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ABSTRACT
Aim The knowledge of both potential distribution and habitat suitability is

fundamental for conservation planning and management of a variety of taxa
world-wide. Species distribution models (SDMs) are increasingly applied as
predictive tools for these purposes. Such models are based on the concept of
ecological niche and assume that species distribute themselves based on niche
spaces defined by climate and habitat features. However, this assumption can
be violated due to the existence of pure spatial range constraints, a factor rarely
accounted for in SDMs, particularly for highly mobile species. We analyse
whether pure distance effects, niche-based environmental responses or a combination of both factors can play an important role in limiting the large-scale
distribution of highly mobile species.
Location Spain, southern Europe.
Methods We modelled the spatial distribution of an expanding raptor species,

the marsh harrier Circus aeruginosus, in Spain. We implemented one conventional statistical method (generalized linear model) and one nonparametric
technique (maximum entropy, Maxent) using a large dataset on marsh harrier
occurrence (n = 1586) in two different periods of the annual cycle, that is
breeding and wintering seasons. We developed models that included environmental variables and that either ignored or incorporated spatial constraints
using spatial eigenvector mapping (spatial filters).
Results By comparing model accuracy, we found evidence that the distribution

of marsh harriers in Spain was spatially constrained beyond environmental
variables and that the effect of spatial constraints varies depending on the
period of their annual cycle.
Main conclusions Contrary to the equilibrium postulate, our results support
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the prediction that environmental specializations do not necessarily result in
complete habitat matching due to dispersal limitations. Thus, ignoring spatial
constraints in SDMs can lead to misunderstandings of the ecological mechanisms that explain species range limits.
Keywords
Circus aeruginosus, dispersal, range expansion, raptors, spatial eigenvector
mapping, species distribution model.
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INTRODUCTION
Individuals usually show non-random, aggregated spatial distributions. Species-specific environmental responses or pure
distance effects can be involved in generating these patterns
(Dumbrell et al., 2010). Under deterministic models, species
distribute themselves based on defined niche spaces, and
their probabilities of occurrence are expected to change in
accordance with environmental variables (Austin et al., 1990;
Franklin, 1994; Snyder & Chesson, 2003). In this way, distributions can be patchy at the population level if the environment is spatially autocorrelated (Legendre, 2003). Climate
has often been proposed as the main range-limiting factor
within environmental variables, especially at large spatial
scales (Huntley et al., 2007). Non-climatic environmental
factors such as topography, land use or soil types are thought
to increase in importance at increasingly finer scales (Mackey
& Lindenmayer, 2001; Pearson & Dawson, 2003; Anad
on
et al., 2006). Nevertheless, distribution patchiness may also
arise as a result of pure spatial constraints such as dispersal
limitations (e.g. physical geographical barriers or time-limited expansions from place of origin; Moore et al., 2008;
Blach-Overgaard et al., 2010). Species can be present and
persist at particular locations not because of a better habitat
quality, but because individuals mostly recruit near their
natal areas or close to conspecifics, regardless of the specific
environmental characteristics of these locations (Serrano
et al., 2004; Pinto & MacDougall, 2010).
Understanding the relative roles of environmental factors
and pure spatial constraints as determinants of the geographical distribution of species holds ecological and theoretical
interest (Austin, 2007; Dumbrell et al., 2010) but also
applied relevance. Spatial constraints can limit the abilities of
a species to cope with global environmental changes, either
in their resilience to reductions in available suitable conditions (particularly when these involve habitat fragmentation)
or in their capacity for profiting from habitat expansions
(Moore et al., 2008; Martınez-Morales et al., 2010). Environmental change is a natural phenomenon, but the rate and
magnitude of such changes have significantly increased in
recent decades due to anthropogenic causes (Donald et al.,
2001; Carrete et al., 2009). Thus, a better understanding of
the importance of pure spatial factors as predictors of species
distributions is needed for robust conservation planning, as
these pure spatial range constraints may indicate the extent
to which a given species will be able to track these rapid
environmental changes.
Species distribution models (SDMs) have provided a popular analytical framework for predicting species distributions
