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Abstract

Aim

Whilst the contribution of abiotic factors to species distribution is well known the
geographic structure, if any, of biotic interactions within the species range is poorly
understood. Most studies neglect biotic interactions when projecting Species
Distribution Models (SDM) toward future climatic scenarios, while others argue that
biotic interactions may attenuate suboptimal abiotic conditions. Elucidating to which
extent biotic interactions play a role at a macro-scale is challenging, although it is
necessary to assess to which extent SDMs that include only abiotic factors are as useful
as previously claimed. In this study, firstly we characterized the independent
contribution of prey abundances on the Merlin’s wintering distribution (Falco
columbarius). Then, to examine the hypothesis that biotic interactions may attenuate
other suboptimal conditions, we tested for a differential importance of physical habitat
characteristics and prey abundances along the species’ wintering range.

Location

Peninsular Spain

Methods

We modelled the Merlin's geographic distribution with Boosted Classification Trees as
a function of environmental predictors (environmental model) and prey relative
abundances (prey model), either separately or jointly (combined model). We tested
whether the predictive success of environmental and prey models differ spatially.
Results

Partialling out the explained variation into independent components we found that the
prey abundance distributions explained the largest part of variation. Furthermore, the

four first predictors of highest contribution in combined models were the abundances of



45

46

47

48

49

50

51

52

53

54

55

56
57

58

prey species. Finally, our model predictions revealed a North-to-South increase in the
importance of prey abundance distributions. Interestingly, our results suggest that biotic
interactions can attenuate suboptimal habitat conditions in the Southern limit of the
species distribution in Europe.

Main conclusions

Relevant biotic interactions may not be always fully interchangeable with
environmental surrogates. Abiotic factors and biotic interactions may shape species
range limits and cores of distributions differently. Neglecting biotic interactions may
compromise spatiotemporal transferability of SDMs, especially on species margins, and

hence their applicability.

Keywords: Biogeography, biotic interactions, Eltonian niches, Grinellian niches,
macroecology, model transferability, Merlin, niche modelling.
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Introduction

There is an ongoing debate on whether the influence of biotic interactions on species
distributions is detectable at a macro-scale (Pearson & Dawson, 2003; Soberén &
Nakamura, 2009; Wisz et al., 2013; Aragon & Sanchez-Fernandez, 2013; Gutiérrez et
al., 2014; Thuiller et al., 2015; Louthan et al., 2015). This question is not trivial on the
grounds of niche theory and its potential applications because it might compromise the
transferability of Species Distribution Models (SDM) in space (e.g. in the context of
invasive species) and time (e.g. in the context of climate change; Godsoe et al., 2015).
However, the number of examples showing the role of biotic interactions at regional,
continental and global scales is accumulating (reviewed in Wisz et al., 2013). The few
studies revealing a signal of biotic interactions at a macro-scale encompasses mutualism
(Afkhami et al., 2014), competition (Gotelli et al., 2010; Laiolo, 2012), parasitism
(Giannini et al., 2013; Morelli et al., 2015), and predation (Aragéon & Sanchez-
Fernandez, 2013; Kosicki et al., 2016). The extent to which these patterns are general is
an open question. Other empirical and theoretical studies revealed that despite the fact
that biotic interactions are stronger at fine grains, they can remain important even at
coarse grains, and that this cross-scale permanence may depend on the interaction type
(Araujo & Rozenfeld, 2014; Belmaker et al., 2015).

In the last decade there has been an exponential increase in the use of SDM to
predict distributional changes in the face of global change, with no in depth
consideration on the potential importance of biotic interactions. Studies aiming to
characterize the Eltonian species niches (those based on biotic interactions and
resource-consumer dynamics; Elton, 1927) are scarce in comparison with the
exponential increase of SDM characterising the Grinnellian species niches (based non-

interactive scenopoetic variables; Grinnell 1917). Ideally, SDM should aim to compare
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the Eltonian and the Grinnellian species niches, or isolate the interaction under study
from all other aspects of the niche, in order to assess independent their contributions.
However, the strong bias toward the characterization of the Grinnellian species niches
using SDM (Soberdn, 2007) has so far precluded even any type of meta-analyses.
While we know that many abiotic factors are often distributed in form of
gradients there is a general lack of information on the spatial structure of the intensity
and effects of biotic interactions (Soberén and Nackamura 2009). For instance, in a
review on the importance of biotic interactions on range limits Louthan et al. (2015)
argued that predictions on species range limits should be improved by information on
where biotic interactions are meaningful. In this context, it has been argued that biotic
interactions in plants may attenuate suboptimal environmental conditions (Callaway et
al., 2002; He et al. 2013). A signal of a given type of biotic interaction at macro scale is
harder to detect than the influence of abiotic factors. This is because of the
comparatively deficient information on biotic interactions, their inherent complexity,
and the intercorrelation among abiotic and biotic factors (Wisz et al., 2013). The
correlative nature of SDM hinders the discrimination of truly biologically relevant
factors from other surrogates. Thus, approaches devoted to disentangle between hidden
environmental influences potentially carried by the species data included in models and
true influences of biotic interactions are needed. While the variance-partitioning
approach has been successfully applied for SDM to face this issue (e.g. Aragon et al.,
2010), its application to disentangling the independent contribution of biotic interactions
is very scarce (Meier et al., 2010; de Aratjo et al., 2014). Thus, an effort directed to
studies on the spatial structure of the Eltonian niche are urgently needed to gain more
depth on the theoretical picture, and are critical to predict the consequences of global

