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Summary

The earth's speciesrichnessis the result of biological ewlution over the last billions
of years. Manifold processesnteract together and in uence the spatial distribution
of speciesrichness. Trying to answer the questionof \why are there so many kinds
of species”,researtiersdeweloped courtless speciesrichnesshypothesesover the last
two certuries. Dierent medanismsin uencing speciesrichnesspatterns act on
di erent spatial and temporal scales.As in natural systemsspaceand diversity are
correlated, it is dicult to disertangle the manifold factors, which are correlated
either as a consequencef medanistic relationships, or as a matter of stochasticity.
In the presen thesiswe tested the following aspects of plant speciesdiversity:

1. Climate gradierts and speciesrichnessof functional groups (Chapter 2)
2. Habitat diversity and areae ect on speciesrichness(Chapter 3)
3. Climate gradierts and historical e ects on speciesrichness(Chapter 4)

In the rst part (Chapter 2), it washypothesisedhat accourting for the autecologyof
speciesimprovesthe model quality of spatial predictions of speciesrichnesspatterns.
Therefore, two modelling approateswere compared: a direct versusa cumulative
modelling approad), wherethe latter givesmore weigh to the ecologyof functional
speciesgroups. In the direct modelling approad, speciesrichnesswas predicted by
a single model calibrated for all species.In the cumulative modelling approad, the
specieswere partitioned into functional groups. Models were calibrated for eah
functional group separately The estimated speciesrichnessof eat group was cu-
mulated to predict the total speciesrichness. Climate and topographic gradierts
explainedspeciesrichnessby ca. 25%. Howewer, depending on the functional group
up to 67% of the variability in speciesrichnesscould be explained by climate and
topographic gradierts. Even though both modeling approades performed equally
well on average,the models of the di erent functional groups highly varied in their
guality and their spatial richnesspatterns. Part of this variability could be a result
of the di ering growth forms of plants belongingto di erent functional groups. The
di ering growth patterns could lead to a scalee ect.

In the secondpart (Chapter 3) the aim was to disertangle the habitat diversity
and areae ect on speciesrichness.With increasingarea, habitat diversity increases,
and so does speciesrichness. Howeer, the speciesareacurve is not only driven by
habitat diversity, but alsoby immigration and extinction aswell as other stochastic



processes.In order to distinguish the relative importance of habitat heterogeneiy
andthe areae ect ontotal speciesrichnessthreedi erent typesof samplerarefaction
curveswere generated: (1) A randomly aggregatedrarefaction curve, (2) a rarefac-
tion curve whereareasof similar habitat typeswereaggregatedand (3) a rarefaction
curve, where areasof dissimilar habitat typeswere aggregated.The classi cation of
the habitat typeswasbasedon three ervironmental variables. In orderto accour for
scalee ects, thesethree typesof curveswere produced separatelyfor three oristic

surveys of di erent grain sizes. All of them had the spatial extert of Switzerland.
The relative cortribution of the habitat heterogeneiy was then estimated from the
di erence of the dissimilar and similar rarefaction curve. The analysesshaved that
habitat heterogeneiy cortributes nearly 40%to speciesrichness.The remaining 60%
are likely related to e ects causedby the areaand by stochasticity. Howewer, the
habitat heterogeneiy e ect varied with grain size, cortributing only 20% when a
sampleunit of 1.25hawas usedinstead of 10n? or 28n?, thus the detection of the
habitat heterogeneiy e ect dependson the grain size. From the results, the pre-
diction of biodiversity from habitat heterogeneiy is expectedto be most preciseat
medium grain sizes. While small grain sizesare a ected by stochastic noise, large
grain sizeslack in variability, as the heterogeneiy is becoming uniform at larger
scalesof sampling units.

In the third part (Chapter 4) the relation of climate gradierts and historical e ects
on speciesrichnesswas analysed. Using high mountain speciesdata compiled over
the Alpine system, the following hypotheseswere tested: 1) Putative past glacial
refugia still represem hotspots of plant speciesrichness,presumably as speciation
and diversi cation processediad a longer history in theseareasduring the Quater-
nary ice age. (2) During the Quaternary ice age,speciesdi erentiated in the isolated
peripheral refugia. After the retreat of the ice shield, these speciesmigrated and
mixed in suture zones,which are characterizedby high current speciesrichness.(3)
The alpine ora has already readed its equilibrium state on a large scale. Hence,
the spatial pattern of speciesrichnessis no longer a ected by historical distribution
patterns. In order to test thesehypothesesthe alpine environment was classi ed in
areasof similar climatic and topographicconditions. The spatially replicated species
richnessobsenations within similar environments were usedto estimate e ects of
the relative location to refugia on speciesrichness. A Bayesian hierarchical mixed
model of the type Poissonregressionvasusedto test the speciesrichnesshypotheses
related to the distanceto refugia. Even though the distance had a weak e ect on
speciesrichness,there is evidencefor a negative correlation of speciesrichnesswith
distanceto refugia, when accourted for similar environmental conditions. It might
be that the hotspot hypothesisis still true but starts to be overridden by post glacial
expansionof speciesadaptedto a wide range of climatic condition.



Zusammenfassung

Die heutige Artenvielfalt hat sich mber Milliarden von Jahren erntwickelt. Aus einem
komplexenZusammenspielon biotischenund abiotischen Faktoren ertstehenraumliche
Muster von Artenvielfalt. Seit mehr als 2 Jahrhunderten versuten Forsder immer
wieder eine Erklarung fur die Muster der Artenvielfalt zu nden. Zur Beartwortung
der Frageweshalbessoviele Arten gibt wurden unzahlige Hypothesenzur Erklarung
der Artenvielfalt entwickelt. unterschiedliche Erklarungsmebanismen wirken auf
ganz unterschiedlichen raumlichen Skalen und stehenaud in Wedselkezietungen
untereinander. Geradeweil in naterlichen SystemenVielfalt und Flache korreliert
sind, ist es schwierig, die einzelnenMechanismenisoliert zu betrachten. In dieser
Arb eit wurden folgendeAspekte der Artenvielfalt von P anzen naher betrachtet:

1. Klimagradienten und Artenvielfalt funktioneller Gruppen (Kapitel 2)
2. Habitatdiversitat und Fladhene ekt auf die Artenvielfalt (Kapitel 3)
3. Klimagradienten und historische Ein msseauf die Artenvielfalt (Kapitel 4)

Im ersten Teil (Kapitel 2) wurde angenommen,dass Modelle zur Vorhersageder
Artenvielfalt verbessertwerdenkennen,wennman die Autokologieder P anzenarten
im Modellierprozesserucksichtigt. um dieseHypothesezu testen, wurdenzwei Mod-
elliertypen verglichen. In einemdirekten Modell wurde die Artenvielfalt mit einem
Modell, weldches fur alle Arten kalibriert wurde, vorhergesagt. In einem kumula-
tiven Modell wurde die Artenvielfalt fur funktionelle Gruppen einzeln modelliert.
Die gestatzten Artenzahlen der einzelnenModelle wurden ansdliessendzusam-
mengezhlt um die Gesantartenzahl vorherzusagenEs zeigtesich, dassklimatische-
und topographiste Variablen im Durchsdnitt ca. 25% der Artenvielfalt erklaren
kennen. Je nadh funktioneller Gruppe, konnten dieseumweltvariablenjedoch beinahe
70% der Variabilitat der Artenzahl erklaren. Die Modellqualitat der versdiedenen
funktionellen Gruppen variierte betradctlich. In der Vorhersageder Gesantarten-
vielfalt erlangtendie beidenModelltypen jedoch dieselle Prazision. unterschiedliche
Wadstumsformenvon P anzen unterschiedlicher Gruppen kennten einen Skalen-
e ekt in die Modelle eingebratit haben, der die unterschiedliche Modellqualitat
erklaren kennte.

Im zweiten Teil (Kapitel 3) war das Ziel, die korrelierten E ekte der Habitatvielfalt
und der Flachengmsseauf die Artenvielfalt voneinanderzu trennen. Mit steigen-
der Flachengmssesteigt nicht nur die Artenvielfalt sondernauc die Habitatvielfalt,



die ihrerseits wiederum positiv mit der Artenvielfalt korreliert ist. Die Form von
Artenarealkurvenist jedoch nicht nur von der Habitatvielfalt abhangig, sondernauch
von Zufallsprozessenwie audh Einwanderungs-und Sterberaten, weldhe ihrerseits
von der Flachengmsseabhangen. um die relative Ein msseder Habitatvielfalt und
der Flachengmsseauf die Artenvielfalt abzusdatzen, wurden 3 Typenvon Artenare-
alkurven generiert: (1) Artenarealkurven, die sich aus zufallig gewahlten Flachen
zusammensetzten(2) Artenarealkurven bestehendausFladenvon ahnlichem Habi-
tatt yp, und (3) Artenarealkurven, die sich aus Fladcen unterschiedlicher Habitat-
typen zusammensetztenDie Klassi k ation der Flachen in Habitatt ype, basierteauf
klimatischenund topographistienVariablen. um allfellige Skalene ekte aufzude&en,
wurden diese3 Kurverntypen separatmittels drei vershiedenenDatensatzen gener-
iert. Die Vegetationsaufnahmeraller drei Aufnahmen uberstredkten sich uber die
ganzeSdweiz, unterschiedensic jedoch in der Flachengmsse,in der die Aufnahmen
gematt wurden. Der relative Beitrag der Habitatvielfalt zur Artenvielfalt wurde an
Hand der Di erenz der beidenKurven mit ahnlichen und unahnlichen Habitatt ypen
gesbatzt. DenBerethnungenzu Folgekann die Habitatvielfalt bis zu 40%der Arten-
vielfalt erklaren. Mehr als die Halfte der Variabilitat der Artenvielfalt wird jedoch
sehrwahrsdeinlich durch andere,Zufalls- und sachenablengigeProzesseserursadit.
Je nach Greosseder Aufnahme aden variiert jedoch der E ekt der Habitatvielfalt.
Bei Aufnahme eachenvon 1.25ha (im Vergleidh zu Aufnahmen, die auf Flachen von
10n? bzw. 28n? gemadt wurden), erklart die Habitatvielfalt nur noch 20% der
Artenvielfalt. Die Resultate lassenvermuten, dassArtenzahlen basierendauf Vege-
tationsaufnahmenauf Flachenmittlerer Greossealie prazisesterModelleliefern. Wenn
Vegetationsaufnahmerauf zu kleinen Flachen gematt werden, werdendie Modelle
durch Zufallse ekte verstledtert. Beizu grosserAufnahme echenwird die Hetero-
genitat uniform, weil eine Flache gewisserGrossepotertiell alle regionalvorhandene
Arten erthalten kann.

Im dritten Teil (Kapitel 4) wurdenhistorische E ekte untersudit. Mittels Daten mber
die raumliche Verteilung von alpinen P anzen uber den ganzenAlp erbogenwurden
folgendeHypothesengetestet: (1) Auf Fladhen, die wahrend der quartaren Eiszeit
eisfrei blieben, stand der P anzenwelt mehr Zeit zur Spezialisierungund Diversi-
zierung zur Verfugung. Deshalbwird vermutet, dassRegionenehemaligerglazialen
Refugien bis heute mber eine reichere Flora verfugen. (2) In den wahrend der let-
zenEiszeitisolierten Refugienentwickelten sich voneinanderunabhangigneueArten.

Nad Reckzug der Eisdeke wanderten dieseisoliert gebildeten Arten ins Zertrum

der Alpen, wo sie sich zu vermisten begannen.Auf Grund dieserVorgangesollten
die Zentralalp en eine hehereArtenvielfalt aufweisenals die Randalpen. (3) uber die
Skala der Alpen gesehenhaben die P anzen einen Gleichgewidtszustand mit der
klimatischen umgebungerreicht. Deshalb reichen klimatische und topographisdie
Variablen aus, um die raumlichen Muster der Artenvielfalt zu erklaren. um diese
Hypothesenzu uberprufen, wurde der Alpenraum in klimatisch und topographist
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ahnlicheKlasseneingeteilt. Mittels ArtenzahlenausGebietenmit ahnlichenumweltbe-
dingungen,aber untersdciedlicher geographisher Lage,wurde der E ekt der Distanz
zu frauheren glazialen Refugien getestet. Es zeigte sich, dassdie Distanz zu den
Refugieneinenscdwaden, aber doch signi kanten E ekt auf die Artenvielfalt haben
kann. Die Artenvielfalt aus Gebietenmit ahnlichen Umweltbedingungensdeint mit
zunehmendeDistanz abzunehmen.RegionenfrehererglazialerRefugiensind alsobis
heute durch einehohe Artenvielfalt gelennzeitinet. Euryoke P anzenarten kennten
allerdingsdurch postglazialeWanderungsprozessdas Muster abgesbwadt haben.
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1 Intro duction

The geahemicaland biological ewolution over the last 4.7 billion yearsbore manifold
life forms whoseinteraction together and with their environmernt result in a uniquely
versatile place. Our planet harbours at least 1.4 Mio. animal speciesand about
400'000plant speciesare descrited (Flindt, 2000). Why are there so many kinds of
species? How are they distributed in spaceand time? What drivestheir distribu-

tion? How do they interact and coexist with ead other? Will our ecosystemsalso
be stable with lessspecies?All thesequestionshave fascinatedbiogeographersand
ecologistsfor more than two certuries (Forster 1778,von Humboldt 1807, Hutchin-

son1959). Howewer, even for the simpler questionof why are there somany kinds of
plant species,no generallyaccepteduni ed theory exists. Understandingwhy some
communities are richer in speciesthan others, is not only fascinating for the pos-
tulation and testing of ecologicaltheories, but has direct practical consequencem

consenration planning and managemet Once the underlying medanismscausing
speciesdiversity are known, speciesrichnesscan be modeledand predicted in space
andtime. In afurther step,local and regionalextinction risks of single speciesmight

be foreseerand avoided. In regardto the recerily anthropogenicacceleratedgextinc-

tion rate (exceedingthe extinction in fossil records50- to 500 fold) understanding
the functioning of biodiversity hasbecomemore important than ever (IUCN, 2004).

1.1 Why are there so many kinds of species?

When Hutchinson collected Corixidae (water boatmen) speciesin ponds near the
last resting-placeof Sarta Rosaliain Palermoin Sicily, he obsened that the bigger
speciesC. punctata was breading earlier in the seasonthan the smaller C. a nis
(Hutchinson, 1959). This type of obsenation was made many times beforeby other
ecologists. Howewer his obsenation led him to ask, why the larger speciesshould
breed rst, and then to the more generalquestionasto why there shouldbe two and
not 20 or 200 speciesof the gerus in the pond (Hutchinson 1957). Even though we
will likely never nd out, why there are somany kinds of species,not fewer of more,
it is strongly assumedthat the limitation of available energyand resourcesrevert
a small number of speciesto monopolize them (seeRohde 1992). Phenologicaldif-
ferencesbetween speciesthat result in a temporal division of resourcesdi erences
in growth form, dispersal and life histories are all medanismswhich increasethe
amourt of potentially suitable resourcesnecessaryfor life (T okeshi, 1999). In other
words, speciesdivide up available resources.Eadc speciescan exploit someresources



well enoughto monopolize them, but trade-o s prevert them to monopolize all re-

sources.According to Gause'sprinciple no two speciescan permanerly occupy the

sameniche (Gause,1936). Thereforeresourcepartitioning, niche di erentiation and

speciation are the key medansimsfor the coexistenceof multiple species(Wilson,

1990, Huston 1994). Hencethey represem important aspectsin many hypotheses
postedduring the last decadego explain speciesrichness(for reviewsseee.g. Brown

1981, Huston 1994, Ricklefs & Sdluter 1993). A short overview of speciesrichness
hypothesess givenin Table 1.1. The list is by no meanscomplete(seePalmer 1994,
for alist of 120namedspeciesrichnesshypotheses)and the proposedhypothesesare
certainly not mutually exclusive. Moreover, most of the hypothesescan be ascribed

to onecommonunderlying ecologicalconcept- the niche theory.

