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Abstract

Plant biodiversity is predicted to be negatively influenced by climate change and
human activities. Plant species richness modelling is an important tool in conservation
biology allowing predicting and following the biodiversity response to changing environment.
Highlighting biodiversity hotspots, it allows elaborating conservation strategies to conserve
the current species richness.

Two modelling approaches are currently used in this research field. In the first approach
called macroecological or direct approach, the species number is directly predicted from
observed species counts through a set of topo-climatic predictors. The second approach,
called cumulative approach consists in pilling up independent species distribution models
(SDMs): each species presences and absences are linked to the environmental predictors,
giving a potential distribution map. These potential distributions are then pilled up to generate

a species richness map.

In this study, | create a plant species richness map for the Western Swiss Alps with

both approaches and compare the obtained ouputs.

The results reveal that the cumulative approach clearly tends to overpredict the
species number at every altitude. This trend is more important at low elevation. The SDMs
used in this approach fit a larger niche than the true realized one because not all factors
limiting the distribution of each species are taken into account. These errors accumulate
during the pilling of the potential distribution maps, inducing the overprediction of the total
species number in each pixel. In contrast, the direct approach is more restrictive and predicts
a smaller species number at these low altitudes. It also illustrates that plant species richness
at lower altitudes seems to undergo a negative human influence.

Besides, both approaches show the same trends: less species at very high altitude (>2500 m
a.s.l) and the highest species richness at intermediate altitudes (at around 1500 m a.s.l.).
These modelling techniques have both strengths and weaknesses, but seem to be

complementary. Thus, they should be used together in biodiversity modelling.
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Résumé

La diversité des plantes est influencée négativement par le changement climatique et
les activités humaines. Les modéles de richesse spécifique végétale sont donc des outils
importants en biologie de la conservation, car ils permettent de prédire et de suivre
I'évolution de la biodiversité face a un environnement en mutation. lls permettent également
de détecter les endroits a haute biodiversité (hotspots) et donc de définir des priorités pour
'application des stratégies de conservation visant a maintenir la richesse spécifique actuelle.
Deux approches de modélisation sont couramment utilisées dans ce domaine. Dans la
premiére, appelée approche macroécologique ou approche directe, le nombre total
d’espéces est directement prédit a partir du nombre d'espéces observées sur le terrain et
d'un jeu de prédicteurs topographiques et climatiques. La seconde, appelée approche
cumulative, consiste a empiler des distributions potentielles d’espéces : les présences et
absences de chaque espéce sont liées aux prédicteurs environnementaux, donnant une
carte de distribution potentielle pour chaque espéce. Ces distributions sont ensuite empilées

et additionnées afin de générer une carte de richesse spécifique.

Dans cette étude, jai comparé ces deux techniques et plus précisément les résultats
obtenus en appliguant ces deux approches a la richesse spécifique des plantes des

Préalpes vaudoises, dans les Alpes occidentales suisses.

L’approche cumulative tend clairement a surprédire le nombre d'espéces. Cette
surpédiction semble étre plus importante dans les régions de basse altitude. Les modeles de
distribution d’espece individuels prédisent une niche plus large que la niche réelle car tous
les facteurs limitant la distribution de I'espéce ne sont pas pris en compte dans le modéle.
Cette erreur s’accumule lors de I'addition des modéles, ce qui entraine la surprédiction du
nombre d’espéces. Au contraire, I'approche directe est plus restrictive et prédit une richesse
spécifigue végétale plus basse aux faibles altitudes. Ceci semble mettre en évidence
l'influence négative de I'homme sur la biodiversité végétale.

Ces deux approches montrent cependant les mémes tendances: moins d’espéces aux trés
hautes altitudes (>2500 m.) et un maximum d’espéces aux altitudes intermédiaires soit aux
alentours de 1400 métres d’altitude.

Ces deux techniques permettant de modéliser la richesse spécifique, possedent donc
chacune des avantages et des inconvénients différents, mais semblent é&tre
complémentaires. Le futur de la modélisation de la biodiversité pourrait résider dans

I'utilisation conjointe de ces deux techniques.
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Introduction

Plant biodiversity can be defined as the diversity of a plant assemblage within a given
unit or area. It can be the simple count of species — species richness (Margules, 1989) — or
more complex measures accounting for individual species abundances, species traits or any
genetic information such as relatedness between species. Species richness can reflect on an
ecosystem’s vitality (Tilman, 1996; Folke et al.,, 1996), for instance with plant species
disappearance possibly inducing the loss of animal species depending on them, resulting in
a threat to the whole ecosystem stability. Such risk is usually considered to be minimized
when the diversity is high, because then several species can ensure the same functional role
(some species are interchangeable) and if one disappears, another takes on to maintain a
vital ecosystem function (insurance hypothesis; Yachi & Loreau, 1999). It is thus desirable
and human responsibility to maintain as much biological diversity as possible in any
ecosystem. However, human activities and associated global environmental changes now
represent a growing threat to biodiversity and recent forecasts anticipate dramatic species

loss in response to future climate changes (e.g. Thuiller et al., 2005 for European plants).

Mountain areas worldwide are important hotspots of biodiversity and endemism. Yet,
mountain ecosystems are also considered especially vulnerable and exposed to climate
change (Guisan et al., 1995; Theurillat et al., 1998; Diaz et al., 2003; Nogués-Bravo et al.,
2007). Thus biodiversity loss is expected in mountain areas in response to climate change
(Thuiller et al.,, 2005; Randin et al., 2009a; Engler et al., in prep.). In addition to the
forecasted temperature increases (from +1.1°C to +6.4° depending on the scenario
according to the Intergovernmental Panel on Climate Change), climate change will also
modify the water regime (Diaz et al., 2003). In the Swiss Alps, the winter precipitations
should decrease at lower altitude and increase at very high altitudes, whereas rainfalls in
summer will tend to decrease at every elevation (Beniston, 2006). The quantity of snow as
well as its duration will be reduced, and glaciers will melt more rapidly (Diaz et al., 2003;
Beniston, 2006). These changes will increase the potential extinction risk of many indigenous
plants species in these areas (Guisan & Theurillat, 2000b; Dirnbdck et al., 2003), affecting
negatively plants communities (Guisan et al., 1995; Guisan & Theurillat, 2000b; Walther,
2003) and plant biodiversity patterns (Saetersdal et al., 1998; Thuiller et al., 2005).