and are applied across a range of biogeographical scales
(Guisan & Thuiller, 2005). SDMs represent an empirical
method to draw statistical inferences about the drivers of
species’ ranges under different conservation, ecological and
evolutionary processes (Zimmermann et al., 2010). However,
although empirical evidence indicates that patterns of species
distribution are often constrained by pure spatial limitations
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(Pinto & MacDougall, 2010), most SDMs assume equilibrium between species distribution and the environment,
ignoring its potential consequences (Guisan & Thuiller,
2005). Furthermore, although for mobile organisms seasonal
variation in ecological requirements and factors limiting their
ability to move to distant areas may occur (Lauzon-Guay &
Scheibling, 2007; Cortes-Avizanda et al., 2011), intra-annual
variations in the relative importance of environmental characteristics and spatial constraints on species distributions
have been seldom studied (Woinarski et al., 1992; SardaPalomera et al., 2012).
Here, we evaluate whether pure spatial predictors, environmental constraints (both climatic and habitat) or combinations of both factors can play an important role in
limiting the large-scale distribution of highly mobile species
using the large-scale distribution of a long-lived migratory
raptor species, the marsh harrier Circus aeruginosus, in Spain,
as a model. We did so by implementing SDMs constructed
with environmental variables and by excluding or incorporating spatial constraint variables obtained by eigenvector
mapping from the models. The inclusion of spatial constraint
variables in SDMs has recently been shown to effectively
capture non-environmental spatial constraints caused by dispersal-limited, non-equilibrium range dynamics (Griffith &
Peres-Neto, 2006; De Marco et al., 2010). We also assessed
seasonal variations in the relative importance of ecological
requirements and spatial constraints as determinants of species distribution by fitting a separate model for the breeding
and wintering seasons.
MATERIALS AND METHODS
Study model
The marsh harrier Circus aeruginosus is a semi-colonial,
ground-nesting raptor that mainly breeds in wetlands and
hunts in open habitat (Cramp & Simmons, 1994). During
winter, individuals roost communally on the ground. Northern populations are migratory, while populations from the
Mediterranean areas are resident. Main wintering ranges
extend from the north of the Mediterranean Basin to subSaharan Africa (Cramp & Simmons, 1994). The European
marsh harrier population underwent a dramatic population
decline from 1960 to 1980 due to wetland drainage, contamination and direct persecution, but has recovered in recent
decades, during which time the species has undergone a
moderate increase (ca. 10%; Cramp & Simmons, 1994; BirdLife International, 2004). This positive tendency also occurs
at smaller scales, where some populations such as that in
Spain (Molina & Martınez, 2008) have doubled its breeding
numbers during the last decades, increasing from 481–552
breeding pairs in 1990 to 1149–1494 in 2006. At least part of
this increase may represent population recovery following
reductions in organochlorine use and direct persecution in
recent decades (Newton, 2004), and moreover, the species
has benefitted from anthropogenic changes in habitat
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composition related to agriculture (Cardador et al., 2011). In
contrast to breeding numbers, the area occupied by this
expanding population has remained nearly unchanged, with
around 15% increment in those years (Fig. 1). Little is
known about whether the absence of more sites with suitable
habitat for the species or pure distance effects are limiting
this range expansion. The expanding marsh harrier population thus provides an opportunity to identify some of the
ecological factors involved in limiting range expansions of
highly mobile species, such as raptors, in the current scenario
of global change.
Occurrence data
The study area covered peninsular Spain (493,770 km2).
Occurrence data of marsh harriers during the breeding and
wintering periods were obtained from a national census performed in 2006 (SEO/Birdlife 2006). In this census, marsh
harriers were surveyed by standardized nest searching and
detection of territorial pairs in potential breeding areas during the breeding period, and detection of active roosting sites
(those used by at least one marsh harrier for roosting at
night) during winter (Molina & Martınez, 2008). In total,
1278 nests/territories and 308 active roost sites were detected.
The location of nests/territories and the central coordinates
of roost sites were incorporated into a Geographic Information System (GIS) using a Universal Transverse Mercator
(UTM) grid of 1-km2. Duplicate samples (i.e. two or more
records within the same grid cell) were removed and handled
as single observations. Resulting sample sizes were 837 for
the breeding season and 284 for winter. Given the equivalent
census methodology used in both seasons and the high