1.2 Ecological niches

The conceptof ecologicalnicheswas already formulated nearly a certury ago. Grin-
nell wasone of the rst who described the niche asa placein an ervironment which
is occupied by a speci ¢ species(Grinnell 1914,1917). He de ned the niche asthe
combination of necessaryconditions for a species'existence,including physiological
tolerances,morphologicalllimitations, feedinghabitats, and interactions with other
menbers of the community (seeChaseand Leibold, 2003for a detailed review). His
niche de nition arosefrom the logic of the competitive exclusionprinciple, an idea
which wasre ected later by Gause(1936), and further deweloped and expressedoy
Hardin (1960). Around the sametime as Grinnell, Elton deweloped a similar niche
theory. Howewer, he accourted for the species'functional role within the food chain
and its impact on the ervironment (Elton 1927). While Grinnell's niche concept
focusedon the e ects of the ervironmert on the species,Elton stressedthe e ect of
a specieson the environmert. As the niche de nition by Grinnell mainly considers
the abiotic environment, it is closerrelated to what is known today as the \funda-
mertal niche". By including biotic interactions, Elton's niche de nition is closerto
the \realised niche" concept (Ellenberg 1953, Hutchinson, 1957). In fact already in
1917 Tansley explicitely di erentiated between conditions in which a speciescould
theoretically exist (fundamertal niche) and the actual conditions in which a species
indeed does exist (realised niche; Tansley 1917). Hutchinson quarti ed the niche
conceptand de ned the term niche asthe range of environmental and biotic condi-
tions within which its population can persistwithout imigration (Hutchinson 1957).
He thus de ned the niche as a region of an n-dimensional\h yper-space"(Hutchin-
son 1944). An illustrativ e examplefor an 3-dimensional\h yper-space",also called
\hyper-volume" (Hutchinson 1957)is givenin Fig. 1.

Given this framework of niche theory, the energy hypothesis states simply than
that with increasingenergy more potertial nichesare available and thereforespecies
richnessis supposedto increase.Similarly, the productivity richnesshypothesiscan



Table 1.1: Overview of generalhypothesesof speciesrichness

Hyp othesis

Argumen t

Authors

Energy

Pro ductivit y

Climate

Ph ysiological tolerance

Gradual climate change

Nic he div ersi cation

Predator  Pressure

In termediate  disturbance

Area
Spatial mass e ect

Rap oport's rule

Mid-domain e ect

Speciation rate

Historical  factors

Species ric hness increases with increasing available energy (i.e. the coexistence of species is
limited by the energy supply).

Species ric hness reaches its optim um at intermediate pro ductivit y. Species ric hness is limited
by nutrien ts and light at the low and high end of a nutrien t gradien t resp ectiv ely.

Species ric hness varies with temp erature and or water availabilit y

Species ric hness in a particular  area is limited by the number of species that can tolerate the
local conditions

Species ric hness is higher in a system where climate is gradually changing, as the changing
environmen t prev ents the achievement of the equilibrium  state.

Species ric hness increases with the number of dieren t available nic hes

More intense predation reduces comp etiton and thus permits greater nic he overlap. Hence by
enhancing the coexistence of species predation promotes higher species ric hness.

Species ric hness reaches its optim um at intermediate disturbance.  High disturbance excludes most
of the species, while low disturbance gives way to the equilibrium  state.

Larger areas harb or more species

The local species ric hness increases with increasing chance of immigration from nearb y habitats.

Species ric hness increases toward the equator as a consequence of decreasing mean geographical range

sizes of species at low latitude.

Species ric hness peaks in the center of a study region or domain simply as a consequence of placing
data sets of species of varying range size (whether empirically or theoretically  generted ) randomly
within  a bounded domain.

Speciation rate varies with climate, due either to faster evolutionary rates or stronger biotic
interactions increasing the opp ortunit y for evolutionary div ersication in some regions.

Glaciation eects, disp ersal, speciation rates

Bro wn 1981, Wrigh t 1983

Tilman 1982

Currie & Paquin 1987

Woodward 1987, Woodward 1990, Root 1988

Connell 1978, Huston

1979,

Warner & Chesson 1985, Grubb 1988

Connell 1978, Aarssen 1983

Gillett 1962, Connell
Shmida & Ellner 1984

Grubb 1977, Connell

MacArth ur & Wilson

van Steenis 1972, Webb & Hopkins

Stev ens 1989

Colw ell & Lees 2000

Rohde 1992, Allen et

Ric klefs and Schluter

1970,

1978

1967

al. 2002

1993

1984




Niche axis 3

’ Niche axis 2

Figure 1.1: Conceptionalnichesin a 3-dimensionalhyper-space

be seenas the result of speciesoccupying nicheswhich are either favourable in the
abiotic niche space(high nutrient availability), but lessfavourablein the biotic niche
space(high competition) or vice versa. The hump shaped speciesrichnessresponse
to productivity could be seenasan energyconstrain at the stressfullower and upper
endof the nutrient and competition gradierts (niche axes)respectively (Brown 1996).
At least half of the descrilbed hypotheseslisted in Table 1.1 can be reducedto the
niche theory. While someof the hypothesesgive higher weight to abiotic niche axes,
other focusmoreon biotic niche axes. However di erent hypothesesact over di erent
spatial and temporal scales.

1.3 Spatial scale

Biological diversity increaseswith the areasampled(Arrhenius 1921,Gleason1922).
Over a smallscale,speciesrichnessncreaseswith the total abundancesf individuals.
Therefore speciesrichnesson the local scale (including an area of ca. 10 m?, see
Weber et al. 2004) is mainly driven by the growth form and growing density of
single species(Crawley & Harral, 2001) jointly with area. Over the scaleof the
landscae (including an areaof ca. 10°m?), speciesrichnessdependson the habitat
diversity (Williams 1964,Abele1974,Deshge & Morisset1988,Kohn & Walsh 1994,
Triantis et al. 2003). Extinction of local populations, colonisationrates and whole
metapopulation dynamics act on the speciesrichnesspattern of the regional scale
(cortaining an areaof ca. 10'°m?; MacArthur & Wilson 1963,1967). At the macro-



scale,whenertire provincesare consideredthe degreeof ewlutionary independence
betweenspeciespools (addition of new oras or faunas)dictates the speciesrichness
(Preston 1960, Rosenzweig 1995). While climatic conditions a ect the local species
composition, it haslessin uence on the local (plot size) speciesrichness. However
on a meso-up to the macroscale speciesrichnesshas beenshown to correlate with

climatic variables (Currie & Paquin 1987, O'Brien 1993, Heikkinen & Birks 1996,
Lobo et al. 2001). Thus the conspicuoudatitudinal gradiert in speciesrichnessis

mainly driven by climate either directly (Francis & Currie 2003) or indirectly via

other medianismsas e.g. the Red Queen hypotheses(Anonymous corresmpndert

1973),which nally are alsodriven by climate.

1.4 Modelling the spatial distribution of species
richness

A wide range of statistical modelsare currently usedto predict the spatial distribu-
tion of plant species(e.g. Hill 1991, Lenihan & Neilson 1993, Huntley et al. 1995,
Franklin 1998,Guisanet al. 2002,Gelfandet al. 2005),communities (e.g. Brzeziedi
etal. 1993,Zimmermann& Kienast 1999),functional types(e.g. Box 1996)or biodi-
versity (e.g. Heikkinen 1996,Wohlgermuth 1998). Among di erent techniquessud as
ordination and classi cation methods, neural networks and Bayesianstatistics, gen-
eralisedlinear models(GLMs) and generalisedadditive models(GAMSs) have become
the most popular modelsin predicting speciesdistributions (Elith et al., 2007).

Modelspredicting the spatial distribution of singlespeciesdirectly rely onthe niche
theory and gradiert analysis (Austin & Austin 1980, Austin, 2002). They assume
that ead specieshasits optimal growth along direct and indirect gradierts. Biocli-
matic predictors sud ase.g. temperature, degreedays, amourt of precipitation, etc.
are assumedo represen thesegradierts. With GIS layersof the bioclimatic param-
eters, the spatial distribution of the realisednichesof speciescan then be predicted
by using models calibrated with presenceabsencedata of the single species.

The ecologicalconceptof modelling speciesrichnessis more complex. As described
above, there are a vast number of speciesrichnesshypotheses.While somedrivers of
speciesrichnesscan easily be represeted by bioclimatic and topographic variables
(such ase.g. degreedays or solarradiation asa surrogateof energy),other hypotheses
aremoredi cult to test. For examplethe habitat hypothesisimplicitly relieson the
niche theory. It assumeghat with increasingvariability of habitats, the number of
nichesincreases.Howewer, as we do not (and probably newer will) know the niche
of every single speciesit is di cult to predict the speciesrichnessby the number of
di erent niches. Only appraximations sud asarbitrarily classifyingthe environment
in hyper-cubes (as illustrated in Fig. 1.1) can be made.

A further caveat in modelling speciesrichnessbasedon ervironmenrtal conditions



relies in the fact that two dierent habitat types might be characterisedby two
completelydi erent vegetationtypes,but harbour the samenumber of species.This
may lead to imprecisemodels, as only the speciescomposition but not the species
number is directly related to the environmental conditions.

Finally asthe courtless methanismsdriving speciesrichnessmight interfere with
eat other and act on di erent scales(Pickett et al. 1994), more complex models,
might be necessary Due to progressesn computational statistics, Bayesianhierar-
chical modelswhich accommalate multiple stochastic elemens (Carlin & Louis 2000,
Gelman et al. 2004, Clark & Gelfand 2006, McCarthy 2007) might provide a new
framework within which speciesrichnesshypothesescan be tested and predictions
can be donein a more realistic way (Clark et al. 2001,Clark 2005).

1.5 Hypotheses and aims

In natural systems,spaceand diversity are correlated (Currie, 2007;Bahn & McGill
2007). Astrivial this issueseemsasdi cult it actually isto disertangle the manifold
factors, which are correlatedeither asa consequencef medanistic relationships, or
as a matter of stochasticity. The overall goal of the thesis therefore was to test
basic assumptionsof speciesrichnesshypothesesand their potertial interferenceat
di erent scales.

1.5.1 Climate gradients and species richness of functional groups

In the secondChapter, the relation between climate, and the autecology of func-
tional groups was tested. Speciesare known to be distributed along direct and
indirect ervironmental gradierts. With their speci ¢ morphologicaland physiologi-
cal adaptationsto their environment, they createtheir own niches,and henceplant

types segregatealong these axes. Each plant type has its optimum growth at a
speci ¢ location along the axes. Theoretically, the speciesrichnessalong a speci c

axis could remain constart. Howewer the speciescomposition along this axisis likely
to changegradually. For exampleonly frost tolerant speciesare found at the lower
end of a temperature gradiert, while at the upper end, rather dry adapted species
will be found. A classicaloverall speciesrichnessmodel may therefore excludethe

temperature as a predictor, even though the presenceor absenceof single speciesis
highly sensitive to temperature.

Thereforethe following hypothesiswas tested:

~ A model approad which takesthe autecologyof the speciesinto account will
result in improved speciesrichnesspredictions.

In order to test the hypothesiswe comparedtwo modelling approadies. (1) In the
direct approad, speciesrichnessis predicted by one single model calibrated for all



species.(2) In the cumulative modeling approad, speciesare partitioned into func-
tional groups. Models were calibrated for ead functional group separatelyand the
estimated speciesrichnessof ead group was then cumulated to predict the total
speciesrichness.

1.5.2 Habitat diversity and area e ect on species richness

In the third Chapter, the relation of the "habitat diversity - speciesrichness'and "area
- speciesrichness'hypothesesvastested. Thereforethree typesof samplerarefaction
curvesweregenerated.(1) A randomly aggregatedarefactioncurve (servingasa null
model); (2) a rarefaction curve where areasof similar habitat typesare aggregated
(similar curve); and (3) a rarefaction curve, where areasof dissimilar habitat types
are aggregated(dissimilar).

Thesethree curve typeswere usedto test the following hypothesis:

" As a consequencef the habitat diversity hypothesis,the highest speciesaccu-
mulation rate is expectedwhenareasof dissimilar habitat typesare aggregated.

" Assuming that rarefaction curves constructed with areas of similar habitat
typescatch the areae ect only, their speciesaccunulation ratesand saturation
levels are expected to be lower comparedto randomly generatedrarefaction
curves.

The di erent curve typeswereusedto disertangle the correlated e ects of areaand
habitat diversity (and their interaction) on speciesrichness. The proportion of the
di erence of the saturation levels of the dissimilar curve and the similar curve to the
total speciesrichness(dissimilar curve) was assumedto indicate the cortribution of
habitat diversity to the total speciesrichness. In order to test for potential scale
e ects, the e ect of habitat heterogeneiy was estimated for three di erent grain
sizes.

1.5.3 Climate gradients and historical e ects on species richness

In the fourth Chapter, the relationship betweenthe climate gradiert hypothesisand
historical e ects wastested. Commonly it is assumed that alpine speciessurvived
the Quaternary ice age either in peripheral refugia (the tabula rasa hypothesis) or
on ice-freeareasabove the ice-shield (the nunatak hypothesis). In both cases,re-
immigration was necessaryfor colonisation of the alpine area after the retreating
ice shield. Whether this migration processis completed and speciesrichnesson a
meso-scaldasreathedan equilibrium state with the current climate remainsan open
guestion.

Thereforethe following hypotheseswere tested:



Ho: The alpine ora has already readed its equilibrium state on a large scale.
Hence,the spatial pattern of speciesrichnessis no longera ected by historical
distribution patterns.

H,: Putativ e past glacial refugia still represem hotspots of plant speciesrichness,
presumably as speciation and diversi cation processe$ad a longer history in
theseareasduring the Quaternary ice age.

H,: During the Quaternary ice age,speciesdi erentiated in the isolated peripheral
refugia. After the retreat of the ice shield, these speciesmigrated and mixed
in suture zones,which are characterizedby higher current speciesrichness.