change (Soberén & Nakamura, 2009; Louthan et al., 2015).
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For this study we modelled the distribution of a bird of prey as a function of
environmental predictors (environmental model) and prey relative abundances (prey
model), either separately or jointly (combined model), analysing the winter occurrence
of the Merlin (Falco columbarius) in continental Spain. The Merlin is specialized
mainly in small birds as preys, which are hunted in open country in low horizontal flight
after short-distance surprise attack (Dickson, 1988; Sunyer & Vifuela, 1991, Cramp,
1998; Fernandez-Bellon & Lusby, 2011). This is an ideal species to examine with SDM
the influence of biotic interactions on the focus species distribution, because species
models with relatively low complexity of the biotic interaction under study are
recommended for this purpose (Wisz et al., 2013). Moreover, by modelling the
wintering distribution we isolated the influence of predatory behaviour on the Merlin's
distribution from the spatial noise potentially arising from the influence of the habitat
selection during the breeding season, when birds are restricted to nest location. Thus,
the spatial complexity of the wintering distribution is reduced to abiotic and biotic
factors related to other requirements different from the breeding behaviour. Three
connected specific objectives were pursued: 1) Testing the independent influence of
prey abundances on the Merlin's distribution by means of the predictor relative
contribution and a variation partitioning approach, 2) testing for the existence of spatial
structure of the influence of prey abundances within the Merlin's distribution, and 3)
testing the hypothesis that biotic interactions may attenuate other suboptimal conditions
in an animal species, with the specific prediction that the presence of Merlin in areas of

lower habitat suitability may be compensated by higher abundances of the main prey.
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Methods

Bird occurrence/abundance and environmental data

Field data on Merlin occurrence and relative abundance of potential prey bird species
was obtained from the national-scale project conducted by SEO/BirdLife for the first
Spanish Atlas of Wintering Birds (SEO/BirdLife, 2012). The original sample size of
UTM cells sampled was reduced to 1,689 UTM cells considering they were sampled by
experienced ornithologists with quantitative census programs (J.C. del Moral, SEO,
pers. comm.), and after discarding those with low sampling effort (less than sixty 15-
min line transects per 100 km” in the three winters) and low land surface in peninsular
Spain (< 50 km?; e.g. coastal cells or those sharing the border with France or Portugal).
This sampling design and the threshold of minimum sampling effort per each UTM cell
was identified applying species accumulation curves from data gathered in a previous
pilot study devoted to optimize the number of species detected (see Palomino et al. 2007
and pages 16-30 in SEO/BirdLife 2012, for more details on methods of the Spanish
Winter Bird Atlas). The relative abundance of each species at 1,689 UTM 10x10 km?
cells was calculated as the frequency of occurrence in sixty 15-min transects sampled
throughout three consecutive winters. We selected 26 bird species for the analyses,
considering their inclusion in the studies of the winter diet of the Merlin (Dickson,
1988; Sunyer & Vifiuela, 1991; Cramp, 1998; Handrinos & Akriotis, 1997; Fernandez-
Bellon & Lusby, 2011), and their presence in Spain during winter (see Table S1 in the
Appendix). Merlin occurrences in sixty 15-min transects, when present, range from 1 to
6 transects (mean + sd = 1.4740.94, interquartile range = 1-2 transects, n =311
occurrences in UTM cells, see Figure 1 for Merlin distribution in peninsular Spain).
Most of the wintering individuals in the Iberian Peninsula come from Scandinavia

