (GLMs) Output easily interpretable Require records of specipsesence and species Very good®.
(McCullagh & Nelder 1989) parameters. absenceRequire some statistical skill.
BIOCLIM (Nix 1986) Requires only records of species Tends to ovepredict actual distributions. Generally poof.
presenceRequires little technical
skill.
Genetic Algorithm for Ruleset Process Combines imate envelopes and  Output parameters difficult to interpret. Mixed but generally very
(GARP) (Stockwell & Noble 1992; regressiorbased statisticlor Tends to ovepredict known distributions. good®.
Stockwell & Peters 1999) greater flexibility

2 (Elith 2002; Phillipset al.2006)

3 (Hirzel et al.2001; Guisaret al.2002; Moisen & Frescino 2002; Aust al.2006;Elith et al. 2006; Meynard & Quinn 2007)
* (Elith 2002; Elithet al.2006; Tsoaet al.2007)

® (Feria & Peterson 2002; Joseph & Stockwell 2002; Petessah2002; Andersn et al. 2003; Peterson & Robins 2003)
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How best to evaluate the accuracy of species distributiatel®as an issue that has
received considerable attention in the literature. The simplest approach, and one that has
been used frequently in distributiomodel studies, is to test the ability of models to
predict the data that were used to build th{Erelding & Bell 1997) This is effectively a
measure of the goodnessfit of the model.The main drawback of this approach is that
models can fit the training davary closelywithout having anyecologicalmeaning
(model overfitting) this will leadto overoptimistic accuracy estimatéShatfield 1995)

An alternative is to split the species recamsdomlyinto modeitraining and model
evaluating datase({fielding & Bell 1997) However, if these datasets are drawn from the
same original survey and thetaan this survey are biased in environmental space, then
the resulting model will also be biased and the accuracy measure imillabed (Fielding

& Bell 1997). Ideally, models should be tested using a completely indepeadént
unbiaseddatasef{Chatfield 1995) Few studies have used this approach as it can be
impractical, timeconsuming and costly\(intle et al. 2005 but seee.g, Loyn et al.

2001; Elith 2002; Ferrieet al.2002. | test models for Egyptian butterfly, mammal and
reptile species usgnindependentheollected survey data in ChapterSame authors have
experimented with building models using species records from oneaatthen testing
them againstecords from another ar¢gielding & Haworth 1995; Ozesmi & Mitsch
1997, Peterson &haw 2003; Randiat al. 2006; Heikkineret al.2007; Vanreusest al.
2007; Syartinilia & Tsuyuki 2008)Accuracy estimates were generally much lower when
the models were tested against data from thease@pposed to the originateagbut see
Vanreusekt al.2007). This could be because tests using geographically distinct data
present a genuinely more rigorous assessmeanbdgl quality, or more likely because

splitting the data in this wastrictsthe range of environmental conditions covered by
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the data used to build the modBifferent methods for evaluating models have never
been compared using simulated data.

For many species, especially those of most concern for conservatiorged
occurrences ariew tovery few in number. The sample sizeeded to build accurate
distributionmodels is an issue that needs addressing. Several studies have investigated the
effect of sample size on small numbers of different models or for small numbers of
speciesPearce & Ferrie€2000a)reported a large inease in the accuracy of GLMs
between sample sizeise( presences absences) of 50 and 250, with smaller increases
thereafter Maxent models with 50 to 100 preseneasnearly as accurate as those with
1000(Phillips et al.2004) andGARP has been reped to predict distributions
successfullyvith fewer than ten pointgeterson & Robins 2008)ut in this case
0 s u c c e svaldatedwd ssing AUC, buby testing whethereal presences fell into
areas of predicted presence more often than expectegthbge testing a very different
aspect of model performanc@he issue of sample size has received little attention in
studies using simulated species data (buHsexel & Guisan 2002; Meynard & Quinn
2007).

Many models assume that species will shompse linear or Gaussian (bedhaped)
responses to the environmental varialffasstin 2002) However theory predicts that
more complex responses to the environment will be common, for example through the
effect ofbiotic interactiongAustin 2002) Theefore, the ability to handleomplex
responsemay be very important fadheaccurate modelling of specadistributions.
GLMs and Maxent models can be fitted using polynomial and interaction, teatnthe
complexity of the model is driven by the ugkrcCullagh & Nelder 1989; Phillipst al.

2006) GARP is more flexible, using a machilearning approach to select the variables
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and the complexity of response that best predicts theg Sttekwell & Peters 1999up

to a pointthis may allow it tomake moe accurate distribution models when the species in
guestion responds to its environment in a more complex fag@Bigsanet al.2002) but
ultimately the complexity of the response shape is constrained by the design of the
software Although increasingite complexity of modelsan capturéhe observed
environmental responses of species more clogedigo increases the risk that the model
will be overfitted(Chatfield 1995)

The choice of environmental variables used to build distribution modelsilstay
significantly affect their accuracy, an issue that has received little attention in the
literature(but seePeterson & Nakazawa 2008 he most accurate models, and those that
capture most closely the real ecological response of species, are builamathies that
directly influence distributiogi(Austin 2002; Austiret al.2006) However, such variables
are rarely available in a suitable format and ecologists must often use variables that affect
specieédistributionsindirectly. There are many diffent variables thatandetermine the
distribution of a specigdiutchinson 1957)butusing too many in a model will lead to
overfitting. Furthermoreenvironmental variables are often very highly correlated with
each other, which can lead to varialileg do not have a causal effect on the distributions
of speciedbeing selected by modglGuisanet al.2002) One solution is to use only
variables that show weak relationshvpgh each othefLoyn et al.2001; Engleeet al.

2004; Lutolfet al.2006) However, this requires variables to be selected subjectively and
there is thelanger that important variables will be excluded in favour of varidhégs
haveonly an indrect effecton speciesA better solution to the problem is to use principal

componentsnalysis to reduce the environmental variables to a set of uncorrelated
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variablegManelet al. 1999a; Maneét al.2001) This method has been used very little in
species distribution modellingespite its obvious benefits.

In thischaptery | test a numér of factors thapotentially couldnfluence the
accuracy of species distribution models using data for simulated s@ewiessofor real
butterfly species in Egypt. Using the simulated data, | test the effects of sample size,
model type, complexityfespecies response to the environment, method of reserving test
data, and interactiorigetween these factoos the accuracy ohodels Using data for real
species, | test the effects of sample size, model type, choice of independent variables, and
their interactions. Species distribution models are very powerful tools for conservation
and ecology and understanding the factors that affect their accuracy is crucial for their
successful applicain. Using simulated data allowaaeto comparanodelswith known
distributions, while comparing naels for real species introducadlegree of ecological

realism thatanbe lacking in simulated data.

3.3 Methods

3.3.1 Simulated cta

| simulatedthe distributions ofhree species within the real landscape of Egyipese
virtual species responded to three environmental variables taken from the WorldClim
Versionl.4 dataset at a resolution of 30 arc secoal@sation annual mean temperature
and annual precipitatiofHijmanset al.2005) Maps of environmental suitdiby were

created using the following basic function:
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ES =

whereESis environmental suitability arxis a function describing the response of the
species to the three environmental variables. This funktias varied to give three
specieswith differing complexitieof respnse to the environment (Tal3e).

Coefficients were chosen to give the maximum possible rangdtability values

between 0 and 1 for each speciBse responses of the simulated species to each of the
environmental variables agiven inAppendix 3.1 These responses were not intended to
match those seen for real species, but rather to present the models with responses of

varying degrees of complexity.

Table 3.2 Functions usedas the linear predictor(x) in a logistic regressbn equation(1/(1+€%)) to
generate environmental suitability maps for three simulated species with differing complexities of
response to the three environmental variableslevation(alt), annual mean temperature (temp),
annual precipitation (prcp).

Respase omplexity  Linear predictor (x)

Linear (0.01 x alt)i (0.01 x tempy (0.1 x prcp)

Quadratic (0.01 x alt)i (10°x alf’) + (0.1 * temp)i (10°x temg) + (0.1 x prcp) (10°
x pref) 1 19.36

Cubic (0.01 x alt)i (10°x alf’) + (10%x alt’) + (0.1 x temp)i (10" x temp) + (10°

x temp) + (0.1 x prcp) (102 x pre) + (10° x prep’)

| generated a set of 4000 random pototserve as hypothetical sampling locations
within the borders of Egypt using ArcMap 9For each model, | assigned oeded
presence or absence to these sites by generating a random betnaan 0 and fbr
each. If this number was less than the environmental suitability for the siténéghen

species was deemed to be preséithe random number was greater, specis was
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deemed to be abseifithis process addede noise to the relationships; noise would
almost certainly be present in real ecological datasets.