In the Alps, global warming has already induced some observable changes on plants:
treeline is slightly but perceptibly shifting upper in altitude (Gehrig-Fasel et al., 2007; Vittoz et
al., 2008), species migrations toward higher altitudes or northern latitudes have been
observed (Viscum album, Dobbertin et al., 2005; llex aquifolium, Walther et al., 2005b; Vittoz
et al.,, 2006), and exotic species have become established at lower altitude and tend to
replace the indigenous flora (Walther, 2002). Plant species richness in the subalpine belt and

in the top of the mountains is predicted to increase (Pauli et al., 1996; Walther et al., 2005a;
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Vittoz et al., 2006; Pauli et al., 2007). Guisan & Theurillat (2000b), Engler et al. (2009) and
Randin et al. (2009a) found that favourable habitats of many alpine and subalpine species
are expected to decrease in their extent, inducing a loss of alpine plant diversity. The risk of
extinction will be greater for strict alpine and nival species than for lower elevation species or

species that tolerate a larger range of altitudes (Guisan & Theurillat, 2000Db).

Species richness modelling is an important tool in conservation biology. It enables to
know were biodiversity hotspots are and consequently to elaborate conservation strategies to
preserve the current species richness threatened by climate change and anthropogenic
activities (Austin, 1999). Consequently it is important to model the plant biodiversity in order
to anticipate how it will change in the future. Species richness can be modelled in two
different ways (Ferrier & Guisan, 2006). The first approach, called “assemble first, predict
later” (direct approach in this study), corresponds to modelling species richness per se (i.e.
as a final community property). The second approach, called “predict first, assemble later”
(cumulative approach in this study), corresponds to modelling individual species first, and

then assembling them to recompose species richness.

In the first case, the number of species in inventoried plots is directly related through a
statistical model to a set of environmental predictors available for the given area, that are
considered as important factors for plant development (Pearson et al., 2002), resulting in a
direct prediction of species richness patterns (e.g. Thuiller et al., in press). These factors are
also believed to be the main factors determining the species richness distribution in mountain
areas (Pausas & Austin, 2001; Marini et al.,, 2008). This direct approach is also called
macroecological approach (Guisan & Rahbek, in prep.) and is based on macroecological
hypotheses such as described in Currie (1991) or Whittaker et al. (2001). More precisely,
species richness patterns are determined by some important environmental and biotic
variables, as for example the amount of available nutrients, water and energy (light),
temperatures, environmental heterogeneity and the level of disturbance (Pausas & Austin,
2001). For instance, a first hypothesis is that the amount of available energy limits species
richness. However, it is often expected that the highest number of species is in regions
characterized by the greatest amount of available energy (Currie, 1991; Pausas & Austin,
2001). A second hypothesis is that a very heterogeneous habitat shelters more species than
a homogeneous one because it provides more ecological niches (Pausas & Austin, 2001;
Dufour, 2006). A third hypothesis states that extreme and varying conditions, as for example
the lack of resources, limit the number of species, because few species are physiologically
adapted to stressful and changing conditions (Currie, 1991; Whittaker et al., 2001). A fourth
hypothesis states that a too small or too high disturbance rate reduces the number of species
(Pausas & Austin, 2001). A small disturbance level selects more competitive species,

ultimately only allowing the most dominant one to survive. On the other end of the gradient, a
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high disturbance rate prevents late- and mid-successional species to replace early-
successional ones (i.e. pioneers). The maximum of species richness is thus found at
intermediate level of disturbance, where species from many successional stages can co-exist
(Connell, 1978). Concerning the amount of nutrients, species richness is expected to be
higher in regions that have intermediate level of nutrients (Pausas & Austin, 2001). Indeed, a
too small amount of nutrients limits the species number because not very much species are
adapted to this extreme condition. Furthermore, a too high level of nutrients decreases the
species richness too, because in this condition, only the most competitive species become
dominant, supplanting all the others plants (Pausas & Austin, 2001). Concerning the
temperatures and the water availability, species richness is expected to increase with these
two factors (Pausas & Austin, 2001). Generally, altitude is used as substitute of the
temperature variable, because it reflects well this factor. Thus, species richness is predicted
to decrease with altitude (Austrheim, 2002; Theurillat et al., 2003). However this tendency
may not be valid in all situations, because it can be affected by other variables (Pausas &
Austin, 2001). See Guisan & Rahbek (in prep) or Pausas & Austin (2001) for an extensive

summary.

The second approach to model species richness, called cumulative approach in this study, is
more recent and based on individual species distribution models (SDMs; Guisan &
Zimmermann, 2000; Guisan & Thuiller, 2005). Presences and absences of each species are
statistically related to a set of environmental predictors for the area that are also believed to
be essential variables determining plant growth and reproduction, and thus related to energy
and nutrients (Pearson et al., 2002). The fitted relationship is the model used then to predict
the potential distribution of the species’ suitable habitats, with the envelope of all suitable
habitats representing in fine the species’ realized environmental niche (sensu Hutchinson,
1957). All potential maps are then pilled up (cumulated) in order to produce a species

richness map (e.g. Parviainen et al., 2009).

Hence, both approaches generate comparable prediction. So far, they were used
separately in different studies in order to model animal or plant species richness (Lobo &
Martin-Piera, 2002; Gutiérrez Teira & Peco, 2003; Lobo et al., 2004; Thuiller et al., 2006;
Bergamini et al., 2007; Kissling et al., 2007; Rahbek et al., 2007; Gotelli et al., 2009 for the
macroecological approach; Lehmann et al., 2002; Olden, 2003; Peppler-Lisbach & Schroder,
2004; Guisan & Thuiller, 2005; Schmidt et al., 2008; Parviainen et al., 2009 for the
cumulative approach). Few studies attempted to compare them using a same dataset (e.g.
Guisan & Theurillat, 2000b; Algar et al., 2009; Steinmann et al., 2009).

Here, we used a large comprehensive dataset of vegetation plots sampled across a

rather well studied area in the Swiss Western Alps (Drake et al., 2006; Engler et al., 2009;
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Randin et al., 2009a; Randin et al.,, 2009b) to implement and compare both approaches

under present climatic conditions, discussing their strengths and weaknesses.