While the hypothesesof climate, ecologicalniches, habitat diversity and area were
tested for the extent of Switzerland only, the interrelationship of climate and history
was tested over the extert of the whole alpine mountain system.
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Abstract:

Consenation biologistsincreasinglyrely on empirical biodiversity distribution mod-
elsfor decision-making.Therefore,good model quality is required. While statistical
techniqgueswere optimized to improve model quality, lessfocushasbeengivento the
guestionhow the autecologyof single speciesmight a ect the model quality. In the
presen study, two modelling approatesare compared: a direct versusa cumulative
modelling approad), wherethe latter givesmore weight to the ecologyof functional
speciesgroups. In the direct modelling approad), speciesrichnessis predicted by
one single model calibrated for all species. In the cumulative modelling approad,
the speciesare partitioned into functional groups. Models were calibrated for eah
functional group separately The estimated speciesrichnessof ead group was cumu-
lated to predict the total speciesrichness.As we hypothesizedthat the model quality
dependson the ecologyof single species,we expectedthe cumulative modelling ap-
proad to predict speciesrichnessmoreaccurately In generalthe predictorsexplained
plant speciesrichnessby ca. 25 %. Howewer, depending on the functional group the
deviance explained varied from 3 to 67%. While both modelling approates per-
formed equally well on average,the models of the di erent functional groups highly
varied in their quality and their spatial richnesspattern. This variability helpsto
improve our understandingon how functional groupsrespond to ecologicalgradierts.
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2.1 Intro duction

Predictive modelling of speciesrichnessrelieson niche theory and gradiert analysis
(Austin, 2002). The fundamertal niche is the environmental rangea speciespopula-
tion can persisterily occupy without immigration (Hutchinson, 1957). The realized
niche of a speciesadditionally includesbiotic interaction and competitiv e exclusion
(Hutchinson, 1957). The responseof speciesalong ervironmental gradierts is often
assumedo follow a Gaussianshape with identical width and height but individually

distributed optima (Whittak er, 1956; Gauch and Whittak er, 1972;ter Braak, 1985;
but seeAbrams, 1995and Austin, 2002). Howewer, Austin and Smith (1989) pointed

out that physiologicalprocesseand interactions betweenspeciesmay leadto skewed,
bimodal or more complexresponsecurves. As a species'niche responseis the result
of multiple reactionsto varying ernvironmental gradierts, it is unlikely to exclusively
take a multiv ariate Gaussianshape (Minchin, 1989;Austin et al., 1994). Woodward

and Kelly (1997)shavedthat alreadya simpletemperature gradiert resultsin highly

skewed maximum photosyrthetic ratesin di erent biomes. It is now acceptedthat

the physiologicalresponsesof speciesto environmental factors are skewed (Oksanen
and Minchin, 2002). In addition, specieswith optima closeto the end of a gradiert

seemto have narrower niche widths, comparedto specieswith growth optima near
the mid-point of the samegradiert (Thuiller et al., 2004). Hence,accordingto its

physiologicaland morphologicaltraits, eat specieshasits own niche, with its char-

acteristic shape and optimum alonga given environmental gradiert. This expression
of the realizednicheis often calibrated in statistical modelsfor predicting speciesspa-
tial occurrenceor richnesspatterns (Guisan and Zimmermann, 2000). While there is
a wide rangeof studiesconcerningthe optimization of di erent statistical techniques
and comparingtheir quality (seeGuisan et al., 2002; Thuiller et al., 2003; Rushton

et al., 2004; Austin et al. 2006), comparably few studies attempt to optimize the

selectionof model predictors (but seeMac Nally; 2000, Austin et al. 2006). The

guestionwhether or to what degreethe autecologyof single speciesmight a ect the

model quality, has beenneglectedeven more. In the presen study, we assumethat

the width, position and shape of realized niches of single specieswill in uence the

predictive power of speciesrichnessmodels.

Conceptually, speciesrichnesscan be modelledin two di erent ways: (1) by direct
modelling of speciesrichnessfrom a singlemodel (direct approad); (2) indirect pre-
diction of speciesrichnessby cumulating the outputs from individual presenceand
absencemodelling of eat single species(complete cumulative approad). The rst
method is straightforward, but may show de cienciesas pooling of all specieswith
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their di erent realizednichesmay result in information loss(Minchin, 1989). For ex-

ample two ervironmentally completelydi erent sitesmay sharethe samenumber of

species yet the speciescomposition at thesetwo sitesusually di ers completely(Sarr

et al., 2005). While in one habitat speciesmay primarily be limited by temperature,

in the other habitat speciesmay be constrainedby precipitation (Broennimannet al.,

2006). An overall richnessmodel may thereforeinclude (or exclude)both parameters,
hencethe predicted speciesrichnessrespopnsemay be fuzzy. In cortrast, predicting

the spatial distribution of ead speciesseparatelymight result in more precisecumu-

lativ e predictions of speciesrichness.Howewer, depending on the targeted ecosystem
and the spatial scale,the total number of speciescan be huge (> 1000species),while

presencedata of single speciesmay be scarce(and may thus hamper the calibration

of accuratemodels). Therefore, overlaying simulated presenceabsencemaps of eah

single speciesmay accunulate to large prediction uncertainties for speciesrichness,
and thus lower the strength of the full cumulative model.

A compromisebetweenthe two descriked approatesconsistsin dividing all species
into functional groupsof similar eco-plysiology predicting the speciesrichnesswithin
eath group separately and cumulating richnessvalues group-wiseto total species
richness(partially cumulative approad).Thus both penalties- i.e information loss
and weak model calibration with an in ated con dence interval - may be reduced.
The challenge of the intermediate approad is to nd appropriate criteria to de-
ne functional groupsrepreseting similar eco-plysiologicalbehaviour (Smith, 1997).
Adaptations to speci ¢ ernvironmental constrairns require speci c traits, which arere-
ected in morphological,physiologicalor life history charactersof ead singlespecies
(Parkhurst and Loucks, 1972). Therefore morphologicalas well aslife history traits
seemsuitable to determinethe niche of a speci ¢ plant species(Lavergneet al., 2004)
and are often usedto divide plant speciesinto functional groups.

The principal goal of our study wasto ewaluate whether the modelling of species
richnessof functional groupsis more accuratethan modelling the total speciesrich-
ness. The secondgoal was to ewvaluate whether the result di ers depending on the
level of functional di erentiation. Therefore,functional groupswerebuilt on a coarse
level (4 life form groups) and on a ner level (40 groups basedon morphological
traits). As more than 70% of the speciesusedare perennial herbs, only the latter
group was partitioned into smallergroupsusing a clustering method applied on mor-
phological characters. In order to ewaluate the ecologicalrelevance of the clusters,
the habitat a nit y of the speciesof ead cluster was tested. By this, we aimed at
testing the following two hypotheses:(1) The model quality for speciesrichnesscan
be improved (over direct modelling of speciesrichness)if speciesof similar autecol-
ogy (functional groups)are modelled separatelyand aggregateda posteriori. (2) The
model quality for the speciesrichnessprediction of a functional group dependson
its averageniche width. Higher model quality is expected for groups with narrow
niches.
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2.2 Material and Metho ds

2.2.1 Study site

The study wascarried out in Switzerland( 6-10.5N and 46 -47.5E). The climate is
generallyhumid temperate with rather mild winters and moderately warm summers.
Annual mean temperature rangesfrom ca. 1.5 C (in high alpine valleys) to 11.5
C (in the southernpart of Switzerland). The meanannual precipitation sumsvary
between600 mm and 1700mm.

2.2.2 Response variables

The speciesrichnessdata are derived from vegetation recordings at 784 sites in
Switzerland. The data originate from the biodiversity monitoring program of the
Swissfederalo ce of ervironment (Plattner et al., 2004). Eadh record cortains all
vascularplant speciesgrowing in a circle plot of 10 m? (r = 1:78 m). The sampling
sites are organisedin a regular grid with meshsize of 6x4 km. The initial point of
the grid wasgeneratedrandomly. Urban areasand inappropriate growing conditions
sud aslakesand glacierswereexcluded. Thereforeonly 421 out of the 784 siteswere
kept for further analyses.

2.2.3 Predictors

For the predictive modelling of speciesrichness,we usedclimatic (12), topographic
(5) and edaphic(4) parametermapsin combination with a coarsehabitat classi ca-
tion (8 classeshservironmenrtal predictors (seetable S1in the electronicappendix).
Most of the climatic parameterswere available as monthly variables. The climatic
parameterswere generatedaccordingto Zimmermann and Kienast (1999) using a
digital elevation model (DEM) with a spatial resolution of 25 m and data from mete-
orologicalmeasuremets. Climate variablesrepresemn monthly Normals of the period
1961-1990.Degreedays of the growing seasorare basedon a threshold of 0 C. Site
water balancewas calculatedasthe monthly di erence of precipitation and potertial

evapotranspiration over the water holding capacity of the soil (see Maggini et al.,
2006for details). The topographicwetnessindex expresseshe lateral water ow. It

was calculated accordingto Beven and Kirkby (1979). The topographic position is
a measureof corvexity of the terrain and was calculatedfrom the DEM directly. As
a surrogate of potential stand productivity the two edaphic layers coarsefragmert

content and nutrient availability were included. Finally, the presenceof limestone
bedrock was derived from the digitally geotetinical map of Switzerland (1:200'000,
de Quenain et al., 1963-1967).While all cortinuous data were available at a 25 m

resolution, the categoricaldata had a resolution of 100m only.
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2.2.4 Regression Mo delling and Mo del testing

To avoid model calibration bias, the predictive parameterswere rst cheded for
collinearity. After discardingcollinear parametersaccordingto the method described
in Belsley(1991), 25 predictors out of the original 95 werekept for modelling species
richnesspattern. The plot speciesrichnessshoved a negative binomial distribution,
thus we used generalizedlinear models with a negative binomial model family. In
two casesthe group of modelled specieswas too small (O or 1 speciesper plot),
thus a binomial model family was used. We employed a stepwise forward variable
selectionto build models. The number of parametersertering the nal model wasset
to minimize the Bayesianinformation criterion (BIC), a comparably strict selection
algorithm (Schwarz, 1978). Cortinuous predictors were allowed to erter the model
as linear and quadratic terms. Model calibration was calculated from the deviance
explained (D?) and model performancewas evaluated from the mean absolute error
(MAE) and from the prediction bias (mean of the error) originating from a 10-
fold-crossvalidation. GIS layersof eat predictor wereusedfor spatial predictions of
speciesichnessthroughout Switzerland. Areasoutsidethe calibrated predictor space
wereexcludedfrom the predictions (safepredictions, Guisanet al., 2006). Maps were
generatedfor all calibrated models.

The two modelling approades (partially cumulative vs. direct prediction) were
comparedby testing the MAE of both approatesfor signi cant di erences (paired
Wilcoxon test). All statistical analyseswere performed in the statistical software
ervironment R (R Developmert Core Team, 2006).

2.2.5 Clustering Speciesinto Functional Groups

For the di erent models,the total list of plant specieswasdivided into four functional
groups (annuals & biannuals, perennial herbs, shrubs and trees). The information

for this classi cation of life form wastaken from Aesdimann et al. (2004). Perennial
herb specieswere further classi ed into 40 subgroupsaccordingto a set of morpho-
logical characters. The charactersincluded rosette type, lateral growth, shoot meta-
morphosisand leaf anatomy with 3, 4, 7 and 6 classesrespectively (seeTable 2.1 for
de nitions). We usedKilotz et al. (2002) for de ning the morphological characters
and we compiledthe charactersfor the speciesfrom Hesset al. (1976) and Klotz et
al. (2002). We applied a cluster analysisby partitioning around medoids(Kaufmann
and Rousseew, 1990)to divide the perennial plant group into subgroups.We then
usedsilhouette coe cien ts (sc: de ned asthe maximal averagesilhouette width for
the entire data set) to judge the appropriatenessof the cluster structure. A sc >

0.5 indicates a reasonablestructure in the data (Kaufmann and Rousseew, 1990).
Hencethe number of morphological speciesgroups (k) built was set so that k was
minimized while sc was not allowed to drop belov a value of 0.5. This procedure
resultedin 40 subgroups.
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2.2.6 Habitat A nit y of the Functional Groups

To test whether clustering basedon morphologicalcharactersresultedin ecologically
meaningfulgroups,we applied a correlation analysisfor habitat a nit y. We assigned
the speciesto nine habitat types(Table 2.2) accordingto Aestimann et al. (2004).

The di erent proportions of speciesper habitat type (consideringall species)sened

asnull model. For ead cluster group, the speciesproportions per habitat type were
comparedagainstthe null model using Spearman'srank correlation coe cient. Low

correlations(with assaiated high p-values)indicate that the two speciesdlists are not

equally distributed acrossthe habitats. Thus, it indicatesthat the respective cluster
group cortains species,more assaiated to a speci ¢ habitat and hencethe group

re ects ecologicalidiosyncrasies.

2.2.7 Niche Width and Model Quality

The variance of the normalized predictor valuesamong all obsenations per group
was usedasa measuremenof niche width. The niche width of a singlecluster group
wasthen de ned asthe meanvariancealong the predictor gradierts of the obsened
presencedata points of the respective group. Only predictors that remainedin the
respective models were usedto calculate the averagespeciesniche width per group.
As the mean absolute errors increasedwith the maximal obsened speciesrichness,
they were expressedrelative to the maximal obsened richnessnumber per group.
Finally the niche widths were correlated with the relative MAEs using Pearson's
product-momert correlation.
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Table 2.1: Plant traits usedfor clusteringthe perennialherbsinto functional groups.

Rosette Lateral  Shoot Leaf

type growth  metamorphosis anatomy

fr: full rosette cushion b: bulbill hel: helomorph

hr: half rosette standard n: standard shoot hyd: hydromorph

nr: no rosette  turf p: pleiocorm hyg: hygromorph

tussack  rh: rhizome m: mesomorph

rht: rhizome and tiller building scl: scleromorph
rp: rhizome pleiocorm suc: succuler

rt: root tuber

Table 2.2: Description of the habitat typesusedto test group a nities.

Code Habitat type

Water courses

Nitrophilous vegetation

Screesgravel and rocky area

Creeks

Swamps

Meadows, pasture, turfs, snav beds
Dwarf-shrub heathland, tall forb meadav
Scrubland sensulato

Forest

O©CooO~NOOOITS WN PP
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2.3 Results

2.3.1 Model Performance

Clustering the 789 perennial speciesfrom four morphologicaltraits resultedin 40dis-
tinct groups(table S2in the electronicappendix). All 25 predictors (which remained
after testing for collinearity) were signi cant in at least one of the 45 models (see
table S3in the electronic appendix). Direct prediction of the total speciesrichness
resulted in a D? of 0.28 (2.3), whereaspredicting functional group richnessat the

plot level revealedD? valuesbetween0.06 (bi-annual plants) and 0.68 (trees), with

an averageof 0.31. The model which predicted the total speciesrichnessdirectly

shoved a weak negative bias (-0.05,i.e. a marginal underestimation)and an MAE of
7.9 species. The accunulation of the modelled speciesrichnessfrom four functional

groups resulted in a small positive bias (0.08) and a similar MAE of 7.97 species.
The direct richnessmodel of the perennial group shaved a positive bias of 0.08 and
an MAE of 7.02, whereasthe cumulated predictions of perennial speciesrichness
from the 40 functional groupsreducedthe biasto 0.02and the MAE to 6.69. All 40
perennialsub-groupmodelswereunbiasedand had an MAE < 1.2 species.The com-
parison of the model residualsfor total plot speciesrichnessrevealedno signi cant

di erence betweenthe predictions of the two modelling approates(p = 0:32 for ab-
soluteresidualvalues). Similarly, the comparisonof the perennialmodel residualsdid

not reveal signi cant di erences (p = 0:08 for absoluteresiduals). It indicates that

the richnessmodels from functional groupsdid not signi cantly increaseprediction

accuracies.

2.3.2 Spatial Prediction

The sum of the predicted speciesrichnessof the four di erent life forms resulted
in very similar spatial pattern comparedto the directly modelled speciesrichness
(Fig. 2.14a, b). Likewisewe found a high similarity betweenthe predicted perennial
plant richnessand the sum of all 40 richnessmodels of perennial herbs clustered
from functional traits (Fig. 2.1c, d). Sinceroughly 75%of the recordedspecieswere
perennial herbs, it is not surprising that the richnesspattern of this group sharesa
high similarity with the pattern of the total speciesrichness. Howewer, the spatial
patterns of the di erent functional groupsvaried considerably(Fig. 2.1 e-hand Al
in the appendix 1).