Figure 1 Evolution of the breeding population of the marsh
harrier in Spain from 1975 to 2006. Data were compiled from
various sources (revised data from 1975 to 2003: Jubete, 2003;
data on 1990: Martınez et al., 1996; data on 2006: Molina &
Martınez, 2008). Mean, maximum and minimum estimates are
shown. Maps with available historical and actual distributions of
the breeding population are also shown.
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detectability of the species (Molina & Martınez, 2008),
observed differences in number and distribution of breeding
territories and winter roosting sites are not expected to be
related with sampling bias. Nevertheless, to assess the potential influence of sample size differences between periods in
our results, a subsample of 284 locations were randomly
selected from the breeding period dataset to re-analyse our
data (results provided in Table S2 and Fig. S3 and S5 in
Supporting Information).
Environmental predictors
We used four climatic variables commonly used in species
distribution modelling to represent the climatic controls,
namely mean annual temperature (TAN), minimum temperature of the coldest month (TMIN), maximum temperature of
the hottest month (TMAX) and annual precipitation (PAN)
(see Fig. S1 in Supporting Information). These variables were
obtained with a resolution of 180 m from the ‘Atlas
Climatico Digital de la Penınsula Iberica’ (Ninyerola et al.,
2005). After performing an initial correlation analysis, we
eliminated TAN from modelling owing to their high correlation with TMAX and TMIN (Pearson correlation coefficient,
r ≥ 0.78; see Table S1 in Supporting Information).
Habitat variables representing the environmental variability of the area were slope (SLO, as an indicator of landscape
roughness), percentage of aquatic habitat (AQ, as an indicator of the nesting/roosting habitat of the species) and
percentage of open vegetation (VEG, as an indicator of the
foraging habitat). SLO was derived from the WorldClim 1.4
(Hijmans et al., 2005) digital elevation model with a resolution of 1 km, while AQ and VEG were derived from remote
sensing with a resolution of 250 m. AQ was obtained by
pooling two original categories (wetlands and water bodies,
except the subcategory sea and oceans) of the CORINE land
cover 2006 (European Environment Agency, 2007). VEG was
obtained by pooling seven original categories (i.e. arable
land, pastures, natural grasslands, wetlands, moors and
heathlands, scrub with sclerophyllous vegetation and sparsely
vegetated areas) of the CORINE land cover 2006.
All layers were reprojected to the Universal Transverse
Mercator projection (UTM) and resampled to a 1-km2 grid
size using the bilinear resampling technique to match the
spatial resolution of occurrence data. However, previous
information has shown that the pattern of habitat selection
of marsh harriers is highly influenced by habitat characteristics at the scale of home ranges (Cardador et al., 2011).
Thus, we used focal statistics to transform the value of each
variable in the 1 9 1 km cells to the mean value of that variable in a square of 10 9 10 km centred on the 1 9 1 km
cells. We used this focal scale based on empirical data as well
as analysis and results from previous studies (Cardador et al.,
2009; Cardador & Ma~
nosa, 2011). As resulting variables were
highly concordant to original 1 9 1 km variables (Pearson
correlation coefficient range: 0.7–0.98, all P-values < 0.001;
see also Fig. S2 in Supporting Information for comparison
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on model performance), we chose the scale based on the
earlier studies for subsequent analyses. All GIS operations
were conducted in ARCGIS 9.3 (ESRI, Redlands, CA, USA).
Spatial predictors
To account for non-environmental spatial constraints on the
marsh harrier distribution, we used spatial variables obtained
through eigenvector mapping (hereafter called spatial filters;
Griffith & Peres-Neto, 2006; De Marco et al., 2010). This
method assumes that the spatial arrangement of all points of
the study area (i.e. sample locations or, as in our study case,
the regular grid cells of the whole study area) can be translated into a set of predictor variables (for a detailed explanation on computation, see Appendix S1 in Supporting
Information), which capture spatial effects at different spatial
scales (Diniz-Filho & Bini, 2005; Vaclavık et al., 2012). The
inclusion of spatial filters in the models allowed us to
account for the effect of subjacent spatial structures that were
not captured by the environmental factors considered (De
Marco et al., 2010).
Distribution modelling
We built models to estimate the probability of occurrence of
marsh harriers using generalized linear models (GLMs) and
the maximum entropy modelling approach (Maxent, Phillips
et al., 2006; Phillips & Dudık, 2008). GLM is a parametric
statistical approach that generalizes classical linear regression
models, allowing for the modelling of non-normal response
variables (Guisan et al., 2002). We used the logistic variant
(Guisan et al., 2002; Vaclavık et al., 2012) with a backward
stepwise procedure. To calibrate our models, we selected a
random subset of 10,000 pixels from the overall study area,
in which the species is not known to reside, to use as
pseudo-absences (Roura-Pascual et al., 2009). GLMs were
implemented in R software (R Development Core Team,
2011). In contrast, Maxent is a machine-learning method
that uses a mathematical formulation to estimate the probability distribution of a species following the principle of maximum entropy, which assumes that no unfounded
constraints are included in the estimation (Phillips et al.,
2006). Maxent does not require absence data points for the
modelled distribution; instead, the probability distribution is
defined only on species presences (Phillips et al., 2006). For
developing the model, Maxent creates random samples of
background pixels (10,000) from the study area as pseudoabsences. Maxent models were implemented in MAXENT 3.1
software (Phillips et al., 2006). We selected 500 iterations for
model convergence and employed the regularization procedure to prevent overfitting (Phillips & Dudık, 2008).
To address our questions, we followed a hierarchical
approach and ran GLM and Maxent with seven models based
on different combinations of the predictors, namely (1) a climatic model that included single climatic predictors (CLIM);
(2) a habitat model that included single habitat predictors
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(HAB); (3) a spatial model that included single spatial filters
(SPAT); (4) a full environmental model that included all the
climatic and habitat predictors (CLIM + HAB); (5) a climatic
and spatial model that included both climatic predictors and
spatial filters (CLIM + SPAT); (6) a habitat and spatial model
that included both habitat and spatial filters (HAB + SPAT);
and (7) an environment and spatial model that included all
environmental predictors and spatial filters (CLIM + HAB +
SPAT). Both the linear and quadratic response types of the
predictors were tested.
Statistical analysis
Model performance was assessed by dividing the species
occurrence data into random training (70%) and test (30%)
datasets. A given model was calibrated on the training data
and evaluated on the test data using the area under the receiver operating characteristics curve (AUC) as a thresholdindependent assessment measure (Phillips et al., 2006). We
also calculated sensitivity (percentage of correctly classified
presences) and specificity (percentage of correctly classified
pseudo-absences) of each model. For these calculations, we
used the probability value that maximized the sum of sensitivity and specificity as the threshold point (Liu et al., 2005).
AUC and threshold assessment for GLMs were implemented
in R software by the functions ‘somers2’ and ‘optim.thresh’
from the ‘Hmisc’ and ‘SDMTools’ libraries.
Additionally, we used the Bayesian information criterion
(BIC) and sample size-corrected Akaike information criterion
(AICc) as measures of model fit based on the training data,
to check the balance between goodness-of-fit and model
complexity (Akaike, 1974; Burnham & Anderson, 2002).
Functions for calculating AICc and BIC for Maxent are available in ENMTools (Warren et al., 2010). AICc and BIC
analyses for GLMs were implemented in R software.
To reduce uncertainty caused by sampling artefacts, we
conducted 15 replicate models for each predictor set and
modelling technique. We used nonparametric Mann–Whitney U-tests with a Bonferroni correction to assess how model
performance of GLM and Maxent models varied between
predictor sets. Further, we evaluated the independent contribution of individual predictors to model performance using
a jackknife procedure. This procedure entailed the calculation of incremental improvement in performance of a model
with a particular predictor compared with the equivalent
model without that predictor. We also calculated model
performance for each predictor when used in isolation. The
estimated contributions were based on AUC. Model comparisons were performed using SPSS 15.0 (SPSS Inc, Chicago, IL,
USA).
Spatial filters and distance to previously occupied
areas
We tested whether the significant effect of spatial filters on
model performance found for the marsh harrier distribution
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in the breeding period (see Results) could represent dispersal
limitations from previously occupied areas, that is areas
occupied in previous years (De Marco et al., 2010). If so, it
should be expected that filters reduced the probability of
occurrence of marsh harriers in environmentally suitable
areas (i.e. those predicted as presence by our CLIM + HAB
models) most distant from areas occupied in previous years,
while increasing the probability of occurrence in non-suitable
areas (i.e., those predicted as absence by our CLIM + HAB
models) closer to previously occupied areas. We assessed this
hypothesis using published historical distribution data of the
breeding marsh harrier population in peninsular Spain (distribution of probable secure breeding sites from 2003; Jubete,
2003) obtained at a resolution of 100-km2 cells. To perform
these analyses, we first reclassified the continuous logistic
model predictions obtained in our CLIM + HAB and
CLIM + HAB + SPAT models into binary maps (i.e. presence/absence) using the value that maximized the sum of
sensitivity and specificity as a threshold point (Liu et al.,
