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Although land use change is a key driver of biodiversity change, related variables such as habitat area and
habitat heterogeneity are seldom considered in modeling approaches at larger extents. To address this
knowledge gap we tested the contribution of land use related variables to models describing richness
patterns of amphibians, reptiles and passerines in the Iberian Peninsula. We analyzed the relationship
between species richness and habitat heterogeneity at two spatial resolutions (i.e., 10 km # 10 km and
50 km # 50 km). Using both ordinary least square and simultaneous autoregressive models, we assessed
the relative importance of land use variables, climate variables and topographic variables. We also
compare the speciesearea relationship with a multi-habitat model, the countryside speciesearea relationship, to assess the role of the area of different types of habitats on species diversity across scales. The
association between habitat heterogeneity and species richness varied with the taxa and spatial resolution. A positive relationship was detected for all taxa at a grain size of 10 km # 10 km, but only
passerines responded at a grain size of 50 km # 50 km. Species richness patterns were well described by
abiotic predictors, but habitat predictors also explained a considerable portion of the variation. Moreover,
species richness patterns were better described by a multi-habitat species-area model, incorporating
land use variables, than by the classic power model, which only includes area as the single explanatory
variable. Our results suggest that the role of land use in shaping species richness patterns goes beyond
the local scale and persists at larger spatial scales. These ﬁndings call for the need of integrating land use
variables in models designed to assess species richness response to large scale environmental changes.
© 2014 The Authors. Published by Elsevier Masson SAS. This is an open access article under the CC BY-NCSA license (http://creativecommons.org/licenses/by-nc-sa/3.0/).
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1. Introduction
Explaining the spatial patterns of species richness is a central
goal in ecology (Rosenzweig, 1995). Several explanatory factors
have been identiﬁed, including energy availability, habitat heterogeneity, area, evolutionary history, and geometric constraints, that
is, physiographical and physiological boundaries (Rahbek and
Graves, 2001).
Land use change has a direct effect on some of these factors,
namely on habitat heterogeneity and area, and was the main direct
driver of biodiversity loss and change in terrestrial systems at
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regional and global scales during the past century (Pereira et al.,
2012). While the role of land use in shaping species richness patterns at local scales is well described (Atauri and de Lucio, 2001;
Tews et al., 2004), there is still a knowledge gap regarding its effect at regional and global scales.
On the other hand, climate is often reported as the main predictor of species richness at large spatial extents (Hawkins et al.,
2003; Field et al., 2009). Climate affects species richness, from
variations in productivity to establishing physiological limits
(Clarke and Gaston, 2006). However, given current and predicted
rates of land use change, modeling approaches largely based on
climate will be limited in their predictive power (Thuiller et al.,
2004). For example, species that are highly sensitive to habitat
change and degradation may be absent from areas with potentially
suitable climate conditions. In addition, it has been reported that
the interacting effects of climate change and land use change may