2.3.3 Habitat A nit y, Realized Niches and Mo del Evaluation

Ten out of the 40 perennialgroupsconsistedof speciesclearly belongingto a speci ¢
habitat type (seeTable S2in the electronicappendix). Howewer, groupsthat signif-
icantly re ect specic habitats did not necessarilyresult in better models (a t-test
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comparing the explained deviancesof the two groupswas insigni cant; p = 0:43).

The realizedniches, de ned by the meanvariance of the normalized predictors en-

tering the model for a speci ¢ functional group, varied between 0.3 (Crassulaceae
species,group c29) and 1.8 (speciesof the type Potertilla reptans, group c3). The

model t could not be explained by the averageniche width per perennial group

(r = 0:08, p = 0:63). Only a weak correlation was found betweenthe number of

plots cortaining speciesbelongingto a speci ¢ functional group and the explained

devianceof the respective model (r = 0:26,p = 0:1).
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Table 2.3: Mean absoluteerror (MAE) and explaineddeviance(D2) of the models.

18

Group MAE D?
All species 7.9 0.28
Trees 0.75 0.68
Shrubs 144 0.17
Perennial herbs 7.02 0.34
(Bi-)annuals 0.73 0.06
Sum of 4 groups 7.97

Sum of 40 groups 6.69
Summary statistics of the

40 functional groups

Mean 0.36 0.23
Variance 0.06 0.01




2.4 Discussion

Both the selectedpredictorsand the model quality varied considerablybetweenfunc-
tional groups. In line with other studies(Sarr et al., 2005;Broennimannet al. 2006)
the model for tree speciesrichnessperformed best. This may be explained by the
dominanceof this life form, which is highly competitiv e after establishmemn. Thus
we likely nd trees more steadily comparedto other life forms oncethe habitat is
suitable. In cortrast, short lived-speciesshaved rather poor model t, which was
also found by Broennimann et al. (2006). Since (bi-)annual plants require open
spaceto regeneratethey are found lessoften under densevegetation, which reduces
their detection probability and consequetty their model quality. Sud plants belong
to the "rural" plant type (accordingto Collins et al., 1993), a plant type that has
beenidenti ed asbeing dicult to predict (Edwards et al., 2005; Zimmermann et
al., 2007). Within the perennial speciesgroups, wetland specieswere best predicted.
Even though their habitat is restricted, they shaov a wide geographicdistribution
and high local abundance.Thus, they belongto predictable habitat specialists(Ra-
binowitz et al., 1986). Yet we did not nd a generalagreemeh betweenniche width
and model t. We beliewe that this is the main reasonwhy the two di erent model
approatestested heredid not yield di ering model accuraciesfor the total species
richness,and only marginal di erences for the perennial speciesrichnessmodels.

The in uence of both the ecologicalinformation loss (mixture of niches)and the
cumulated uncertainty (many group models accunulated) might cancelead other
out when modelling speciesrichnessat a plot level where randomnessis high, a
conclusionthat wasalsofound by Guisanand Theurillat (2000) when comparingin-
dividual speciesdistribution vs. speciesrichnessmodels. We did not test a complete
cumulative model because94% of our speciesoccurredin fewer than 50 plots, which
is below a threshold that allows sound model calibration.

E ects of geographicrange sizeand varying population densitiesof single species
may have strongly in uenced the di erent models(Venieret al., 1999; Stockwell and
Peterson,2002;McPhersonet al., 2004). By grouping the perennialherbsaccording
to their lateral growth and shoot metamorphosis,we di erentiated between clonal
speciesand speciesreproducing sexually As shaovn by Kolb et al. (2006) the local
abundanceof a speciesis related to sud life histories. The lateral spreadof clonal
speciesresults in a high ramet density within a given habitat patch. Therefore
groups cortaining clonal speciesare expected to result in higher model accuracy
comparedto groupswith similar habitat width and lower local abundance. Hence,
independenly of the accordingniche width, we generatedmodelsof di erent quality.

In summary, we found no clearimprovemeris for speciesrichnessmodelling when
splitting speciesinto functional groups. The direct modelling of plot speciesrichness
performed equally well. Howewer, in line with Bruun et al. (2006) our analysis
showved a clearly di ering responseof speciesgroupsto ervironmertal gradierts. In
particular, the spatial patterns of the 40 classe®f the perennialherbsdi ered highly
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from ead other. Eventhough our hypothesisof improving predictive speciesrichness
modelsby consideringthe autecologyof the specieswas not substantially supported
by the data, it is not necessarilyfalsi ed either for the following reasons: (1) The
samplingunit of 10m? is smalland doesnot re ect the local ora of a site well enough.
Thus, random e ects and non equilibrium processegHuston, 1979; Huston, 1994)
introducenoiseand impedethe detection of ecologicalpatterns, which depend on the
spatial resolution (Willis and Whittak er, 2002;Rahbek, 2005;Luoto et al., 2007). To
circumvent this speciespadkageproblem, Crawley and Harral (2001) suggestedhat
areas> 100 m? should be usedto characterize alpha diversity. (2) In the data set
used,morethan 50%of all samplingsiteswere coveredby forests. On the other hand
the presenceof dwarf-shrubs, boulder and gravel sites, mires, peat land or riverside
vegetationhad low frequencieg< 1%ead). Thereforewe hadincompletecoverageof
ecologicalgradierts and somespecieswere not well represeted in the data set. This
resulted in lessprecisemodels for groups cortaining seeral sud species(Venier et
al., 1999;Edwards et al., 2005). A strati ed random samplingdesignmay overcome
this type of de cit (Till e, 2001). (3) The selectedplant traits may be irrelevant for
partitioning of speciesinto ecologicalmeaningful groups. Yet, since somegroups
attained high model qualities, they seemto shav a clear ecologically preference.
Also, as one fourth of the functional groups showed a signi cant habitat a liation,
the selectedplant traits seemto carry ecologicalinformation.

Although the individual errors of the classmodels averagedto comparablemodel
quality at the overall speciesrichnesslevel, the individual models allow us to make
better informed predictions of subgroupsat the landscape scale. This clearly im-
proves our understanding of how functional groups are distributed spatially, and
how these patterns and their assaiated speciesrichnessmay alter in the future
under scenariosof global changes. We seethis as the most important reasonfor
distinguishing functional groupsfor sud future projections.
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Abstract:

The species-areacurve of Arrhenius is generatedby habitat heterogenely, immi-
gration and extinction, and various other stochastic processes. Even though the
use of environmental variablesis widespreadto predict the spatial distribution of
speciesrichness,it remainsdi cult to distinguish the relative importance of habitat
heterogeneiy and the areae ect on total speciesrichness.In our study we useddif-
ferert typesof speciesareacurvesto disertangle the habitat heterogeneiy e ect and
the areae ect on speciesrichness. We generatedthree types of samplerarefaction
curves. (1) A randomly aggregatedrarefaction curve, (2) a rarefaction curve where
areasof similar habitat types were aggregatedand (3) a rarefaction curve, where
areasof dissimilar habitat types were aggregated,basedon three oristic surveys
from Switzerland, using di erent grain sizes. The classi cation of the habitat types
was basedon three ervironmental variables. From the di erence of the dissimilar
and similar rarefaction curve, we estimated that habitat heterogeneiy cornributed
nearly 40%to the speciesrichness. The remaining 60% are likely related to e ects
causedby the areaand by stochasticity. Howewer, the habitat heterogeneiy e ect
varied with grain size, cortributing only 20% when a sample unit of 1.25 ha was
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usedinstead of 10n¥ or 28n¥, thus the detection of the habitat heterogeneiy e ect

dependson the grain size. In conclusion,we expect the prediction of biodiversity

from habitat heterogeneiy to be mostdi cult at small grain sizes,while at medium

to large grain sizesthe predictive power of environmental gradiert and heterogeneiy

variablesis likely to increase.Yet, habitat heterogeneiy is only a powerful predictor

at intermediate grain sizes,sinceheterogeneiy is becominguniform at larger scales
of sampling units.

Keyw ords:
Grain size,habitat heterogeneiy, spatial scale,speciesarearesponse,speciesichness,
vascularplants

3.1 Intro duction

Modelling the spatial distribution of speciesrichnessis a powerful tool for testing
hypothesesin ecology(Currie, 1991; Curry et al., 2004; Moreno-Rueda& Pizarro,
2007; Whittak er et al., 2007) and has gained an increasedimportance in consenra-
tion planning (Margules et al., 1994; Pearson& Carroll, 1998; Cabezaet al., 2004;
Moilanen, 2005;Pawar et al., 2007). Most predictions for speciesrichnessare based
on climate and topographicvariables. Thesevariablesare more easily obtained than
specieslists from the relevant areas. Howewer, the predictive power of climate and
topographic variables dependson the spatial scale(as reviewed by Willis & Whit-

taker, 2002; Ricklefs, 2004 and Rahbek, 2005) and the type of organism (Boone &

Krohn, 2000;Whittak er et al., 2007;Moreno-Rueda& Pizarro, 2007). For example,
climate and topograply explain up to 95% of speciesrichnessof amphibians, but
they explain barely 60% of bird's speciesrichness(Boone & Krohn, 2000). These
valuesare reducedto 72% and 15%, respectively, when a larger grain scaleis used
(Whittak er et al., 2007). For plant speciesrichness,valuesfrom lessthan 15%up to
85%are reported (Currie & Paquin, 1987;Heikkinen & Birks, 1996;Birks, 1996and
Lobo et al., 2001),indicating that speciesrichnessis not driven by climate alone. In

fact, it seemdikely that speciesrichnessis determinedby multiple processe®perat-
ing at di erent spatial scales(Shmida & Wilson, 1985;Huston, 1994;Turner, 2005).
The number of speciesfound in small areas(micro-scale) dependson the size and
growth form of the species(Crawley & Harral, 2001). On a meso-scalespeciesrich-
nessis thought to be a ected by equilibrium processesud asimmigration and local
extinction (Mac Arthur & Wilson 1963,1967),aswell ashabitat diversity (Williams,

1964;Abele, 1974;Deshaye & Morisset, 1988;Kohn & Walsh, 1994; Triantis et al.,
2003). When ertire provinces,e.g. at the macro-scale are consideredthe degreeof
ewlutionary independencebetween speciespools (addition of new oras or faunas)
dictates the speciesrichness(Preston, 1960;Rosenzveig, 1995).
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The interplay of theseprocesse$eadsto the well known pattern of the speciesarea
relationship, which was rst descrited by Arrhenius (1921) and Gleason(1922). On
a small scale, speciesrichnessincreasesrapidly with areaas a result of increasing
sampling e ort. Once the areais big enoughto cortain all potertially detectable
speciesthe speciesrichnessincreasedurther with areaasthe chanceof inclusion of
di erent habitat typescarrying di erent speciescompositionsincreases.In addition,
with increasingareaof suitable habitats, the extinction probability of single popula-
tions decreasesind the chanceof immigration of new speciesincreasesthus leading
to a further increaseof the speciesareacurve. On a large scale, speciesrichness
increasedurther with area, asdi erent speciespools, which ewlved independerily,
are aggregated(Ricklefs et al., 2004a). It is generallyacceptedthat the speciesarea
curve follows a power law function (Arrhenius, 1921; Preston, 1960, 1962) rather
than an exponertial function (as proposedby Gleason,1922,but seeTjrv e, 2003,for
a review of possiblefunctions of speciesareacurves). There is also strong evidence
that the slope of log log curves dependson the habitat where speciesrichnesswas
obsened (Crawley, 2001). Howewer, when the areaincludesmore than one habitat,
we do not know what proportion of the shape of speciesarea curvesis explained
by processedike habitat diversity, dispersal ability, and the spatial distribution of
sink- and source populations. According to the unied neutral theory (Hubbell,
2001), the speciesarea relationship is independert of ervironmental heterogeneiy
and solely the consequencef ecologicaldrift. Hubbell shaws that the shape of the
speciesarea curve dependsonly on the fundamertal biodiversity number and the
immigration rate, i. e. the shape of the speciesareacurve is a function of the area
occupiedby the metacomnunity, the meandensity of individuals per unit area,and
the speciation- and immigration rate only. One could argue that the mean density
of individuals itself is a function of climate and its variability. Howewver Hubbell's
model is not the only oneresulting in a power-law speciesarearelation without in-
cluding habitat heterogeneiy (seeleitner & Rosenzweig, 1997; Harte et al., 1999;
Mc Gill & Collins, 2003). On the other hand empirical studies reported a positive
correlation betweenhabitat heterogeneiy and speciesrichness(Kohn & Walsh,1994;
Rosenzweig, 1995;Ricklefs & Lovette, 1999).

The main issuein the debateabout the e ects of areaand habitat heterogeneiy on
speciesrichnessis that areaand habitat diversity are strongly correlated(Simberlo ,
1976;Kohn & Walsh, 1994;Ricklefs & Lovette, 1999). Consequetly speciesrichness
can readily be predicted by either of the two parameters. Area e ect per secannot
be easily disertangled from the habitat diversity e ect and so the interrelationship
cannot be quarti ed. In addition, the areae ect is often confoundedwith the sam-
pling e ort (Connor & McCay, 1979;Cam et al., 2002). The detection probability
of new speciesincreaseswith the size of area, and therefore independerily of the
habitat heterogeneiy and equilibrium processesa higher number of di erent species
is found within larger areas.

Here, we assumethat speciesrichnessis a ected by habitat diversity. The aim of
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our study wasto disertangle the cortributions of habitat diversity and areae ect on
vascularplant speciesrichnessat di erent grain sizes.Thereforewe constructedthree
typesof samplerarefaction curves (Gotelli & Colwell, 2001): (1) a randomly aggre-
gatedrarefaction curve (random curve); (2) a rarefaction curve whereareasof similar
habitat typesare aggregatedsimilar curve); and (3) a rarefaction curve, whereareas
of dissimilar habitat typesare aggregated(dissimilar curve). If habitat diversity is
indeeda driver of speciesrichness,then we expect that the shape of the three con-
structed curvesdi er signi cantly. Basedon the classicalniche theory (Hutchinson,
1957),we expect the highestaccunulation rate for aggregationof dissimilar habitat
types(Palmer, 2002). Low saturated speciesrichnessis expectedwhen similar habi-
tats are aggregatedwhereasthe random aggregationof habitat types(consideredas
a null model) shouldresult in an intermediate speciesareacurve. The proportion of
the di erence of the saturation levels of the dissimilar curve and the similar curve to
the total speciesrichness(dissimilar curve) is assumedto indicate the cortribution
of habitat diversity to the total speciesrichness.To detect scaledependern patterns,
we estimatedthe e ect of habitat heterogeneiy on three di erent grain sizes.

3.2 Material and Metho ds

3.2.1 Study area

The study areaencompasse®witzerland. The climate is generallyhumid temperate
with rather mild winters and moderately warm summers. Annual mean tempera-
ture rangesfrom ca. 1.5C (in high alpine valleys) to 11.5C (in the southern part
of Switzerland). The mean annual precipitation sums vary between 600mm and
2900mm. The topographicrelief rangesfrom ca. 190mto 4634m.a.s.l.

3.2.2 Species richness data

For our analysiswe usedthree di erent data setsencompassingli erent grain sizes.
Two data sets are from the biodiversity monitoring program of the Swissfederal
o ce of erwvironmert (Plattner, Birrer & Weber, 2004). In this monitoring program,
vascularplant composition was recordedin circular plots with an areaof 10n? (plot

data) and on a transect basiswith length of 2.5km and width of 5m (transect data).