Eight different model types were considered: Maxeillips et al. 2006)with
either linear featured (Maxent L), linear and quadratic featur@sNlaxent Q), linear,
guadratic and product featureés Maxent P), or threshold featuresly (4: Maxent T);a
climate envelope model (BIOCLIM, Nix 1986) generalized linear modeg|sicCullagh
& Nelder 1989)with either linear termsg{ GLM L) or linear and quadratic terms: (
GLM Q); and the Genetic Algorithm for Ruket ProcesB{ GARP) (Stockwell & Noble
1992) GLMs were fitted with binomial errors and the logit link. Variables were selected
usi ng tfundion@v/enakdep & Ripley 2002n R (R Development Core Team
2004) an automated backwardsteapw e f uncti on based on Akai k¢
Criterion. For the GARP models, 100 replicates were made for each dataset. The best
models were selected using ataptation othe fibest subsetemethod(Andersoret al.
2003) as follows For each replicate, | calculated omission (the percentagedofells
containingpresence recordssed to build the modéhat were incorrectly predicted by the
model asabsenceésand commission (theercentagef all grid cells without a presence
record that were predicted esntaining the speciedg-irst, all model replicates with
omission greater than 10% were removed. Second, if more thegpteratesemained,
the mean comission of these remainingplicateswvas calculated and the ten with
commission values closest to this mean were retasede best subsétherwise, all the
remaining replicatewere retainedThe number of replicates in the best subset that
predicteda given grid cell as containirtbe speciesn questiorwas used as aeasure of

predicted suitability.
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Threemethods were used to divide the data into mbdéting and model
evaluating partitions. First, trdata were randomly divided half; one halfwas used for
both model building and model evaluation and the second half was discarded. Second, the
data were randomly divided lalf; one half was used for model building and the other
was used for model evaluatiorhiid, the data were divided half geographically by
dividing Egypt into four quarters along ®land 27.7%N; data from the northeast and
southwest quarters were used for model building and data from the northwest and
southeast quarters were used for model evaludfioaland area was amximately
equal in both pairs of quarters.

To test the effects of sample size on model accuracy, | randomly reduced the model
building datasets b§9%, 90%, 50% or 0% givegroups ofdatasets with means of 10,
103, 513 and 1027 presence records. Thealrmdaluation datasets were not reduced in
size.

For each combination of response complexity, model type, test data typaraple
size | generated temodels,making overalk total of 2880 model3.he ability of nodels
to predict the modetvaluation dtaset wagestedusing the AUC statisti@Fielding &

Bell 1997) calculated usinthe trapezoid metho@earce & Ferrier 2000bjull details

are given in Chapter 2. For Maxent and GLM models, sensitivity (the proportion of
presences from the evaluatioataset correctly predicted as being present) and
commission (the proportion of absences incorrectly predicted as being present) were
calculated at 100 thresholds spread evenly throughout the outputFan@gOCLIM

models, | used one threshold for eackdicted suitability category (unsuitable, low,
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medium, high, very high and excellerffor GARP models, | used the number of
replicates in the best subset thegdicteda pixelas being occupiedsthethresholds.
Concerns have recently been voiced dlewalidity of the AUC statisti@as a
measure of model accuraflyobo et al.2008) To test its consistency and to provide an
alternative measuref model performance, | calculated a second accuracy statistic. Across
a random sample of 2000 grid squareggyptusi ng Spear manbés rank ¢
related environmental suitability as predicted by the modelsdmtedenvironmental
suitability calculated using the original response functions. The correlation coefficients
were used as an estimate of magled c ur acy, hencef or tdwithr ef err e
t r ut h oSingeadrral&iswith-truth is derived from thenowndistribution of the

simulated species, | would expect it to be a nmeliablemeasure of model accuracy.

3.32 Butterfly data

To test the effects of model type, choice of independent variables and sample size on the
accuracy of distribution models for real species, | selected three species from the BioMAP
databasef Egyptianbutterflies. These species were chosen to provide essesgative a
sample of the Egyptian butterflgunaas possibleColias croceuss a norendemic

generalist species that is both resident and migratory in EGylpert & Zalat 2007)
Pseudophilotes sinaicus an endemiaesident species that specals on just one host

plant, the Sinai thym&hymus decussat@3ameset al.2003; Gilbert & Zalat 2007).

Zizeeria karsandras a nonrendemic, generalist specigmpulations in Egypt are entirely

residentGilbert & Zalat 2007).
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| compared the same eighbdel typesas forthe simulated data. The real species
data contained no absence recoFds the GLMs, which requiredbsences as well as
presenced generated 2500 random psetatisencegZaniewskiet al.2002)in grid cells
that did not contaia pres@éce record for a given specidss before variables were
selectedfot he GLMs usi ng t H\nables®& Riplgy 2002farallt i on i n
other model types, | used exactly the same parameters and methods as for the simulated
data.

Threesets of indpendent variables were tested for their effect on model accuracy.
First, | usedfour principal components describing the 19 bioclimatic variables and
elevationfrom the WorldClim 1.4 datasé@tijmanset al.2005) for details of the methods
| used to genatte these variables, see Chapter 2. Second, the full set of bioclimatic
variables anlevationfrom WorldClimwere usedThird, the four principal components
were combined witla categorical variable describing land coff¢anseret al.2000)

Land covemwas classified into 13 categories (needleleaf evergreen forest, broadleaf
evergreen forest, needleleaf deciduous forest, broadleaf deciduous forest, mixed forest,
woodland, wooded grassland, closed shrubland, open shrubland, grassland, cropland, bare
grourd and urban areas) using a decision tree, based on data from the Advanced Very
High Resolution Radiometé¢Hanseret al.2000) All variables had a resolution of 30
arc-seconds.

Ten separate models were built for each combination of species, model tyget and
of independent variablea total of 720 model$-or each of these, the occurrence records
for the species in question were divided randomly infealinodel building and model
evaluation This gave different numbers of presence records for each jatidering a

test of the effect of sample size on model accuracy.
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3.3.3 Statistical analysis

For the simulated specids, test the agreement of the AUC statistic with the
correlationwith-truth values, | correlated theo across all modeld.o test fators
affecting the accuracy of distribution models, separate analyses were constructed with
AUC values and correlatiewith-truth values as the dependent variables respectively.

The following factors were tested for their effect on model accuracy: mquisl ty

complexity of the response of simulated species to the environmental variables, test data

type and number of presence records (grouped according to the average proportion by

which the datasets were reduced). All tway interactions were tested. Termesre

removed in a backward stepwise gedure following the method @frawley(2002) to

obtain the O6mini mu-mayatéractonsawere tested first, thén. T wo
removed to test the main effects. Pksb ¢ compari sons were carrie
tests.

To investigate factors influencing the accuracy of models for the real butterfly
species, a single analysis of covariance was constructed with AUC values as the
dependent variabléModel type set of independent variables used and species identity
were considered as factoMumber of presence recordas entereds a covariate. All
two-way interactions were considerdtbsthoc comparisons were carried out using

Tukeyobds tests.
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3.4Results

3.4.1 Simulated cita

Across all models, the two measuoésnodel accuracy agreed strongly=£r0.761, n =
2843, P< 0.00).

Results of the analysis of factors affectdigtributionmodel accuracy were the
same whether AUC values or correlatwith-truth values were used to measure model
accuracy. Thereforeé,only present results using correlatiaith-truth values herll
factors and their twavay interactions had a significant effectmodel accuracy (Table
3.3). Overall, there was a significant difference in model accuracy among model types
(Table3.3). From most accurate to least accurate, models ranked as faBaWsQ>
GLM L> Maxent @ Maxent P> Maxent > Maxent T GARP> BIOCLIM. Posthoc
tests showed that all pairwise comparisons were signifi€ant0.05) Unsurprisingly,
models that fitted quadiia terms (GLM Q, Maxent Q and Maxent P) were relatively
better for species that showed quadratic responses to the environment3Higdriee
effect of model type on prediction accuracy also varied among test data types. Models that
fitted more complexerms (Maxent P and Maxent T) performed relatively poorly when
geographicallyseparated test data were used to evaluate the models (ER)uFenally,
the effect of model type varied with sample gizember of presence recordgyith the
smallest sampl sizes, models fitting simpler terms (Maxent L, Maxent T and GLM L)
performed the best, weineas with larger sample sizembove 100 presence records
models fitting more complex terms (Maxent Q, Maxent P and GLM Q) performed better

(Figure3.3).
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Table 3.3 - Results of an analysis of covariance testing the effects of model type, complexitysagb e c i e s 6
response to the environmental variables, type of data used to evaluate models and sample size on

model accuracy, measured using correlation with truth valus. Terms were removed in a backward

stepwise fashion following the method o€rawley (2002) Two-way interactions were tested first and

then removed inorder to test the main effects.

