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Summary

1. Correlative species distribution models (SDMs) assess relationships between species distribu-

tion data and environmental features, to evaluate the environmental suitability (ES) of a given area

for a species, by providing a measure of the probability of presence. If the output of SDMs repre-

sents the relationships between habitat features and species performance well, SDM results can be

related also to other key parameters of populations, including reproductive parameters. To test

this hypothesis, we evaluated whether SDM results can be used as a proxy of reproductive parame-

ters (breeding output, territory size) in red-backed shrikes (Lanius collurio).

2. The distribution of 726 shrike territories in Northern Italy was obtained through multiple

focused surveys; for a subset of pairs, we also measured territory area and number of fledged juve-

niles. We usedMaximum Entropy modelling to build a SDMon the basis of territory distribution.

We used generalized least squares and spatial generalized mixed models to relate territory size and

number of fledged juveniles to SDM suitability, while controlling for spatial autocorrelation.

3. Species distributionmodels predicted shrike distribution very well. Territory size was negatively

related to suitability estimated through SDM, while the number of fledglings significantly

increased with the suitability of the territory. This was true also when SDM was built using only

spatially and temporally independent data.

4. Results show a clear relationship between ES estimated through presence-only SDMs and two

key parameters related to species’ reproduction, suggesting that suitability estimated by SDM, and

habitat quality determining reproduction parameters in our model system, are correlated. Our

study shows the potential use of SDMs to infer important fitness parameters; this information can

have great importance inmanagement and conservation.

Key-words: breeding success, environmental suitability, habitat quality, Lanius collurio,

MaxEnt, passerine birds, territory size

Introduction

Modelling habitat suitability and species’ distribution are

increasingly important subjects in ecology and conservation.

Correlative species distribution models (SDMs) assess rela-

tionships between species distribution data and environmen-

tal features, to evaluate the suitability of a given area for a

species of interest.Models provide a measure of the probabil-

ity of presence, which can be used to define species’ spatial

occurrence (e.g. Graham et al. 2004; Brambilla et al. 2009),

inform surveys (Raxworthy et al. 2003; Bourg, McShea &

Gill 2005), evaluate impacts of climate and habitat change

(e.g. Thuiller et al. 2005a; Brambilla et al. 2010b; Fouquet

et al. 2010; Elith et al. 2011), test evolutionary hypotheses

(e.g. Peterson, Soberón & Sánchez-Cordero 1999; Graham

et al. 2004), predict species invasions (Roura-Pascual et al.

2004; Thuiller et al. 2005b; Ficetola, Thuiller & Miaud 2007;

Ficetola et al. 2010; Reshetnikov & Ficetola 2011) and

inform conservation planning (e.g. Araújo & Williams 2000;

Ferrier et al. 2002). In recent years, SDMs have become one

of the most frequent tasks in conservation, and presence-only

SDMs are becoming prevalent because they do not require

absence data (Jiménez-Valverde, Lobo &Hortal 2008).

Collecting data on population abundance or fitness is

much more complex than simply recording presence ⁄
absence data (Ficetola, Thuiller & Padoa-Schioppa 2009;

VanDerWal et al. 2009). Presence at a given point does not

always mean that location is suitable for a species or that*Correspondence author. E-mail: francesco.ficetola@unimib.it
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habitat is sufficient to maintain a stable population, as par-

ticular conditions such as sink habitats or temporal varia-

tion in environmental features can generate occurrences in

areas not highly suitable (Bateman, VanDerWal & Johnson

2012). Nevertheless, correlative SDMs implicitly assume

that presence at a given location indicates that an organism

has been able to settle, survive and reproduce at that point

or that individuals have selected the site as potentially suit-

able for reproduction, and the output of SDM is considered

as a measure of the suitability of environmental features

[environmental suitability (ES)] for the occurrence of the

target species (e.g. Kearney & Porter 2009; Soberon &

Nakamura 2009; VanDerWal et al. 2009). If the output of

SDMs represents the relationships between a species and its

habitat well, it is possible that SDM results are related not

only to the probability of occurrence, but also to other key

parameters of populations. VanDerWal et al. (2009) showed

that ES, obtained through presence-only SDMs, can also

predict the upper limit of abundance of study species. Fol-

lowing the same line of reasoning, we hypothesized that ES

may be related also to other critical parameters of popula-

tion performance, such as those related to reproduction. To

our knowledge, the potential of SDMs to predict reproduc-

tive parameters, estimating the fitness consequences of habi-

tat selection, has not been explicitly investigated (but see

Titeux et al. 2007; which suggested that reproductive niche

is narrower than ‘occurrence’ niche, and Ficetola, Thuiller

& Padoa-Schioppa 2009). Given that it is relatively easy to

obtain well-performing SDMs, while it is often hard to get

detailed data on fitness components and on habitat quality

(i.e. the ability of the environment to provide conditions

appropriate for individual and population persistence; Hall,

Krausman & Morrison 1997) over broad spatial scales, it is

important to assess whether the results of SDMs can be gen-

eralized to other population parameters.

In this study, we assessed whether suitability obtained

through SDMs can be used as a proxy of two important

parameters related to habitat quality for the reproduction of

red-backed shrikes (Lanius collurio): territory size and breed-

ing output. Individuals settled in high-quality sites often

defend small territories or exploit small ranges, as they can

find enough resources within relatively small areas, limiting

the energetic costs of territory defence (e.g. Smith & Shugart

1987; Pasinelli 2000; Saı̈d et al. 2009). Breeding output is an

important measure of fitness of breeding pairs, and it is

strongly affected by habitat quality; pairs breeding in high-

quality territories should experience high breeding output

(Newton 1998; Sergio, Pedrini & Marchesi 2003; Förschler

et al. 2005). Therefore, if ES provided by SDMs can be used

as a proxy for parameters related to reproduction, we expect

that ES should be negatively related with territory size, and

positively related with breeding output.

Materials andmethods

The red-backed shrike is a passerine bird typical of ‘traditional’

farmed landscapes (Cramp 1993; Brambilla et al. 2010b and refer-

ences therein). During 2007–2010, the Lombardy region (Northern

Italy; about 24 000 km2) was monitored to detect the distribution of

shrike breeding territories; we obtained a total of 726 territories.

Sampling was performed during a comprehensive regional project

aimed at providing the most complete shrike distribution data, and

covering the whole territory of the region; different localities were

sampled in different years (see Brambilla et al. 2009, 2010b for details

on field procedures). We used Maximum Entropy Modelling

(MaxEnt) to build SDMs relating shrike presence to environmental

features (Phillips, Anderson & Schapire 2006). MaxEnt assesses the

probability of presence in a given cell on the basis of environmental

features in that cell; it is considered one of the most efficient

approaches to SDM using presence-only data (Elith et al. 2006,

2011). Presence data were represented by the centres of the shrike ter-

ritories, avoiding the multiple use of the same territory if mapped

during more than 1 year. As environmental variables, we used land

cover variables and hedgerow length (vector lines; two different

themes describing continuous and interrupted hedgerows), treated as

raster cells of 20 · 20 m derived from a detailed land-use map dated

to 2007 (DUSAF 2Æ1; