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Abstract Identifying spatial patterns in species diversity represents an essential task to be
accounted for when establishing conservation strategies or monitoring programs. Pre-
dicting patterns of species richness by a model-based approach has recently been recog-
nised as a significant component of conservation planning. Finding those environmental
predictors which are related to these patterns is crucial since they may represent surrogates
of biodiversity, indicating in a fast and cheap way the spatial location of biodiversity
hotspots and, consequently, where conservation efforts should be addressed. Predictive
models based on classical multiple linear regression or generalised linear models crowded
the recent ecological literature. However, very often, problems related with spatial auto-
correlation in observed data were not adequately considered. Here, a spatially-explicit
data-set on birds presence and distribution across the whole Tuscany region was analysed.
Species richness was calculated within 1 x 1 km grid cells and 10 environmental pre-
dictors (e.g. altitude, habitat diversity and satellite-derived landscape heterogeneity indi-
ces) were included in the analysis. Integrating spatial components of variation with
predictive ecological factors, i.e. using geostatistical models, a general model of bird
species richness was developed and used to obtain predictive regional maps of bird
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diversity hotspots. A meaningful subset of environmental predictors, namely habitat pro-
ductivity, habitat heterogeneity, combined with topographic and geographic information,
were included in the final geostatistical model. Conservation strategies based on the pre-
dicted hotspots as well as directions for increasing sampling effort efficiency could be
extrapolated by the proposed model.

Keywords Bird richness - Conservation - Distribution maps - Natura 2000 network -
Predictive model - Semivariance - Spatial autocorrelation - Tuscany - NDVI

Introduction

The identification of spatial patterns in species diversity represents an essential task for
biodiversity conservation strategies or monitoring programs (Cabeza et al. 2004; Pressey
etal. 1993; Williams et al. 1999). Even if geographical patterns of species richness are one of
the central topics in ecology and gained much importance in recent years (e.g. Jetz and
Rahbek 2002; Currie et al. 2004; Field et al. 2005), it is clear that describing spatial patterns of
species using complete censuses of various taxa is difficult, because of the costs associated to
the collection of species distribution data (Williams and Gaston 1994; Palmer et al. 2002;
Baffetta et al. 2007; Rocchini et al. 2009, 2011). Moreover, the quality of data collected at
different sites of interest are likely to contain gaps (Polasky and Solow 2001), which can lead
to erroneous conclusions on the conservation value of a site (Bacaro et al. 2009). To overcome
such limitations, conservation biologists have concentrated their efforts on the development
of effective approaches that would allow accurate predictions of species richness.

Recently, species distribution modeling emerged as a new approach to generate species
distribution maps, on the basis of the relationship between species presence (or abundance)
records and environmental variables (e.g. Araujo and Guisan 2006). The power of the
modeling process depends on the selection of appropriate predictors (Austin 2002; Austin
et al. 2006) and the choice of an adequate spatial scale where inference about the examined
response variable is to be performed (Pearson and Carroll 1999). Grain and extent play a
crucial role and their effects on the statistical results could affect the conclusions about
patterns and processes in models (Dalthorp 2004; Csontos et al. 2007).

Typically, modeling methods attempt to predict the probability of occurrence of (or
environmental suitability for) species as a function of a set of selected environmental
variables. In particular, geostatistical modeling techniques, which have been developed
mainly in the field of geography, are designed to model spatially dependent observations
(Matheron 1963; Krige 1966; Cressie 1990; Goovaerts 1997), but in recent years, such
methodologies have been applied even in the ecological literature (Legendre 1993; Cooper
et al. 1997; Carroll and Pearson 1998; Bacaro and Ricotta 2007, 2009).

Birds are among the best-studied organisms, especially in Europe. They are often
considered as excellent indicators of environmental changes (Gregory et al. 2004; Bani
et al. 2006) and as good ecological proxies to assess the biodiversity values of an area, even
for other taxa which are difficult to sample (Prendergast et al. 1993; Kati et al. 2004;
Maccherini et al. 2009, Santi et al. 2010). Local distribution patterns of birds assemblages
might be a function of the configuration and composition of the vegetation (e.g. Cody
1985; Block and Brennan 1993). Several studies investigated the links between bird spe-
cies diversity and habitat diversity. In general, it was observed that the diversity of bird
species increases with the structural complexity of the vegetation (e.g. MacArthur et al.
1966; Barbaro et al. 2006; Kark et al. 2007; Bino et al. 2008). Moreover measures of
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topography or topoclimate have also been shown to be effective explanatory and predictive
variables of species richness in bird communities (e.g. Scott et al. 2002; Thomson et al.
2007).