Term F d.f. P

Model Type 370 7, 2828 <0.001
Response Complexity 753 2,2828 <0.001
Test Data Type 275 2,2828 <0.001
Number of Presence Records 553 3, 2828 <0.001
Model x Complexity 40.7 14, 2763 <0.001
Model x Test Data 30.4 14, 2763 <0.001
Model x Presences 30.3 21, 2763 <0.001
Complexity x Test Data 68.0 4,2763 <0.001
Complexity x Presences 23.6 6, 2763 <0.001
TestData xPregnces 23.8 6, 2763 <0.001

Response complexity: CLinear = Quadratic = Cubic
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Figure 3.171 Interaction between model type andhe complexity of s p e créspossé to the
environmental variables in determining the accuracy oflistribution models, as measured using
correlation with truth values.
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Figure 3.2 - Interaction between model type and test data type in determining the accuracy of
distribution models, as measured using correlation with truth values.
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Figure 3.3 - Interaction between sample size and model type in determining the accuracy of
distribution models, as measured using correlation with truth values.

Overall, model accuracy varied significantly among simulated species with different
complexities of response to teavironmental variables (TabB3). The smulated

species with linear responseas modellednostaccuratelyfollowed bythe species with
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cubic responses, affiially by the species with quadratic responses. Huast
comparisons showed that all pairwggamparisons were significant. The effect of
response complexity interacted significantly with all other factesimates of model
accuracy were very low when the models were evaluated against geograjdapaligted
test data for simulated species wiilnadratic responses and, to a lesser extent, cubic
responsegFigure3.4). The magnitude of differences among different response

complexitiesreducedwith larger sample sizes (FiguBe).

Test data: 0O Same mRandomly split @ Geographically split
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Figure 3.4 - Interaction betweenthe complexity ofs p e créggossé to the environmental variables
and test data type in determining distribution model accuracy, as measured using correlation with
truth values.
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Response complexity: O Linear = Quadratic = Cubic
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Figure 3.5 - Interaction between sample size anthe complexity ofs p e créspogsé to the
environmental variables in determining distribution model accuracy, as measured using correlation
with truth values.

Test data type had a significant effect on estimates of model accuracy. Models that
were evaluated against randorsiylit test data had the highestiestes of model
accuracy, followed by models evaluated against the data used to build them, and finally
by models tested against geographicafijit data.Posthoc tests showed that all pairwise
comparisons were significant. The effect of test dataitygeeacted significantly with all
other factorsThe interactions with model type and response complexity have been
described previouslyihe magnitude of the difference in modeicuracy estimates
between geographicaligplit test data and other typeste$t data increased with

increasing sample size (Figu3®).
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Figure 3.6 - Interaction between sample size and test data type in determining the accuracy of
distribution models, measured using correlation with truth values.

3.4.2 Butterfly data

Samplesize, model type, set of variables used and species idalhtitgd a significant
effecton the accuracy of butterfly distribution nedsl(Table3.4). Sample sizénumber
of presenced)ad a small but significant positive effectimodel accuracy (Figur&7).

None of theother factors tested showed significanteractionswvith sample size.
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Table 3.4 - Results of an analysis of covariance testing the effects of sample gizm@mber of
presences)model type, set of independent variables used and spedigsntity on the accuracy of
distribution model predictions for butterflies. Variables were removed in a backward stepwise
fashion following the method ofCrawley (2002) Two-way interactions were tested first, and then
removed to test the main effects.

Term F d.f. P
Number of Presence Records 7.21 1, 626 0.00744
Model Type 38.0 7,626 <0.001
Variables Fitted 11.0 2,626 <0.001
Species Identity 81.9 2,626 <0.001
Presences x Model 0.899 7, 587 0.507
Presences x Variables 1.58 2,594 0.208
Presence x Species 0.300 2,585 0.741
Model x Variables 14.5 13, 596 <0.001
Model x Species 5.48 13, 596 <0.001
Variables x Species 25.0 4, 596 <0.001

Species: x C. croceus + P.sinaicus ¢ Z. karsandra
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Figure 3.7 - The relationship between sample size (number of presence records) and the accuracy of
distribution models for each of the three butterfly species consideredneasured used the AUC
statistic.

Model accuracy varied sigmneantly among model type$his effect showed
significant irteractionwith choice of independent variabl@sgure3.8). Maxent and

GARP models performed similanyell with all three sets of variables. The GLMs were
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much worse when fitted with the full set of climate variables than when fitted with
principal components based on these varialleaversely BIOCLIM produced ber
models with the full set of variables than with the principal compon€&heseffect of

model type also interacted with species ider{tfigure3.9). The magnitude of

differences in model accuracy among species was much greater for some model types

(Maxent L, Maxent Q, BIOCLIM and both GLMs) and less for others (Maxent P, Maxent

T and GARP).
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Figure 3.8 - Interaction between model type and set of independent variables used in determining the
accuracy of butterfly distribution models, measured usinghe AUC statistic. BIOCLIM was unable to
handle categorical variables so the land cover variable was not used for these models.
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Species: OC. croceus BP.sinaicus ©OZ. karsandra
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Figure 3.9 - Interaction between model type and species identity in determining the accuracy of
species distribution modeldor three butterfly speciesas measured using the AUC statistic.

Model accuacy differed significantly when different sets of independent variables
were used to build the modekhe highest accuracy was achieved by models that used
land cover andhe fou principal components describing climate, followed by models that
used the four principal components alone, and finally by models that used the full set of
climatic variables (without land coveBosthoc tests revealed that all pairwise
comparisonsveresignificant.The effect of choice of independent variables on model
accuracy showed a significant interaction with species identity (F&jL@g Including
land cover markedly increased the accuracy of modelSdbas croceusnd, to a lesser
extent,Zizeeria karsandraForPseudophilotes sinaicuslimate alone produced the best
models, with the principal component variables yieldirgher accuracy than the full set

of climate variables.
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Variables: 0O Climate PCs B Full climate variables
O PCs & land cover
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Figure 3.10- Interaction between species identity and choicef independent variables in determining
the accuracy of distribution models for real speciesas measuredising the AUC statistic.

3.5Discussion

Overall, the models usedereable to captureimulated and reapecies distributions
with a high degreefaccuracyThey were first testedsing data for simulated species.
Since thedrueddistributionfor thesespecies was known, thémabled a more rigorous test
of model performancédowever,simulating distributionsequired assumptions to be
made abouthe way that species respond to their environmentraadecessarily meant
simplifying reality. Therefore, | also tested the models using data for real species. In both
cases, across all treatments, the models performed very well. Neverthielessfied a
number of factors thdtada strong effect omodelaccuracy.

The results suppatithe use of the AUC statistic as a measure of model accuracy.
This statistic has come under increasing criticism rec@Atigtin 2007; Lobcet al.
2008) However theagreement between the predicted and the true distrilswtiag at
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least for simulated speciesstimated very well by the AUC. It is portant to note that
the data for simulated species used both to build and evaluate the predictions contained
real presnce and real absence records. One of the major concerns over the use of the
AUC statistic is that it may be inflated when the evaluation data contain absence records
from outside the environmental spaeighin whichthe presenceecordsfall, a situation
particularly likely to occur when pseuddsenceecordsare usedLobo et al.2008) A
more rigorous test of the AUC statistic using simulated data under a variety of conditions
likely to be encountered in real modelling exercises would be timely.

My resuts supporfprevious studiese(g.Elith et al. 2006 in showing a significant
effect ofchoice ofmodelling technique on the accuracydadtributionpredictions.
Maxent has previously been shown to perform very well compared with other modelling
techniques(Phillips et al. 2004; Elithet al. 2006; Phillipset al.2006) In this study, it
produced very accurate predictions both for simulated and real spdadent models
are quick and relatively straightforward to build, makilhgma good choice fomog
modelling exercisessLMs also performed very well with simulated data, but performed
relativelypoorly with data fromreal speciesThis result is probably a reflection of the
automated variable selection technique used with the GLMs. Simulated spsp@sded
to just three environmental variablesd models for these species were fitted with the
same three variables. Real speomsthe other handespondo a wide variety of
variables. The models for real species were fitted with 21 environnvamiables, which
probably included some of the determinantthefdistributions as well as sona¢her
irrelevantvariables Automated variablselection methods have been showhd@rone
to exclude relevant variables@include irrelevanbnes(Derksen& Keselman 1992;

Wintle et al.2005) The poor performance of GLMs with real species may therefore have
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been because the wrong variables were selected for the final models. This is further
supported byny finding that GLMs fitting the full set of environental variables, where

the variableselection routine was forced to choose among manydoteelated

variables, were much less accurate than GLMs fitting the principal components based on
these climate variable¥he lower accuracy of GLMs with real spesdata maglso

have been becaus@cluded a categorical variable describing land coStckwell &
Petersor{2002)found that GLMs did not handle categorical variables very Welbther
possible reason for the poor performance of GLMs is overfjttitnggere the model fits the
data used to build it very closely at the expengb@fbility to generalisgChatfield

1995) Real ecological data are very noisy, making overfjttimore likely(Ginzburg &

Jensen 2004By comparison, the simulated data weiraple and catained relatively

little noise. Maxent includes a process called regularization that reduces the chance that
the model will overfit the datéDudik et al.2004)

BIOCLIM is among the most accessible of the available technigques and is still
widely used tanodeldistributions(e.g.Penmaret al.2005; Richardsoet al.2006).
However, at least at the small scale of this study, BIOCLIM appedre among the least
accurate modelling techniqueélther comparisons of modelling techniques have als
found it to be among the poorestabdellingdistributions(e.g.Elith et al. 2006; Tsoaget
al. 2007). One might expect better results with Gaussian-gieped) responses to
environmental gradients, where species points fall within an envelopedaiflsui
conditions. HoweverBIOCLIM modelsof the distribution of the simulategpecies with
these types of responses were very plwoprevious studies, GARP has been shown to
predict the distributions of real species very WE#ria & Peterson 2002; Resonet al.