(Sunyer & Vinuela, 1990; Cramp, 1998).
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The following environmental variables were considered for modelling the
Merlin distribution: mean altitude, altitudinal range, minimum distance to the sea coast,
average winter minimum temperature and winter precipitation, cover of special
protection areas (for the conservation of wild birds designed by the European Union
Directive), landscape diversity, and the cover of 13 landscape use categories. These
landscape categories were deciduous, coniferous, sclerophyllous and mixed forests,
open juniper trees woodlands, shrublands, parklands (dehesas, ash groves, olive tree
plantations, etc), treeless agricultural mosaics, cereal crops, pasturelands, inner waters
(lagoons, lakes, reservoirs), rocky areas and urban areas. Climate variables were
provided by the Meteorological Spanish agency (www.aemet.es) and calculated as the
daily averages during the period of study of the Bird Spanish Atlas (mid-November to
mid-February 2007-2010). Land cover variables were obtained from the Inventario
Nacional Forestal I11, 2007-2008, Spanish Ministerio de Medio Ambiente. These
environmental variables were included in the environmental model as they were
previously shown to have an important contribution explaining the merlins distribution
(Cramp, 1998; SEO/Birdlife 2012) or bird species, including raptor species (Aragon et

al., 2010; Sara 2014; Carrascal et al., 2015).

Analysis of Merlin occurrence and variation partitioning

Boosted Classification Trees (BCT) were employed to assess the probability of
occurrence from presence/absence data of the Merlin in the sample of 1,689 UTM cells
using three different subsets of predictor variables. Merlin relative abundance data was
not directly used to model the merlin distribution considering that there were only 101
out of 1689 UTM cells where the merlin was present in two or more 15-min transects

(13 of them with four or more transects out of 60). Thus, relative abundance of the
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Merlin did not follow a Poisson distribution and was highly indicative of the mere
occurrence of the species. Therefore, our study case is an interesting opportunity to
examine the extent to which the more commonly used presence/absence distribution
models are useful to detect a macroecological signal of biotic interactions. BCT
algorithm builds a number of regression trees (typically hundreds) in a stagewise
fashion on randomly selected subsets of data and combines them to improve predictive
performance (see for details: De’Ath, 2007; Elith et al., 2008). We used a 20-fold cross-
validation procedure in order to test the accuracy of predictions of BCT models. The
discrimination ability of BCT models to predict the species distribution was examined
through the area under the curve (AUC) of the receiver operating characteristic (ROC),
both for the whole sample and for the 20-fold cross-validation process. We also
estimated the probability value of occurrence derived from BCT models that minimized
the difference between sensitivity and specificity and compared with the prevalence of
Merlin as the threshold to transform the continuous BCT output into categorical
presence/absence data (Jiménez-Valverde & Lobo, 2007). Boosted classification trees
were carried out under R version 3.1.2 (R Core Team, 2014), using the packages gbm
(Ridgeway, 2015; Elith & Leathwick, 2016), dismo (Hijmans et al., 2016) and ROCR
(Sing et al., 2015). The tree complexity was fixed to 7, the learning rate to 0.001 and the
bag fraction to 75%. The use of these criteria and the 20-fold cross-validation to build
the models protect their results from model overfitting.

First, we built BCT models using 20 environmental variables (hereafter full
ENV model) and 26 potential prey species (hereafter full PREY model). The potential
prey species model can be understood as a joint species distribution or community-level
model. As these two full models differ in the number of predictors, and it is expectable

that model explanatory capacity is directly related to the number of predictors, models
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need to be previously balanced by the same number of predictors to obtain a robust
decomposition of explanatory capacity into independent and shared components. Thus,
we reduced the models using 20-fold cross-validations by means of the gbm.simplify
command of the dismo package. This simplification procedure proceeds by removing
the lowest contributing predictor in each cross-validation process, and testing after the
removal of each predictor if the change in predictive deviance, relative to that obtained
when using all predictors, is significant. The original full ENV and PREY models could
be simplified up to 15 predictors without losing any appreciable amount of information
(hereafter reduced ENV and PREY models, respectively; see Table S1 in the
Appendix). To verify that a variation partitioning is justified, we assessed the degree of
association between the predicted probabilities of occurrence by reduced ENV and
PREY models. Finally, we built an “environmental plus prey species” BCT model using
the 15 environmental predictors and 15 prey species selected by the model
simplification procedure (hereafter combined model). Then, we used these models
(reduced models and combined model) to decompose the explanatory capacity of
environmental factors and prey abundances into independent and shared components
trough variation partitioning (Legendre & Legendre, 1998). While the shared
component corresponds to the part of the variation that cannot be discerned between
predator-prey interactions and other environmental factors, the independent components
reflect parts of the variation that are not interchangeable between them. This procedure
has been widely used for a variety of ecological questions to disentangle independent
components when variables are inter-correlated (e.g. Aragon et al., 2010; Aubad et al.,

2010; Aragon & Fitze, 2014; Sara 2014).
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Testing for spatial divergences of predictive success between models

We examined whether the predictive success of the reduced ENV and PREY models
differed geographically (i.e. across our UTM-grid cell system). For this purpose we
mapped the Merlin’s Spanish distribution, and reflected for each UTM cell one of three
categorical possibilities: 1) cells where both models successfully predicted Merlin
occurrences, 2) those where the PREY model successfully predicted Merlin occurrences
but the ENV model failed, and 3) where the ENV model successfully predicted Merlin
presences but the PREY model failed. Then, we analyzed, by means of t-student tests,
the geographical discrepancy between both models (possibilities 2 and 3) through the
latitude and longitude as explanatory variables. That is, we compared the average
latitude and longitude of possibility 2 and 3. Regarding the success of models to predict
the merlin absences in UTM cells, testing for spatial divergences between models was
not necessary because the success was so high for both models (see results) that they

unavoidably converged in their geographical pattern.