In this article, a geostatistical modelling approach was applied on the data provided by
the “Monitoring Program of Breeding Birds of Tuscany”, one of the most extensive
regional bird monitoring programs in Italy. The aim of this article is twofold: (i) to describe
the spatial patterns of bird species richness and (ii) to identify those environmental factors
underlying these patterns. This latter point represents an important task in the ecological
context since the environmental proxies driving bird richness could be used to decide
conservation strategies.

Methods
Study area and bird data

Tuscany (/. 9-12° E, ¢ 42-44° N) covers an area of 22,990 km” and has extremely het-
erogeneous morphological and land cover features. A great contrast in altitude, a complex
relief and other geographic factors promote climate diversity: the climate ranges from
Mediterranean to temperate, according to the altitudinal and geographical gradients and the
distance from the sea (Raspetti and Vittorini 1995). The majority of the territory is
comprised between an elevation of 0 and 600 m, but in the Apennines the elevation exceed
2,000 m (max elevation 2,054 m).

According to the CORINE Land Cover Map (see Bossard et al. 2000), the dominant
land cover types are represented by cultivated lands (about 45% of the area), and forests
(44%), with natural grasslands and shrublands (6%) and urban artificial areas (4%) cov-
ering most of the remaining area. Forests are mostly placed in the hilly and mountainous
areas. The dominant forest species are oaks (Quercus ilex, Quercus pubescens, Quercus
cerris), Mediterranean pines (Pinus pinaster, Pinus pinea), chestnut (Castanea sativa),
beech (Fagus sylvatica) and spruce (Abies alba).

The bird species occurrence data were obtained from the Monitoring Program of
Breeding Birds of Tuscany carried out by the Centro Ornitologico Toscano
(www.centrornitologicotoscano.org) and based on Point Counts method (Bibby et al.
2000). Points were distributed according to a two stages sampling design: in randomly
selected 10 x 10 km UTM cells, a number of 12—15 point counts were selected according
to a second random sampling procedure. From a formal point of view, each observation
represents a sample point in space. The used sample design ensured the homogeneous
distribution of observational points across the whole regional surface.

The geo-referenced points (observations) of species occurrences collected in the period
2000-2006 were used in this article. The original data set of geo-referenced observations
was assembled to produce a regional map of bird species richness for cells of 1 x 1 km.
The 1 x 1 km resolution was chosen in order to be consistent with other European cen-
suses (e.g. Koellner et al. 2004; Wohlgemuth et al. 2008). Such a grid covering the whole
Tuscany region resulted in 22,060 cells (Table 1), 3,584 of which enclosed data on bird
occurrences (Fig. 1). A sample-based rarefaction curve (Gotelli and Colwell 2001) was
calculated to describe the adequacy of the sampling effort. The analytical formula
(Kobayashi 1974; Chiarucci et al. 2008) was used considering the species composition in
each filled 1 x 1 km cell.
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Table 1 Summary statistics for
the response variable. Both the

original and the derived data sets ~ Total no. records 50,044
were here considered

Original data set

Total no. recorded species 161

The most frequent species Sylvia atricapilla
Transformed data per 1 x 1 km cells

Total no. filled cells 3,584

Mean species richness per cell 14

Range of species richness per cell 2-50

0 27,000 54,000
e 1 Km

Fig. 1 Raw data showing the distribution of observed values of bird species richness
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Putative determinants of bird species richness

For each 1 x 1 km cell, three sets of predictor/explanatory variables were derived
(Table 2) and grouped according to a similarity criterion.

(I) Geographical features (four predictors): the coordinates for each grid cell (latitude
and longitude), elevation and distance to the sea were included in this group. Data on
topography and elevation was obtained from a digital elevation model (DEM) with a
resolution of 75 m by extracting the mean elevation for each grid cell. The minimum
distance to the sea was calculated for each grid cell, since this is one of the main geo-
graphical and ecological patterns in Tuscany, a region characterized by a marked asym-
metry with respect to the seaside.