http://dx.doi.org/10.1016/j.actao.2014.10.005
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have a greater impact on biodiversity than their individual effects
(Clavero et al., 2011; Mantyka-pringle et al., 2012).
In addition to the relative effect of land use and climate on
species richness patterns, there is an ongoing debate about the
concurrent role of habitat composition or heterogeneity (i.e.,
number of habitats in an area) and habitat area, both land use
related variables, in determining species richness in a particular
region or scale (MacArthur and Wilson, 1967; Rosenzweig, 1995;
Tjørve, 2002; Tews et al., 2004; Desrochers et al., 2011). However,
disentangling the individual effect of each factor is not straightforward because the two factors tend to be correlated, that is, larger
spatial areas also tend to encompass a larger number of habitats
(Ricklefs and Lovette, 1999; Triantis et al., 2003; Desrochers et al.,
2011).
The response of species richness to habitat area loss is often
assessed using speciesearea relationship (SAR) models (Arrhenius,
1921; Brown and Lomolino, 1998). The classic SAR or power model
(Arrhenius, 1921) assumes that the number of species is mainly
determined by habitat area, and that the habitat is uniform and
continuous. Hence, when using the classic SAR, only the responses
to changes in habitat area are captured, leaving out the responses to
changes in habitat composition. This is particularly relevant in
those situations where land use change causes habitat modiﬁcation
instead of real habitat loss (Guilherme and Pereira, 2013; Proença
and Pereira, 2013). A possible approach to this issue is the use of
multi-habitat SARs (Tjørve, 2002; Triantis et al., 2003; Pereira and
Daily, 2006; Koh and Ghazoul, 2010).
Moreover, though area and habitat heterogeneity tend to be
positively correlated, their combined effect on species richness may
generate a unimodal relationship between species richness and
habitat heterogeneity, due to a trade-off between species pool size
and the probability of stochastic extinctions of species with low
population sizes (Allouche et al., 2012), or in other words, between
average habitat size and population size. Therefore, the shape of the
relationship will vary depending on the niche width of species in
the community, that is, specialist species (narrower niche) will be
more affected by declining habitat size as habitat number increases
than generalist species (wider niche). Still, more research is needed
regarding the shape of this relationship, and in particular, there is
still a lack of studies that consider multiple spatial scales and taxa
(Tews et al., 2004).
Finally, the relative importance of explanatory factors in shaping
species richness patterns may vary with the scale of analysis
(Rahbek and Graves, 2001; Willis and Whittaker, 2002; Luoto et al.,
2007; Hortal et al., 2008). Therefore, when modeling species richness distribution the choice of spatial scale (i.e., grain size or resolution and extent of the data or overall size of the study area) can
directly affect results and limit their comparison with similar
studies (Rahbek, 2005).
Here, we examine the relationship between land use related
variables, and the species richness distribution of terrestrial vertebrates in the Iberian Peninsula. We investigate the added value of
land use variables to models incorporating well accepted predictors, namely climate, topography and area, when explaining
species richness patterns. We start by testing the association between habitat heterogeneity and species richness of amphibians,
reptiles and passerines, at two different spatial resolutions (i.e.,
10 km # 10 km and 50 km # 50 km). We then analyze the individual effects of sets of climate, topography, and habitat variables
on the richness of these taxa, and proceed to explore their joint
effects using a multimodel approach, at a spatial resolution of
10 km # 10 km. Finally, we investigate the contribution of land use
variables to species-area models, by comparing the ﬁt of the
countryside SAR model that considers species afﬁnity to different
land uses, with the ﬁt of the classic SAR model. We predict that

species richness will show a unimodal response to habitat heterogeneity as predicted by the area-heterogeneity trade-off hypothesis (Allouche et al., 2012) at 10 km # 10 km resolution, but
also that this pattern will be less perceptible at the 50 km # 50 km
resolution, due to weaker area effects on population size. Moreover,
we hypothesize that land use related variables play a role in
shaping species richness patterns beyond local scales.
2. Methods
2.1. Study area
We selected the Iberian Peninsula as the study area. The environmental context of the Iberian Peninsula, between two biogeographic regions (the Mediterranean and the Atlantic) and featuring
several mountain chains, grants this region a high diversity of
habitats and species communities. The Mediterranean region encompasses almost the entire surface of Spain and Portugal and is
characterized by warm to hot, dry summers with a lengthy period
of drought. The Atlantic region includes the north and northwest
coastland of the peninsula, and is characterized by cold winters and
lack of a distinct dry season. The elevation ranges from sea level to
3478 m, and the mean annual air temperature ranges from below
2.5 " C in areas at highest altitude, namely in the Pyrenees, to
temperatures higher than 17 " C in southeast Spain. Mean annual
precipitation shows a large spatial variability, with the highest
values above 2200 mm and usually in mountain areas, and the
lowest values being below 300 mm in the southeast of Spain
(AEMet and IM, 2011).
2.2. Data sources
We retrieved species distribution data in 10 km # 10 km UTM
cells in the Iberian Peninsula from published atlases for 182
vertebrate species (Fig. 1): 87 passerines (Martí and del Moral,
2003; Equipa Atlas, 2008), 64 reptiles and 31 amphibians
(Pleguezuelos et al., 2002; Loureiro et al., 2008). These taxa were
selected due to the availability of high quality data on their distribution at the Iberian scale. We excluded marine and aquatic
species.
We merged two land cover datasets (Fig. 2, for more detail see
Table A.1 in Supplementary Information): the Portuguese land
cover map, COS’90 (IGP, 1990), and the land cover map of the
Second Spanish National Forest Inventory, IFN2 (MARM, 1998).
Water bodies, rocky areas, human-dominated areas (e.g. urban
fabric, quarries, green urban areas, etc.) and unclassiﬁed land cover
were excluded from both datasets. We intersected the land cover
maps with the 10 km # 10 km UTM grid and selected grid cells with
at least 25% cover, resulting in a ﬁnal set of 5885 cells. The percentage cover of each habitat in each cell was calculated using
ArcGIS 9.3 (ESRI, 2009). We derived climatic variables from the
WorldClim dataset on a 1 km resolution (Hijmans et al., 2005), and
collected topographic data from the United States Geological Survey HYDRO 1 km digital terrain model for Europe (USGS, 2000).
Slope inclination and aspect variables were combined in a Radiation Index (RI ¼ G(aspect þ inclination þ latitude); Oke, 1987). We
then aggregated these variables in a 10 km # 10 km UTM grid using
ArcGIS 9.3 (ESRI, 2009), to match the resolution of species and land
cover data.
To avoid multicollinearity between the independent variables,
we performed pairwise correlations tests using the Spearman's
rank correlation coefﬁcient. Variables strongly correlated (i.e.,
rho > 0.7) were identiﬁed and the variables explaining less variance
overall were removed from the analysis (Elith et al., 2006; Wisz and
Guisan, 2009).
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Fig. 1. Maps of species richness using a grain size of 10 km # 10 km: (a) amphibians (n ¼ 31), (b) reptiles (n ¼ 64), (c) all passerines (n ¼ 87), (d) agricultural land passerines (n ¼ 19),
(e) uncultivated land passerines (n ¼ 32), and (f) forest passerines (n ¼ 36). Color scales are based on quantiles. (For interpretation of the references to color in this ﬁgure legend, the
reader is referred to the web version of this article.)