Material and methods

Study area

The study area is located in the Western Swiss Alps (46°10’ to 46°30’N; 6°60’ to
7°10°E). It covers an area of ca. 700 km? (Figure 1). Elevation ranges from ca. 400m a.s.l. in
the bottom of the Rhéne Valley to 3210 m a.s.l. on the top of the Diablerets massif. Another
major mountain in the area is the Muveran massif (3051 m a.s.l.). Some important glaciers
are present in this zone. The climate is temperate: rainfalls increase with elevation (the
annual precipitation fluctuate from 1200 mm to 2600 mm between 600 m a.s.l. and 3000 m
a.s.l.; Bouét, 1985), while temperatures decrease (the annual mean temperatures vary from
ca. 8°C at 600m a.s.l. to -5°C at 3000m a.s.l.; Bouét, 1985). The vegetation sequence along
elevation is the following: the colline belt (until 800 m a.s.l.) is composed of deciduous forests
(represented principally by Fagus sylvatica L.), the montane belt (800 to 1600 m a.s.l.)
consists of mixed forests (F. sylvatica and Abies alba Mill.), the subalpine belt (1600 to 2400
m a.s.l.) of coniferous forests (Picea abies Karsten), the alpine belt (2400 to 3000 m a.s.l.) of
grassland, meadow and heath vegetation and the nival belt (>3000 m a.s.l.) is composed of
small and sparse vegetation. The area contains some important natural reserves, such as
the one in Vallon de Nant (commune of Bex). Human also influences vegetation in the study
area: many non-forested areas are used as pastures or mowed, and fertilization is important

from the lowlands to the subalpine belt.

Vegetation data

The vegetation data originate from different field sampling campaigns conducted in
the study area. In total, 912 points were visited. The last field sampling was done in the
summer 2009, during which 299 new vegetations plot were sampled to complement existing
vegetation data from previous field samplings. All plots were chosen according to a random-
stratified sampling design (Maggini et al.,, 2002). This strategy was chosen because, in a
simulation study, it proves more efficient than other strategies for predicting species
distribution (Hirzel & Guisan, 2002). The stratification was done by elevation, slope and
aspect, and the sampling was limited to the open and non-woody vegetation only, i.e.
grasslands, meadows, rocks and screes. Furthermore, each selected point was separated

from others by a minimum distance of 200 m to avoid spatial autocorrelation.

In the field, the exact coordinates of the vegetation plots were found with a Trimble
GPS receiver, with an accuracy of 1 m. At each visited location, a grid of 2m x 2m was

placed on the ground, the bottom left of the grid corresponding to the target coordinate. All
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plant species in this 4 m? square were recorded, as well as their respective abundance
according to the Braun-Blanquet (1964) modified scale (Table 1). Percents of vegetation
density, bared ground, rocks and mosses were estimated in the whole plot. Then, in each
plot, five smaller subplots (20 cm x 20 cm) were sampled, one close to each plot angle and
one in the centre of the plot (Figure 2): all the plants present in these subplots were
inventoried as well as their respective cover, using a scale from 0 to 100%. Furthermore, in
each of these subplots, vegetation height was measured at five places to obtain a good
estimate for the whole plot. If the plot position was not accessible or was covered with
shrubs, it was displaced (using a standard random procedure). Moreover, samples of soll

were taken in each subplot for further analyses of physical characteristics and DNA content.

Only the species that had more than 20 occurrences throughout all sampled plots
were kept for further analyses, as below this threshold it becomes difficult to fit models. So, in

total, 260 plant species were used for the modelling (Appendix 1).

Climatic and topographic predictors

In this study, three climatic predictors (degree-days, moisture index and global solar
radiations) and two topographic predictors (slope and topographic position) were used for
fitting models (Table 2; Appendix 2). Climatic predictors corresponded to monthly values of
the period 1961-1990. Methods used to make these predictors are described in Zimmermann
& Kienast (1999) and Zimmermann et al. (2009).

These predictors are linked to energy and nutrients and are thought to be the most
meaningful variables for plant growth and reproduction (Pearson et al., 2002) and represent
some important factors determining the species richness pattern (Pausas & Austin, 2001).
They have already been used and tested in several other modelling studies in mountains
areas (Randin et al., 2006; Engler et al., 2009; Randin et al., 2009b).

Degree-days represent the energy necessary to a plant to accomplish its life cycle. In this
study, a threshold value of 0°C (minimum temperature for growth) was used because it is
typically the minimum temperature for plant growth at high altitude (Lenihan, 1993). The
moisture index, calculated as the difference between precipitations and potential
evapotranspiration, represents the soil water availability. This index has an important
influence on the growth of plants, because it expresses the amount of water present in the
soil that is potentially available for plants. In this study, only the monthly averages from June
to August were used, because during these three warm and dry months, moisture is a
limiting factor to plant growth. Global solar radiations were calculated for the whole year. This
predictor has an energetic unit (kJ) and is an important variable for plants since
photosynthesis depends on the amount of light available. The two topographic variables,
slope and topographic position, were derived from the Swiss digital elevation model (DEM) at

a resolution of 25 m, thus representing the relief of the study area. Slope is both a direct
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factor through gravimetric effects on plants and an indirect measure of water accumulation
and of the incidence angle of solar radiations. Topographic position represents the concavity
or convexity of mountain slopes. It is derived from a mobile window of increasing size applied
to the DEM. Positive values of topographic position indicate tops of mountains and ridges,
while negative values correspond to valleys, plains or toe slopes. All these predictors were

available at the 25 m resolution.

Correlations between these variables were tested by principal components analysis
(PCA) and correlation matrix (Appendix 3). To enter two variables in a same model, their

pairwise correlation had to be smaller than 0.7.

Modelling approaches to species richness

Model calibration and all other statistical analyses were computed in version 2.9.0 of
the R software (R Development Core Team, 2009). These models were then projected in
ArcGIS (ESRI, 2008) in order to produce species richness maps.

A scheme of the approaches used in this study is represented in Figure 3. A map of the
observed species richness was also created with the number of species inventoried in each
of the 912 plots.