(1I) Landscape feature and complexity (four variables): Data on land cover were derived
from the third level of the CORINE Land Cover Map (see Bossard et al. 2000). For each
grid cell, the number of patches and the area (mean and standard deviation) covered by
each land cover class was calculated. Landscape shape complexity was calculated by using
the area weighted mean shape index (AWMSI). Starting from the shape index of each
patch, the mean shape index weighted on the relative area occupied by each patch is

obtained as:
N
P: A
AWMSI = ( : > — (1)
; 2\/7IA1' (Ziv—lA’>

where P; and A; are the perimeter and the area of each patch i within each 1 x 1 km grid

cell. Hence, the term (2 jﬁ) is the shape index of each patch i, which approximates 1

when the patch i has the simplest possible shape, i.e. the circle, and increases with
increasing patch shape complexity. We refer to McGarigal and Marks (1994) for a com-
plete description of this index while the relation of this index with fractal geometry has
been recently disentangled by Imre and Rocchini (2009).

The third level data of the CORINE Land Cover were used for calculating the Shannon
index according to the celebrated formula:

Table 2 Explanatory variables

Group Predictors Units Abbreviation
Geography Latitude coordinate UTM(WGS84) m Lat
Longitude coordinate UTM(WGS84) m Long
Mean elevation m Mean elevation
Distance to the sea m Distance sea

Landscape Number of patches -
Patches shape index

Mean - MSI

Standard deviation - SI St. Dev.

Shannon index - H' index
Productivity NDVI

Mean - NDVI Mean

Standard deviation - NDVI St. Dev.
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M

H' == (PclnPc) (2)

C=1

where: H' = Shannon diversity index, Pc = proportion of the area occupied by each
class C.

(IIl) Primary productivity (two variables): normalized difference vegetation index
(NDVI) was used to discriminate between the amount of biomass characterising different
vegetation types. In order to extract the information required on the basis of continuous
spectral data, two ortho-Landsat ETM+ images (path 192, row 029-030, acquisition date
20 June 2000; Bands 1-5 and 7 spatial resolution 28.5 m) were acquired from the Global
Land Cover Facility site hosted by the University of Maryland (htpp://glcfapp.umi-
acs.umd.edu). Complete information about image pre-processing is provided by Tucker
et al. (2004). June was chosen since it represents the period with maximum vegetation
spread in Mediterranean areas. NDVI was calculated as:

)“NIR - /IR (3)

NDVI =~
ANIR + AR

where Ak is the reflectance in the NIR part of the spectrum (in such a case in the
0.76-0.90 um electromagnetic window) and Jp = reflectance in the Red part of the
spectrum (in such a case in the 0.63-0.69 pum electromagnetic window). NDVI varies from
a theoretical minimum of —1 (minimum reflectance in the NIR and maximum in the Red,
low biomass, e.g. sand) and a theoretical maximum of 1 (maximum reflectance in the NIR
and minimum in the Red, high biomass, e.g. woodland). NDVI is based on (i) the high
reflectance by vegetation in the NIR which is linked to scattering processes at the leaf scale
and (ii) the low reflectance in the Red due to the absorption by chloroplasts for photo-
synthesis (see Lillesand et al. 2004). Both NDVI standard deviation, as a proxy of envi-
ronmental heterogeneity, and mean NDVI, as a proxy of Net Primary Productivity, were
used.

Geostatistical modelling

Spatial autocorrelation of species richness and predictor variables is a general observed
feature of macro-ecological data sets (Hoeting et al. 2006). Its occurrence in the data can
have a more serious effect on model parameter estimation and it inflates type I errors of
traditional statistical tests (Kreft and Jetz 2007; Hoeting 2009). Some studies tried to
exclude spatial autocorrelation from regressive models (Ohlemiiller et al. 2006), others, on
the contrary, explicitly addressed its role in shaping observed patterns of diversity (Bacaro
and Ricotta 2007; Kuhn 2007) and included it as a meaningful parameter in predictive
models (Pearson and Carroll 1999; Maes et al. 2005; Diggle and Ribeiro 2007).

A combined multi-predictor model was developed in this study, and it was further used
in conjunction with geostatistical techniques to predict birds diversity in 1 x 1 km grid
cells across the whole Tuscany region. In particular, the original data set, composed by
geo-referenced points (observations) was assembled to produce a regional map of bird
species richness.