Testing the hypothesis that biotic interactions may attenuate other suboptimal
conditions

We examined the potential processes underlying the above-mentioned spatial
divergences of predictive success between the two types of models. We performed one-
way ANOVAs to test for differences in the most influential variables among the above-
mentioned three categories of predictive success regarding the type of model used (i.e.
both models converged, or only the PREY model succeeded, or only the ENV model
succeeded). Most influential variables were those with relative importance > 5% in
combined models (Table 1), which were by order of importance: the abundance of four

prey species (Melanocorypha calandra, Alauda arvensis, Carduelis cannabina and
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Petronia petronia), altitudinal range and coverage of cereal crops. We synthesized the
first four variables in one by summing the prey species abundances within each UTM
cell. To overcome deviations from homoscedasticity in residuals, significance was

adjusted by a heteroscedasticity-corrected coefficient covariance matrix (Zeileis, 2004).

Results

Separated models for environmental and prey species predictors

The Boosted Classification Trees (BCT) models built with the whole subsets of
environmental variables (20) and prey species (26) show high rates of classification
success according to AUC values (both for the training and the test samples; see Table
S1 in the Appendix). The probability of occurrence threshold that minimizes the
difference between sensitivity (proportion of presences correctly predicted) and
specificity (proportion of absences correctly predicted) of models is 0.20 (actual
prevalence is 0.18), with figures of ca. 80% of correct classification for both the
presence and the absences of the Merlin. The results obtained are very similar after
repeating the analyses with a reduced subset of identical number of 15 best predictors
for environmental and prey species models, with a negligible change in models
performance (see AUC, threshold and sensitivity-specificity for comparisons in
Appendix, Table S1).

For the prey species model, the species with higher contributions to explain the
occurrence of the Merlin are, in order of importance, Melanocorypha calandra, Alauda
arvensis, Carduelis cannabina, Petronia petronia, Sturnus unicolor and Motacilla alba
(accounting for the 63% of the contribution to explain the Merlin's distribution). The
most important environmental predictors contributing to explaining the occurrence of

merlins in the continental Spain are the cover of cereal croplands and treeless
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agricultural mosaics, the average altitude, altitudinal range and minimum distance of the
UTM 10x10 km cells to the sea coast, and the winter precipitation; these seven variables
make up 72% of the total contribution of predictors (see the relative contribution of
variables in Appendix, Table S1). The predicted probabilities of occurrence of the
Merlin derived from these two models are highly correlated (r = 0.79; Figure 2),
although this level of association is mainly attributable to the concentration of a large
amount of values in the lower left corner of the plot at probabilities of occurrence lower
than the observed prevalence of the Merlin (59% of the UTM cells analysed). In fact,
when the probability of occurrence is higher than the prevalence in both model outputs
(25% of the cells) the association between the two probabilities of occurrence decreases
to r=0.52. That is, deviations from this correlation are larger for predicted presences
than for predicted absences. Thus, the environmental and the prey species models
inform of similar, but not identical, patterns of distribution. This fact justifies the
procedures used for variation partitioning into independent and shared components, and

for testing for spatial divergences between models (see the following sections).

Combined model and variation partitioning

The results of the BCT model built with the same number of environmental and prey
species predictors (30) included in the two previous models are presented in Table 1
and Figure 3. The performance of the model is high, according to the AUC value of the
final model (0.928) or that obtained in a 20-fold cross-validation (0.790). The
probability of occurrence threshold that minimizes the difference between the sensitivity
and specificity is 0.211, again very similar to the actual prevalence of the Merlin in the
whole sample. With that threshold, the sensitivity and specificity equal 0.852. Ninety