2002b; Petersoet al.20029, althoughElith et al.(2006)found it to perform relatively
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poorly. In this study GARP models were highly accurate for real species but were among
the least accurate predictions for simulated species. This enagdause simulated and
real species differed in the complexity with which they responded to the environmental
variables. It has been suggested that real species will show complex responses to the
environmen{Austin 2002).The flexibility of the GARP algathm allows it to fit more
complex relationships to the datean other model types qGuisanet al.2002; Sanchez
Flores 2007)On the other handylaxent and GLM models for real species produced
accurate predictions fitting only linear and quadratimger

The results for simulated species showed that the distributions of species with
guadratic responses were modelled less accurately than the distributions of species with
either linear or cubic respons@$ie quadratic responses were roughly-befipedand
consequently the least linear of the three functions. The cubic simulation, on the other
hand, gave sigmoidal responses to the environmental variables, which could be
approximated reasonably well by linear relationships. Unsurprisingly, Maxent and GLM
models that fitted quadratic terms performed relatively better with quadratic simulations
than those fitting only linear terms. GARP also performed reasonably well with quadratic
data. Several different types of relationships between species occurretties an
environment (including logistic regression and envelopes) are considered in GARP
models, which may allow it to fit more complex relationsi{ipsisanet al.2002) | did
not simulate species with more complex skewed or bimodal responses. Creatiagesim
species with more realistic responses to the environment is a possibility that deserves
further attention.

It is important to know the sample size needed to produce accurate models. In my

simulations, all model types achieved nearly maximum AUCegénd correlaticwith-
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truth coefficients by the second group of sample sizes, which had a minimum of 68
presences. Conversely, the most accurately modelled real butterfly species was the one
that had the fewest record&cological characteristics of spes may determine how
accuratelytheir distributiors can be modelled (e.glernandezt al.2006), a topic that
will be dealt with inChapter4. Within species, there was a positive effect of sample size
on distribution model accuracy. Taken together,dhesits suggest thafor a given
species, more complete sampling results in better distribotoatels However, among
species this effect is masked by differengarelated to sample size.

It has been suggested by several authors that evaluating rmasitgjghe training
data will lead to ovepptimistic measures of model performance (Elgatfield 1995;
Fielding & Bell 1997. This suggestion was not supported by the results for simulated
speciesHowever, did not incorporate any of the biases that@mmonly seen in real
species data. Where such biases exist, testing the models using independent data from
new surveys may be more important. Some authors have suggestedtthg models
with spatiallyisolated test data could give more informativeasures of model
performancéFielding & Haworth 1995; Ozesmi & Mitsch 1997; Peterson & Shaw 2003;
Randinet al.2006; Heikkineret al.2007; Vanreusett al.2007; Syartinilia & Tsuyuki
2008) My results danot support this idedower AUC scores and calationwith-truth
coefficients suggest that models trained using data notingube entire range of
environmental conditions were less accurate than madétedl using a complete dataset

Using too many independent variables to build models catft nesverfitting of
the datgChatfield 1995) Furthermore, environmental variables are often highly
correlated with each other. Including correlated variables in models can result in

important variables being missed in favouwrafiables that do ndtawe a direct effect on
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thedistribution of a specig&uisanet al.2002) As an alternativel generated a small set
of uncorrelated independent variables using principal components analysis. GLMs made
using these principal component variables were sigmiflg better than GLMs made
using the full set of climatic variables. However, there m@smprovement itMaxent
and GARP modelasing the principal component variahleaggesting that these
techniques are more robust to overfittiB§OCLIM models werebetter when théull set
of variables was usqarobablyowingto the envelope method that it uses; using too few
predictors will result in overprediction.

The effectof including a categorical variable describing land carethe accuracy
of butterfly digribution modelssaried according to the species in question. For the Sinai
baton bluePseudophilotes sinaicugicluding land cover did not significantijmprove the
model predictions. This species is restricted to a very small range in a single lgpbitat t
in the high mountains of the Sinand the bioclimatic variables were probably sufficient
to explain its distribution. On the other hand, models for the dark grasZibaegia
karsandrawere improved slightly and models for the clouded yelnliascroceuswere
improved dramatically bgonsideringand coverButterflies rely on plants for food’hus
althoughColias croceusndZizeeria karsandrare relatively generalist in their
preference for host plants, both feeding on a wide variety of leg((ilbert & Zalat
2007) it is not surprising that land cover was such a good correlate of their distributions.
The importance dhabitat andand cover for butterfly species well establishe@Araujo
& Luoto 2007; Kivinenet al.2007; Kuussaaet al.2007; Menéndeet al.2007)

Species distribution models have great poteasabols in conservation ecology
and theyarealready being used to guide effortr@servebiodiversity. Therefore, it is

crucial thatwe refine their predictions to produceetmost accurate representation of
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reality. This study has highlighted some important considerations for the development of
accurate species distribution modélsave shown that several factors, and critically their
interactions, have substantial effeotsthe accuracy ohodels Real species are likely to
show more complex relationships with their environmémas | used here for simulated
speciesand will almost certainly be affected by other factors (such as interactions with
other species and disgal limitation), which makes such issues even more important.
Simulating species data allows us to address questions about model performance that
would be impossibléor real peciesandtogether withempirical studiesvill advance our

understanding of thvalue ofmodelsof species distributions.
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Chapter 4. The effect ofcharacteristicsof species on the

accuracy of distribution models for Egyptian butterfly specie$

4.1 Abstract

The accuracy of distribution models has been shown to vary markedly among
species. This variation may be explained by ecological characteristics of the
specieslin this chapterl| test the effect of five characteristigecal range size,
global range size, migratory behaviour, Rplsint specialization angiche
breadth of Egyptian butterfly species on the accuracy of distribution models,
the first such comparison for butterflies in an arid environment. Unlike most
previous studies, | perform independent contrasts to control for species
relatedness. | show that range size, lgbtibally and locally has a negative
effect on model accuracyhe other three characteristics tested did not have a
significant effect on model accuracihe resultseveal important differences
among species in the way that their distributions respotieegnvironment

and have relevance for attempts to model accurately the distribution of

differentspecies.

® A modified version of this chaptevaspublished irBiodiversity & Conservation
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4 .2 Introduction

Many studies have compared the accuraaypadelsmade by different species
distribution modelling techniques, often finding thaany techniques perform similarly
well (Elith et al.2006; Hernandeet al.2006; Phillipset al.2006). In fact, there may be
more variation in model accuracy among species than among modelling techniques (Berg
et al.2004; Elithet al.2006). As a redtj whether the characteristics of species affect the
accuracy of distribution models is a question receiving increasing attention in the
literature.This is an issue of great interest to ecologists because it suggests that species
differ fundamentally irthe way that their distributions are determined by the
environment, with important implications for niche theory.

The breadth of a speciesd niche has ofte
differences in model accuracy among sped@pscies with naow, welldefined niches
seem to béetter modelled than those with broader niches (Boone & Krohn 1999; Pearce
et al.2001; Kadmoret al.2003; Berget al.2004) and models for specialist species are
generally more accurate than models for generalistsiiistati et al. 2002; Segurado &
Araujo 2004, Elithet al.2006).This is probably becausgpecies with narrow niches
generally have bettatefined climate and habitat requirements, which are easier to model
(Kadmonet al.2003).Th e br e a dt h icbefreladve to fheeoniranmental n
conditions found in the study area as a woég/influence model accuracy more than
nichebreadthper se(Seoanest al.2005; Hernandeet al. 2006). More marginal species
(i.e.those that have niches furthest from thierage conditions of the study areag
modelled more accurately than less marginal species, probably for similar reasons (Luoto

et al.2005; Seoanet al.2005; Carrascat al.2006; Hernandeet al.2006).One would
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expect therefore that the accuraépecies distribution models will decrease with
increasing niche breadth.