Direct modelling of species richness

In this direct approach, species richness itself is the response variable in the models.
Species richness at each of the 912 sites can be simply calculated by summing all the
species inventoried in each plot. In this study, however, only the 260 most frequent species
were considered, to match the analyses in the next section (cumulative approach). As a
count of species, it is best modelled as Poisson or negative-binomial probability distributions
(Fisher et al., 1943; Vincent & Haworth, 1983; Guisan & Zimmermann, 2000). The zero-
inflated negative binomial distribution is a part of the negative-binomial probability distribution
that was developed and adapted to data with too much zero counts humbers (Welsh et al.,
1996). Two statistical approaches then allow considering these probability distributions:
generalized linear models (GLMs; McCullagh & Nedler, 1989) and generalized additive
models (GAMs; Hastie & Tibshirani, 1990). GLMs are a part of regression models, in which
the response variable is related to one (simple regression) or more predictors (multiple
regression) through a link function depending on the type of distribution used. In the other
hand, GAMs resembles to GLMs but they assume that the response variable is linked to the
environmental predictors with a non-linear and non-parametric smoothing function. The
Poisson distribution is the most used distribution for counts data (Guisan & Zimmermann,
2000; Guisan & Theurillat, 2000a). The negative binomial distribution is less frequent in
ecology and could better apply to our data because a lot of the sampling plots were

composed of a very small number of species (Appendix 4). In this study, both distributions
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(Poisson and zero-inflated negative binomial) were used. The zero-inflated negative binomial
was performed here using the library VGAM in R. Furthermore, for both distributions, GLMs
were fitted with linear and quadratic terms for each predictors, and GAMs with four degrees
of freedom. A logarithmic link function was used for the Poisson distribution. An Akaike
information criterion (AIC; Akaike, 1973) stepwise procedure in both directions was applied to
Poisson models in order to select the most important predictors. With this procedure, the five
topo-climatic predictors were selected. No stepwise selection was applied to negative-
binomial models. Thus, the five predictors selected were inserted in all models. Species
richness predictions maps were prepared in ArcGIS 9.3 (ESRI, 2008). The four species
richness models (GLM and GAM with Poisson and negative binomial distributions) were
projected onto the whole study area in ArcGIS 9.3. A mask containing forests, lakes,
urbanized zones, roads, rivers and glaciers was used to filter each of the projection in order

to avoid making predictions in fully unsuitable habitat.

Predictions from Poisson and negative-binomial models were compared with a
spearman rank correlation in order to see if these both distributions give similar results or
species richness patterns. Furthermore, for each distribution, a comparison between the
species richness predicted by GLM and the GAM was also performed with a spearman rank

correlation.

The accuracy of each model was evaluated by a repeated split-sample procedure (a
special case of two-fold cross-validation). In this procedure, an evaluation data set was
obtained by randomly splitting the original data set into two 70%-30% partitions, the 70%
partition serving at fitting the models, while the 30% left-out data was used for independent
evaluation. For each split-sample repetition and for each model, a spearman correlation
between observed and predicted species richness was performed on the 30% evaluation
data set. Measures of deviance and AIC were obtained for each of the 100 runs. Deviance
reduction (D% — a measure of explained variance in maximum likelihood methods —, the
adjusted D? — the equivalent to D? but with the number of observations (n) and the number of
predictors (p) taken into account (penalty; Guisan & Zimmermann, 2000) — and the AAIC

were calculated for all models by the following formulas:

) (NuII deviance - Residual deviance)
D

adjusted D? =1- [Ml : [1— D2]

Null deviance (n-p)

AAIC = AIC null model - AIC model

-10 -
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Cumulative modelling of species richness

In this cumulative modelling approach, presence-absence of each species are first
modelled individually and their binary predictions are then pilled-up to reconstruct species
richness. Presence-absence models and predictions were built for the 260 most frequent
plant species across the study area with the BIOMOD library in R (Thuiller, 2003; Thuiller et
al., 2009a; Thuiller et al., 2009b). Six different modelling techniques were used within an
ENSEMBLE forecasting approach (Aradjo & New, 2007): GAM (Generalized Additive Model),
GLM (Generalized Linear Model), GBM (Generalized Boosting Model), RF (RandomForest),
CTA (Classification Tree Analysis) and MARS (Multiple Adaptive Regression Splines). GBMs
resemble to GLMs but use and combine more models, giving more robust predictions. RF
use an algorithm that allow the construction of classification trees. CTA is an alternative to
regression models, using trees building. MARS models are non-parametric regression and
take all effects of the predictors into account, as additive and interactions effects. For more
details about the different techniques, see Marmion et al., 2009. For each model and for all
pixels in the study area, the presence or the absence of each species was measured across
the 912 plots. The ensemble forecasting approach only included models of sufficient
accuracy, i.e. those that have an AUC (area under the receiver-operating characteristics
curve) greater or equal to 0.7, as this is the threshold value above which models can be
considered as relevant (Swets, 1988). A different weight was then assigned to each retained
model, which was proportional to its accuracy as measured by its AUC (linear weighting
function). Ensemble predictions were calculated as average probabilities across all models
and were transformed into presence-absence (1-0) maps. Finally, all binary ensemble
species prediction maps were pilled-up resulting in a species richness map for the whole
study area. The accuracy of this cumulative species richness map was evaluated by a

spearman correlation between observed and the predicted species richness.

Comparison between the two approaches

The two modelling approaches - direct versus cumulative - were compared
quantitatively with a spearman rank correlation and visually by looking at the prediction
maps.

Furthermore, the plots of the residuals of both approaches — calculated as observed minus
predicted species number — as function of the altitude and the plots of the species number
predicted by each approach according to altitude were also used to compare both modelling

techniques.
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Results

Direct modelling of species richness

All species richness (SR) maps presented in this section (Figure 11; Appendix 5;
Appendix 6) were based on species richness observed across the 912 sampling plots (Figure
4).

Predictions by the GLM and the GAM with Poisson distribution were highly correlated
to those by the GLM and GAM with zero-inflated negative binomial distribution (spearman

rank correlation close to one; Figure 5a, Figure 5b).

Spearman rank correlation between GLM and GAM predictions of SR with the
Poisson distribution showed that predictions by the two types of models are highly correlated
(93.1%, p-value < 2.2e-16; Figure 6a). The one between the GLM and GAM with the zero-
inflated negative binomial shows similar results (92.7%, p-value < 2.2e-16; Figure 6b). As
both distributions seem to give quite similar results, only the Poisson distribution is retained
in the following results, because this distribution is the most relevant and the most used for

counts data.