2005) and resampled them to a 100-km2 grid size using the
majority resampling technique. As results obtained from
GLM and Maxent models were highly in accordance (see
Results), we only used Maxent outputs to conduct these
analyses. Analyses were conducted by using nonparametric
Mann–Whitney U-tests with SPSS 15.0 (SPSS Inc.).
RESULTS
Environmental models
Environmental models in the breeding season
Average values of AUC of climate (CLIM) and habitat
(HAB) models in the breeding season ranged between 0.74
and 0.83, according to GLM and Maxent models, indicating
overall good ability to predict the distribution of the species
in the breeding season (Table 1; for comparison with results
obtained according to a random subsample of the breeding
period dataset, see Table S2 in Supporting Information).
Among climate variables, mean annual precipitation showed
the highest model performance when used in isolation, followed by minimum temperature of the coldest month
(Fig. 2a). Annual precipitation also decreased the AUC the
most when it was omitted from the CLIM model. This suggests that this variable shows the largest unique contribution
among the studied climate variables (Fig. 2b). Probability of
occurrence increased in areas with lower annual precipitation
and intermediate minimum temperatures (Fig. 3). Among
habitat variables, slope and percentage of open vegetation
showed both the highest univariate explanatory power and
the highest independent contribution to the HAB model
(Fig. 2a,c). Higher probability of occurrence appeared in
areas with flat terrains (lower slopes) and high percentages
of open vegetation (Fig. 3).
The complete environmental model (CLIM + HAB) performed better than models including only climatic or habitat
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variables according to AUC, AICc and BIC values of both
GLM and Maxent models (but see some different results
according to specificity and sensitivity values, Table 1). However, total unique contribution of habitat variables to these
models was higher than that of climatic variables (Table 1,
Fig. 2d).
Environmental models in winter
Similar to the breeding season, averaged values of AUC of
climate and habitat models ranged between 0.74 and 0.81 in
winter, according to GLM and Maxent models (Table 1),
indicating overall good ability to predict the distribution of
the species during this period. Among climate variables,
mean annual precipitation showed both the highest model
performance when used in isolation and the highest independent contribution to the CLIM model, followed by minimum
temperature of the coldest month (Fig. 4a,b). Probability of
occurrence increased in areas with lower annual precipitation
and higher minimum temperatures (Fig. 3). Among habitat
variables, slope followed by the percentage of aquatic vegetation had both the highest model performance when used in
isolation and the highest independent contribution in the
HAB model during this period (Fig. 4a,c). Probability of
occurrence increased in areas with flat terrains (lower
slopes), intermediate percentages of aquatic vegetation and
high percentages of open habitat (Fig. 3).
The complete environmental model (CLIM + HAB) performed better than models including only climatic variables
(for all measures of model accuracy and model fit, except
sensitivity of Maxent models, Table 1). In contrast, additional effects of climatic variables on the habitat model were
very small and statistically significant only according to AICc
of both Maxent and GLMs and specificity of Maxent
(Table 1, Fig. 2d).
Spatial filters
In total, 17 filters were selected for the breeding season
(Fig. 5a; see results obtained according to a random subsample of the breeding period dataset in Fig. S3 in Supporting
Information) and 19 for the wintering season (Fig. 5b) to
describe spatial variability in marsh harrier occurrence data.
The spatial complexity and variable shape of correlograms
showed how selected filters reflected different spatial structures at different spatial scales (see Fig. S4 in Supporting
Information for the map pattern of selected filters). Overall,
filters selected for the breeding season had higher eigenvalues
than those for the wintering season, meaning that aggregation patterns of the species in the breeding season occur at
broader spatial scales than in winter (for more detailed
explanation on selected filters see Appendix S1 in Supporting
Information).
Averaged AUC values for single spatial models in the
breeding and wintering season ranged between 0.80 and 0.86
(Table 1). None of the filters had a substantially greater
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Table 1 Differences in model performance based on different sets of predictors for the breeding and wintering periods using different measures of predictivity and model fit (AUC, AICc,
BIC, sensitivity and specificity) and modelling techniques (GLM and Maxent). Note that for each set of predictors and season, 15 replicate models with different subsets of total data were
conducted. The mean  SD of the 15 replicate models conducted for each predictor set are shown. Comparisons are based on Mann–Whitney U-test.
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(a)