Statistical modelling process was organised into the following three parts:

(1) Data transformation (normalization): generalized linear spatial models deal with a
variety of different data distributions (Poisson, Binomial, Gaussian—Diggle and
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(@)

Ribeiro 2007). Counts data (e.g. the number of species in a grid cell) are usually
modelled assuming a Poisson distribution (and a log link function in order to avoid
predicted values lower than 0). However, over-dispersion (occurring when the ratio
between the mean and the variance of the response variable overpasses the value of 1)
implies to normalize the entire dataset and to deal with transformed Gaussian models
(Guisan and Zimmermann 2000; Guisan et al. 2002; Csontos et al. 2007). Hence,
since the number of observed bird species per 1 x 1 km grid cell showed over-
dispersion, a Box—Cox normalization (Box and Cox 1964; Legendre and Legendre
1998) was adopted and the lambda (1) parameter was estimated by maximising the
log-likelihood profile.

Building the generalized linear spatial model: once the response variable (number of
bird species) at each grid cell within the Tuscany region was denoted as:

(xi,y)):i=1,....,n (4)

where x; identifies the spatial location (in two-dimensional space—Ilongitude and
latitude expressed in kilometres) and y; is the bird richness value associated with the
location x;, a geostatistical (isotropic) model can be defined as:

Y,-:S(xi)—l—Zi: i:l,.....,n (5)
where
{S(x): xeR*} (6)

is a Gaussian process with a spatially varying mean u(x) defined by a classical linear
regression model such as:

u(x) = Bo + Bpj (7)

with p; (j = 1,....,s) expressing the jth explanatory variable p.
The described Gaussian process is also characterized by a variance given by:

o® = Var{S(x)} (8)
and by a positive-defined correlation function:

p(u) = Corr{S(x), S(x')} ©)

defining the way correlation function decays to zero for increasing distances occur-
ring between observations at locations x and x’. In Eq. 5, the model formulation
includes the term Z; representing mutually independent N(0, 7°) random variables (or
simply the error term; refers to Diggle and Ribeiro 2007 for mathematical and sta-
tistical details).

Considering all the above described terms, the fitting of a generalized linear spatial
model was accomplished by a step-by-step procedure. Firstly, explanatory variables
for modelling the large-scale variation in bird diversity were chosen via a model
selection technique (the Akaike Information Criterion, AIC). In order to detect
multicollinearity in the set of predictors, a general explorative analysis of pairwise
variable correlations (using Pearson’s correlation coefficients, Appendix I) was car-
ried out. Multicollinearity represents a factor with a strong influence on model
development and especially on the selection of subsets of predictors during stepwise
model building (for a discussion on the matter, see Fox 2008), leading to the
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3)

exclusion of important factors from models (i.e. when strong collinearity was
observed, the inclusion/exclusion of a variable in the final model is mainly due to the
order that variable is added to the model).

A reduced linear model (including only those explanatory variables resulted mean-
ingful) was then calculated in order to describe the spatially varying mean related of
the number of bird species. Via AIC, the best predictor subset was finally obtained
and regression coefficients estimated (see Eq. 7).

Secondly, the residuals from the model were examined for spatial correlation
and a suitable family of correlations was chosen (Hoeting et al. 2006).
Explicitly, the spatial relationships in bird data residuals were modelled com-
puting an empirical variogram for a vector h of distance classes. The following
classical parameters for the autocorrelative spatial structure (theoretical vario-
gram) were then estimated (see Pearson and Carroll 1999; Diggle and Ribeiro
2007): nugget (% representing the intercept of the variogram), sill (1> + o2,
expressed as the difference between the asymptote and the nugget of the vario-
gram) and range (¢, indicating the distance at which the theoretical variogram
reaches its maximum). For convenience, a practical range is also defined as the
distance at which the correlation function reaches the value of 0.05. However,
since the estimation of the above described spatial parameters strongly depends on
the selection of the correlation function p(u), different fits of a parametric Matérn
(1986) function of order k with respect to the empirical variogram were obtained
and the correct correlation function (able to maximize the likelihood estimation)
was selected.

From a practical point of view, the estimates of the parameters in the trend surface
(model spatial component) were updated using an optimisation function (as
described in Nelder and Mead 1965) followed by maximum likelihood estimation
of the parameters of the covariance function using the residuals (Ribeiro and
Diggle 2001). In this dynamic process, the inclusion of one or more important
explanatory variables could drastically change or reduce the correlation structure
of the residuals from the model (Hoeting et al. 2006). Cross-validation statistics by
leave-one-out procedure were used to assess the bias and the accuracy of the final
spatial model.