The fitted GLM — Poisson explained 37.9% of the deviance in SR, while the GAM —
Poisson explained 44.8% (Table 3). The GAM also proved better than the GLM across the
different evaluation measures (means over 100 runs), (Table 3). Both the mean spearman
rank correlation between the observed and predicted SR and the mean AAIC were greater
for the GAM than for the GLM.

Therefore, in the following, we only present results of the GAM with the Poisson
distribution for the direct approach (Figure 7; Figure 1la). All others results and maps
obtained with the zero-inflated negative binomial GLM and GAM are given in Appendix 6 and

the ones obtained with the Poisson GLM in Appendix 5.

In the Figure 7 is displayed the plot representing the spearman rank correlation of the
observed versus predicted SR with the GAM — Poisson. This direct approach predicts the SR

around the observed mean.

Cumulative modelling of species richness

AUCs of all models before ensemble forecasting and piling up the predictions, is

displayed in Figure 8. For each species, most of models have an AUC higher than 0.7.

Evaluation of piling-up SR predictions was made by a spearman rank correlation
between observed and predicted SR (Figure 9). We can see that this cumulative approach

tends to overpredict the SR.
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Comparing direct versus cumulative modelling

Comparing the pilled-up SR predictions and the direct Poisson GAM yielded a
Spearman correlation of 0.803 (p-value < 2.2e-16; Figure 10).

Species richness maps resulting from both approaches — the GAM with the Poisson
distribution and the pile of the ensemble forecasting — are displayed in the Figure 11. Despite
the fact that both approaches are highly correlated (Figure 10), we can see that the
cumulative approach predict globally higher species number than the direct approach.
However, the minimum SR is predicted by both approaches at high altitudes and the
maximum SR is predicted at intermediate elevations.

Others maps are given in Appendix 5 (GLM — Poisson) and Appendix 6 (GLM and GAM with

zero-inflated negative binomial).

Residuals of both approaches plotted as function of the altitude (Figure 12) allows
seeing where the models overpredict the species number. The cumulative approach predicts
higher SR at every altitude, but this overprediction tends to be more important at low altitude

and less marked at high altitude.

The plots of the number of species predicted by each approach as function of the
altitude are respectively displayed in the Figure 13a and the Figure 13b. The one for the
observed species number is shown in the Figure 13c. The observed SR follows a hump-
shaped curve, i.e. less species at high and low elevations and a peak at intermediate
altitudes. This hump-shaped curve is more distinct in the direct approach than in the
cumulative one. The other particularity of the observed pattern is the high variability in
species richness at a same altitude. This pattern is reflected by the cumulative approach and
not by the direct one. This characteristic explains the fact that the cumulative approach is

better correlated to the reality than the direct approach.

Discussion

Both approaches to modelling species richness — direct and cumulative — vyield
comparable results and their predictions are highly correlated. However, looking at the
distribution of the residuals from both approaches along elevation reveals great differences.
Despite the fact that the cumulative approach is better correlated with the observed species
richness pattern, it predicts globally too many species, while the direct approach predicts
values of species richness around the observed mean. The cumulative approach is biaised.
This overprediction by the cumulative approach may come from the fact that the maps
obtained by individual SDM use topographic and climatic predictors only and therefore do not
take into account all restrictions due for instance to competition between species or land use.

The niche fitted by SDMs is thus likely larger than the one observed in nature (true realized
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niche). Consequently, pilling potential distribution maps to calculate species richness will

overpredict the total number of species occurring in each pixel (Guisan & Rahbek in prep).

This overprediction of species richness by the cumulative approach is detectable
when comparing the predicted species richness maps yielded by the two approaches (Figure
11), but is more visible in the plots representing the residuals of both approaches according
to altitude (Figure 12). Although large differences between the two approaches can be
observed at every altitude, these are greater at lower altitudes, notably in the Plaine du
Rhéne. One would theoretically expect low altitude areas to shelter more species because
smoother climatic conditions prevail and a greater diversity of habitats should be found.
However, in the study area, we observed during the field campaign that more human
influences also prevail at lower elevations, resulting in more urbanized and productive
habitats. Indeed, besides the pure climate influence, plant species richness is thought to be
increasingly impacted by anthropogenic activities, such as fire, farming and grazing
(Austrheim et al., 1999; Dullinger et al., 2002; Tinner & Theurillat, 2003). For examples,
nowadays, many easily accessible areas are highly fertilized and mown while more and more
poorly accessible pastures are abandoned (Gellrich & Zimmermann, 2007). These latter are
recolonized by forests (Motta & Nola, 2001; Gellrich et al., 2007; Vittoz et al., 2008), inducing
the disappearance of many open habitat species. Intensive farming and grazing,
characterised by a high level of habitat fertilization and pasturing are increasingly frequent at
lower altitudes and can thus have negative impact on plant biodiversity. Indeed, an intensive
exploitation as agricultural zones induces the disappearance of natural grasslands and thus
indirectly causes the decrease the plant diversity linked to natural habitats. (Luoto et al.,
2003). Furthermore, in highly fertilizated regions, only the most competitive species survive
and thus supplant the other species (Pausas & Austin, 2001). These phenomena are known
to cause important floristic changes, and thus they can have a negative influence on species
richness (Walker et al., 2009). The decrease in species richness at low altitudes that is
therefore suppose to be linked to human activities, is better pictured by the macroecological
approach than by the cumulative one. This is likely because the macroecological model is
based on the observed number of species, while the cumulative one consists on summing
the potential species distribution. A species could be predicted to be present in low altitude
thanks to topographic and climatic predictors, but could also be excluded by others factors
that are not included in the models, as land-use in our case. Also, this type of common error
is multiplied during the pilling and is therefore causing the difference between the two
approaches.

Consequently, testing and verifying the effect of human influences on species richness

formally requires taking land-use predictors into account in further modelling study.
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Besides the strong overprediction of species richness at low altitude by the
cumulative approach, the two species richness prediction maps and graphs of predicted
species richness along elevation show overall very similar trends, and both fit reasonably the
observed hump-shaped curve trend (Figure 13c; Figure 4). However, the direct approach
seems to follow better the observed hump-shape curve than the cumulative approach.