Models for speciewith narrow distributions in geographical spacemore
accurate than models for species with larger distributions (Stockwell & Peterson 2002;
Brotonset al.2004; Segurado & Araujo 2004; Hernandszal. 2006). This may be
related to the effect of nichereadth with smaller range size being associated with better
defined habitat requirements (Brotatsal. 2004; Hernandeet al. 2006). Alternatively,
populatiors of species with larger rangesnshow local adaptation to different
environmental conditions, decreasing the accuracy of models that consider all populations
together(Stockwell & Peterson 2002; Brotoesal.2004; Murphy & LovettDoust 2007)
McPhersa & Jetz(2007) found that endemic species were modelled more accurately than
nortendemic species; this effect may be related to the effects of local range size and niche
breadthor maybe because the environmental gradients inhabited are incompletely
samped in the case of neendemics. Overall,expect species with smaller range sizes,
both on local and regional scales, to be modelled more accurately than species with larger
ranges. Tests of the effect of range size on model accuracy may be confounded by
statistical artefacts. The AUC statistic is a common measure of the accuracy of species
distribution models and has been used in many of the studies reviewed here. However, it
may be biased in favour of species with narrow ramgesn only data on species
presence are available, and thus when psabdence data are used for model(ibgbo
et al.2008)(see Chapter 2)

Only a few studies have considered the effect of migratory behaviour on the
accuracy of distribution models. All such studies have focasdulrds,with most finding

that models for migratory species were poorer thasefor nonmigratoryones(Pearce
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et al.2001; McPherson & Jetz 2007), probably because the distributions of migratory
species are determined by environmental conditiomsrgtspecific times of the yeand
oftenby conditions outside the modelled afdcPhason & Jetz 2007). Conversely,
Stockwell & Petersof2002) found no difference in model accuracy between migratory
and noamigratory species, arditchell et al. (2001)found that models for migratory
bird species were better than models for resident species. No previous study has compared
model accuracy between migratory amaHmigratory butterfly species, but as with lsrd
| expect distribution models to be more aatarfor residemstthan migrats However
more mobile(as assessed by expetisifterfly speciesn Finlandwere better modelled
than less mobile speciéBoyryet al.2008) probably becausheycan expand their
ranges into uninhabited areas more eaaityl hence occupy a greater proportion of the
suitable habitat thraless mobile species (but deearceet al. 2001).

There is evidence that both sample size and prevalence (the relative number of
presence and absence records) affect the accuracy diwistni model{Manelet al.
1999a; Stockwell & Peterson 2002; Luatival. 2005; Seoanet al.2005) Therefore, it is
important to control for these factors when comparing model accuracy among species
(Karl et al.2002; Huntleyet al.2004; McPhersoet d. 2004) Reported effects of
prevalence on model accuracy have been mixed, including both positive and negative
relationships (Brotonst al.2004; Luotoet al.2005), butl expect model accuracy to
increase with sample size.

Some authors have demonstdagolutionary conservatism of ecological niches
among closelyelated (sister) speci¢Betersoret al. 1999) Furthermore, there may be
substantiaphylogeneticheritability in many of the characteristiobspecieghat areused

to explain differencesiimodel accuracy amongespes, particularly range sit&ablonski
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1987; Huntet al.2005; Becket al. 2006 but see€Quinnet al.1998; Webb & Gaston 2003;
Lesteret al.2007). However, to date, only one study has controlled for phylogeny when
investigaing differences in distributiomodel accuracy among spec{@®yryet al.
2008) In this case, incorporating phylogeny did not affect the results, but this may not be
true for other taxonomic groups, regions ahdracteristics

In this study] test the dect of five characteristicsf specieglocal range size,
global range size, migratory behaviour, Rplstntspecializatiorand habitat tolerance) on
the accuracy of distribution models for butterflies in Egypt, controlling for the potentially
confoundingeffects of sample size and prevalence on model accuracy. Two separate
measures of model accuracy were used, to minimize the impact of stasidetattson
my conclusionsl control for the influence of species relatedness using independent

contrasts.

4.3 Methods

For this study, | used tH&oMAP occurrence data for butterfly species recorded in Egypt.
| used five environmental variables as predictors: four principal compdveses on
bioclimaticvariables fronmthe WorldClim Version 1.4 datas€tijmanset al.2005) and
theland cover variablderived fromAVHRR data(Hanseret al.2000) For full details of
the environmental variables, see ChapteklRvariableswere used at their original
resolution of 30 arc seconds (approximately 1 km).

Modelswere built with Maxent Version 2 @hillips et al.2006) | generateden
distribution models foeach of40 species with at least eight occurrence recovils half

the records used for model building and half for model evaluation.
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The modelsvere initally evaluatedusing theAUC statistic(Fielding & Bell 1997)
using the reserved presence records and 2,500 pabsdace records, randomly selected
from cells that lacked a presence recditie AUC statistic may be sensitive to the extent
of the studyarea and the proportion of this area that the species inklablits et al.

2008) As an additional evaluation of model performandited a generalized linear
model with binomial errorausing thesamepresences and pseudbsences abe binary
depeneént variableand the modepredicted probability of occurrence at these sites as a
single independent variable. The deviance explained by this model was usstasd
measure of model accuradf/the relationship between modetedicted probability amh
species occurrence was negatiena value of zeravasassignedAUC values and
deviances explained were averaged adiusten model runs for each species.

| considered six characteristics of species ithight affect the accuracy of
distribution malels: 1) the mean number of presence recordstadadld the models?)
whether the species is a migrant, partial migrant or resident in Egypt; 3) whether the
species is a specialist or generalist in terms of the host plants it uses; 4) the inhabited
range size within Egypt; 5) its global range size (endemic,-ardemic, restrictedange,
narrowly distributed or widesprepdnd 6) its habitat tolerandeformation about
migratory behaviour wstakendirectly from Gilbert & Zalat(2007) Species were
defined as specialists if theinownhost plants are confined to one genus, and as
generalists otherwise, accordingGdbert & Zalat(2007) Maxentproduce a cumulative
predicted probability of occurrence for each model between 0 and 100. The mean
propation of grid cells, across the ten model runs for each species, with a predicted value
of greater than 50 was used as an index of range size within Egypt. Global range size

followed the classifications used @Gilbert & Zalat(2007) The breadth of a spece s 6
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habitat tolerance was estimated as the number of land cover categories into which
recorded species occurrences fell.

The results of crosspecies comparisons may be confounded by an effect of species
relatedness on their niches and ongpeciechamcteristics considered. To control for
this | calculated independent contrasts for both measures of model accuracy and all six
characteristics of speciédarvey & Pagel 1991)0ne ecological characteristic (migratory
behaviow) had more than two categaiean this casé generated a binary variable for
each categoryA phylogenetic topologyas generated based on published studies
(PieridaePollocket al. 1998; Brabyet al.2006 LycaenidaePierceet al.2002; Peclet
al. 2004 NymphalidaeBrower 2000Wahlberget al.2003; Freitas & Brown 2004]la
groups:GarciaBarros 2000; Wahlberegt al.2005. In the absence of data describing
branch lengths, all branches were assigned a length of one, assuming punctuational
evolution(Bro-Jorgensen 2007) inseted small branches of length 0.0001 into
polytomous clades. The phylogenetic tree was constructed in TreeViewWHag® 1996)
and modified using Mesquite 1.{laddison & Maddison 2007 he independent

contrasts were calculated using Compare Versidn (@4artins 2004)

4.3.1 Statistical Analysis

| arc-sine transformedAUC valuesto meet assumptions of normality. The effects of
species characteristics on model accuracy were assessetvesamglyses of covariance
usingAUC values andhedeviances plained by the models as the dependent variable
each caseMigratory behaviour, hogplant specialism, global range size, and habitat

tolerance were considered as factors. Number of presence records and range size within
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Egypt were considered as cowes Preliminary analyss suggested that tweay
interactions did not have a significant effect on model accuracy, so these were excluded
from the final analyses.
| used a model selection method bagedhe approach recommendedByyrnham
& Anderson(20() to select relevant variablesirst, | built a global model with all six
terms, and candidate models with every combination of terms. AIC scores were extracted
for each model and the difference between
almoe | s (t he Al)@asddlctldteelhecralative abilitgpof each model to
explain vari at i o odeliweighiing) das calcalated usinagatieey ( é m

following formula (Burnham & Anderson 2002):

w h e r;igethegdIC difference of the model question R is the total number of models,
a n ds aep the AIC differences afl models. The relative importance of each variable
was assessed by summing the weights of all candidate models containing it (Burnham &
Anderson 2002), hereafter referrecete t he O6sum of Al C wei ghtso
including species with very small numbers of presence records on the conclusions drawn,
| repeated the same analyses considering only the 22 species with more than 20 unique
presence records.
Relationshig among independent contrasts for model accuracy measures and
species characteristics were analysed usi ni
All statistical tests were carried out in SPSS Version 15.0 (SPSS Inc., Chicago,

USA) and R Version 2.6.1 (R Developm&tdre Team 2004).
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4.4 Results