six percent of the UTM cells predicted with probabilities of occurrence lower than 0.211
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are true absences (i.e., the Merlin was not observed), while of those UTM cells
predicted as “positives” (i.e., the Merlin should be present) the species was detected in
56% of them (i.e., there is space potentially favourable for the Merlin that is not
occupied, or the species was so scarce in those areas that the people involved in the atlas
sampling did not detect the species considering the sampling effort). Before the
variation partitioning, the relative contribution of the 15 environmental predictors add
up to 38.6%, while the contribution of the 15 prey species account for 61.4% of the
importance of the 30 predictors included in the BCT model. Of those predictors with a
relative contribution higher than 3.33%, the prey species most associated with the
distribution of the Merlin are Melanocorypha calandra, Alauda arvensis, Carduelis
cannabina, Petronia petronia and Sturnus unicolor (39% of relative contribution; see
Figure 1 for Merlin distribution and relative abundance of its three main prey species).
The most important environmental predictors were altitudinal range, cover of cereal
croplands, minimum distance from grid-cells to the sea coast, treeless agricultural
mosaics, and the winter precipitation (22% of relative contribution).

The partial influence plots for these ten most influential predictors are shown in
Figure 3. The probability of occurrence of the Merlin rapidly increases with the relative
abundance of four medium-sized prey until it flattens at relative abundances of 20
transects with the presence of the species out of 60 (Melanocorypha calandra,
Carduelis cannabina, Petronia petronia and Sturnus unicolor). Alauda arvensis is the
prey that most contributes to increase the probability of occurrence of the Merlin from
values of relative abundance ranging from 0 to 40, and then drops and stabilize (Figure
3), which might be due to an interaction with other factors. Occurrence of the Merlin is
higher when the altitudinal range of the UTM cells is lower than 350 m, cover of cereal

crops or agricultural mosaics are higher than 80%, winter precipitation is lower than
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150 mm, and in those continental areas of the Iberian Peninsula more distant to the sea
coast (>350 km). The residuals of this BCT model do not show spatial autocorrelation
(see Moran’s | spatial correlogram in Figure S2 for further explanations).

The deviances explained by the PREY and ENV models, and combined were
used to partition the variation attributable to the exclusive and shared effects of
environmental and prey species predictors (models with 15, 15 and 30 predictors). Of
the total amount of deviance explained by the combined model (D?, McFadden pseudo-
R?), 24% is shared covariation between the PREY model and ENV model. Interestingly,
the exclusive contribution of the PREY model is almost twice as that accounted by the

ENV model (11.9% vs. 6.2%, Figure 4).

Testing for spatial divergences of predictive success between models

Figure S shows the predictions of the environmental and prey species models, depicting
the agreement or not of these predictions within the distribution of the Merlin's
occurrences. Put in other words, the agreement between the two types of models (i.e.
both models succeed to predict Merlin’s presence), and the disagreement between the
two models (i.e. those UTM cells where only the ENV model succeed, and those where
only the PREY model succeed). It is remarkable that sites where only the PREY model
successfully predicted Merlin presences (but the ENV model failed) were significantly
located further south (mean+sd=40.9°+1.62, n=20) than those where only the ENV
model successfully predicted Merlin presences (mean+sd=39.3°£2.47, n=28; t=3.082,
p=0.003, Figure 5). Nevertheless, there is no significant pattern regarding the
longitudinal position of these two groups of inconsistencies in the occurrence of the

species (t=0.024, p=0.981).
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Testing the hypothesis that biotic interactions may attenuate other suboptimal
conditions

When comparing the values of the most relevant predictors between UTM cells where
both the PREY and ENV models succeeded predicting the Merlin’s presence and those
cells where only one type of model succeeded, we found that there were significant
differences (cumulative abundance of the four main prey: F; 264 = 121.6, P < 0.0001;
altitudinal range: F; 264 = 10.8, P < 0.0001; coverage of cereal crops: F; 264 = 74.8, P <
0.0001). Those UTM cells where both the PREY and ENV models successfully
predicted the Merlin’s presence showed the highest suitability regarding the most
relevant predictors (highest cumulative abundance of the four main prey, narrower
altitudinal range and larger coverage of cereal crops, Figure 6). Thus, the areas where
both the PREY and ENV succeed are reflecting the optimal part of the niche within the
realized wintering distribution of the Merlin in Spain (Figure 5).

Out of this core and consistent range, where one of the two models failed, we
found reciprocal differences between types of models regarding these variables. Thus,
the cumulative abundance of main prey was higher in UTM cells where only the PREY
model succeeded (mainly in the southern limit, see Figure 5) than in those cells where
only the ENV succeeded (Figure 6a). However, the suitability pattern is reversed when
considering the altitudinal range and proportion of cereal crops. That is, the suitability
was lower in UTM cells where only the PREY model succeeded (wider altitudinal range
and smaller % of cereal crops) than in those cells where only the ENV model succeed

(Figure 6b and c).
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Discussion

In this study we firstly showed the influence of prey abundance in the Spanish
distribution of the Merlin at a macro-scale, then we characterized the spatial structure of
potential predator-prey interactions, and finally we examined whether biotic interactions
can attenuate other sub-optimal conditions. The choice of the study species is crucial to
detect a signal of biotic interactions, and simplified systems are better candidates to
facilitate its detection (Wisz et al., 2013). We doubly fulfilled this premise by choosing
a highly specialized predator, the Merlin, and modelling its wintering distribution, as the
latter is an appropriate scenario to avoid other influences that might even be
counteracting their forces, such as the breeding behaviour, territorial nesting or inter-
annual nest-site tenancy (Cramp, 1998).

Our results show that the wintering contemporary geographic distribution of the
Merlin over a large span of ca. 500,000 km” is shaped by the distributions and relative
abundance of its prey. In general, detecting a signal of biotic interactions at a macro-
scale can be a tremendous challenge because simplified systems in nature are more the
exception that the rule (Louthan et al., 2015), and hence there is an unavoidable bias
toward the use of abiotic predictors. In fact, a common criticism in the literature of
biogeography is that SDM are often too simplistic to encompass the whole complexity
underlying species geographic distributions (Guisan & Thuiller, 2005; Botkin et al.,
2007; Dorman, 2007; Buckley et al., 2010). This is not to say that for other more
complex systems biotic interactions are not shaping the species distributions at a macro-
scale but that they will surely be harder to disentangle in a correlative framework.

Our approach makes several important steps forward for studies of this kind.
First, we develop a variation partitioning procedure, that although commonly used in

macroecological studies (e.g. Aragon et al., 2010), surprisingly it is scarcely applied in
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the context of biotic interactions shaping species distributions (Meier et al., 2010; de
Aragjo et al., 2014; Sara 2014). Second, we show that the predictive capacity of
Eltonian niche models may have different spatial structure than that of the Grinellian
niche models, which may compromise model transferability. Third, our results show
that out of the core range, where only one type of model succeeded, suboptimal
conditions regarding a given feature of the niche can be compensated by not-so-bad
conditions regarding another feature to achieve minimum requirements for the species
presence. Finally, although using our analytical approaches we were able to disentangle
independent influences of biotic interactions and abiotic factors; obviously there will
remain always a part of the variation that cannot be disentangled, because predators and
preys will always share, at least partially, their physical habitats (see Figures 2, 4 and 5).
The balanced total model (i.e. the same number of 15 environmental and 15 prey
predictors), shows that the four predictors of highest importance were prey of the family
Alaudidae, Fringillidae and Passeridac (Melanocorypha calandra, Alauda arvensis,
Carduelis cannabina and Petronia petronia). These bird species are within the main
range of body sizes the Merlin prey, not only in peninsular Spain, but also upon
throughout its entire distribution (18-65 g; Dickson, 1988; Sunyer & Vifiuela, 1991,
Cramp, 1998; Handrinos & Akriotis, 1997; Fernandez-Bellon & Lusby, 2011). Hunting
success of the Merlin during the winter is low in Spain and other wintering areas (9.1-
12.8 %, Page & Whitacre, 1975; Dickinson, 1988; Sunyer & Vinuela, 1991), and hence
large abundance of its prey should be an important force driving the Merlin's wintering
distribution, especially the abundance of those small sized birds which match with the
handling ability of one of the smallest west Paleartic falcons (Cramp, 1998). Moreover,
the above mentioned four prey species and the next two in the ranking (Sturnus unicolor

and Galerida cristata, Table 1) gather in large flocks, which facilitate prey detection,
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attack frequency and hunting success by merlins and other hawks (Lindstrém, 1989;
Cresswell & Quinn, 2011). After these four variables of prey abundances, the following
two predictors of highest relevance are altitudinal range and coverage of cereal crops,
which are negatively and positively associated with Merlin’s presence, respectively.
These habitat predictors in the combined model are also in line with the recorded habitat
preferences of the Merlin for flat open fields throughout its distribution range (Cramp,
1998). The environmental-plus-prey model shows a very high success predicting areas
where the Merlin is absent, suggesting that the absence of the Merlin throughout Spain
is not the consequence of its rarity and low detectability, but has deterministic and
predictable abiotic and biotic determinants. Altogether, the relative contribution of the
15 environmental predictors is nearly one-half (38.6%) that accounted for by the 15
prey species (61.4%) in the BCT model. Thus, the case study of the Merlin wintering in
Spain supports the idea that distribution patterns of species are not only the result of the
interplay with environmental variables, but also the consequence of the interactions
with species themselves mediated through biologically realistic relationships (see also
Aratijo & Luoto, 2007; Wisz et al., 2013; Morelli & Tryjanowski, 2014).