We deﬁned three groups of predictor variables: climate predictors, topographic predictors and habitat predictors. To test the
effect of climate we considered: (1) mean temperature in July, (2)
annual temperature range and (3) annual precipitation, in each cell.
Topographic predictors were represented by: (4) mean elevation,
(5) mean radiation, and (6) range of radiation. Finally, habitat
predictors were represented by the percentage of main land cover
categories: (7) agricultural land, (8) uncultivated land, (9) forest
and (10) exotic forest (see Table A.2 for more details).
2.3. Data analysis
2.3.1. Effect of habitat heterogeneity on species richness
In order to explore the relationship between the three taxa (i.e.,
amphibians, reptiles and passerine birds) and habitat heterogeneity, a Spearman's rank correlation analysis between species

richness and the number of habitats per cell was carried out. For an
estimation of the shape of this relationship, we used LOWESS
regression models as implemented in R 2.15.3 (R Development Core
Team, 2013). We tested two spatial grids, the UTM grid of
10 km # 10 km and the UTM grid of 50 km # 50 km, and used the
number of natural and human-modiﬁed land cover classes per UTM
cell as an indicator of habitat heterogeneity. We only used the
Spanish IFN2 land cover map in this analysis, because the number
of land cover classes in the map for the Iberian Peninsula was too
low after the harmonization of the two original land cover maps
(IFN2 and COS90). The Spanish land cover map comprises 56 land
cover classes (an average of 5 habitats per UTM cell, Table A.1) and
was better suited for this analysis. The ﬁnal sample set for this
analysis comprised 3970 UTM cells at a 10 km # 10 km resolution
and 136 UTM cells at a 50 km # 50 km resolution.
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directly provided for AR models, model ﬁt was assessed using
Nagelkerke pseudo-R2 (hereafter simply referred to as pseudo-R2).
All analyses were implemented in R 2.15.3 (R Development Core
Team, 2013), spatial models were ﬁt using the spdep package
(Bivand et al., 2013).

Fig. 2. Land cover map of the Iberian Peninsula. Blank cells indicate missing data.

2.3.2. The added value of land use variables: multimodel inference
First, the individual effect of climatic, topographic and habitat
variables on species richness at the Iberian Peninsula scale was
explored by determining the Spearman's rank correlation between
single predictor variables and species richness. Then, we tested the
additive effect of the three sets of explanatory variables using a
multimodel selection and inference approach (Burnham and
Anderson, 2002). We built a limited a priori model set to examine
the effect of all variables considered. We tested models with a
single set of predictors (i.e., only climatic variables (MC), only
topographic variables (MT), and only habitat variables (MH)). Afterwards, we tested combinations of different group variables:
climatic plus topographic (MCT), climatic plus habitat (MCH) and
topographic plus habitat (MTH), and lastly, we tested all environmental variables together (MCTH) (see Table A.2 for details about the
different competing models). Ordinary least square (OLS) regressions (i.e., non-spatial models) were ﬁrst used to ﬁt the models.
The presence of SA in the residuals of the regression models can
violate the assumption of independently distributed errors and
lead to shifts in parameter estimation and increases of Type I errors
(Dormann et al., 2007). Therefore, we inspected spatial autocorrelation in the residuals of the OLS using Moran's I coefﬁcient. The
correlograms for 20 distance classes indicated signiﬁcant spatial
autocorrelation for all OLS models, regardless of the taxonomic
group (Fig. B.1). In order to attenuate this problem, we also applied
simultaneous autoregressive models assuming spatial autocorrelation in the error term (AR), to the same a priori model set. Model
selection was based on model ﬁt using Akaike information criterion
(AIC; Akaike, 1973). We report DAIC, which is the difference between the evaluated model AIC and the lowest AIC among the
tested models. The results from both non-spatial OLS models and
AR models were interpreted and compared in our study. We also
tested OLS with models including second-order polynomials for
each variable; the relative model ranking was similar to the AR
models (results are presented in Table A.3).
Variation partitioning was used to assess the individual and
shared contributions of each set of explanatory variables. We
decomposed the ﬁtted AR models, into the non-spatial and the
spatial trends, and only the non-spatial trends were used for variation partitioning, since we primarily focused on the pure explanatory power of each set, particularly habitat, rather than on their
mixed effects with space (Xu et al., 2014). Because R2 values are not