In both data setsthe sampling designis a regular grid with meshsize 6x4km (n =

422) and 12(24)x8km (n = 270) respectively (seeFig. 3.1). The initial points of
the grids were generatedrandomly. The third data set contains grasslandsonly and
originates from the dry meadavs and pasturessurvey of the SwissFederal O ce of
Environment (dry meadav data, Eggerberg et al., 2001). The plots (n = 13911)
were recordedbasedon phytosociological methods. They include vegetation types
of four alliances: Mesobromion,Xerobromion, Stipo-Poion and Cirsio-Brachypodion
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(accordingto Delarzeet al., 1999). The number of plant specieswasrecordedwithin
a circular areaof ca. 28n? (radius = 3m). The spatial distribution of the plots is
givenin Fig. 3.1.

3.2.3 Habitat classi cation

Temperature, water and light aswell asnutrients are the most important factors for
a plant to grow. Thereforewe usedthe following three ervironmental parametersas
surrogatesfor the habitat classi cation: Mean annual temperature, mean moisture
index of May, and the slope of the terrain. The slope was derived from a digital
elewation model (DEM) with a spatial resolution of 25m. The sameDEM was used
to generatethe climatic layers from meteorologicalmeasuremets (for details see
Zimmermann & Kienast, 1999). The mean annual temperature was derived from
monthly Normals of the period 1961-1990.The moisture index was derived from the
di erence of the monthly precipitation sum and the potertial evapotranspiration.
The ervironmental parametersfor the dry meadav and plot data were directly ob-
tained by the climatic layerswith aresolutionof 25m. For the analysisof the transect
data, where ead transect covers an areaof 12500n% , we took the focal mean of alll
25x25n7t pixels within windows of 100x100metersand resampledthe predictor grids
to aresolutionof 100m. Intersectingtheselayersat the certer-coordinatesfrom eadh
transect eld resultedin the environmental parametersfor the transect data.

Ead of the three environmental parameterswasclassi ed into v e classe®f equal
interval length, i.e. the range of a parameter (the di erence of the maximal and
minimal value) was equally split in v e classes.This way, the 3-dimensionalervi-
ronmertal parameter spacespannedby the three parameterswas divided into 125
(53) hyper-cubes. Each hyper-cube was consideredas one habitat type. Basedon
the combination of a site's temperature, moisture and slope, it was assignedto a
speci ¢ ervironmental habitat type. By this procedurewe produceda habitat map
whereead pixel wasassignedo oneof the possiblel25environmental habitat types.
The spatial analyseswere made with Arc Info Version 9.2 (Environmental Systems
Researb Institute, Inc., 380 New York Street, Redlands,CA 92373-8100USA).

3.2.4 Constructing sample based rarefaction curves

Three typesof samplebasedrarefaction curveswere constructed: a randomly aggre-
gated rarefaction curve which sened as a null model (random curve), a rarefaction
curve of similar habitat types (similar curve) and a rarefaction curve of dissimilar
habitat types(dissimilar curve). For eat datasetthe sitesusedfor building the ran-
dom curve were randomly selectedfrom the whole pool of records. To construct the
secondcurve of dissimilar habitats, only onerecord per habitat type was randomly
sampled,i.e. the aggregationlevel of the curve waslimited by the number of habitat
types. As not all of the 125 de ned hyper-cubes (habitat types) were realized in
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the recordedsites, the number of aggregatedareaswas lower than 125. The third
type of curve wascomposedof singlecurvesrepreseting samplerarefaction curvesof
similar habitats. Thereforethe pool for random selectionof recordscornained sites
with similar habitats only. Groups of 3x3 neighbouring hyper-cubes were de ned
as similar habitat types. In total we de ned 8 bigger cubes containing part of the
small hyper-cubes. For eat of the eight bigger cubes,we built a samplerarefaction
curve analogoudo the random curvesdescribed above. The meanof the eight curves
represerted the speciesarearelationship of similar habitats.

All three types of curves were iterated 100 times. Calculating the mean of the
100 iterations resulted in a smaothed speciesarea curve and allowed to estimate a
con denceinterval.

3.2.5 Statistics

The di erent typesof curveswere comparedby using an F-test. For that purpose
we assumedthat the curvesfollow an Arrhenius power law function. Therefore all
types of constructed curves were tted to the Arrhenius function, using the non
linear minimization procedure provided by the statistical software ervironment R.
The tted curves of similar and dissimilar habitat types respectively were tested
againstthe relevant random curve.

The cortribution of habitat diversity to speciesrichnesswascalculatedasthe ratio
of the di erence of the speciesrichnessbetweenthe rarefaction curvesof similar and
dissimilar habitats to the speciesrichnessindicated by the latter curve. All the
algorithms were written in the statistical software ervironment R (version 2.4.1;
R dewlopmen Core Team, 2006), which was also usedfor all statistical analyses
performed.
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3.3 Results

A consisteh pattern of sample rarefaction curves was found with all three data
sets (seeFig. 3.2). As expected from the niche theory, the aggregationof dis-
similar habitat typesresulted in higher speciesaccunulation rates and saturation
levels, comparedto the randomly aggregatedsample rarefaction curves, while the
aggregationof similar habitat typesresultedin lower speciesaccurnulation rates and
saturation levels. In all three datasetsboth typesof curves,i.e. aggregatedsimilar
as well as dissimilar habitat types, signi cantly diered in their speciesaccunula-
tions comparedto the random samplerarefaction curves which were consideredas
null models (seeTab. 3.1). The cortribution of habitat diversity to total species

Table 3.1: Comparisonof the di erent typesof tted samplerarefactioncurves. Sam-
ple rarefaction curvesof similar habitat typesand dissimilar habitat types
respectively, were comparedto randomly aggregatedrarefaction curves
(which were consideredas null models).

Data set Typ e of curv e tested F-value Degrees of p-value
against the null model freedom

Plot data Similar 462.62 2,128 < 0.001
Dissimilar 31.76 2,128 < 0.001

Transect data Similar 193.19 2,10 < 0.001
Dissimilar 53.38 2,10 < 0.001

Dry meadov data Similar 148.70 2,122 < 0.001
Dissimilar 973.02 2,122 < 0.001

richnessaccourted for 21% in the transect data and 20% in the plot data. In the
caseof the dry meadav species,the cortribution of habitat diversity to speciesrich-
nesswas 27%. From Fig. 3.2 and 3.3a, howewer, it can be seen,that the sample
rarefaction curve of the plot and dry meadav data, did not reat a saturation level.
Thereforewe extrapolatedthe tted individual Arrhenius functionsto the saturation
level. Recalculatingthe cortribution of habitat diversity to speciesrichnessfrom the
extrapolated functions showved that the cortribution of habitat diversity to species
richnesscornvergesto a value of 37%for the plot data and to 39%for the dry meadav
data (seeFig. 3.3b).
The sameprocedureapplied to the transect data did not changethe cortribution

of habitat diversity to speciesrichness,showing, that the saturation level of the
sampledrarefaction curve was already readed by the data.
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3.4 Discussion

Basedon the cleardi erentiation of the di erent typesof samplerarefaction curves,
we estimatedthat habitat diversity cortributes nearly 40%to total speciesrichness.
This estimationis comparablewith that of Kohn & Walsh (1994). In their path anal-
ysis of the number of dicotyledonousplant speciesas a function of areaand habitat
number, they found that the direct e ect of island area and habitat heterogeneiy
were roughly equal in magnitude. Howewer, the size of the habitat diversity e ect
dependson the grain size of the aggregatedareas(seeFig. 3.3). In the transect
data, where one sampleunit had 1250times the size of the plot data, the habitat
diversity e ect accourted for only 20%. The most obvious reasonfor the diminishing
e ect of habitat diversity with increasinggrain sizeis the increasingwithin habitat
variability of a samplearea.

3.4.1 Grain size, niche width and habitat heterogeneity e ect

Our method of estimating the e ect of habitat heterogeneiy is sensitive to the grain
size. Varying rangesof grain size alters the cortribution of habitat heterogeneiy
on speciesrichness. Choosing small plot sizesfor sample rarefaction curves will
increasethe slope of the speciesarea relationship at a low aggregationlevel as a
consequencef imperfectdetection of specieswithin a comnmunity. As a consequence,
for a small grain size,the speciesareacurve is nothing but a simple collector curve
which increasesas the sampling e ort increases(Preston, 1979; Cam et al., 2002).
The random noisein speciesrichnessof small sampleplots will overwrite the e ect of
habitat heterogeneiy (seeFig. 3.2left sideof the graphs). Henceif the sampleunit of
aggregationcurvesis too smallin sizeand number, the e ect of habitat heterogeneiy
can not be detected, becausethe speciesrichnessof aggregatedplots with similar
habitat typesdoesnot di er from a randomly aggregatedspeciesareacurve. On the
other extreme, if the grain sizeis too large, one samplecould potertially cortain all
habitat typesand thus the aggregationof sampleswill be equivalert in aggregating
di erent speciespools. Consequetly the e ect of habitat heterogeneiy will not
be detected as all plots would be consideredas similar and hencethe randomly
aggregatedspeciesarea curve would be identical with the speciesarea curve which
consistsof similar areas. The e ect of sampleunits which are too large is probably
obsened in our transect data (seeFig. 3.3).

The estimation of habitat heterogeneiy is not unproblematic, and the choiceof the
number of categoriegnto which ead habitat axisis divided may a ect the estimation
of the e ect of habitat heterogeneiy. The wider the classesare de ned, the smaller
will be the estimated habitat heterogeneiy e ect. Wider classeqi.e. bigger hyper-
cubes) cortain a larger part of the environmental gradiert, and thus the separation
of the real nichesis less precise. The hyper-cubes are then chosentoo large and
thus they cortain too many speciesoccupying di erent niches. Consequetly the
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saturation level of the sample rarefaction curve of "similar" habitat typesis too
high, and the estimated cortribution of the habitat heterogeneiy to total species
richnessis underestimated.

Furthermore, the physicalsizeand or population density of the investigatedspecies
will in uence the choice of an adequategrain sizefor detecting the habitat hetero-
geneily e ect on speciesrichness. For example an appropriate estimation of the
habitat heterogeneiy e ect on tree speciesrichnessrequiresa larger grain size,com-
paredto that neededfor annual species,sincefewer treesthan herbscan be padked
in a given area. Not only the physical size of di erent taxa matters but also the
niche size of single species.If individual speciesof a taxonomic group have well de-
ned, small and non-overlapping ecologicalniches,the e ect of habitat heterogeneiy
will be signi cant and can be estimated precisely Howewer, with increasingsize of
realisedniches,and increasingdegreeof overlap, the estimatede ect of habitat het-
erogeneiy on the speciesarea relationship will decreaseand be lessprecise, as a
simple consequencef aggregatingsimilar sampleareascortaining a higher number
of di erent species.For this reasonwe support the view of Ricklefs & Lovette (1999)
that strong habitat-diversity e ects are likely in taxa with high degreesof habitat
specialization, while areae ects are more important in taxa with weak habitat spe-
cialization. Howeer, as our sampling plots are non-coriguous, we cannot evaluate
the areae ect on speciesrichnessin respect to island theory.

3.4.2 Confounding e ects

Scaledependen processeswhich interact with the grain sizeand extert, add further
noise to the shape of speciesarea curves. Andersonet al. (2007) found that for
small exterts (75to 100km), potential evapotranspiration explaineda high amourt of
speciesrichnessfor a rangeof grain sizesfrom 1m? to 1000n¥. For larger exterts (125
to 150km), the samepredictor substartially cortributed to the explanation of species
richnesson smallgrain sizesonly (1 to 10m?). On the other handtheir study revealed
that topographic variables sud as aspect and topographic variation increasedin
explanatory power with increasinggrain size,but only in the caseof small exterts.
Their ndings imply that the e ect of habitat heterogeneiy on speciesrichnessdoes
not only depend on the grain size,but alsoon the extent of the study, which does
not have the samee ect for all typesof environmenrtal variables. Furthermore, the
e ect of habitat heterogeneiy depends not only on the grain size, but can also
vary betweendi erent taxa. For examplein their study about diversity patterns of
beetlesYaacobiet al. (2007) found a signi cant e ect of patch heterogeneiy for
Tenebrionidaediversity only on small patches, while the Carabidae diversity was
signi cantly a ected by patch heterogeneiy on a large scaleonly. Plant diversity
had even an opposite e ect on the Tenebrionidaediversity, being negative on small
patchesand positive on large patchesrespectively.
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3.4.3 Implications for the spatial modelling of species richness

The varying explanatory power of reported modelsin spatially predicting the plant
speciesrichnessmight be the consequencef di erent grain sizesusedfor model cal-
ibration. Linking the speciesarearelationship with the spatial prediction of species
richnessshownsthat thereisatrade o betweenminimized within sampleunit habitat
heterogeneiy and maximal accuracyof vegetationrecords. From small to largegrain
sizes,the within sampleunit habitat heterogeneiy increasesand variesincreasingly
among di erent plots. Howewer, at the scaleof very large grain sizes,the di er-
ertiation betweenplots weakens, sinceall plots are probably similarly (and highly)
heterogeneouswith regard to habitats. At this largest scale, basic environmental
gradierts and history becomemore important as predictors of biodiversity patterns.
Thus, the e ect of habitat heterogeneiy is expectedto be strongestat intermediate
grain sizes,while at rather small grain sizes,the composition and richnessis largely
an e ect of demographicand stochastic processes.This implies that the prediction
of speciesrichnessbasedon ervironmental parametersis mostdi cult at small grain
sizes. In turn, the completenesf vegetation recordsincreasesdrom small to large
grain sizes.Hencethe noiseintroducedby stochastic processesn small sampleunits
decreasesvith increasinggrain size,and vegetation recordsare more reliable when
the plot sizeis large enoughto corntain all speciespotertially presen in the specic
habitat type. We thus expect much higher explanatory power of predictive modelsif
medium to large plots are used,with habitat heterogeneiy to primarily cortribute
to this predictive power at the medium scale.

Acknowledgemen ts

This researt was funded by the 6th Framework Programmeof the EuropeanUnion
(Contract Number GOCE-CT-2003-505376). We thank the SwissFederal Agency
SAEFL and Hintermann and Weber Consultancy for accessto the data from the
biodiversity monitoring programme.

34



4 1s the maximum extent of the Quaternary
iIce shield necessay to understand the
current spatial patterns of alpine plant
species richness?

K. Steinmann, N.E. Zimmermann, 2R.M. Dorazio, °R. Holderegger,*A. Tribsch,
°H.P. Linder & ®IntraBioDiv-Consortium

!Land Use Dynamics, SwissFederal Researb Institute WSL, Zuercerstrasselll,
CH-8903Birmensdorf, Switzerland

2 U.S. Geological Survey, Florida Caribbean ScienceCerter, 7920 NW 71 Street,
Gainesville,Florida 32653USA

3EcologicalGeneticsand Evolution, SwissFederalResearb Institute WSL, Zuercher-
strasselll, CH-8903Birmensdorf, Switzerland

“Departmert of OrganismicBiology / Ecologyand Diversity of Plants, University of
Salzburg,Hellbrunnerstrasse34, A-5020 Salzburg, Austria

® Institute for SystematicBotany, Zollikerstrassel07, CH-8008Zurich, Switzerland

6 Members of the Consortium: see
http:/www.in trabiodiv.eu/IMG/p df/In traBioDiv _Consortium_v10.pdf

Abstract:

Aim Using a hierarchical Bayesianframework the following hypothesesare tested:
(1) Putative past glacial refugia still represem hotspots of plant speciesrichness,
presumably as speciation and diversi cation processesad a longer history in these
areasduring the Quaternary ice age. (2) During the Quaternary ice age,speciesdif-
ferertiated in the isolated peripheralrefugia. After the retreat of the ice shield, these
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speciesmigrated and mixed in suture zones,which are characterizedby high current
speciesrichness. (3) The alpine ora has already readed its equilibrium state on
a large scale. Hence,the spatial pattern of speciesrichnessis no longer a ected by
historical distribution patterns.