Models were generally accurate, attaining a mean AUC value of 0.83 +(8.8140)and
explained a meapercentageleviance in species occurrence2dfs + 2.65 Predicted

range size within Egypt had a strong negative effeanodel performance, using both
AUC values(sum of AIC weights = 0.97Table 4.1; Figure 4.1) and deviances explained
by the modelgsum of AIC weights > 0.999able 4.2; Figure 4.2) as measures of model
accuracy. World range also had a strong negafieet on model accuracy, measured
using both AUC viues (sum of AIC weights = 0.91&able 4.1; Figure 4.3) and the
deviance explained by the models (sum of Al€ights = 0.983Table 4.2; Figure 4.4).
World range and range within Egypt did not correfagmificantly with one another
(Spearman rank correlation:= 0.120, n = 40, P > 0.05). There widite support for an
effect on model accuracy of the number of presence records used to badls ifsoim of
AIC weights = 0.408 and 0.378r AUC valuesand deviances explained by models
respectively), migratory beheur (sum of AIC weights = 0.421 and 0.32Bostplant
specificity (sum of AIC weights = 0.348nd 0.290 or habitat tolerance (sum of AIC
weights = 0.110 and 0.01Considering only specidsr which models were developed
with more tharlO unique presence recordms averagedid not qualitatively alter the
results, although migratory behaviour appeared to be a more important determinant of

model accuracy in these analyses &ppendix4.1).
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Table 4.17 Results of a set oanalyses of covarianceesting the effect of species characteristics on the
accuracy of species distribution models for 40 Egyptian butterfly species, measured using the AUC
statistic. Characteristics tested were: the nufper of presence records used to builthe distribution
models (P), migratory behaviour (M), hostplant specificity (S), predicted range size in Egypt (R),
world range size (W) and habitat tolerance (H). Candidate models were built with every possible
combination of terms. These models were compared ungj the approach recommended byurnham

& Anderson (2002), by calculating AIC values for each model, the difference between the AIC for a
model and the mini mu,nandindgel Wweights badedrothese dakids.sl only i
present the  bdphere. model s (o

Model Deviance AIC AIC difference Model weight (w)
explained (o
R+W 42.6 -35.69 0 0.181
P+M+R+W 49.63 -34.91 0.78 0.122
P+R+W 44.07 -34.74 0.95 0.112
M+R+W 46.79 -34.73 0.96 0.112
S+R+W 44.02 -34.7 0.99 0.110
M+S+R+W 47.67 -33.39 2.3 0.057
P+S+R+W 44.9 -33.33 2.36 0.056
P+M+S+R+W 4982 -33.07 2.62 0.049

Table 4.2- Results of a set ofnalyses of covarianceesting the effect of species charagtistics on the
accuracy of species distribution models for 40 Egyptian butterfly species, measured as the deviance
explained by thedistribution models.Where the relationship between model predicted probability
and species occurrence was negative, a dance explained of zero was appliedCharacteristics tested
were: the number of presence records used to builithe distribution models (P), migratory behaviour
(M), host-plant specificity (S), predicted range size in Egypt (R), world range size (W) and habt
tolerance (H). Candidate models were built with every possible combination of terml odels were
compared usihg the approach recommended bBurnham & Anderson (2002), by calculating AIC
values for each model, the difference between the AIC for a modahd the minimum AIC for all

model)s, (agmd model weights based on thesédheveal ues.

Model Deviance AIC AIC difference Model weight (w)
explained (

R+W 62.03 313.6 0 0.344

P+R+W 62.74 314.8 1.2 0.189

S+R+W 62.13 315.4 1.8 0.14

M+R+W 63.16 316.4 2.8 0.085

P+S+R+W 62.75 316.8 3.2 0.069

P+M+R+W 64.31 317.1 3.5 0.06
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Figure 4.171 Effect of predicted range sizewithin Egypt on the accuracy of species distribution models
for 40 Egyptian butterfly species measured usinghe AUC statistic.
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Figure 4.21 Effect of predicted range size within Egypt on the accuracgf species distribution models
for 40 species of Egyptian butterfliesmeasured using the deviance in species occurrenoghkained by
the model predicted probability of occurrence When the relationship between model predicted
probability and species occurrence was negativa,value of zerodeviance explained wasssigned
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Figure 4.31 Effect of global range size on the awracy of species distribution model$or 40 Egyptian
butterfly species measured using the AUC statistic
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Figure 4.471 Effect of global range size on the accuracy of species distribution modéts 40 species of
Egyptian butterflies, measured using thedeviance in species occurrence explained by the model
predicted probability of occurrence. When the relationship between model predicted probability and
species occurrence was negative,value of zerodeviance explained wasssigned

123



When species relatedss was accounted for using independent contrasts, world
range still showed a significant negative relationship with model accuracy, estimated
using both AUCPear sonds cor rrel0823,ine 89, B @04T; Figurei ent :
4.5) and deviance explaed by the models & -0.478, n = 39, B 0.002; Figuret.6). In
this case, world range was treated as a covaRagglicted range within Egypt showed a
significant negative relationship with deviance explained by the model€ (894, n =
39, P=0.0L3; Figure4.7), but not with average AUC score<r0.110, n = 39, B 0.506;
Figure4.8). All other characteristics tested did not have a significant effect on model
accuracy after accounting for trelatedness of specie®(. 240® ®. t72,> n = 39,
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Figure 4.5- Effect of global range size on the accuracy of species distribution modéts 40 Egyptian
butterfly species measured using the AUC statisticSpecies relatedness was controllddr by
calculating independent contrast{Harvey & Pagel 1991)
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Figure 4.6- Effect of global range size on the accuracy of species distribution modéts 40 species of
Egyptian butterflies, measured using the deviance in species occurrence explaitgdthe model
predicted probability of occurrence. Species relatedness was controlled for by calculating
independent contrastyHarvey & Pagel 1991)
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Figure 4.7 - Effect of predicted range size within Egypt on the accuracy of species distribution models
for 40 species of Egyptian butterfliesmeasured using the deviance in species occurrence explained by
the model predcted probability of occurrence. Species relatedness was controlled for by calculating
independent contrastyHarvey & Pagel 1991)
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Figure 4.8- Effect of predicted range size within Egypt on the accuracy of species distribution models
for 40 Egyptian butterfly species measured using the AUC statisticSpecies relatedness was
controlled for by calculating independent contrastyHarvey & Pagel 1991)

4.5 Discussion

My results confirm that characteristics of specieskmgignificantly related to model
accuracyalthough the factors considered explained a relatively small proportion of the
variation in accuracy measurdé3f the six charderistics that tested, two had consistent
effects on model performandeisentangling causal mechanisms for patterns such as
these is difficult because range size shows relationships with abundance and occupancy
(Gastoret al.2000; Hurlbert & White 2007 igueiredo & Grelle 2009)and also with
characteristics of species, such as dispersal ability and niche bf@adkh& Kitching

2007; Lesteet al.2007) Howevermy results are consistent with hypothesized

relationships between range size and theraoy of distribution models.
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Species with largcal range sizes had less accurate models than those with small
range sizes. This is consistent with the results of other st{#itmskwell & Peterson
2002; Brotonst al.2004; Segurado & Araujo 2004; Hemdezt al.2006) Species with
small ranges included both desert speciestamskinhabiting the Nile Valleyand Delta.
Thus the effect of range size wapparentlynot an artefaataused bygertain habitats
containing bettemodelled specie§Some athors have suggested that species with
smaller ranges havaore specifidabitat requirements, making them easier to model
(Brotonset al.2004; Hernandeet al.2006) However, contrary to the findings of other
studies(Boone & Krohn 1999; Peara al.2001; Kadmoret al.2003; Berget al. 2004)
| found no evidence of an effect of habitat tolerance on the accuracy of species
distribution models. A similar study tay own, comparing model accuracy among
butterfly species in a temperate environm@tyryet al.2008) alsofound no effect of
niche breadth. Therefore, it would seem that other characteristics of butterfly species are
more important in determining the accuracy of butterfly distribution models than habitat
tolerance or niche breadtbr that he aspects of niche breadth that determine model
accuracy were not captured by the measures used

It has been suggested that the AUC statistic may be biased in favour of species that
occupy a small proportion of the study afeabo et al.2008) which mayexplain the
existence of negative relationships between range size and model accuracy. However in
my study, the effect of range size was the same for two independent measures of model
accuracy, suggesting that the relationship was not an artefact asgedtht use of the
AUC statistic.The use of pseudabsencegenerallymay affect measures of model
accuracy, biasing estimated accuracy in favour of species that occupy small ranges within

the study are@VanDerWalet al. 2009a) Nevertheless, global raegize and local range
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size correlateavith each otheonly weakly in this study and | found a strong effect of
both global and local range size on model accunathjle the effect of local range size
may be affected by statistical artefacts, the effeglaifal range size should not.

Species with larger ranges may be modelled less accurately because the study area
contains populations that show different responses to the enviro(fateckwell &
Peterson 2002; Brotoret al. 2004; Murphy & LovettDoust 2@7). Although some
studies suggest that niches are highly evolutionarily cons¢Retdrsoret al. 1999)
others have found that organisms can adapt their niches very rapidly in certain situations
(Knouft et al.2006) The existence of different populat®of the samepecies that
respond differently to the environment is certainly possibhayrstudy; at least two
butterfly speciesGarcharodus staudeandSpialia dorig are known to be represented by
two subspecies in EgypiGilbert & Zalat 2007) Futhermore, the Nile river, Suez canal
and the mountains of the Eastern and Sinai deslentsst certainlypresensignificant
dispersal barriersof some speciesausing isolation of populationslodelling techniques
such as geographicallyeighted regreson and varyingeoefficient modelling can be
used to capture varying responses to the environment across the range of widespread
species (Kupfer & Farris 2007; Osbomteal. 2007).