2.3.3. The added value of land use variables: species-area models
We explored the contribution of land use data to estimate
species richness at the Iberian Peninsula scale using speciesearea
relationships. Species-area models have been widely used to study
the response of species to habitat loss (Reid, 1992; van Vuuren et al.,
2006). We compared the ﬁt of the classic speciesearea relationship
(Arrhenius, 1921), which is a single-habitat SAR (i.e., it uses a single
variable to describe the size of the area), with the ﬁt of a multihabitat model, the countryside SAR (Pereira and Daily, 2006). The
SAR is usually expressed by the power law S ¼ cAz, where S is the
number of species in a sampling area of size A, c and z are constants
that depend on the taxonomic group and sampling scheme
respectively (Rosenzweig, 1995; Crawley and Harral, 2001). The
countryside SAR builds on the classic SAR and its application requires two steps. First the countryside SAR estimates the species
richness of groups composed by species with similar habitat preferences, Eq. (1), where Si is the number of species in group i, hij is
the afﬁnity of species group i to habitat j and Aj is the area cover by
habitat j:

Si ¼ ci

!X
"z
hij Aj

(1)

j

Then, the total number of species in the landscape, Si, is given by
the sum of species in each group (Eq. (2)), where m is the number of
species groups:

S¼

Xm

S
i¼1 i

(2)

Species-area models were applied to passerine data, divided
into species groups according to their habitat preferences. We
opted to use only data from passerines (i.e., excluding amphibians
and reptiles) since they were the group most prone to be categorized in such a way. Data on habitat preferences were extracted
from the literature (Pleguezuelos et al., 2002; Martí and del Moral,
2003; Equipa Atlas, 2008; Catry et al., 2010). We classiﬁed 19 species as agricultural land passerine species, 32 species as uncultivated land passerine species and 36 species as forest passerine
species (Fig. 1; see Table A.4 in Supplementary Information for the
complete species list). The data used to build the SAR models were
obtained through the aggregation of species richness and land
cover data in 10 km # 10 km UTM cells, into three new grains:
50 km # 50 km (261 cells), 100 km # 100 km (90 cells) and
200 km # 200 km (29 cells). The alignment among the different
grain grids was adjusted to preserve the greatest number of cells
possible. We ﬁtted the SAR models using the nls function from the
stats package in R. We estimated the parameters c and z for both
models, and the afﬁnities hij for the countryside SARs; see Proença
and Pereira (2013) for more details on model ﬁtting. We ranked and
compared the ﬁtted models using the AIC and the Root Mean
Square Error (RMSE; Levinson, 1947), with lower values of RMSE
and AIC indicating better ﬁt to data (Sakamoto et al., 1987).
3. Results
Species richness patterns in the Iberian Peninsula vary with taxa
(Fig. 1). The areas with higher number of amphibian species are
concentrated in the western region of Iberian, in the Central
mountain range and across Catalonia. The areas of high species
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richness for reptiles are mainly located in southern Spain, in the
central region of Iberia (i.e., Central mountain range and Extremadura) and across Catalonia. Passerine species richness increases
from south to north, and appears to be particularly associated with
mountain regions.
3.1. Correlation between species richness and environmental
variables
The response of species richness to habitat heterogeneity varied
with cell grain size. At a spatial resolution of 10 km # 10 km, species
richness of all taxa increased with increasing habitat heterogeneity
(Fig. 3). Passerine species showed the strongest response to habitat
heterogeneity (rho ¼ 0.47), while reptiles species showed the
weakest response (rho ¼ 0.19). For amphibians and reptiles this
increase was close to linear, but at a slower rate in the case of
reptiles. On the other hand, the relationship between passerines
and habitat heterogeneity seems to slow down or even stabilize at
intermediate to higher levels of heterogeneity. At the spatial resolution of 50 km # 50 km, the richness of amphibians and reptiles
did not show a signiﬁcant relation with habitat heterogeneity
(respectively, rho ¼ 0.06 and rho ¼ 0.04), while passerine species
showed a strong positive relationship (rho ¼ 0.58).
The relationship between single predictor variables and species
richness varied among species groups (Table 1). Amphibian and
reptiles showed similar responses to predictors, species richness
increased with precipitation (rho ¼ 0.40, rho ¼ 0.20) but decreased
with temperature range (rho ¼ %0.33, rho ¼ %0.21) and elevation

Table 1
Values of correlation (rho) between species richness and climatic, topographic and
habitat predictors, at the grain size of 10 km # 10 km. (p < 0.001 for all the signiﬁcant
relationships; n.s. e non signiﬁcant).

Mean temperature in July
Annual temperature range
Annual precipitation
Mean elevation
Mean radiation index
Radiation index range
Agricultural land
Uncultivated land
Forest
Exotic forest

Amphibians

Reptiles

Passerine birds

%0.13
%0.33
0.40
%0.17
%0.02n.s
0.13
%0.28
0.01n.s
0.34
0.32

0.08
%0.21
0.20
%0.17
0.21
0.26
%0.26
0.12
0.22
0.12

%0.57
%0.19
0.23
0.48
%0.43
0.36
%0.29
0.21
0.36
%0.27

(rho ¼ %0.17) (Table 1). The richness of passerine birds increased
with elevation (rho ¼ 0.48) but decreased with mean radiation
index (rho ¼ %0.43) and both mean temperature and temperature
range (rho ¼ %0.19, rho ¼ %0.57). In addition, there was an overall
positive response of all taxa to natural habitat cover (i.e., forest and
uncultivated land; 0.12 < rho < 0.36) and negative response to
agricultural land cover (%0.29 < rho < %0.26). The response to
exotic forest cover varied: passerines responded negatively
(rho ¼ %0.27), amphibians positively (rho ¼ 0.32) and reptiles
showed a weak response (rho ¼ 0.12).

Fig. 3. Relationship between the richness of the different groups and landscape heterogeneity (estimated as number of land cover types per cell) for the 3970 cells of
10 km # 10 km: (a) amphibians, (b) reptiles, (c) passerines; and for the 136 cells of 50 km # 50 km: (d) amphibians, (e) reptiles, and (f) passerines; n.s ¼ not signiﬁcant. LOWESS
regression lines are shown for the signiﬁcant relationships.
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3.2. The added value of land use variables: multimodel inference

1.0

3.3. The added value of land use variables: species-area models
Countryside SAR models showed a better ﬁt (i.e., lower RMSE
and AIC values) than classic SAR models, for all species groups and
for the total number of species across the landscape (Table 3).
Countryside SAR models yielded higher c-values than classic SAR
models, but z-values were similar for the two model approaches.
Species groups associated with open habitats (i.e., agricultural land
and uncultivated land species) show moderate afﬁnity to other

0.8

Variation explained

The performance and estimate coefﬁcients of all ordinary least
square (OLS) models, and simultaneous autoregressive (AR) models
are shown in Table 2. Compared with OLS models, AR models
signiﬁcantly reduce spatial autocorrelation (SA) (Fig. B.1). If we only
considered models including one set of variables, that is, climate
(MC), topographic (MT) or habitat (MH) variables, the richness of
amphibians and passerines was better explained by climatic variables while the richness of reptiles by topographic variables, thus
indicating which set of variables have the main explanatory effect
(Table 2, Table A.5). When the models including two sets (MTC, MCH,
MTH) and all sets of variables (MCTH) were also considered, the MCTH
model was always the best model (i.e., smaller AIC values; Table 2,
Table A.5). The second best models vary with taxa: for amphibians
it was MCH, which includes habitat variables in addition to climate
variables; for passerines and reptiles it was MTH, which includes
both climatic and topographic variables. Focusing only on the
explanatory power for the non-spatial trends of species richness
(indicated by R2 for OLS models and by pseudo-R2 for the nonspatial components of the AR models; Table A.5) the inﬂuence of
habitat seems to increase. In this setting, the second best model for
all taxonomic groups was the one including habitat variables in
addition to the main predictors. The variation partitioning analysis
shows the relative importance of each set of variables in explaining
species richness patterns (Fig. 4, Table A.6). When we considered
the individual variance explained by each set of factors, the share of
variance explained by habitat variables (5e22%) was relevant if
compared with that of climatic (4e29%) and topographic variables
(0.1e30%). For all taxonomic groups, the contribution of habitat
variables was always second best to the contribution of the dominant predictor. The large mixed fractions of explained variation
between sets of variables suggests an overlap between climatic,
topographic and habitat variables. This was particularly evident in
the case of passerines, were the combination between topographic
and climatic variables explains more variance than all individual
fractions.

0.6

Unexplained
Mixed
Habitat
Topography
Climate

0.4

0.2

0.0

Amphibians

Reptiles

Passerines

M

Fig. 4. Variation partitioning based on the non-spatial trend of the simultaneous
autoregressive model for the model with the 3 sets of variables (MCTH): Climate,
variation purely explained by climate; Topographic, variation purely explained by
topography; Habitat, variation purely explained by habitat; Mixed, variation shared
between climate, topography and habitat; Unexplained, unexplained variation.

habitats (0.20 < h < 0.60) than their preferred habitat. Forest species appear to be less tolerant to alternative habitats, showing low
afﬁnity to uncultivated land (h < 0.01) and agricultural land
(h < 0.00001). An analysis on the correlations between the richness
of each species group and the proportion of land cover types in each
cell further supported these ﬁndings. Forest and uncultivated land
passerine species showed a positive relationship with forest
(rho ¼ 0.58, rho ¼ 0.13) and uncultivated land (rho ¼ 0.24,
rho ¼ 0.21) and a negative relationship with agricultural land
(rho ¼ %0.51, rho ¼ %0.13) and exotic forest (rho ¼ %0.11,
rho ¼ %0.33). Agricultural passerines showed a positive relationship with agricultural land (rho ¼ 0.12), a negative relationship with
exotic forest (rho ¼ %0.26), and no signiﬁcant relationship with the
remaining land cover types.

Table 2
Performance of the ordinary least square (OLS) and simultaneous autoregressive (AR) models on explaining the richness patterns of each taxonomic group at the grain size of
10 km # 10 km. Model designation refers to the different sets of predictors (climate (MC), topographic (MT) or habitat (MH)), considered separately and jointly (in all cases
P < 0.001). Multiple R2 for OLS models and Nagelkerke pseudo-R2 values for AR models are indicated; DAIC values and the lowest AIC (in parentheses) for each taxonomic group
are also shown.
Model

MC
MT
MH
MCT
MCH
MTH
MCTH

Amphibians

Reptiles

Passerines

OLS

AR

OLS

AR

OLS

2

2

2

2

2

R

DAIC

R

DAIC

R

0.17
0.06
0.15
0.18
0.22
0.18
0.23

477
1187
587
387
81
375
0 (29,454)

0.54
0.53
0.53
0.54
0.54
0.53
0.54

44
144
141
27
10
103
0 (26,434)

0.10
0.17
0.08
0.21
0.18
0.22
0.23

AR

DAIC

R

DAIC

R

DAIC

R2

DAIC

953
430
1101
214
380
108
0 (33,417)

0.51
0.52
0.51
0.53
0.52
0.53
0.53

231
110
269
46
148
63
0 (30,504)

0.33
0.29
0.13
0.35
0.37
0.32
0.38

434
770
1967
257
107
498
0 (40,474)

0.60
0.60
0.60
0.61
0.61
0.61
0.61

150
180
264
59
70
121
0 (37,675)
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Table 3
Speciesearea relationships of passerine birds (for species groups and total species)
using the classic model (SAR) and the countryside model (CSAR). A total of 6265
cells, including all cell grain sizes, were used in the analysis. Parameters hAL, hUL, and
hF represent the afﬁnity of the species groups for agricultural land, uncultivated land
and forest respectively; c and z are model parameters. The countryside speciesearea
relationship for total species is expressed by the sum of speciesearea relationships
of species groups. RMSE and AIC are indicated to compare the ﬁtness of the models.
c

z

hAL

hUL

Agricultural Land species
SAR
1.74
0.102
e
e
CSAR 1.84
0.101
1
0.60
Uncultivated Land species
SAR
0.56
0.165
e
e
CSAR 0.67
0.162
0.20
1
Forest species
SAR
1.01
0.144
e
e
0.74 # 10%2
CSAR 1.86
0.126
0.59 # 10%6
Total species
SAR
2.90
0.139
e
e
CSAR Stotal ¼ Sagriculture land þ Suncultivated land þ Sforest