Lo cation Alpine systemof certral Europe

Metho ds Floristic data from the EU-FP6 IntraBioDiv project were usedto link

meso-scalespeciesrichnesswith predictors including environmental parametersand
the distanceto potential glacial refugia. Speciesrichnessof the high mountain ora

was mapped within cells of 12" latitude and 20" longitude of a regular grid over the
Alps. In orderto assignthe grid cellsto areasof similar ervironmental conditionswe
classi ed four ervironmental parametersto construct a 4-dimensionalervironmertal

parameter spacewith hyper-cubes simulating similar environments. Only the area
above 1000m a.s.l. was classi ed, as areaslocated belowv are not relevant for high
mountain plant species.The spatially replicated speciesrichnessobsenations within

similar ervironments were usedto estimate e ects of the relative location to refugia
and climate speci ¢ e ects on speciesrichness.A Bayesianhierarchical mixed model
of the type Poissonregressionwasusedto test the speciesrichnesshypothesegelated
to the distanceto refugia.

Results More than 70% of the spatial patterns of the high mountain speciesrich-
nessacrossthe Alps could be explained by the predicted speciesrichnessbasedon
bioclimatic habitat typesand the size of the areaabove 1000m a.s.l.. The within
habitat speciesrichnesswasnegatively correlatedwith the distanceto glacial refugia,
indicating evidencefor the hotspot hypothesis. Indeedthe posterior distribution of
the distancecoe cien ts shaved that the probability of the hotspot hypothesisbeing
true amourts to 99%. Howeer, this probability was reducedto 15% when habitat
typeswerede ned by three instead of v e classeger predictor only, indicating that
the climatic variability may override historical e ects.

Main conclusions Although climate reveals a high predictive power on preser
speciesrichnesspatterns at a large scale, historical e ects still cortribute to the
presen spatial distribution of speciesrichness. Therefore we concludethat predic-
tions of future plant speciesrichnessbasedsolelyon the scenariosof climate change,
might not re ect the short- to midterm future reality. Additionally to climate, migra-
tion ratesandthe potential for establishmem shouldbeincludedin further modelling.
Only species,which are able to track their nichesat a su cien t pace,will survivein
the future.
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4.1 Inroduction

Current speciesrichnessis not only driven by the presen climate and topograpty
(Grime, 1979;Austin, 1987;Lobo, 2001;Francis & Currie, 2003;Moseret al., 2005),
but dependsalsoon medanismsof historical biogeograply (McGlone, 1996; Sven-
ning & Skov, 2005;Kreft & Jetz 2007). Especially in a region like the Alps, where
the growing conditions for plants have changeddrastically sincethe last glacial pe-
riod, suth e ects (extension of ice shields, patterns of refugia) can be expected to
in uence still the presen speciesrichnesspatterns. Today, there are two main hy-
pothesesof how the alpine and arctic plant speciessurvived the Quaternary ice ages
(for reviewsseeStehlik et al., 2000and Brochmann, et al., 2003). 1. The tabula rasa
hypothesisassumeghat during the ice age,the alpine plant specieswent extinct in
glaciated areas,and survived in peripheral refugia, from where they re-immigrated
into deglaciatedareasexposedduring the interglacials (Chodat & Pampanini, 1902;
Briquet, 1906). 2. The nunatak hypothesisassumeshat within glaciated regions
somespecieswere able to survive on ice-freeareasabove the ice-shield(Blytt, 1882).
Comparedto the tabula rasatheory the re-immigration would then have beenmuch
easier,due to the shorter migration distances. Recernly, Fickert et al. (2007) for-
mulated the new idea that debris covered glacierscould have sened as Pleistocene
refugia for plants as well. Their hypothesisis complememiary to both the nunatak
hypothesisand tabula rasatheory and might help to solve someof the corntroversy
betweenthe two.

If and how the Quaternary ice agesstill cortrol today's speciesdistribution of
plants is widely under debate (Nordal 1987; Ricklefs & Sdluter, 1993;Birks, 1993;
Francis& Currie, 2003;Bennett, 2004). Modern moleculartechniquesallow searting
for potential glacial refugial areas(Gugerli & Holderegger2001;Stehlik et al., 2001;
Sdenswetter et al., 2005) and to track migration routes of populations of single
species(Taberlet et al., 1998;Hewitt et al., 1999;Abbott et al., 2000; Stehlik 2003;
Ronikier et al. 2008). While somestudiesshaved evidencefor the nunatak hypothesis
(Stehlik 2001,2002;Bettin et al., 2007), others explain the presen geneticpatterns
by survival only in peripheral refugia (Schenswetter et al., 2002; Shenswetter et al.
2004). At leastfor somespeciesthere is evidencethat they might have followed both
strategies(survival on peripheral refugia and on nunataks; seeTribsch et al., 2002;
Stehlik, 2003). Howeer, Hewitt (2004) arguesthat it is di cult to prove or reject
nunatak survival using genetic data only. In addition, the consequencesf alpine
plant speciessurvival on peripheral refugia and potential nunataks for the presert
spatial distribution of speciesrichnessremain unclear. Birks (1996) considersthe
nunatak hypothesisas super uous for the explanation of the presen plant species
richnesspattern of the Norwegian mountain ora. On the other hand, Svenning &
Skov (2005,2007)found that the last glacial climate still impactsthe presen richness
distribution, at leastin the caseof tree speciesin Europe.

Whether the alpine ora hasreadedan equilibrium state with climate onthe large
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scaleremainsunclear. However, predicting the future spatial distribution of species
richnessunder scenarioof expectedglobal changewill not bereliable until the e ect

of historical processesntoday's speciegichnesss known (Davis et al., 1998;Pearson
& Dawson, 2003;Skov & Swvenning, 2004). Therefore,we aim at testing if and how
the spatial distribution of alpine plant speciesrichnessis a ected by the location of
potertial refugiaof the Quaternary ice age. Using a hierarchical Bayesianframework,

we addressedhe following three hypotheses:1. As a consequencef the prolonged
time for diversi cation and speciation in ice free refugia during the Quaternary ice
age, potential refugia still represen hotspots of speciesdiversity. 2. During the

Quaternary ice age, speciesdi erentiated in isolated peripheral refugia. After the

retreat of the ice shield, these speciesmigrated and mixed in suture zones,which

are consequetty characterizedby a high current speciesrichness(melting pools). 3.

On a large spatial scale,the alpine ora hasreaded its equilibrium with climate, as
most speciesmigrate fast enoughto reoccupy all formerly glaciated regions. Hence,
the anciernt refugiado no longera ect the presen pattern of speciesrichness.

In order to test thesehypotheseswe assumedhat part of the variation in species
richnesswithin a similar ervironment can be explainedby the distanceto potential
refugia. If the speciesrichnessdecreasesvith increasingdistanceto potertial refu-
gia, the hypothesisof refugia still acting as diversity hotspots is supported. A non
linear (hump shaped) relation of the refugial distancesand speciesrichness,points
toward the melting pool hypothesis. If distanceto refugiadoesnot cortribute to the
explanation of the speciesrichness,the alpine ora may have readedits equilibrium
at large spatial scales.

4.2 Material and Metho ds

4.2.1 Study area

The study areaencompassedhe EuropeanAlps, ranging from Nice to Vienna (4.3-
16.3 E, 43.5-48.5N). The meanannual precipitation sumsat 1000m a.s.lvary from
600to 4400mm, the number of degreedays 1000m from 217to 2290 C x days (based
on the 5.56 C threshold). The annual meanof the potential global radiation reacdes
valuesup to 20'250kJ/m ?/day.

4.2.2 Model parameters

For our analysiswe used oristic data from the EU-FP6 IntraBioDiv project. In this
interdisciplinary program, the high mountain ora wasmapped within a regular grid
systemof 388 cellswith the sizeof 12' latitude and 20' longitude (ca. 22.3x 25 km,
for details seeGugerli et al. in rev.).

As predictor variableswe usedclimate and topographicmapsavailable at a spatial
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resolution of 200 m. To re ect physiologically important factors for plant growth
suth as energy light and water availability, we averagedthe annual numbers of
degreedays, of potential global radiation and the precipitation sum from the years
1980to 1989per grid cell and usedtheseas predictors.

Additionally, we usedthe averageslope of the terrain to characterisethe topo-
graphic ervironmert. The slope was derived from a digital elewation model (DEM).
The sameDEM was usedto generatethe climatic surfacesfrom meteorologicalmea-
suremerts using the computer software Daymet (Thornton et al., 1997).

Assuming that high mountain taxa do not colonize areasbelov 1000 m a.s.l.,
we rst cut the environmental layers at 1000m a.s.l. The remaining pixels were
consideredto carry the relevant environmental information of potential niches of
high mountain taxa. For ead ervironmental layer, the zonal mean per samplegrid
cell wasthen calculatedfrom the 200 m raster and usedas predictive value.

The areaof mountain massexceedingan elewation of 1000m a.s.l. variesconsider-
ably, depending on the geographiclocation. While in the Certral Alps most areaof
a samplegrid cell is situated above the 1000m threshold, the potential areafor high
mourtain taxa is small in the Prealps. As known from the speciesarearelationship
(Arrhenius, 1921)the number of speciesfound within an areahighly correlateswith
its size. Therefore we usedthe number of 200 m pixels located higher than 1000m
a.s.l. asa measureof the sizeof the relevant areaper grid cell asa predictor aswell.

In order to test the potertial in uence of the glacial refugia on the presen spatial
distribution of the speciesrichness,we calculated the inversesum of the Euclidean
distancesof a grid cell to ead potertial refugium cell. The location of putative
refugia was taken from Sdenswetter et al. (2005). Grid cells which intersected
with a potential refugium areawere marked as potertial refugia (seeFig. 4.1in the
results) and usedto createthe distancematrix cortaining all grid cells.

4.2.3 Classication of the environment

To break down the alpine systeminto areasof similar environmental conditions,
we classi ed the ervironmental parametersinto v e classef equalinterval length.
Therefore the parameter range was equally split into v e classes. As a result we
got a 4-dimensionalervironmental parameter space,consisting potentially of 625
(5%) hyper-cubes. Eadch hyper-cube is assumedto represemn conditions of a similar
ernvironmental condition. Each grid cell wasassignedo a hypercube and asa result,
only 98 out of the potential 625 hyper-cubeswere assignedto any of the grid cells,
meaningthat the other combinations did not exist in the Alps. As the high number
of bioclimatic habitat typesreducesthe degreesof freedomin the models, a second
classi cation systembasedon three classeger predictor only was introduced. This
broader classi cation potertially leadsto 81 (3%) habitat types. However, only 34 of
them were assignedo any of the grid cellsin the Alps.
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4.2.4 Statistics

We took advantage of Bayesianstatistics, which are extremely exible for modelling
and estimating parameter distributions (Clark, 2005; Grin & Steel, 2007). We
assumedhat the speciesrichnessis basically driven by the bioclimatic habitat type
and the sizeof the areaavailable for the plants to grow. Thereforein order to test
the e ect of distanceto refugia, the distancecoe cien ts wereestimatedin relation to
the habitat type. Assumingthat the speciesrichnessfollows a Poissondistribution,
we set up the following model system:

[yij 41 Poisson( j) (4.1)
log( jj) = log(area;) + loy( ) (4.2)
log( i) = & + x; (4.3)

wherey; represems the estimatedspeciesrichnessin celli conditional on the habitat
type . As it is a priori known, that speciesrichnessis highly correlated with the
size of area, we included it as an o set (seeeq. 4.2). The distanceto refugia is
given by x; , while g and hj denote the habitat specic regressioncoe cien ts for
the distancemodel. The estimation of g; relied on the following assumptions:a;

N Orma|(a|\/| EAN » QPRECI SI ON) where ay g an N ormal (0, 100) and aprecision =
ag3 with asp  Unif orm(0; 100). In order to accourt for the heterogeneiy e ects
of the habitat typeson speciesrichness,the coe cien t for the distanceparameterh
was estimated conditional on g asfollows:

[bjag] Normal( b q) (4.4)

with |, depending on the mean speciesrichnessand speciesrichnessvariation of a
speci ¢ habitat typej asfollows:

b = bvuean + bsp=asp (8 amean) (4.5)

where uninformative priors Byean N (0; 100), bsp U(0;10) and Ul 11)
were used. The precisionof ly given a; was estimated by

b = Pprecision=(1 %) (4.6)

with bprecision = bsf,. The detailed WinBugs code is givenin Appendix I1.

The measureof refugial distanceof a grid cell was de ned asthe sum of the inverse
distancesto ead cell represeting a potential glacial refugium. By taking the sum of
the inversedistance,we assuredthat more distant potertial refugia corntributed less
to the predicted speciesnumber of a grid cell under consideration. In order to test
the shape of a potertial distancee ect on speciesrichness,two models were tted.
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A rst one with the refugial distance as linear term only, a secondone with the
distanceincluded asa quadratic term aswell. Additionally modelswith the distance
parameterasrandom variable (N (0, 1)) weregeneratedto estimatethe explanatory
e ect of habitat typesand areaonly on the spatial speciesrichnessdistribution. A
completerandom model, where not only the distance but also the size of areawas
following a random distribution, wasusedto estimatethe amourt of speciesrichness
variation captured by the habitat typesonly. The random variable of the areawas
generatedas a uniformly distributed random variable betweenl and 600.

A Bartlett test for homogeneiy of varianceswas usedto comparethe residuals
of the best model of the broader de ned habitat types (three uniform classesper
classi cation variable used) with the one basedon the ner de nition of habitat
types( v e classeer variable).

Statistical analyseswverecarried out usingthe freely available software environment
WinBUGS (versionl.4;Lunn et al., 2000)and R (version2.4.1;R dewelopmen Core
Team, 2006). WinBUGS provides easyaccesso Markov chain Monte Carlo tech-
niguesfor analysinga wide array of Bayesianfull probability models. By using Gibbs
sampling, WinBUGS generatessamplesfrom a Markov chain, which are equivalert
to samplesfrom the posterior distribution of the data. The parametersestimatedin
Bayesianmodelscanthen be sampledfrom their appropriate posterior distributions.
This hasthe advantage that instead of estimating the responseby a point estima-
tor, a whole prediction range can be given. While a large prediction range indicates
high model uncertainty, a small prediction rangeindicates a high model precisionat
the location. In order to evaluate the spatial distribution of the model quality, we
calculatedthe di erence betweenthe 95. - and 5. perceriile of the prediction range
of ead grid cell. This di erence divided by the meanprediction per cell wasusedas
a measurefor the prediction precision. Running WinBUGS shaved that 10'000iter-
ations of the Gibbs sampling algorithm were enoughfor corvergenceof 3 randomly
initialised chains. A burn-in phaseof 2000iterations was usedto avoid a potential
in uence of the initial valuesof the Markov chain on the posterior distributions of
the parameters.