Firstly, the greater the elevation, the smaller the number of species. This trend has already
been found in other studies (Stevens, 1992; Austrheim, 2002; Theurillat et al., 2003). Indeed,
higher altitudes mean stressful conditions with restricted resources (nutrients), increasingly
unstable and steep terrain (screes) and cooler climate, with more frost days. These
conditions limit the colonization by plants because they are difficult to endure for a majority of
species that are not physiologically adapted to this environment (Kdrner, 2003). This trend is
in agreement with the macroecological hypothesis about the extreme conditions and the lack
of resources, and habitat disturbance.

Secondly, as it is shown by several studies, the peak of species diversity occurs in the
middle of the elevation gradient (around 1500 m a.s.l.) because these zones are less
disturbed by human and agriculture and offer suitable environmental conditions and
resources (Austrheim, 2002; Wohlgemuth et al., 2008). More heterogeneous habitats are
provided, increasing the diversity of species. Furthermore, it seems that at mid-elevations,
plant species of low elevation coexist with plant species of high elevation, resulting in an
increase in species richness (Edwards & Armbruster, 1989). Nevertheless, this trend of
species diversity peak at mid elevation is more visible in the direct approach, while it is

fuzzier in the cumulative approach.

After having discussed the patterns of predictions obtained with each of the two
modelling approaches, it is now interesting to discuss their respective strengths and
weaknesses.

The direct approach predicts the total number of species that can potentially be found in a
geographic unit, but looses the information about which species are occurring there. As a
result, two sites with very different environmental features can have the same number of
species but not the same species composition. Climatic and topographic variables used in
the modelling therefore determine the total number of species present in a unit without
distinguishing which species coexist. This may be a problem when forecasting the potential
impact of climate change on plant biodiversity. Indeed, a site under global warming may well
exhibit a different species composition while its total number of species remains the same.

In contrast, the prediction patterns resulting from the cumulative approach take into account
which species co-occur in each unit. However, the cumulative approach suffers from intrinsic
limitations to SDMs. Firstly, SDMs assume that each modelled species is in equilibrium with

its environment. That is, a species is expected to have colonized all regions where it could
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potentially grow. Climatic and topographic predictors used in the model determine the
envelope of occurrences of each species. This is the reason why this approach overpredicts
the number of species. Indeed, it forecasts species in all regions that have similar
environmental characteristics to their current range, even in regions that cannot be colonized
in the reality by some of the species. That is not the case with the direct approach, which
does not predict each species separately, but models a number of species. As, with the
cumulative technique a habitat suitability map for each species is obtained and then all maps
are pilled up, the error accumulates and thus decreases the general relevance of the model.
The second limitation concerns rare species (Guisan & Rahbek, in prep) that are difficult to
model in SDMs (Guisan & Thuiller, 2005). Rare species were not a problem in this study,
because only the species that were observed more that 20 times throughout all sampling
plots were selected (minimum prevalence). However, only modelling the most frequent
species may not work for addressing conservation biology issues, because often the rarest
species are also the ones needing greatest protection and management (e.g. through
models). Hence, they may represent differences in species richness that one want to

evidence with models.

A solution to modelling biodiversity that combines the advantages of both approaches
while resolving some of their problems would be to overpass the limitations of the cumulative
approach overpredicting species richness with constraints defined by the macroecological
approach, as proposed in Guisan & Rahbek (in prep.), so to combine both approaches into
one single unified framework. This new framewaork consists in using macroecological models
for defining the maximum number of species potentially occurring in a unit, and modelling
independently the distribution of all species in the local pool. Then the final plant species
assemblage is predicted by applying successive filters (e.g. dispersal) or assembly rules on
the predicted species pool to reach the maximum number of species previously defined by

the macroecological model.

Summarizing, in this study, | observed that both approaches yield quite similar spatial
patterns of species richness, but have both strengths and weakness. The cumulative
approach is based on the prediction of each species separately and therefore tends to
overpredict species richness, mostly at lower altitude, whereas the direct approach gives
only a number of species that is rather close to the one observed in nature. Thus, it seems
that both approaches should rather be seen as complementary. As suggested by Guisan &
Rahbek (in prep.), combining both approaches into a single unifying framework may be

promising for modelling biodiversity because it could reduce prediction mismatches.
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Tables

Table 1. Estimation of plant abundance according to Braun-Blanquet (1964) modified scale used in
this study.

Braun-Blanquet scale Estimation of plant abundance (%)
r 1-2 individuals
+ >1%
1 1-5%
2a 6-13%
2b 14-25%
3 26-50%
51-75%
>75%
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Table 2. Climatic and topographic variables used in this study.

Variables Abbreviations  Units Details References
Degree-days fddegO °C *day *year®  sum of days Zimmermann and
multiplied by the Kienast (1999)
daily mean
temperature higher
than the threshold
(0°C)
Moisture index fmmind68 mm * day* monthly average of  Zimmermann and
(average of values water availability Kienast (1999)
of June-August (precipitation -
months) evapotranspiration)
Global solar fsumradyy kJ *m?*year? sum of monthly Zimmermann et al.
radiations average of daily (2009)
(sum for all the global potential
year) shortwave radiation
Topographic position ftopos concavity or Zimmermann et al.
convexity of the (2009)
terrain
Slope fslope degrees incline of the terrain  ArcGIS (ESRI, 2008)
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Table 3. Mean evaluation measures obtained from the
evaluation of the GLM and GAM species richness models.

repeated split-sample (N=100)

mean spearman rank ) mean D>

Models correlation mean AAIC mean D adjusted
GLM-Poisson 0.5580654 406.218 0.3778826 0.379505
GAM-Poisson 0.5865458 833.9438 0.4465942 0.4485197
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Figure 1. Geographical location of the study area in Switzerland (Préalpes vaudoises), with
the different sampling plots in orange.