Global range size also had a strong effect on the accuracy miodels.Predictions
for endemic, neaendemic and restricte@dnge species were better than those for more
widespread species. This has been shown before for(Maherson & Jetz 200,/hut
never forinsects It has been suggested that endemic species areletbawre
accurately because the environmental gradients that they inhabit have been completely
sampled, whereas only part of the total inhabited environmental space is sampled for non

endemic{McPherson & Jetz 2007Alternatively, the effect of global nge may be
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brought about by similar mechanisms to the effect of local range size, i.e-riamnged
species having locallgdapted populations (e §tockwell & Peterson 2002r having
broader habitat requirements, which are more difficult to modelHemandezt al.
2006)
Previous studies have suggested that the distributions of specialist species are better
modelled than those of generalist spe¢ispinstallet al.2002; Segurado & Araujo
2004; Elithet al.2006) Mine is the first study to tegor this effect in butterflies, and
find little evidence that specialists and generalists differ in the accuracy of their
distribution models. Butterflies are dependent on certain plant species as hosapthnts
the distribution of these plants carostgly affect the distribution of the butterflies
(Araudjo & Luoto 2007, but se®uinnet al.1998) Therefore it may be the identity, rather
than the number, of host plants that affects the accuracy of butterfly distribution models.
If the distributionofd ut t er f 1l yés host plant is | argely
then we might expect that a model for the butterfly based on climate and habitat variables
will be more accurate thanifthehgst ant 6 s di stri bution is det
Fewstudies have considered the effect of migratory behaviour on the accuracy of
species distribution models and these have focused on bird species, generally finding that
migrant species are modelled less accurately than resident qeaeset al. 2001,
McPherson & Jetz 2007 anything, partial migrants had the leascurate models in
this study One possible explanation is that the distributions of both residents and migrants
are strongly determined by environmental variables, but that each restightly
differently to those variables. If partiallpigratory species consist of separate populations
of migrants and residents, then their distribution models will be less accurate than species

that are entirely migratory or entirely resident and radpmnsistently to the
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environmental variables. Given the weak trend suggestesy tata, more work is
needed to explore this phenomenon further.

Several authors have reported a significant effect of sample size on model accuracy
(Pearce & Ferrier 2000I8tockwell & Peterson 2002; Philligt al. 2004; Hernandeet
al. 2006) although this effect has been shown to vary among modelling techniques. In
this studyl used Maxent to build modeland found no relationship between sample size
and model performaec This supports the results of other studies that have shown that
Maxent is generally robust to variation in sample ,sinel that it produces accurate
predictions even with very small samp(éternandezt al.2008) Most studies of the
effects of samplsize on model performan¢Bearce & Ferrier 2000b; Stockwell &
Peterson 2002; Phillipst al.2004; Hernandeet al. 2006)have experimentally altered
sample sizes for one specietested the effect of the available sample size across many
species. It ray be that the completeness of sampling with respect to the environmental
gradients rather than sample size alone is most important in determining model accuracy
(see Chapter 3plthoughKadmonet al.(2003) found surprisingly that distribution
model acuracy decreased with the completeness of sampling with respect to climatic
gradients

It is important to account for the effect of species relatedness in comparisons of
models across species; otherwise, false conclusmgist be drawn regarding the eftec
of some species characteristics on model accuracy, as is the ctsar icoonparative
studies (e.g. Harvey & Pagel 199Although accounting for species relatedness had no
effect on the conclusions of this study, species distributions, and also stmespécies
characteristics tested, are known to be evolutionarily conserved (Jablonski 1987; Peterson

et al.1999; Huntet al.2005).
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The results have important consequences, both for species distribution modelling
itself and for conservation biologagndecologymore generallyFundamentally, they
reveal important differences among species in the way that their occurrence is related to
the environment. From a more applied perspectivs,iimportant to understand why
models for different species perfodiiferently before using them to make conservation
decisions. This is the first test of differences in accuracy among distribution models of
butterflies in an arid environment. The results are generally consistent with those of
similar studies of butterfis in other parts of the world, althoulghresent the first test of
the effects of migratory behavior and hp$int specialism on the accuracy of models for
butterfly speciedlt is important to note that the factors that determine species
distributionsvary according to the scale of analysis (Whittaktesl. 2001;see Chapter 1)
and thus the characteristics of species that affect distribotamel accuracy may also
differ. Although there was substantial variation among species in model accuracy,
accuate models were produced for many species, confirming the value of such models in

conservation ecology.
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Chapter 5. Modelling patterns of species richness using species

distribution models’

5.1 Abstract

There is a long history in ecology of trying to @nstand why there are more
species in some areas than in others. A great many studies have investigated
whether aspects of the environment can explain patterns of species richness,
mostly by correlating recorded values of species richness with environmenta
variables. An alternative is to sum species distribution models for a number of
species in order to estimate species richrirghis chapter | compared

estimates of species richness, for Egyptian butterflies and mammals, made by
summing distribution mdels for individual species with estimates made by
modelling species richness directBistimates of species richness from both
methods correlated positively with each other and with observed species
richness. Protected areas had higher species rictbwbypfedicted and
observefithan unprotected areas. My results suggest that clieested

models of species richness could provide a rapid method for selecting
potential areas for protection and thus have important implications for

biodiversity conservatn.

" A modified version of this chapter was publishedaurnal of Biogeography
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5.2 Introduction

In order to conserviiodiversitymost effectively, it is important to seleaibjectively

areas of the world to prote@resseet al. 1993) Species richness is commonly used as a
measure of diversity to prioritise areas for conaton (Presseet al. 1993) However,
knowledge of spatial patterns of species richness is limited, especially in the tropics
(Andersoret al.2003; SorisAuza & Kessler 2008and in arid regiongStockwell &

Peters 1999 Some authors have experimenteith combiningdistribution models for
individual species in order tstimatespecies richnes§or exampleGarcia(2006)
modelled thalistributiors of 267 reptile and amphibian species in Mexico and summed
the resulting predictions to make a map of sgmedchnessPineda & Lobg2009) did the
same for amphibians in Mexico, finding that modelled species richness correlated with
observed species richnasgaisonably wellWhen large numbers of species are involved,
this approactmay be timeconsuming(Gioia & Pigott 2000) an alternative is to model
species richness directly. There have been many attempts to find climatic and habitat
relatedcorrelatef species richness patterns (&gyinen et al.2006; Levinskyet al.

2007). However,only one study séar hasexplicitly compared summed distribution
predictions with models of species richnpss se(Terribile et al.2009) althoughGioia

& Pigott (2000)used both approaches. Such a comparison will be very useful for
conservation biologists attemptingunderstandpatial patterns of biodiversity, because
both approaches may be useful in different circumstances. Combining species distribution
models may enable us to capture the individualistic responses of species to their
environment (Terribileet al.2009), whereas models of species richness itself will be

useful when spcies identity is unknown
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Many studies have investigatpdtternsof species richness, often finding climate
variables to be goocbrrelateof observed patterns (elgawkinset al.2003). Arid
environments are undstudied in this respect (but seen Rensburgt al.2002; Schmidt
et al.2008. The mechanistiexplanatiorfor these relationships remaia matter of
debate and the conclusions of any study of patterns of speciesgshare strongly
affected by the spatial scale at which they are cond(Eteldi et al.2009) Using data for
three taxonomic groups in North Ameri€ayrrieet al. (2004)exploredthree hypotheses
for climatebased patterns in species richnessbientenergy, the climatic tolerance of
species and speciation rafese Chapter 1Yhey did not find unequivocal support for
any of these hypotheses in the literatévebroad scales,istorical factordQian &
Ricklefs 2000)and the distribution of resourcé&radjo & Luoto 2007 )canplay
important roles in determining species richness. At finer scadegpetition(Andersonet
al. 2002a) metapopulation dynamigglanski 1991and human disturban¢gehara
Pradoet al.2007; Ficetola & Pade&chioppa 200%ave also been shown to exert a
significant influence on species richness.

Several studies have shown that butterfly and mammal species richness correlate
with climate and habitat variables in temperate and tropical reiamseret al. 1987;
NoguésBravo & Araujo 2006; Algaret al.2007; Kivinenet al.2007; Kuussaaet al.
2007; Levinskyet al.2007) However, to date very few studies have investigated
correlates of mammal and butterfly species richness in an arid emérna (but for
mammals see Andrevés O'Brien 2000.

Inthischapted 1 nvestigate patterns of species
mammal faunaEgypt has two endemic and two nesademic butterfly species, and also

three endemic subspecigsarsen 199Q0)The mammal fauna includes foendemic and
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ten neatendemic specig®©sborn & Helmy 1980)My study had threeobjecives.First, |
sought to identify environmentabrrelates of specieghness at a local scalgecond)
asked whether estimates of the species richndsgygiftian biterfiesand mammals
derived from modelsf species richness hadjaod match with estimates made by
summing individuamodels of the distributionf speciesand whether both these
estimates matched observaatterns of species richness.