Universal kriging (Krige 1976) was finally applied in order to predict expected bird
richness (and its variation) in each 1 x 1 km grid cell across the whole Tuscany
Region for those grid cells where the retained predictors were available. All analyses
were performed using the R software (R Development Core Team 2011) and the
geoR package (Ribeiro and Diggle 2001).

Results

Overall, the analysed data-set was composed by a huge number of observations (see
Table 1). The most frequent species was the blackcap, Sylvia atricapilla, which was
recorded in 2,696 1 x 1 km cells. Once the geographical 1 x 1 km grid for the whole
Tuscany was overlaid with respect to the set of spatially-explicited bird occurrences, the
total number of non-empty cells was 3,584 and the mean calculated species richness per
cell was 14 (with a minimum of 2 and a maximum of 50, see Table 1 and Fig. 1). The total
number of species (161) represents 60.8% of the whole richness of the diurnal Italian
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breeding birds (265 species, CISO 2010). Moreover, considering the sum of regular,
irregular and accidental breeders (AERC categories A and C breeding status 1, 2 and 3),
Tuscany accounts for 188 species (Arcamone and Baccetti 2004), 85.63 of which detected
during our monitoring program.

The rarefaction curve based on the species composition of these filled cells (Fig. 2)
showed a clear asymptotic pattern after 1/3 (about 1,000) cells were cumulated. The
distribution of the number of species per cells (Fig. 3) was far from a Gaussian distribution
(this was confirmed by the Shapiro—Wilk normality test: W = 0.930, P < 0.001) showing a
skewed shape (Fig. 3). For this reason, the number of bird species per cell grid was
normalized using a Box—Cox power of 0.184 (Table 3). After stepwise selection, only four
predictors (out of the ten variables tested, Table 2) were included in the model (Table 3).
Multicollinearity in retained predictors was absent (Appendix 1).
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Table 3 Description of explan-
atory variables (and their associ-
ated coefficients) included after

stepwise selection in the spatial

varying mean component

(P < 0.001)

Fig. 4 Plot of the empirical
(circles) and fitted (solid line)
semivariograms vs. distance
(km~?) obtained using the
residuals after the spatial varying
mean was subtracted by raw
(normalized) data

Estimated value

Trend parameters (spatial varying mean)

Intercept 3.066%**

NDVI St. Dev. 0.8 1 14

H' index 0.104%#5#*

Mean elevation —0.001%**

Distance sea >0.001***
Spatial parameters

Nugget (7%) 0.147

Partial sill (%) 0.270

Range (¢) 0.054

Practical range 0.162
Normalisation parameter (Box—Cox power)

Lambda (1) 0.184
Covariance function parameters (Mateérn)

Order (k) 0.5 (exponential model)

Semivariance
010 0.15 020 025 0.30 0.35 040 0.45

T
000 005 010 015 020 025 0.0
Distance classes (km3)

The NDVI standard deviation showed a positive correlation with birds species richness
and it was the most predictive variable included in the reduced model, in terms of
explanatory power. The second predictor was represented by the landscape heterogeneity
quantified by the H' index calculated on the land cover data. Mean elevation of the cell
entered into the model with a minor negative coefficient, while distance from the sea
entered in the model with a weak positive relationship. The intercept of the estimated
spatial varying mean resulted highly significant and was, consequently, included in the
model. Its value expresses the mean of the (transformed) number of bird species in each
grid cell irrespective of the environmental and spatial parameters.
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On the other side, the modeled spatial parameters highlighted that autocorrelation in
bird richness value existed and strongly influenced the number of observed species. In
particular, the practical range was reached after 16 km, indicating the absence of further
correlative structure in data after this threshold (see Fig. 4 and Table 3). Moreover, the
nugget parameter, expressing the unexplained variance (occurring at a spatial scale lower
than that here analyzed) was 0.147. Relatively to the covariance function used to model the
empirical variogram, the k = 0.5 parameter was selected (corresponding to fit an expo-
nential theoretical variogram with respect to the observed data).
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Fig. 6 Regional pattern of bird species richness as expected under the described geostatistical model.
a Expected birds species richness and b its expected variance

Predicted values were significantly related with observed bird richness (R* = 0.448,
P < 0.001, Fig. 5a). For comparison, a simple multiple regression model without the
inclusion of the spatial component in the analysis, showed a lower R* value (R* = 0.15,
P < 0.001).