4.3 Results

In generalthe modelsbasedon bioclimatic habitat type, distanceto refugiaand the

size of the areaabove 1000m a.s.l. revealedhigh predictive power of speciesrich-

ness(seeFig. 4.1 and 4.2. The correlations betweenpredicted and obsened species
richnesspatterns exceedd.8in all non random model types(Tab. 4.1, the coe cien t

of determination r? rangesfrom 0.74to 0.88depending on the habitat classi cation

and model type). While the bias of all modelswas closeto zero,the meanabsolute
error (MAE) of non random modelsrangedfrom ca. 30 to nearly 60 species,which

correspndsto an error of only roughly 5 to 10% of the total speciesrichness.
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A regressionbasedcomparisonof the full random models (model 1 and model 5 re-
spectively) with the models2 and 6 whereonly the distancewas randomisedshawved
an improvemern of roughly 50% in the agreemeh betweenobsened and predicted
speciesrichness. This improvemert was re ected in a 40% reduction of the mean
absoluteerror from 148speciesto 61 speciesfor the broaderhabitat classi cation (3
classeger variable), and from 109to 41for the ner habitat classi cation. Replacing
the random distance measuremetn with the real valuesreducedthe mean absolute
errors by 4 species(in both model systemsof 34 and 98 habitat types), which corre-
spondsto a reduction of 6.5%and 10%in the broaderand ner habitat classi cation
systemrespectively (see4.1l: compareMAEs of model 2 with model 3 and model 6
with model 7 respectively).

The modelswherethe habitat typesweregeneratedbasedon 5 classeper predictor
ead, shaved a signi cant negative correlation of the refugial distance with species
richness(see4.3b), indicating a higher speciesrichnessin and closeto former refugia.
The posterior distribution of the distancecoe cien ts shaved that the probability of
the hotspot hypothesisbeingtrue amourts to 99%. This probability reducesto 15%
when habitat typeswerede ned by three classeger predictor only (Fig. 4.3a). The
model basedon the ner classi cation system,which included the distanceaslinear
term only (model 7) wasthe only model, which revealeda distancerelated coe cien t
where the credible interval did not cortain zero. The variance of its residualswas
signi cantly smallercomparedto the varianceof the residualsof the equivalert model
built with the broaderclassi cation system(Bartlett's K2 = 16:16,d = 1, p < 0:05).

Independerily of the de nition of habitat typesthe models shoved, that the dis-
tancee ect on speciesrichnessis rather linear than quadratic (both credibleintervals
of the coe cien t of the quadratic distanceterm contained zero,seeCl of meanb, in
Tab. 4.1). The most precisemodel predictions were gainedfor cellsbelongingor be-
ing closeto putativ e former refugia. On the other hand, predictions at the southern
margin of the Alps were accompaniedby comparably high prediction uncertainty
(seeFig. 4.1b wherethe grid cells of the highest and lowest 5% percertile of the
prediction uncertainty are taggedyellow and red, respectively).
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Figure 4.1: Obsened (a) and predicted (b) speciesrichness1000m.a.s.l. Greenareas
represen potertial glacial refugia. While the red squaresrepresen areas
of high prediction precision(lower 5% of the prediction uncertainty), the
yellow squaresrepresemn areasof low prediction precision (upper 5% of
the prediction uncertainty).
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Figure 4.2: The predicted speciesnumber explains85% of the obsened speciesnum-

ber (r? = 0.85).

Table 4.1: Model output of selectedmodels. Meanbl: meanof the posteriordistribu-
tion of the distancee ect. Meanb2: meanof the posterior distribution of
the coe cient of the quadratic term of the distance. CI: credibleinterval
of the estimated coe cien ts. MAE: meanabsoluteerror.

Mo del # of P arameter mean 95% CI mean 95% CI MAE bias r2
habitat bl of bl b2 of b2
typ es
Model 1 3 distanz and area random  0.05 -0.3t0 0.4 X X 147.68 0.01 0.19
Model 2 3 random distance -0.25 -09t0 0.3 x X 61.26 -0.02 0.72
Model 3 3 distance 0.20 -0.2t0 0.6 x X 57.29 0.05 0.74
Model 4 3 distance + distance? 0.16 -04t0 0.8 -0.11 -0.7to 0.5 53.58 0.02 0.76
Model 5 5 distanz and area random  0.43 -04t0 1.3 x X 108.76 -0.02 0.34
Model 6 5 random distance 0.07 -0.2t0 0.3 x X 41.35 -0.03 0.82
Model 7 5 distance -0.29 -05t0 0.0 x X 37.35 -0.02 0.85
Model 8 5 distance + distance?2 -0.33 -0.7t0 0.5 0.10 -0.4to0 0.6 29.56 0.00 0.88
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4.4 Discussion

Bayesianmodelsin ecologyare commonlyusedto estimatethe abundanceof species
(Dorazio, 2005)in the situation whereead individual obsenation is imperfect (Do-

razio et al. 2006;Royle, 2006),or to accoun for spatial autocorrelation (Hoeting et
al. 2000,Wintle & Bardos,2006). Herewe usedthe Bayesianapproad to accourt for

the within habitat heterogeneiy, which is assumedto be in uenced by the distance
to refugia. With the Bayesianapproad we were able to explain part of the variation

in speciesrichnesswithin a similar ervironment as historical e ects. In addition

to classicalmixed models, the Bayesianapproadt allowed us to predict the varying

model uncertainty in space,and henceto detect regionswhere processe®ther than

climate and history may be more important in explaining the speciesrichness.

4.4.1 The e ects of habitat type, area and refugial distance

Our results shaved, that bioclimatic habitat typesand the sizeof areaexplained70
to 80% of the obsened speciesrichness. Roughly 40% of this explanation is related
to the size of area (which is in line with Kohn & Walsh, 1994 and the results of
chapter 3 in this thesis.). The distanceto refugia only marginally, but signi cantly
improved the predictive power of the models. The posterior probability distribution
of the coe cient for distance suggeststhat plant speciesrichnessof speci c habi-
tat typesare negatively correlated with the distanceto refugia. The probability of
the hotspot hypothesis being true accourted for 99% when habitats were de ned
on the ner classi cation systemof v e classeger predictor. This probability was
reducedto 15% when habitats were de ned on the broader classi cation system of
three classeger predictor. The ner classi cation resultsin more habitat typesand
henceincreaseghe risk of over- tting the data. In cortrast, the broader de nition
of habitat typesavoids the problem of over- tting, but leadsto a lossin ecological
relevanceof the de ned habitat types. With increasingclasssize,the within habitat
variation in speciesrichnessappraximates the total richnessvariation and is there-
fore confoundedwith climatic e ects, which are correlated with the distanceto the
refugia. As the aim of the presen study wasto test di erent richnesshypotheses,
rather than nding the best model for generalspeciesrichnessprediction, we favour
the ner classi cation systemand considerthe caveat of potertially over- tting the
data as smaller comparedto the lossof ecologicalrelevance of the broader de ned
habitat types. Furthermore we beliewe that the increasedvariancein speciesrichness
within the broader de ned habitat typesis a result of including a wider range of
climatic conditions, which arerelated to the distanceto the refugia. This correlation
might have led to the shift of the posterior probability distribution of the distance
coe cien t towards positive values.
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4.4.2 The response shape to the refugial distance and
hypotheses

Our results suggesta negative rather than a positive correlation of plant species
richnesswith the distanceto refugia. This indicatesthat refugia are still assaiated

with higher speciesrichnesscomparedto formerly glaciated areaswhen accourted

for their habitat type. Eventhough the e ect of refugia seemgo be weak, it should
not be underestimated, as it may be hidden by the spatial correlation of habitat

typesand the distanceto refugia (which is pronouncedin the broaderhabitat types,
de ned by three classeger predictor). Additionally, asthe presen climate correlates
spatially with the past climate (McGlone, 1996), habitat types and the distance
to refugia might share somevariation in explaining the speciesrichness. It seems
thereforethat our results are not completely consistet with Birk's conclusionfrom

his \ecology rst"- and\history rst analyses"that anciert refugia can be neglected
for the presen speciesrichnesspredictions(Birks, 1993). Especially studiesaiming at

modelling the future's spatial speciesdistribution basedon climate changescenarios
could be misleading,if historical e ects are neglected.

4.4.3 Migration, establishment and equilibrium state

Our ndings indicate that alpine plant speciesare not yet in equilibrium with the
presen climate over the scaleof the Alps. This may alsoexplain why refugiaare still
known to harbour a high number of endemicspecies(Crisp et al., 2001;Linder, 2001;
Tribsch & Sthenswetter, 2003). It seemghat the rate of migration and establishmem
of alpine plant speciesis quite slow. Assuming that the last large ice sheetshad
retreated by the later Holocene 10'000yearsago (Ozenda,1988,p. 46), a migration
rate of ca. 30to 60 m per yearwould have beennecessaryor a plant to have crossed
the Alps along the North-South or West-East periphery respectively and henceto
potentially read the equilibrium with climate over the scaleof the Alps. Depending
on speciestraits, dispersaldistancesrange betweenlessthan 1 m and up to 500 m
(Vittoz & Engler, 2007). For agachoric species,even long dispersal everts of 5000
m are realistic (Vittoz & Engler 2007). These numbers indicate that crossingthe
Alps sincethe last ice ageis theoretically possiblefor somebut likely not for all
plant species. For examplefor tree species,migration from southern refugia to the
North is known (Lang, 1994; Dumolin-Lapegue, 1997) and these migration rates
were successfullymodelled mathematically (Powell & Zimmermann 2004). On the
other hand, especially high alpine and nival plant speciesreveal obsened migration
rates of only few meters per decade(Holzinger et al., 2008), which is much slowver
than obsened seeddispersaldistances. This indicatesthat the migration rate might
be establishmen rather than dispersal limited. If this is true, then germination,
survival and local reproduction are critical processedor a speciesto spread (Alsos
et al., 2007). The establishmen of a speciesin turn dependson the fertilit y of soils
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(Higgins & Richardson,1999),the availability of suitable niches(Hutchinson, 1957;
Austin, 2002),the distribution of recruitment opportunities (Higgins & Richardson,
1998),and / or the distribution of existing comnunities. In addition the invasion
potential might decreasewith increasingdiversity of existing communities (Elton,
1958;Naeemet al., 2000). If migration is primarily in uenced by establishmen then
only specieswith large distribution rangesare likely to have readed an equilibrium
state with climate. Narrow range speciesin turn are most likely not able to track
changing and / or moving niches successfully(Svenning, 2007; Araujo, 2008), and
henceare still growing on and near refugia areasonly if they did not yet go extinct.
We beliewve that the e ect of speciesdivergenceduring the Quaternary ice agesstill
a ects the presen spatial speciesrichnesspatterns, but starts to be overridden by
the Holoceneexpansionof wide range species. The latter reducethe magnitude of
the e ect of the distanceto refugia on speciesrichnesspatterns.

4.4.4 Prediction uncertainty

Low prediction uncertainty was found in and closeto refugial areasonly. This may
be exactly the result of varying migration rates of the alpine plant species. The
refugial cells cortain speciesadapted to the local environment and no uncertainty
concerningdi ering migration rates are distorting the richnesspattern. The high
model uncertainty at the periphery of the Alpine systemis asseiated with small
sizesof areasabove 1000m a.s.l. Random e ects introduced by the small sampling
areasare probably causinga high variation in speciesrichness,and thusleadto high
prediction uncertainty.

4.5 Conclusions

Eventhough at a large scale,habitat typesand the sizeof areahad a high predictive
power on the presen speciesrichnesspattern, historical e ects, here measuredas
the distanceto glacial refugia, still in uence the spatial patterns of speciesrichness.
The within habitat variation of speciesrichnessis negatively correlated with the
distance to refugia, and henceindicates evidencefor the hotspot hypothesis. The
e ect of speciesdivergenceduring the Quaternary ice agesstill seemgo be re ected
in the presen spatial pattern of speciesrichness. Howewer, the e ect is small and
the post glacial expansionof speciesadaptedto a wide range of climatic conditions
may have overridden the pattern of increasedspeciesrichnessin areasof former
refugia considerably Speciesadaptedto small climatic rangesare likely to have low
rates of migration and establishmen. Especially for thesenarrow-range species,the
estimation of future spatial distribution patterns basedon climate changescenarios
alone may then be misleading. In fact, as discussedby Wiens & Donoglue (2004),
bridging the gap between ecoplysiology and biogeograply is highly necessaryfor
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future predictions(Davies, 1994). We beliewe that the Bayesianmodelling framework
is avaluableapproad to include both typesof medanisms(ecoplysiologicalresponse
to climate and historical e ects sud asdiversi cation and migration) into onemodel.
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5 Synthesis

Commonly speciesrichnessmodels rely on the climate gradiert (Austin, 2002) and

niche concept(Hutchinson, 1957)and therefore climatic and topographic GIS layers
are usedto predict the spatial distribution of speciesrichness(Guisan & Zimmer-

mann 2000). During the last decadesew statistical techniqgueshave beendeweloped
and optimized to improve the model quality for speciesrichnessprediction (Heikki-

nen & Birks, 1996; Ferrier et al., 2002; Dupuis & Joadim, 2006; Hortal et al.,

2006). Lessfocushasbeengivento the questionhow the autecologyof singlespecies
might a ect the model quality. Furthermore, while the statistical theory for param-
eter selectionis advanced(Belsley 1991;Brauner & Shatiam, 1998),lesse ort was
spent for parameter selectionbeing relevant for ecologicalprocessesausingspecies
richnesspatterns. In addition, the fact that spaceand diversity are correlated due
to seweral medanisms, sud as stochastic, area and historical e ects, is often ig-

noredin modelling speciesrichness,eventhough all thesemedanismsper seare well

known(Brown, 1981;Ricklefs & Sdluter, 1993;Palmer, 1994). In the presen thesis,
thesepotertial e ects on speciesrichnesswerevalidated and disertangled in order to

improve the prediction of spatial patterns of speciesrichnessat varying scales.The

focus was thereforeto test the interferenceof following speciesrichnesshypotheses:
(1) Climate gradiert and niche diversi cation theory, (2) Area and habitat diversity

theory and (3) Climate gradiert theory and historical e ects on speciesrichness.

An ecologicalniche is de ned asa domainin an n-dimensionalhyperspaceof eco-
logical gradierts. By ewlution of speci ¢ adaptations, ead specieshasits own niche.
If plant charactertraits re ect sud adaptations,it canbe assumedhat specieswith
similar traits sharesimilar niches. And hence,calibrating separatemodelsfor species
with similar traits (i.e. functional groups) are expectedto result in higher precision
comparedto models calibrated with the total speciespool. Thereforemodelling the
speciesrichnessfor ead functional group separatelyand cumulating the predicted
number of speciesrichnessto gain an overall richnessestimate, is a method which
accourns for the autecology of the species. As this latter method relies on more
information, it is expectedto result in a higher prediction precision (see Chapter
2). This hypothesiswas tested with data from the Swissbiodiversity monitoring
programme(BDMCH, Plattner et al., 2004), wherevegetationrecordingswere made
on plots of ca. 10n? over the extert of all Switzerland. The results shaved that the
model quality highly variesdependingon the functional group. While climate could
explain up to 67% of the speciesrichnessfor somefunctional groups, the richness
of other speciesgroupswas barely driven by climate. In addition, somefunctional
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groups shaved characteristic spatial richnesspatterns, which did not correlate with
the overall speciesrichnesspattern. Howewer, overall the spatial prediction of species
richnessis not improvedby di erentiating functional plant speciestypes. Thesecould
be an e ect of scale. By occupying a structural role, tussack and rosette building
species,oncepreser, cover a largelocal arealeaving no spacefor other species,even
though climate and other ervironmental conditions would allow the growth of other
species. The small grain size of the vegetation recordingswe used likely has lead
to stochastic noise, as it doesnot cortain all species,being potertially presen at
the sites (Preston 1960,Cam et al., 2002). In fact disertangling the areae ect on
speciesrichnessfrom the habitat diversity e ect (chapter 3), suggestedthat only
models basedon vegetation recordingsof intermediate plot sizewill read high pre-
dictive power. If vegetationis sampledon small plots, stochastic e ects, arising from
di erent growth form of the plants, will reducethe model quality. On the other hand,
if vegetationrecordingsare taken on large plots, the chanceincreaseghat theseplots
cortain all potentially occurring species,and thus the speciesrichnessvariability is
low and doesnot depend on climate and other growing conditions. As the habitat
diversity cortributed to a maximum of 40%to the total speciesrichness,areae ects
potertially accourted for more than half of the speciesrichness. Hence,when mod-
elling speciesrichnessover a large extert, one hasto carefully test, whether species
richnessis indeed mainly driven by climate variables usedfor model calibration, or
whether these climate variables are merely proxy variables for unknown processes
related to the sizeof area (Crawley & Harral, 2001). For example historical e ects
can be related to the presen climate, but leave only a detectable ngerprint over a
large scale (Birks 1993; Svenning & Skov, 2005;2007). Indeed, testing historical
e ects revealedthat the distanceto glacial refugiasharedsigni cant predictive power
for explaining Alpine speciesrichnesspatterns and thereforeseemso have an e ect
on the spatial distribution of speciesrichness(seechapter 4).