(b)

(c)

(d)

(e)

Figure 2 Performance of environmental
and climate variables in univariate
models (a) and independent contribution
(b–h) of individual predictors to
multivariate models using different
combinations of predictor variables in
the breeding season. Mean predictor
contributions and their standard
deviations are calculated based on 15
replicate runs. The model contributions
are based on AUC values from Maxent.

(f)

(g)

(h)

Figure 3 Partial response curves
illustrating the relationships between
probability of occurrence of marsh
harriers and our set of environmental
predictors in the CLIM and HAB models
for the breeding season and winter.
These curves show how the shape of the
response changes for a particular
predictor while all other predictors are
held at their mean sample value. Mean
response curve of the 15 replicate
Maxent runs (black) and standard
deviation (grey) are shown.

independent contribution to model performance (Figs 2e &
4e), and most of the model performance was related to their
joint contributions.
Spatial and environmental models
Spatial filters and environmental models in the breeding season
Environmental variables (i.e. climate and habitat variables) and
spatial filters were both important predictors of marsh harrier
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distribution during the breeding period. The CLIM + SPAT
and HAB + SPAT models performed better than single CLIM
and HAB models, respectively (for all measures of AUC, AICc,
BIC and specificity of both GLM and Maxent models, but see
some non-significant differences according to sensitivity values,
Table 1; for comparison with results obtained according to a
random subsample of the breeding period dataset, see Table S2
in Supporting Information). Filters independently contributed
12–15% to the CLIM + SPAT model according to AUC of
Maxent and GLMs (i.e. they decreased 12–15% AUC when
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(a)

Figure 4 Performance of environmental
and climate variables in univariate
models (a) and independent contribution
(b–h) of individual predictors to
multivariate models using different
combinations of predictor variables in
winter. Mean predictor contributions and
their standard deviations are calculated
based on 15 replicate runs. The model
contributions are based on AUC values
from Maxent.

(b)

Figure 5 Spatial correlograms of spatial filters selected for the breeding (a) and winter (b) distribution of marsh harriers in peninsular
Spain. Correlograms were defined by Moran’s I coefficients in 10 distance classes, indicating links among points of the study area
successively separated by 100 km. Filters for the breeding season are F1, F4, F6, F7, F9, F11, F12, F20, F25, F30, F36, F37, F42, F44, F48,
F49, F57. Filters for the winter season are F4, F11, F12, F20, F29, F30, F34, F36, F40, F42, F50, F55, F60, F69, F80, F120, F332, F340,
F431; an increased number in the name of the filters indicates subsequently lower eigenvalues.

omitted, Table 1). Filters independently contributed 8% to the
HAB + SPAT model according to AUC of both GLM and Maxent. None of the filters had substantially greater independent
contribution than the other filters to these models (Fig. 2f,g).
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The CLIM + HAB + SPAT model also showed superior performance compared to the CLIM + HAB model (for all measures of AUC, AICc, BIC and specificity of both GLM and
Maxent models, Table 1). However, non-significant differences
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(a)

(b)

Figure 6 Observed and averaged predicted distributions of the marsh harrier in Spain in the breeding (a) and wintering (b) periods.
Predicted distributions are based on Maxent models using different sets of predictors: climate (CLIM model), climate and habitat predictors
(CLIM + HAB model) or climate plus habitat and spatial filters (CLIM + HAB + SPAT model). Note that models developed for each set of
predictors were calibrated using 15 different randomly selected subsamples of total data (averaged predictions are shown).