hF

RMSE

AIC

e
0.31

2.55
2.54

11,754
11,696

e
0.36

3.70
3.64

16,409
16,210

e
1

5.06
4.00

20,326
17,378

e

9.41
8.56

28,096
26,922

4. Discussion
4.1. Species richness response to land use variables
Understanding the effects of land use change, namely habitat
loss and changes in habitat composition, on the distribution of
species richness is a fundamental step in conservation planning
(Foley et al., 2005). Our results show that the relationship between
habitat heterogeneity and species richness varies with taxa and
grain. At a 10 km # 10 km resolution, all taxa responded to habitat
heterogeneity. Previous studies, conducted at similar or ﬁner scales,
have reported similar results (reviewed in Tews et al., 2004). On the
other hand at the 50 km # 50 km grain size, the richness of amphibians and reptiles shows no signiﬁcant trend with habitat heterogeneity. Although is well accepted that habitat heterogeneity
promotes species richness by increasing opportunities for niche
partitioning (Kadmon and Allouche, 2007), there are large differences between the spatial resolutions at which individuals experience the environment and on their response to changes in habitat
size and heterogeneity in the landscape. That is, species use
structural characteristics of the habitat that occur on a speciﬁc
scale, reﬂecting important habitat requirements such as shelter,
foraging or reproduction niches (Mazerolle and Villard, 1999;
Atauri and de Lucio, 2001; Gil-Tena et al., 2007; Desrochers et al.,
2011). The presence or quality of this speciﬁc structure may then
determine species richness of a particular group. In the case of
amphibians and reptiles, a 10 km # 10 km grain size, probably
covers most of the relevant habitats for these species while also
encompassing habitats that maintain the minimum size to sustain
viable populations. Our results suggest that an increase in spatial
resolution to 50 km # 50 km is not accompanied by an increase in
habitat heterogeneity as perceived by these taxa. In the case of
passerines, their higher mobility is also reﬂected on their habitat
requirements, namely on larger habitat sizes. The shape of the
relationship between passerines richness and habitat heterogeneity seems to follow the pattern predicted by the area-heterogeneity
trade-off hypothesis. Kadmon and Allouche (2007) stated that any
increase of environmental heterogeneity within a ﬁxed space must
lead to a reduction in the average amount of effective area available
for individual species and, thus, increase the likelihood of stochastic
extinctions. One can argue that at a 10 km # 10 km spatial resolution the inﬂation point for passerines (i.e., the level of heterogeneity that maximizes species richness) has been reached, there is
an equilibrium between the likelihood of successful colonization,
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by providing suitable conditions to a large number of species, and
the likelihood of stochastic extinctions, by reducing the amount of
effective area available for individual species. However, at a
50 km # 50 km spatial resolution the shape of the relationship
between passerines and habitat heterogeneity is constantly positive, suggesting that, at this grain size, area is yet to become a
limiting factor and species richness monotonically increases with
habitat heterogeneity. Notwithstanding, our results for amphibians
and reptiles may have been constrained by the available data. In
fact, the habitat classiﬁcation used, that is, the Spanish IFN2 and
forest types, may be more suitable to model passerine response to
habitat heterogeneity than to model amphibians or reptiles
response, which may be more sensitive to other habitat features
than dominant tree coverage.
The negative relationship of all taxa to the area of agricultural
land corroborates the ﬁndings of studies at smaller scales showing
the importance (positive or negative) of human-modiﬁed habitats
for vertebrate species, namely amphibians (Beja and Alcazar, 2003;
~ oz et al., 2010),
Stuart et al., 2004; Piha et al., 2007; García-Mun
reptiles (Ribeiro et al., 2009) and birds (Green et al., 2005;
Wretenberg et al., 2006).
4.2. The added value of land use variables
While our results agree with studies showing that climate is the
main determinant of species richness at large spatial extents
~o
(Hawkins et al., 2003; Moreno-Rueda and Pizarro, 2009; Trivin
et al., 2011; Luo et al., 2012), there was also evidence on the
importance of land use variables. As mentioned before, the relative
importance of climate and land use variables when explaining
species richness patterns is commonly considered as hierarchically
scale-dependent (Rahbek and Graves, 2001; Thuiller et al., 2004;
Rahbek, 2005). Our results from the OLS and AR models support
the current knowledge that at larger scales, when climate and land
use variables are individually considered, climate variables tend to
yield models with higher explanatory and predictive values
(Gonz!