5.1 Implications for conservation management

Taking autecologyinto account whenmodelling speciesrichnessgivesa deeper insight

into explanationsof spatial richnesspatterns. In conmbination with modelling climate
changescenariost may reveal, which typesof plant are potertially more threatened
in the future. Yet it requiresthat ead speciesor speciesgroupsof similar ecological
charactersitics are modelled separately Howewer, in caseswhere only the general
speciesrichnesspatterns matter the simpler (time saving) method of calibrating
speciesrichnessmodels directly, is precise enough. Yet, when modelling species
richnesspotential pitfalls have to be avoided. First of all, grain size does a ect

model quality (Rahbek, 2005). In order to circumvert the speciespadking problem
Crawley & Harral (2001) proposea minimum area of 100n?. Along the trade-o

gradiert from small plots with stochastic noise (small grain size) and large plots
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with low variability in speciesrichness(as a saturation e ect induced by a large
grain size) an optimal intermediate grain sizefor modelling speciesrichnesshas yet
to be found. It will however alsodepend on the spatial extert of the study (seenext
sub-tapter) and the organismsfor which richnessis to be estimated. Whether e.g.
historical factors should be consideredis also a question of the extert, as history

leavesa detectable ngerprint only over a large extert. Howewer, asit is likely that

patterns of historical factors are correlatedwith presen climate patterns, they share
a high proportion in explained variance of speciesrichness(as it is e.g. the case
with glacial refugia). For practical purposes,including only current environmertal

variableswill re ect the speciesrichnesspattern often preciseenough(seeChapter
4, but seenext subsection).

A highly debatedquestionin consenration biology concernghe two typesof strate-
gies: Conserving few large areasversus conservingmany small areas of di erent
habitat typesfor maintaining biodiversity. Analysing the speciesareacurvesof sim-
ilar and dissimilar habitat typesrevealed,that the areaand habitat-diversity e ect
cortribute roughly equally to the speciesrichness(see Chapter 3). As the areais
positively correlatedwith the habitat diversity, but additionally explains somepart
of the variance of the speciesrichness,the rst strategy of conservingfew large ar-
easmight be more e cient to sustain speciesrichness. Howewer, as in the presen
study non cortiguous plots are sampled only, no conclusionabout the area e ect
with respectto the classicalequilibrium theory of island biogeograply canbe drawn.

5.2 Implications for ecological theory

Modelling plant speciesrichnessof functional groups (Chapter 2) showed that the
growth form of plants may in uence the model quality (Peyry et al., 2008). As
speciesrichnesspatterns are sensitive to scalinge ects (Chapter 3), one medanism
causingvariability in model quality could simply be an areae ect, induced by the
varying growth forms (Herben et al., 1995). Treesor tussacks are dominant forms,
which Il all spaceand hinder the growth of other specieswithin a small grain size
(Altestor et al., 1999). Hencepredictive models for such forms are more likely in-
terfered by stochastic noise. Apart from scaling e ects (Luoto et al., 2007), biotic
interactions may also lead to di ering model qualities. Even though growth forms
are often thought to represemn adaptations to climate, they may also represen a
strategy to deal with competition or establishmen. Thus, somefunctional groups
may not be well correlated with climate. In addition, as shown in the last Chap-
ter, the presen spatial distribution of plant speciesrichnessmay still be a ected by
historical factors (measuredas the distanceto the glacial refugia). Varying life his-
tories of singlespeciesmay leadto varying speciation-, migration- and establishmem
rates. Hence,the presen spatial distribution of a plant speciesis alsoa consequence
of its life history, which in turn is re ected in its traits. On the meso-scaldike the
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Alps, only specieswith high migration ratesare likely to have readed an equilibrium
state with climate. In corntrast, dispersallimited specieswere probably not able to
fully track rapidly changingernvironmental conditions, and thereforethey may show
reducedpredictive power when only climate and topographic variables are usedfor
model calibration.

The studies presetted here, indicate that the spatial distribution of plant species
richnessis not only a result of climate and habitat variability, but also dependson
biotic interactionswithin plant commnunities. Theseinteractionsin turn resultin dif-

ferertiations of plant traits and/ or life histories. Thereforeit is likely, that species
richnessprojections into the future basedonly on climate changescenarioswill not
re ect the short- to midterm future's reality. Modelsintegrating plant traits, disper-
sal and competition capabilities of single species,as well as the spatial distribution

of current commnunities, would be more realistic and give a deeper insight into the
interaction of a species'morphology physiology and population dynamic in concert
with its surrounding comnunity.

5.3 Outlo ok

As systemsare generally organizedinto a hierarchy of spatial and temporal scales,
the dynamics of a systemat a lower scaleusually a ects the dynamics of a system
at higher levels and vice versa(Allen & Starr, 1982). Thereforeit is not surprising
that all the di erent processesa ecting speciesrichnesson varying scalesinteract

with ead other (Anderson et al, 2007). Rather than opposing di erent species
richnesshypothesedo ead other, a hierarchical framework needsto be deweloped in

order to integrate scaling e ects and richnesshypotheses.Sud a framework would

be coherenly evaluated by using hierarchical Bayesianmodels. In addition, biotic

interactions of speciesmay also be naturally included in Bayesianmodels (Gelfand
2005). Using a model matrix of speciesthe likelihood of the presenceof a specic

speciescould not only be modelled by climate and environmental variablesbut also
by the presenceof the other species(or speciesgroupsrepreseting speci ¢ functional

types). In combination with a classi cation systemof the ervironmert (in the form of
hyper-cubes), such models may solve the questionwhy somespeciesof communities

occur over a large range of di erent climatic conditions, whereasspeciesbelonging
to a speci ¢ asserblage strictly occur in areasof similar environmental conditions
only. Hence,with cortinuously accunulating data, improved statistical techniques
and larger technical capacitiesmore realistic models will be developed and will give
further insight into the nature of asserblagesand communities.
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Appendix |

Speciesrichnesspatterns of functional groups,as modeledin chapter 2.
In the following maps and tables with further information on the speciesrichness
models of chapter 2 are given.
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Figure 5.1: Spatial distribution of the speciesrichnessof the 40 functional groups.
Grey regions represeh areas with climatic parameters extending the
76 range of valuesusedfor calibration.
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Table 5.1: Environmental predictors. After collinearity diagnosticsonly 25 (printed
in italics) out of the 95 predictorsremainedfor the model calibration. The
indices|i] rangefrom 1to 12 and referto the monthly meanpredictor val-
ues. The months that remainedafter collinearity analysisand signi cantly
improved the models, are indicated with their respective number in brack-
ets (e.g. [4] for April).

Parameter Abbreviation Unit

Climatic parameters

Precipitation prepg 1/10 mm
Evapotranspiration etpt ;o] (/10 mm) / day
Moisture index mindij.ja;77 /10 mm

Solar radiation srady[12] kJoule/m?/day
Temperature taveyi ]y 1/10 C
Degreedays (> 0C ) ddeg;; 1/10 C days
Precipitation days per growing seasonpday #

Summer - Winter precipitation d_prcp 1/10 mm

Site water balance swb (1/20 mm) / year
Water holding capacity bucket mm / m3
Continentalit y index gams index

Number of frost days sfroy # day/100
Topographic parameters

Elevation elev m a.s.l.

Aspect aspval 0to 100

Slope slope degrees
Topographic position topos - inf to + inf
Topographic wetnessindex twi index

Edaphic parameters

Soil depth depth cm
Coursefragmert content cfc %
Nutrient content nutri mval / cm?
Presenceof limestone ca binomial

Vegetation coverage

Jura meadowv jura binomial
Unproductive land unprod binomial
Deciduousforest decf binomial
Coniferous forest conf binomial
Mixed deciduousforest mdecf binomial
Mixed coniferousforest mcf binomial
Unspeci ed forest forest binomial
Remaining coverage remain binomial
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Table 5.2: Plant traits (rosette type, shoot metamorphosis lateral growth form, leaf
anatomy) and subgroupsclustered thereof are listed together with the
cluster habitat a nit y (wherelow p-valuesindicate that the null model is
true). The abbreviationsare de ned in Table 2.1 of the main script.

Group Rosette  Shoot meta- Lateral Leaf Habitat p-v alue
type morphosis growth anatomy Type

cl hr t standard he 4 0.44
c2 nr t standard hy 9 0.00
c3 fr t standard me 6 0.016
c4 hr t standard me 6 0.00
c5 hr n standard me 6 0.004
cb6 hr rt standard me 6 0.00
c7 hr rh standard me 6 0.001
c8 hr p standard sc 6 0.007
c9 hr rp standard me 6 0.003
cl0 hr rh standard hy 2,6 0.00
cl1 hr p standard me 6 0.007
cl2 fr rh standard me 6 0.001
cl3 nr t standard sc 6 0.002
cl4a fr rh standard hy 3;7;9 0.005
cl5 nr rh standard me 9 0.009
cl6 nr rh standard sc 6,7 0.00
cl7 hr rht standard me 2 0.00
cl8 hr n standard sc 6 0.00
cl9 hr rh standard sc 6 0.005
c20 hr rp standard sc 6 0.22
c21 hr rh tussock me 6 0.00
c22 nr t standard me 6 0.005
c23 hr rh standard he 6 0.003
c24 hr t standard hy 6 0.008
c25 hr t standard sc 2 0.036
c26 nr p standard sc 6 0.356
c27 nr t turf me 6 0.114
c28 nr p standard me 6 0.052
c29 nr t standard Is 3 0.222
c30 hr n cushion sc 3;6 0.709
c31 nr t standard he 1 0.029
c32 nr n standard me 2 0.001
c33 fr rh standard sc 6 0.074
c34 hr t tussock sc 6 0.00
c35 hr t tussock me 6 0.002
c36 hr rh tussock sc 6 0.021
c37 fr n tussock sc 6 0.287
c38 hr n tussaock me 6 0.003
c39 nr rh standard hy 2:4;9 0.001
c40 fr b standard Is 6 0.186
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Table 5.3: Predictors and model quality for ead plant group. Predictors labelled
with an asterisk ertered the model as linear and quadratic terms. MAE:
meanabsoluteerror. D2: devianceexplained.

Group

All species
Trees
Shrubs
(Bi)annuals
Perennials
cl

c2

c3

c4

c5

c6

c7

c8

c9
cl0
cll
cl2
cl3
cla
cl5
cl6
cl7
cl8
cl9
c20
c21
c22
c23
c24
c25
c26
c27
c28
c29
c30
c31
c32
c33
c34
c35
c36
c37
c38
c39
c40

Predictors

di prcp, tavell* ca,jura, remain, unprod

mind7, di prcp*, etptl0*, sfroy*, nutri, tavell,topos*, decf, mdecf

gams*, cfc, sfroy, nutri*, tavell*, remain, unprod
di prcp*, jura, remain

sfroy, tavell,topos, ca, jura, remain, unprod
cfc*, tavell,jura, mcf

gams*, mind7, di prcp*, mind4*, aspval, nutri*, tavell*, mcf
tavell*, jura, remain, unprod

di prcp, tavell*, jura, remain, unprod, forest
forest

tavell*, ca

mind7, di prcp, cfc, nutri, tavell,jura

gams*, srad12,remain

slp, di prcp, jura, remain, unprod
srad12,tavell*, twi25s*, remain

mind7, di prcp, sfroy*, tavell,ca, jura, remain, unprod
mind7, etpt10*, sfroy, jura, unprod

mind4, mcf, remain

gams, mind7, bucket, aspval, tavel1*

etptl0, bucket, sfroy, nutri, tavell*, topos, conf
di prcp*, tavell®,jura

etpt10*, srad12*, mind4*, sfroy*, topos

slp*, mind7

tavell*, jura, remain, unprod

gams¥*, ca, jura, remain, unprod

aspval*, tavell*, jura, unprod

mind7*, cfc*, tavell*, topos*

mind7, srad12,tavell*, twi25s, jura, remain
nutri*, twi25s*

slp, mind7, depth*, forest

tavell,ca, remain

tavell,unprod

gams, aspval*, sfroy, jura, remain, unprod

nutri

sfroy*

di prcp*, depth, bucket*, sfroy, tavell*, twi25s*, topos*, remain
nutri*

gams*, depth*, mind4*, tavell*, topos*, ca, conf
cfc*, aspval*

mind7, di prcp, jura, remain, unprod
tavell,jura, mcf, unprod

gams*, aspval, jura

cfc*, mind4*, jura

srad12, mind4*, tavell*

slp*, di prcp, mind4, sfroy, jura, unprod

MAE

7.9
0.75
1.44
0.73
7.02
0.3
0.5
0.3
0.9
0.2
0.1

0.2
0.4
0.4
0.8
0.7
0.4
0.4
0.7
0.5
0.2

0.4
0.2
0.7
0.7
0.1
0.1
0.3
0.2
0.2
0.4
0.2
0.1

0.1
0.6
0.1
0.5
0.3
0.5
0.4
0.2
0.1

D2

0.28
0.68
0.17
0.06
0.34
0.19
0.40
0.33
0.29
0.03
0.22
0.25
0.20
0.19
0.27
0.37
0.31
0.13
0.24
0.17
0.11
0.29
0.12
0.42
0.23
0.21
0.12
0.32
0.10
0.17
0.15
0.09
0.25
0.11
0.41
0.67
0.09
0.18
0.19
0.21
0.34
0.17
0.24
0.18
0.35
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Appendix |1

WinBugs code usedfor the modelsin Chapter 4
model {

# priors

bOMean~ dnorm(0,0.01)

b1Mean~ dnorm(0,0.01)

bOSD~ dunif(0,100)

bOPrec <- pow(b0OSD,-2)

b1SD~ dunif(0,10)

blPrec <- pow(b1SD,-2)

b2SD~ dunif(0,10)

b2Prec <- pow(b1SD,-2)

rho ~ dunif(-1,1)

tau.bl <- blPrec/(1 - pow(rho,2)) # precision of bl[i] | bO[i]

# model of observed species richness conditional on habitat class
for (i in 1:n) {
yli]  ~ dpois(mulfi])

log(mu[i]) <- log(areali]) + log(lambdali])

log(lambda[i]) <- bO[hab[i]] + bl[hab[i]]*x[i]
}
# heterogeneity of effects of habitat class on species richness
for (i in 1l:nhabitats) {

bO[i] ~ dnorm(bOMean, bOPrec)

mu.bl[i] <- blMean+ (rho*b1SD/bOSD)*(bO[i] - bOMean) # meanof bl[i] | bOJ[i]
bl[i] ~ dnorm(mu.bl[i], tau.bl)

}

}
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