Figure 2. Schema of the 4 m?grid used in the study, with the five subplots (20 cm x 20 cm)
on each angle and on the centre of the grid.
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Figure 3. Schema of the two separate approaches used in this study to model species

richness (see text) and comparison of their spatial predictions.
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Figure 4. Map of species richness observed across the 912 sampling plots. In blue are the
plots with the smallest number of species, whereas in red are those with the highest species

richness.
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Figure 5. (a) Scatterplot and spearman rank correlation between SR predicted by the GLM
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distribution. (b) The same for the GAM model. The dotted line (--) corresponds to a

correlation of 1 between the SR predicted by both distributions.
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Figure 10. Plots of the spearman correlation between the species richness predicted by the
pile of the ensemble forecasting (cumulative approach) and by the GAM with the Poisson
distribution (direct approach). The dotted line corresponds to a correlation of 1 between the

SR predicted by both approaches.

-34 -



() (b)
GAM - Poisson Pile - Ensemble forecasting
o L8
b a ; 4 A
4 "
I g y 5
' o 0 4
7 7 o A
v BgTHR I
: Ny 3 ‘
DT L
- 2 E £
y I z
> B > v
T s 7 ‘ff’ _
= "‘\" .'1:. . ™
3 PE ’
5 4
o £ ! PN
gy . S
v".’ - -.j"‘) » ‘“(" ¥
g A ¥ ’.
Sr gl o
2 ; pee %
Legend Legend -"'_j. 5 z,';: , !@
Number of species & _ Number of species ! "‘J v
el Al B TIRE e Y
. e Cake
s { N (N p ¢
‘ g S Vg Sl
J y 5
[CJa-s 3 / ,: ¥ F o
7 &
|36-45 > ’ ‘ .
D % - 55 N .
Bl = - 0 ) 0 15 3 6 9 szl . ! 015 3 6 9 2K|
s [ llometers [ - ilometers

Figure 11. Spatial distribution of the species richness, resulting from (a) the GAM with the

Poisson distribution (direct approach) and (b) the pile of the 260 presence-absence
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were not used for the projections (glaciers, urbanized zones, lakes and forests). Zones in
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Figure 12. Plots of the residuals of the (a) GAM — Poisson (direct approach) and (b) pilling
(cumulative approach). These errors of predictions are plotted as function of the altitude.
Values below 0 mean that the predicted species number is higher than the number of
species observed (overprediction) and values above 0 mean that predicted species number
is lower than the observed one (underprediction). The red dotted line represents the values

of 0 corresponding to an equal number of predicted and observed species.
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Figure 13. Plots of the number of species predicted by (a) the GAM — Poisson (direct
approach) and (b) the pilling of ensemble forecasting maps (cumulative approach), as
function of the altitude. The plot of the observed species number as function of the altitude is

displayed in (c). Trends are shown by fitting cubic functions (red dotted curve).
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APPENDIX 1: List of the 260 plant species used in this study

Table 1A. List of the 260 plant species used in this study. These species were present more than 20 times over all the sampling plots.

Acer pseudoplatanus
Achillea atrata

Achillea millefolium
Acinos alpinus
Adenostyles glabra
Agrostis alpina

Agrostis capillaris
Agrostis rupestris
Agrostis schraderiana
Agrostis stolonifera

Ajuga reptans

Alchemilla conjuncta aggr.
Alchemilla coriacea aggr.
Alchemilla glabra aggr.
Alchemilla vulgaris aggr.
Alchemilla xanthochlora aggr.
Androsace chamaejasme
Anemone narcissiflora

Anthoxanthum odoratum aggr.

Anthriscus sylvestris
Anthyllis vulneraria s.1.
Aposeris foetida
Arabis alpina s.l.
Arnica montana
Arrhenatherum elatius
Aster bellidiastrum
Astrantia major
Athamanta cretensis
Bartsia alpina

Bellis perennis
Botrychium lunaria
Brachypodium pinnatum
Briza media

Bromus erectus s.str
Bromus hordeaceus
Calamagrostis varia
Caltha palustris
Campanula barbata
Campanula cochleariifolia
Campanula rhomboidalis
Campanula rotundifolia
Campanula scheuchzeri
Cardamine pratensis
Carduus defloratus s.1.
Carex atrata aggr.

Carex caryophyllea
Carex ferruginea

Carex flacca

Carex montana

Carex nigra

Carex ornithopoda
Carex pallescens

Carex panicea

Carex sempervirens
Carex sylvatica

Carlina acaulis subsp caulescens
Carum carvi

Centaurea jacea s.str
Centaurea montana
Centaurea scabiosa s.I.
Cerastium arvense s.l.
Cerastium fontanum s.1.
Cerastium latifolium
Chaerophyllum hirsutum aggr.
Cirsium acaule

Cirsium oleraceum
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Cirsium palustre
Cirsium spinosissimum
Clinopodium vulgare
Colchicum autumnale
Crepis aurea

Crepis biennis

Crepis pyrenaica
Crocus albiflorus
Cruciata laevipes
Cynosurus cristatus
Dactylis glomerata
Dactylorhiza fuchsii
Daucus carota
Deschampsia cespitosa
Doronicum grandiflorum
Dryas octopetala
Equisetum palustre
Erigeron uniflorus
Euphorbia cyparissias
Euphrasia hirtella
Euphrasia minima
Euphrasia salisburgensis
Festuca ovina aggr.
Festuca pratensis s..
Festuca quadriflora
Festuca rubra aggr.
Festuca violacea aggr.
Fragaria vesca
Fraxinus excelsior
Galium album

Galium anisophyllon
Galium megalospermum
Galium mollugo

Galium pumilum
Gentiana acaulis
Gentiana bavarica
Gentiana campestris s.str
Gentiana clusii

Gentiana lutea

Gentiana nivalis
Gentiana purpurea
Gentiana verna
Geranium sylvaticum
Geum montanum

Geum rivale

Glechoma hederacea s.str
Globularia cordifolia
Globularia nudicaulis
Gymnadenia conopsea
Gypsophila repens
Hedysarum hedysaroides
Helianthemum nummularium s.1.
Helictotrichon pubescens
Helictotrichon versicolor
Heracleum sphondylium s.1.
Hieracium bifidum aggr.
Hieracium lactucella
Hieracium murorum aggr.
Hieracium villosum aggr.
Hippocrepis comosa
Holcus lanatus
Homogyne alpina
Hypericum maculatum s.I.
Hypochaeris radicata
Juncus effusus

Knautia arvensis



Knautia dipsacifolia s.str
Laserpitium latifolium
Lathyrus pratensis
Leontodon autumnalis
Leontodon helveticus
Leontodon hispidus s.1.

Leucanthemum vulgare aggr.