were found according to sensitivity values, meaning that
increases in model performance were mainly due to the reduction in estimated probabilities of occurrence in areas where the
species was not detected. Filters independently contributed
5–6% to this model according to AUC of GLM and Maxent,
with none of the filters having substantially greater independent
contribution than the other filters (Fig. 2h).
When compared to the previous distribution of the species, we observed that the inclusion of spatial filters in models decreased the probability of occurrence of the species in
areas predicted as suitable by the CLIM + HAB model that
were further away from previously occupied localities. In
contrast, filters increased the probability of occurrence of the
species in unsuitable areas close to its previous distribution
(Figs 6–8; see mapped predicted distributions according to a
random subsample of the breeding period dataset in Fig. S5
in Supporting Information).
Spatial filters and environmental models in winter
Inclusion of spatial filters also improved model performance
of single climatic and habitat models in winter according to
AUC, AICc, BIC and specificity of both GLM and Maxent
models (but see some different results according to sensitivity values, Table 1). Filters independently contributed 13%
to CLIM + SPAT according to AUC of both GLM and Maxent. Filters independently contributed 5% to HAB + SPAT
according to AUC of both GLM and Maxent.
Contrary to the breeding season, spatial filters seemed to
have a negligible impact on marsh harrier distribution in
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Figure 7 Predicted presence/absence of marsh harriers in
peninsular Spain in 2006 during the breeding season based on
Maxent models using different sets of predictors: climatic and
habitat predictors (CLIM + HAB model) or climate and habitat
plus spatial filters (CLIM + HAB + SPAT model). Presence of
the species in 10 9 10 km UTM cells during the period 1985–
2002 (Jubete. 2003) is shown.

winter when combined with both climatic and environmental
predictors. AUC, sensitivity, specificity and BIC values supported models without spatial filters during this period
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Figure 8 Differences in distance to previously occupied localities between environmentally suitable UTM 10 9 10 km cells predicted as
absences or presences by CLIM + HAB + SPAT model (Mann–Whitney U-test, U = 165,394, n = 1903, P < 0.001) and environmentally
unsuitable UTM 10 9 10 km cells predicted as presences or absences by these models (CLIM + HAB + SPAT model), (U = 126,755,
n = 3258, P < 0.001). Environmental suitability was based on presences predicted by Maxent models run with environmental predictors
alone (CLIM + HAB model). Mean  95% IC is given.