It is interesting to note an underestimate of predicted bird species richness for those
grids with high species richness. The transformation adopted (quasi-logarithmic) is the
major determinant for this observed pattern: in fact, it should be considered that the use of
a logarithmic transformation tend to reduce the total variability with respect to the original
dataset and, for this reason, predictions (when back-transformed in the original measure-
ment scale, e.g. no. of species) show this typical pattern.

The model errors (observed data — predicted value) were equally-distributed
throughout the whole region (Fig. 5b) confirming that the data were sampled with a
comparable accuracy throughout the whole region. Predicted bird richness (and its asso-
ciated variance) across all the Tuscan region is shown in Fig. 6.

Discussion

In this article we demonstrated the powerfulness of ancillary geographic and ecological
data (in particular, landscape heterogeneity rather than elevation) at different spatial scales
for predicting bird biodiversity, as a powerful throughput for species richness geostatistical
modeling. Moreover, we showed as it is possible to model the spatially explicit nature of
data recorded on a geographical map (e.g. Atlases). Atlases play an important role in
biodiversity conservation by providing essential data on the occurrence of species
(Robertson et al. 2010). Even if data based on atlases are not derived by a systematic
sampling procedure, the temporal and spatial spread of censuses provide relative reliable
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data, yielding unbiased results (Hortal and Lobo 2006). Schmeller et al. (2008) found a
positive relationship between the sampling intensity (intended as number of observers or of
visits per site) and the number of recorded species. These authors straightforwardly con-
cluded that a direct influence exists between the number of people involved in a census and
the accuracy of bird richness data. Of course, large sampling effort could counterbalance
hypothesized measurement errors in data collected by operators (avoiding the underesti-
mate of rare species, Hochachka et al. 2000; Schmeller et al. 2008). Considering the
sampling effort for the Tuscan bird census, the almost asymptotic pattern of the rarefaction
curve suggests that the analyzed dataset was adequate to study the overall bird diversity
across the Tuscan region.

Model and predictors assessment

Increasingly, ecologists are involved in the prediction of spatial or temporal patterns of
ecological or biodiversity variables (Begon et al. 2006). The estimation of the geographical
distribution of species richness is one of the most investigated topics in ecology and
conservation biology, because of two main reasons: (i) to understand the ecological and
evolutionary patterns of biodiversity (Kreft and Jetz 2007; Pineda and Lobo 2009) and (ii)
to focus on those areas of emerging biodiversity value (hotspots) that require conservation
actions.

By applying geostatistical models, a well-performing predictive model was obtained for
the distribution of bird species richness in Tuscany by considering relatively few variables,
namely a combination of the variability in habitat productivity (NDVI), habitat heterogeneity
(H' index), combined with topographic (elevation) and geographic (distance from the sea)
information. Overall, the calculated R? is similar to those obtained for other predictive models
developed in a number of different geographical areas (see for example Jetz and Rahbek
2002; Rahbek et al. 2007). The highlighted relationships occurring between bird richness and
heterogeneity-based predictors (i.e. NDVI standard deviation and Shannon H') pointed out
that the higher the environmental heterogeneity of an area the higher will be the diversity of
species living therein (see Gillespie et al. 2008 or Rocchini et al. 2010 for areview on previous
studies demonstrating similar patterns). In this view, remotely sensed information has been
proven to be a powerful tool for detecting environmental variability by relying on the vari-
ability in the spectral response of habitats, as detected by a remote sensor (Nagendra and
Rocchini 2008; He et al. 2009). Hence, ancillary variables based on remotely sensed infor-
mation (e.g. NDVI or Shannon H' derived from a classified image) can be used as powerful
tools to model the spatial variation of bird species richness and locate biodiversity hotspots.
The theoretical assumption beyond the use of remotely sensed variability considering both
continuous (e.g. NDVI) or classified (e.g. Shannon H’ of landscape structure) data to predict
species richness is based on the Spectral Variation Hypothesis (see Palmer et al. 2002)—i.e.
higher spectral variability should correspond to higher species diversity—and it has been
proven true for different taxa including vascular plants (Gould 2000; Foody and Cutler 2003;
Fairbanks and McGwire 2004; Kumar et al. 2006), lichens (Waser et al. 2004), birds (Goetz
et al. 2007; St-Louis et al. 2009) and mammals (Oindo and Skidmore 2002). This is in line
with the Niche Difference Hypothesis (see Nekola and White 1999)—i.e. diverse habitats
show a higher diversity in species composition on the strength of a higher number of available
niches; according to this hypothesis bird species richness is expected to be higher where a
higher vegetation heterogeneity exists, since different vegetation types would result in a
larger number of niches for birds (Whittaker 1972). The relation between bird species rich-
ness and vegetation complexity has been demonstrated at different spatial scales and in
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different ecosystems (MacArthur et al. 1966, Rahbek et al. 2007). In Tuscany, a positive
relation between bird species richness and plant species richness has been demonstrated at the
local scale within the Sant’ Agnese Nature reserve (Santi et al. 2010). From a very general
point of view, differences in habitat type and quality are well known to shape the occurrence
of avian species in different landscapes (see Tharme et al. 2001; Rahbek et al. 2007).
Noteworthy, the model obtained in this study showed a large amount of unexplained variance;
one possibility for future model improvement will be represented by the inclusion of other
important predictors currently not considered, such as climate (Rahbek et al. 2007; Doswald
et al. 2009), net primary productivity (Jetz and Rahbek 2002), other measures of habitat
heterogeneity (Guegan et al. 1998) or distribution of highly related organisms (Pearson and
Carroll 1999). Moreover, partitioning regional species pool into specific guilds (for instance
rare vs. widespread species) would represent a possible direction in order to ameliorate such a
class of predictive models. Many studies (Jetz and Rahbek 2002; Lennon et al. 2004; Rug-
giero and Kitzberger 2004; Rahbek et al. 2007; Bacaro et al. 2008) suggested that statistical
associations between total species richness and environmental predictors could be misleading
owing to the dominating influence of common species whereas both theoretical (Bacaro and
Ricotta 2007) and empirical (Lennon et al. 2004; Rahbek et al. 2007) evidences described
species with small geographical ranges and relative low abundance as responsible for peaks of
observed species richness.