alez-Taboada et al., 2007). However, our ﬁndings also show
that land use variables can be combined with main predictors, such
as climate (Luoto et al., 2007; Moreno-Rueda and Pizarro, 2009; Xu
et al., 2014) and topographic (Moreno-Rueda and Pizarro, 2007;
Reino et al., 2013) variables, to improve the descriptive power of
models.
The increase of the overall model ﬁt, when taking land use
variables into consideration, could be either a consequence of the
large spatial scale or of the better resolution of land use data. For
example, Thuiller et al. (2004) showed that land cover data did not
improve model accuracy in Europe. However, they pointed out that
the insufﬁcient resolution of their data could mask the effect of
habitat heterogeneity. They worked at a 50 km # 50 km spatial
resolution with land cover data originally developed at a spatial
~ o et al. (2011) working with
resolution of 1 km. More recently, Trivin
Iberian birds richness in a 10 km # 10 km resolution reported that
only in few cases did the vegetation and landscape conﬁguration
~ o et al.
variables contributed to improve the ﬁt of the models. Trivin
(2011) cautioned that the land cover data used (i.e., Corine Land
Cover (CLC)) were a rather coarse proxy of the habitats important
for birds. In our study, although we use the same spatial resolution,
the use of national land cover datasets, which have ﬁner spatial
resolution (e.g. COS 90 map has a minimum mapping unit of 1 ha at
a 1:25 000 scale) than the land cover datasets used in similar
studies (e.g. CLC 2006 map has a minimum mapping unit of 25 ha a
a 1:100,000 scale), presumably allowed us to detect a stronger
habitat signal in the models. Furthermore, these national land cover
datasets were used in intermediate scale studies (i.e., covering
areas between 8000 km2 and 16,000 km2) where habitat was
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consistently found to be the most important determinant of species
!s-Bravo and Martínezrichness (Atauri and de Lucio, 2001; Nogue
Rica, 2004; Moreno-Rueda and Pizarro, 2007).
Results from SAR models, showed that the species richness of
passerine species groups and the total number of passerine species
were better described by the multi-habitat model. The countryside
speciesearea relationships accounts for land use information and
for species afﬁnity for the different land uses in the landscape. The
better ﬁt of the countryside model supports our hypothesis on the
role of habitat as a key determinant of species richness patterns,
and agrees with the results from the other analyses performed in
this study.
The parameters of the countryside models reﬂect the species
abilities to use alternative land uses. Relative to the classic SAR
outputs, c-values increased and z-values kept stable or slightly
decreased, suggesting a stronger dynamics of species between
habitats, with inter-patch movements that keep high levels of local
species richness and stabilize the rate of species accumulation with
increasing area. The parameters of the countryside model also
reveal a strong response of passerine species groups to habitat type.
Although all species groups showed a higher afﬁnity to their
preferred habitat, they also present a relatively good afﬁnity to nonpreferred habitats, with forest species being the less tolerant to
alternative habitats, and agricultural species the more tolerant to
non-agricultural habitats. Many studies have highlighted the
importance of non-agricultural habitats in maintaining agricultural
biodiversity, by providing nesting and foraging habitats (Hinsley
and Bellamy, 2000; Herzon and O'Hara, 2007; Vickery and
Arlettaz, 2012).

that in addition to the predominant effect of climate, habitat variables also affected species richness patterns of terrestrial vertebrate
in the Iberia Peninsula.
With land use change being a dominant driver of global biodiversity change (Leadley et al., 2010; Pereira et al., 2010), its incorporation in modeling approaches is of major importance for future
scenario analysis and conservation planning. Our study shows that
land use related variables could add relevant information to current
modeling frameworks, and therefore, should also be considered,
when assessing species richness patterns at large scales. Finally, it is
important to recognize the role of the resolution at which dependent and response variables are recorded; having high resolution
data across scales will undoubtedly help the efforts to accurately
quantify how environmental conditions inﬂuence species richness
patterns and their underlying processes.
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Appendix B
Major gaps and uncertainties remain when trying to explain
species richness patterns (Pereira et al., 2012). Our ﬁndings suggest

I.S. Martins et al. / Acta Oecologica 61 (2014) 41e50

49

Fig. B.1. Correlograms for residuals from ordinary least square (OLS) and simultaneous autoregressive models (AR) for all models and groups tested.
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