Once the variation explained by models was decomposed into independent and
shared components, we found that the variation independently explained by prey
abundances was two times higher than that attributable to environmental predictors. On
the other hand, the component shared by the habitat and prey models was higher than
that accounted for by their independent contributions (Figure 4). Although this might
not be the rule at finer scales (Meier et al., 2010), it is not an unexpected result at
coarser scales and resolutions. Rather it is the confirmation that the redundancy in
predictor capacities in SDMs always constitutes a challenge to unveil the true

underlying processes (Dorman, 2007; Dorman et al., 2012). A considerable shared
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component is expectable since predators and prey must unavoidably share, at least
partially, their habitat (extensive cereal crops in flat plains in this study). Nevertheless,
there are areas with available habitat of extensive croplands in the Spanish plateaus
where the Merlin was not recorded, and the models predicted a very low probability of
occurrence, due to the scarce abundance of its main prey species (see also Figure 1).
Consequently, despite the considerable amount of shared variation, environmental
predictors are not perfect surrogates of prey abundances and vice versa. In fact, the sum
of the two independent components is also considerable (18.1%). The paucity of
previous studies partialling out information explained by the Eltonian and Grinellian
niches through SDMs is in agreement with our results. For instance, the distribution of
diet sources in the Brazilian cerrado contributed independently to the geographic
distributions of parrots at a macro-scale (de Araujo et al., 2014).

Another important contribution of this study is the detection of the underlying
geographic structure of an aspect of the Merlin's Eltonian niche, the predator-prey
interactions. How biotic interactions differently set different parts of range limits has
long interested biologists from the dawn of Evolutionary Ecology and Biogeography
until today (Darwin, 1859; Grinnell, 1917; Soberén & Nackamura, 2009, Louthan et al.,
2015). Reviews on this issue warn about the need of studies aiming to test whether the
Eltonian niche can show a spatial structure or not (Abrams, 2000; Soberon, 2007;
Loutahn et al., 2015). Soberén and Nackamura (2009) pointed out that abiotic factors
shaping Grinellian niches are commonly structured in the form of gradients whereas the
spatial structure of the Eltonian niches, if any, is very often unknown. Louthan et al.
(2015) revisited a long-standing theory which proposes that abiotic factors set the
northern limits of the species ranges while the biotic interactions set the southern limits,

encouraging further studies aiming to test in which circumstances this pattern is
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supported. Authors also pointed out that this hypothesis should be taken as an operative
conceptual simplification, and that other more complex patterns, such as the found here,
might be unveiled. Our results essentially agree in that different aspects of the niche are
not necessarily concomitant in a geographical space, which also parallels our findings
on the variance partitioning.

We found that both the prey and environmental models agree predicting true
presences successfully in the core of the Spanish wintering distribution (the northern
plateau of the Iberian peninsula, SEO/BirdLife, 2012), while the discordance between
prey and environmental models in the predictive capacity is located at the species range
margins. True presences predicted exclusively by the prey model (i.e. including only
prey abundances as predictors) are more represented in the southern margin of the
Merlin distribution (see Figure 5). Our results also showed that the areas where both
models succeeded can be considered as those constituting the “optimal” species range
since the suitability there is higher according to the most influential predictors: higher
abundance of the main prey, smaller altitudinal range and greater coverage of cereal
crops (Figure 6). A narrow altitudinal range within a given UTM cell in our grid system
is reflecting no substantial altitudinal changes resulting in a relatively flat terrain, which
in turn is suitable for agricultural activity such as cereal farming. These open country
flat areas facilitate Merlin hunting success (Dickson, 1988; Sunyer & Vifiuela, 1991,
Cramp, 1998; Fernandez-Bellon & Lusby, 2011). Regarding the discordance between
model types, the question that arises here is how is possible the permanence of the
Merlin in areas where the ENV model failed (Figure 5), which are those of lowest
suitability for hunting (Figure 6). The most parsimonious explanation is that in those
areas the abundance of main prey should alleviate hunting difficulties. And the opposite

it is also expectable (enhanced habitat suitability in areas of low abundance of prey).
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That is, despite that the abundance of prey is lower this could be counteracted by an
increased hunting success enhanced by the habitat suitability. Out of the optimal range
(where one of the models failed) our results are compatible with this mechanism. In
sites where only the PREY model succeeded the abundance of main prey and the
latitudinal range are higher, and the coverage of cereal crops is lower than in sites where
only the ENV model succeeded. Our results with an animal species is conceptually
analogous to previous research with plants showing that biotic interactions can attenuate

physically stressful conditions (Callaway et al., 2002; He et al. 2013).