In term of its usefulness, the spatial model developed in this work could be seen as a tool for
different aims: firstly, as above mentioned, on the basis of these models it is possible to plan
conservation strategies looking at the presence of biodiversity hotspots not “covered” by
conservation tools (e.g. natural reserves, for an example see Thomaes et al. 2008).

Obviously, when concrete conservation actions are scheduled based on model predic-
tions alone, field controls or the inclusion of other data (such as other available records of
species occurrence) are necessary. Secondly, spatial predictions may suggest how and
where sampling activities should be performed: advices for both retrospective and pro-
spective sampling design (sensu Diggle and Ribeiro 2007) will be easily extrapolated
considering the variance related to the predicted mean, driving sampling effort throughout
a more efficient direction. Such an approach is likely to lead to substantial conservation
gain if future reserve networks could be designed and implemented to account for the
“black holes” in our knowledge, mainly generated by a non adequate sampling effort.

From a methodological point of view, geostatistical models own the advantage to
incorporate information of environmental co-variation and neighborhood effects (Kreft and
Jetz 2007), improving the quality of predictions. Nonetheless, there is a number of dis-
advantages of ignoring spatial correlation in model selection procedures leading, for
example, to (i) the exclusion of relevant covariates in the final model (Hoeting et al. 2006)
or (ii) higher prediction errors for estimation of the response (Hoeting 2009).
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Appendix

See Table 4.
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Table 4 Matrix of correlation coefficients (Pearson’s product moment) for the set of variables used as bird
species richness predictors

Mean Distance Number Patches Patches Shannon NDVI NDVI
elevation to the of shape shape index—  index mean St
sea patches index—  St. Dev. Dev.
mean
Mean elevation 1.00 0.30 —0.12 0.10 0.04 —0.13 0.66 —0.40
Distance to 0.30 1.00 0.10 —0.08 —0.01 0.07 0.16  0.02
the sea
Number of -0.12 0.10 1.00  —0.80 —0.23 079 —-0.09 033
patches
Patches shape 0.10 —0.08 —0.80 1.00 —0.18 —0.76 0.09 —0.32
index—mean
Patches shape 0.04 —0.01 —-023 -0.18 1.00 —-0.32 0.05 —0.13
index—
St. Dev.
Shannon index —0.13 0.07 0.79 —-0.76 —-0.32 1.00 —0.14 0.38
NDVI mean 0.66 0.16  —0.09 0.09 0.05 —0.14 1.00 —0.51
NDVI St. Dev. —0.40 0.02 0.33 —0.32 —0.13 038 —0.51 1.00
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