Ligusticum mutellina
Ligusticum mutellinoides
Linaria alpina s.str
Linum catharticum
Lolium perenne

Lotus corniculatus aggr.
Luzula alpinopilosa
Luzula campestris
Luzula multiflora
Luzula sylvatica
Medicago lupulina
Myosotis alpestris
Myosotis arvensis
Nardus stricta
Parnassia palustris
Pedicularis foliosa
Pedicularis verticillata
Petasites paradoxus
Phleum hirsutum
Phleum pratense
Phleum rhaeticum
Phyteuma orbiculare
Phyteuma spicatum
Picea abies
Pimpinella major

Pimpinella saxifraga aggr.

Plantago alpina
Plantago atrata s.str
Plantago lanceolata
Plantago major s.I.
Plantago media

Poa alpina

Poa cenisia

Poa minor

Poa pratensis

Poa supina

Poa trivialis s.I.
Polygala alpestris
Polygala chamaebuxus
Polygala vulgaris s.I.
Polygonum bistorta
Polygonum viviparum
Potentilla aurea
Potentilla crantzii
Potentilla erecta
Potentilla sterilis
Primula auricula
Primula elatior s.str
Primula veris s..
Pritzelago alpina s.str
Prunella grandiflora
Prunella vulgaris
Pulsatilla alpina s.1.
Ranunculus aconitifolius
Ranunculus acris s.l.
Ranunculus alpestris
Ranunculus bulbosus

Ranunculus montanus aggr.
Ranunculus nemorosus aggr.

-39 -

Ranunculus repens
Rhinanthus alectorolophus
Rhinanthus minor

Rumex acetosa

Rumex alpestris

Rumex crispus

Sagina saginoides

Salix herbacea

Salix reticulata

Salix retusa

Sanguisorba minor s.l.
Saxifraga aizoides
Saxifraga moschata s.I.
Saxifraga oppositifolia
Saxifraga paniculata
Scabiosa lucida

Sedum atratum
Selaginella selaginoides
Senecio doronicum
Sesleria caerulea

Silene acaulis

Silene vulgaris s.I.
Soldanella alpina
Solidago virgaurea s.l.
Stachys officinalis s.1.
Stellaria graminea
Taraxacum alpinum aggr.
Taraxacum officinale aggr.
Thesium alpinum

Thlaspi repens

Thlaspi rotundifolium aggr.
Thymus praecox subsp polytrichus
Thymus pulegioides s.str

Tofieldia calyculata
Tragopogon pratensis s.l.
Trifolium badium
Trifolium medium
Trifolium montanum
Trifolium pratense s.1.
Trifolium repens s.str
Trifolium thalii

Trisetum flavescens
Trollius europaeus
Tussilago farfara
Vaccinium gaultherioides
Vaccinium myrtillus
Vaccinium vitis.idaea
Valeriana montana
Veratrum album subsp lobelianum
Veronica alpina
Veronica aphylla
Veronica arvensis
Veronica chamaedrys
Veronica officinalis
Veronica persica
Veronica serpyllifolia s.1.
Vicia cracca s.str

Vicia sativa s.I.

Vicia sepium

Viola biflora

Viola calcarata

Viola hirta



APPENDIX 2: Environmental variables used in the study

degree-days moisture index (June-August) global solar radiations

Legend
‘moisture index (June-August)
P 17ss
[P,
slope topographic position

Figure 1A. Maps of the five environmental variables used to model the species richness over
the study area (degree-days [°C * day * year™], moisture index over June to August [mm * day’
Y, global solar radiations [kJ * m? * year™], slope [degrees], topographic position [unitless]).
These maps represent the environmental characteristics of the study area.
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Figure 2A. Histograms representing the distribution of the five variables used in this study.
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APPENDIX 3: Correlations between environmental variables

Correlations between variables

moisture_index

degree_days

topographic_position

solar_radiations

Figure 3A. Graphic representation obtained by a principal component analysis (PCA) of the

five predictors used in this study.

Table 2A. Correlation matrix for the five environmental predictors used in this study. Variables are considered

as correlated when the correlation is higher than 0.7.

degree days  moisture index  solar radiations slope topographic position
degree days 1 -0.86737 0.18877 -0.51206 -0.27656
moisture index -0.86737 1 -0.54297 0.20641 0.61577
solar radiations 0.18877 -0.54297 1 -0.28112 0.08596
slope -0.51206 0.20641 -0.28112 1 0.19615
topographic position -0.27656 0.61577 0.08596 0.19615 1

-42 -



APPENDIX 4: Distribution of the number of species observed in the field

Distribution of the number of species observed in the field
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Figure 4A. Histogram representing the distribution of the number of species observed in the

field over the 912 sampling plots.
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APPENDIX 5: Direct modelling of species richness with Poisson distribution

Predicted SR
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o
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Figure 5A. Scatterplot of the observed versus the predicted SR obtained by the GLM with
Poisson distribution. The dotted line represents a pure correlation between observed and
predicted SR.
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Figure 6A. Spatial distribution of the species richness resulting from the GLM with the
Poisson distribution. Regions in white represent areas that were not used for the projections

(glaciers, urbanized zones, lakes and forests).
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Predicted SR

APPENDIX 6: Direct modelling of species richness with zero-inflated negative

binomial distribution

Table 3A. Mean measures (mean spearman rank correlation, mean AAIC, mean D? and

mean D? adjusted) resulting from the 100-fold cross-validation on the evaluation data set in

order to evaluate the GLM and GAM models with the zero-inflated negative binomial

60
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distribution.
mean
Models Spearman mean AAIC mean D? mean D? adjusted
correlation
GLM-zero-inflated 0.5555092 313.6303 0.0682741 0.06416505
negative binomial
GAM-zero-inflated 0.5612684 425.2965 0.08594035 0.08190922
negative binomial
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Figure 7A. Scatterplot of the observed versus the predicted SR obtained by (a) the GLM and

(b) the GAM with zero-inflated negative binomial distribution. The dotted line represents a

correlation of one between observed and predicted SR.
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Figure 8A. Spatial distribution of the species richness, resulting from (a) the GLM and (b) the

GAM with zero-inflated negative binomial distribution Regions in white represent areas that

were not used for the projections (glaciers, urbanized zones, lakes and forests).
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