(Table 1). Only according to AICc values did models including filters perform significantly better than the CLIM + HAB
model (Table 1).
DISCUSSION
When modelling spatial distribution of species, it is often
assumed that species are in equilibrium with the environment (Guisan & Thuiller, 2005). The establishment of individuals in the most suitable areas in terms of climate and
habitat heterogeneity is particularly expected for highly
mobile species, such as raptors, which are expected to track
the geographical position of their environmental envelope
over long distances (Guisan & Thuiller, 2005; Mateo-Tomas
& Olea, 2010). Indeed, the potential effect of spatial constraints and their intra-annual variations when modelling the
distribution of these species at medium and large scales has
been seldom studied (Carrete et al., 2007; Mateo-Tomas &
Olea, 2010). By analysing unique survey data of an expanding population of marsh harriers in peninsular Spain, we
found evidence that distribution of at least some highly
mobile species can be spatially constrained beyond environmental variables at large scales and that the relative importance of spatial constraints can vary between periods of the
annual cycle.
The spatial distribution of marsh harriers across peninsular Spain was largely explained by environmental variables
(climate and habitat) during both the breeding and the
wintering seasons. Among these variables, habitat variables
independently contributed more to environmental models
(CLIM + HAB model) than climate, showing that the
explanatory power of habitat variables might be important at
broad scales (Luoto et al., 2007). Although the good fit of a
model does not necessarily imply correct inference of causation (James & McCulloch, 1990), our explanatory models
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suggest that the most suitable areas for this species, in both
the breeding and wintering seasons, are flat terrains (lower
slopes) with high percentages of open vegetation, which is
consistent with the previously described dependence of the
species on these habitats (Cramp & Simmons, 1994). Surface
of aquatic vegetation also seems to be important for the
species, particularly during winter, probably because the
presence of aquatic areas is important to allow marsh harriers to roost communally during this season (Cramp & Simmons, 1994). Unlike in other regions in Europe (Bibby &
Lunn, 1982; Virkkala et al., 2005), marsh harriers often breed
solitarily and occupy very small aquatic areas in the study
area during the breeding season, some of them are undetectable at the spatial resolution of our analyses (Cardador et al.,
2011), or even breed in non-aquatic habitats, such as cereal
fields (Molina & Martınez, 2008).
Contrary to the equilibrium postulate (i.e. the species are
in equilibrium with the environment, Guisan & Thuiller,
2005), the inclusion of spatial filters (Diniz-Filho & Bini,
2005; De Marco et al., 2010) in our models provides evidence that marsh harrier distribution is spatially constrained beyond environmental variables during the
breeding season at broad spatial scales. The significant effect
of spatial filters during this season seems consistent with
the idea of a limited dispersal from areas occupied in previous years as, in general, they reduced the probability of
occurrence of the species in distant but otherwise suitable
areas (i.e. those predicted by the environmental model).
Limited dispersal from source areas could be related to the
high philopatry and short natal dispersal distances described
for the species (around 1–2 km, in a sedentary population
of marsh harriers in France, Sternalski et al., 2008), perhaps
associated with social factors, such as conspecific attraction,
which are known to affect colonial species (Serrano et al.,
2004).
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Aggregation patterns of roosting locations of the marsh
harrier in winter occurred at finer scales than that of breeding
locations and seem to be mainly explained by environmental
variables. Indeed, contrary to the breeding season, spatial filters seemed to have a negligible impact on marsh harrier distribution in winter when combined with both climatic and
environmental predictors. It should be noted that all AUC,
sensitivity, specificity and BIC values support models without
spatial filters during this period, and the reduction in AICc
values in the set of models that included spatial filters could
be a consequence of the known tendency of this criterion to
select more complex models when sample sizes are large
(Burnham & Anderson, 2004). Negligible effects of spatial
constraints in this season may be related to the arrival of
migrant birds from central and northern Europe during winter, joining the local resident population (Molina & Martınez,
2008). Migrants can move great distances (Strandberg et al.,
2008) and may be able to reach suitable patches where breeders from local populations, which show high site fidelity
throughout the year (Cardador et al., 2009), are not present.
This could be the case, for example, in suitable areas of eastern peninsular Spain (one of the most overpredicted areas by
the CLIM + HAB model during the breeding season), which
holds large populations of marsh harriers during winter. At
these roost sites, at least some individuals are of a European
breeding origin, based on ring recoveries (Molina & Martınez,
2008). In fact, migration routes described for northern populations covered the eastern (i.e. Mediterranean) region of
peninsular Spain, ensuring accessibility of migrant birds to
these areas (Strandberg et al., 2008). On the other hand, censuses at roost sites during winter may also allow us to detect
non-breeder dispersers from local populations, which may
move long distances and have a different geographical distribution with respect to the breeding population, as in other
birds of prey (Real & Ma~
nosa, 2001). More specific studies
on ranging behaviour of resident and migrant populations
throughout the year are necessary to determine whether and
to what extent spatial filters may be reflecting actual differences in spatial distribution between local and migrant birds
and/or temporal movements of individuals from the local
population.
Understanding the factors that limit current distributions
of species and populations is crucially important in building
effective management and conservation strategies. Our
results show that environmental preferences may not necessarily result in complete habitat matching if species are constrained by dispersal limitation (e.g. Blach-Overgaard et al.,
2010; Pinto & MacDougall, 2010). Raptors are long-lived
species that may move over large areas for several years
before entering the breeding population (Newton, 1979). At
that time, that is when settling for reproduction, individuals
must optimize their fitness by increasing their foraging,
mating, breeding and survival prospects. Settling near natal
areas or close to conspecifics minimizes the costs of gaining
appropriate knowledge of breeding sites and foraging areas
while increasing mating opportunities (Arroyo et al., 2001;
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Serrano et al., 2005). This could be occurring with marsh
harriers in peninsular Spain, a demographic mechanism that
impedes or delays the colonization of empty suitable
patches located at great distances from previously occupied
areas (Cardador et al., 2012). We also propose that the
effect of spatial constraints, at least in some bird species,
might vary depending on the period of their annual cycle,
especially in migratory species. Thus, large-scale conservation programmes should consider how events throughout
the annual cycle interact to shape current species distributions.
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