Conclusions

The use of niche models in applied ecology usually involves their projections in space
and time. Major limitations that makes model transferability challenging are the overuse
of abiotic predictors in detriment of biotic interactions, the difficulty of establishing true
causal effects due to the correlative nature of niche models, and when the forces that set
species' range limits change in time and space (e.g. Guisan & Thuiller, 2005; Dorman,
2007; Dorman et al., 2012). Despite the limitations of correlative data, our results
strongly suggest that predator-prey interactions show a geographic variation shaping the
probability of occurrence of the predator and setting its southern distribution limit.
Furthermore, our results show that the presence of a predator in less favourable areas
can be plausible because of the attenuation by enhanced predator-prey interactions, and
vice versa. Projections of niche models scarcely ever consider the spatio-temporal
structure of biotic interactions, and hence should avoid overconfidence when

communicating results.
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Table 1. Relative importance of variables in a boosted classification trees model built
with the same number of environmental and prey species predictors (15 for both
subsets). Asterisks denote predictors measured as coverage of UTM cells. For more
details see Table S1.

Predictors Importance (%)
Melanocorypha calandra 13.50
Alauda arvensis 8.10
Carduelis cannabina 6.64
Petronia petronia 6.28
Altitudinal range 5.38
Cereal crops* 5.15
Sturnus unicolor 4.50
Minimum distance to sea coast 4.32
Treeless agricultural mosaics™ 3.82
Winter precipitation 3.64
Galerida cristata 3.25
Saxicola torquata 3.07
Motacilla alba 3.06
Sturnus vulgaris 2.36
Winter minimum temperature 2.35
Anthus pratensis 2.25
Average altitude 2.11
Landscape diversity 2.06
Emberiza calandra 2.02
Area of SPA* 1.87
Fringilla coelebs 1.82
Passer domesticus 1.81
Lagoons, lakes, reservoirs® 1.77
Shrublands* 1.61
Carduelis carduelis 1.47
Coniferous forests™ 1.46
Turdus merula 1.30
Parklands (dehesas, ash groves, etc) 1.14
Urban area* 1.02

Sclerophyllous woodlands* 0.87
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Figure legends

Figure 1. Occurrence of the Merlin (Falco columbarius) and relative abundance of its
three most important bird prey species in peninsular Spain (Melanocorypha calandra,
Alauda arvensis and Carduelis cannabina), at 1689 UTM 10x10 km cells sampled in
three consecutive winters (2008-2011; SEO/BirdLife, 2012). Relative abundance is the
frequency of occurrence in sixty 15-min linear transects carried out in each UTM cell.

Figure 2. Relationship between the probabilities of occurrence of the Merlin derived
from the environmental and prey species boosted classification trees models using 15
predictors (see red-ENV and red-PREY in Table S1). Dashed lines show the actual
prevalence of the Merlin in the sample of 1689 UTM 10x10 km cells sampled in
peninsular Spain during three consecutive winters (2008-2011; SEO/BirdLife, 2012).

Figure 3. Partial dependence plots for the ten most influential variables in the combined
model (see Table 1). The y-axes are on the logit scale and are centred to a zero mean.
Rug plots at inside top of plots show distribution of sites across that variable, in deciles.
The grey dashed lines represent the smoothed patterns of the relationships. Melcal:
Melanocorypha calandra; Alaarv: Alauda arvensis; Carcan: Carduelis cannabina;
Petpet: Petronia petronia; Stuuni: Sturnus unicolor. For prey species the x-axes indicate
the relative abundances. ALTRANG: altitudinal range of the UTM cells (meters);
CEREAL: cereal crops (% cover of each UTM cell); DISTSEA: minimum distance to
sea coast (meters); MOSAGRI: treeless agricultural mosaics (% cover); WINTPREC:
winter precipitation (mm).

Figure 4. Variation partitioning (McFadden pseudo-R?) into independent and shared
components for the Merlin's occurrence in 1689 UTM cells sampled in peninsular
Spain, considering the boosted classification trees models shown in Table S1 (red-
ENV, red-PREY) and Table 1 (combined model).

Figure 5. Sampled UTM cells where the Merlin was not present (absences; open
squares); and where it was detected and was predicted as present only by the
environmental model (green squares, Presence ENV), only by the prey species models
(red squares, Presence SPP) or by both models (grey squares Presence ENV & SPP; see
red-ENV and red-PREY in Table S1).

Figure 6. Mean + standard error values of the most influential predictors as a function
of grouped localities (UTM cells) where only the prey species model (n = 28), only the
environmental model (n = 20) or both models (n = 219) predicted successfully the
Merlin's presence in the Spanish wintering distribution. a) Summation of relative
abundances of the four most influential prey predictors, b) Altitudinal range within
UTM cells, and c) Percentage of UTM cells covered by cereal crops. See also Tables 1
and S1, and Figs. 2 and 5.
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Figure 2
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Figure 3

adjusted probability of occurrence
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Figure 4
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Figure 5
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Figure 6
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