Oneapplicationof modelsof species richness is in assesshmgeffectiveness of
protected areas. Global estimabéshe effectivenss of protectedreaggenerally suggest
poor coverage of biodiversi({Chapeet al.2005) Countrylevel studies have often found
speciegichness to be no higher in protected arbas in unprotected areas (6Pgwaret
al. 2007; Trabaet al.2007; but see e.geeet al. 2007).

Egypt has 27 current or proposed protected areas, covering a total of 11% of its land
surface(seeEgyptian Enironmental Affairs Agency 20Q7All these have been gazetted
since 1983, mostly at the recommendati on
Because of thisone may expect them to shgaodcoverage of biodiversityy third
objective was tdestwhether protected areas in Egypt have higher species richness than

un protected areas.
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5.3 Methods

5.3.1Species andlimate data

Species occurrence ddta this study were taken from the BioMAP database and
consisted of 1898 records for 59 butiespecies and 718 records for 103 mammal
species (see Chapter 2 for full details).

Climatic and elevation variablesere taken from the WorldClimé&fsion 1.4
dataset at a resolution of 30 arc seconds (approximately (Hijmanset al.2005) |
alsoused thenew Egyptian geological habitat map (hereafter referred to as simply
fihabitad) (Dr. A. Hassar2007, unpublished data). In preliminary analyses
experimented with topographical predictors (slope and aspect). However, these variables
did not signifcantly improve model accuracy and were excluded from the final analyses.

For more details about tlemvironmentalariables, see Chapter 2.

5.3.2Modelling speciesichness

| modelled the species richness of butterflies and mammals separately, using two
methods. First, summed predictions of the distribution of individual species, using a
resolution of 30 arc seconds (approximately 1 Kmade initial distribution models for
the 40 butterfly species and 68 mammal species with at least eiglidsetoccurrence,
using Maxent érsion 2.3Phillips et al.2006) | used the 19 climatic variablesgvation
and habitat as predictor variablesmear and quadratic terms were fitted for continuous

variablesl used default values for all parameters (a regdtion value of 1, a
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convergence threshold of 0.00001, a maximum of 500 iterations and a sample of 10000
points to characterize the background environment). Ten initial models were made for
each species. For each model, the species data were randaneyg divo half for
developinghe model and half for evaluatimg The accuracy of each model was assessed
usingtheiar ea under t h daracterste cunmEAUC)statestic(aeei ng ¢
Chapter 2 for detailsps calculated within the Maxent pesture. Followinghe
recommendations d?earce & Ferrief2000a)for interpreting AUC valued eliminated
five butterfly species anseven mammalpecies with meaAUC values of less than 0.7.
This left 35 butterfly species, including one of the two eridespecies and both near
endemic species, and 61 mammal species, including three of the four endemic species and
five out of ten neaendemic species.

A single final model was then made for each of the remaining spagais at
resolution of 30 arsemnds,usng the same modelling protocdbir these modelsll
presence recordgere used because the objective was not to assess model accuracy but to
develop the most accurate model for each species using all of the availablehdata
output of statistial models varies among species according to the relative numbers of
presences and absences in the species data (prevdMane)et al.2001) Therefore,
simply summing the output of individual distribution models may bias estimates of
species richnesa favour of taxa with many records. It is better to convert the model
output into a binary prediction of presence or absence around a threshold value. Many
methods have been proposed for choosing appropriate thre@he&dsoret al.2004; Liu
et al.2006). For datasets consisting only of presenBesyrsoret al.(2004)recommended
using a threshold that maximises sensitivity (the percentage of presences correctly

predicted as being present at a given threshold). Hesed a threshold that resulted in
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predictions witha sensitivity of 95%. Once the models had been converted to binary
predictions of presence or absence, they were summed across all species to give an
estimate of species richness.

The second method of modelling species richness was td wimskrved species
richness values directly. This part of the study was concerned with the total number of
species recorded in each cell rather than individual records of species. Théreferka
resolution of 0.5because at the finer resolutingedfor the distribution modelsiost
cellshad a recorded species richness of z@twserved species richness was calculated
from the original survey data in DiM@IS 5.2(Hijmans 2009. A species was considered
present in a cell it had been recorded at ##a@nce. Species richness was modelled using
generalized linear models (GLMs) with the same independent variables as in the species
distribution modelsThe variables were resampled to the coarser resolution using bilinear
interpolation. In bilinear intexgation, the values of the four nearest grid cells to the target
cell are averaged after being weighted according to their distance to the target cell. Fitting
too many independent variables in GLMs may result in overfitting and the selection of
variablesnot directly relevanin the final mode(Wintle et al.2005) To avoid these
problems] performedprincipal components analygBCA) on the 19 climatic variables
andelevationacross all 406f the0.5° cells. Components with an eigenvalue greater than
one were retained as new predictor variables. In the GLMs, linear and quadratic terms
were fitted for each of these componefserfitting should not have been an issue with
the Maxent models (see Chapterl3)onstructed two separate models of specsess.
Following an inspection of the residuals ajenerallinear model and consideration of
dispersion, the most appropriate family of GLM was chosen for each nhodek. first,|

fitted recorded species richness values of allefGBe0.5’ grid cells in the study area.
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used a generalized linear mo@@élLM) with negative binomial errors (NBLM) and the

log link (Crawley 2002; Venables & Ripley 200For the second model, since some cells
with a recorded richness of zero may occur simply bedhaesehave not been sampled

and the results could be biased by the inclusion of false zero values, | fitted the species
richness values of 0.5° cells with at least one record of the taxonomic group in question
100 cells for butterflies and 196 cells faammals. A GLM with Poisson errors-(GLM)

and the log linKMcCullagh & Nelder 1989)vas used.

5.3.3Statistical analysis

The agreement betweétted valuesof species richness generated using the different
met hods was tested elationnegts. Bop mmaparme@the speagiea n k  C
richness prediction generated by summing individual distribution models was resampled
from its original resolution of 30 arc seconds to a resolution 8L8ibg bilinear
interpolation. Thus, all tests compargasies richness across all 3&2he0.5 grid cells
with an estimate of species richness by all three models. These comparisons included cells
with no species records; these cells were assumed to have a species richneskal$aero.
repeated the sanoerrelation tests using only cells that had at least one record of a species
in thetaxonomicgroup being considered.

It ested whether Egyptds protected areas r
species richness well by comparing estimated (usindiiiebution modelsum method)
and observed species richness inside and outside protected areas at 2000 points, randomly
situated in 1 km cells throughout the study area. These points were generated using

Hawt hds anal ysi s(sdeReget 204).1 adso comparedvbatp esttmatid
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and observed richness of endemic and-eeaemic species inside and outside protected
areas. For this comparisdrgrouped mammals and butterflies because the number of
endemic species was small.

The P-GLMs andNB-GLMs were built using the glm (Poisson errors) and glm.nb
(negative binomial errors) packages in R 2(® Development Core Team 200&)pr
both, a backward stepwise selection procedure was used to remove terms that did not
significantly improve the devian@xplained, until a minimum adequate model was
obtained. All other analyses were carried out using SPSS 15.0 (SPSS Inc., Chicago,
USA). The comparison of actual and predicted species richness inside and outside

protected areas was undedakusing a Mamwhitney U test.

5.4Results

AmapofEgypb s pr ot emdthe sitesdahateveressampled for mammals and
butterflies is given in FigurB.1l. The final distribution models (those using all the species
occurrence data) achieved AUC values between 0.868 &#99(mean = 0.936 + 0.0072)
for butterfly species and between 0.831 and 0(88£an = 0.944 + 0.0054)r mammal
species. The relative contribution of habitdgvationand the 19 climatic variables to the
final distribution models of butterflies amiammals is shen in Figure 5.2and full

details of the contributions of variables in the models for epekies are given in
Appendix5.1. Habitat ancelevationwere important in explaining the distributions of both
butterflies and mammals. Among thenaditic predictors, temperaturelated variables

explained butterfly distributions better tharecipitationrelated variables, while for
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mammalsannual and maximum precipitatioariablesalso correlated well with species

occurrence

0 125 250 500 750 1,000 (o

Figure 5.171 Siteswhere mammals (circles) and butterflies (triangles) were sampled, and the location
of Egyptds p(greyshading)ed ar eas
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Figure 5.2- Mean contribution (%) of each of the environmental variables to the Maxent species
distribution models, averagedacross all speciedMax. = maximum, min. = minimum, qu. = quarter,
mo. = month, warm. = warmest, cold. = coldest, wet. = wettest, dry. = drieg.full breakdown of the
contribution for each individual species is given irAppendix 5.1

The predictions o$pecies richness made using the first method (summing
distribution models for individual species) an@ppedn Figures 5.3 and 5.4he models
of species richness generated usi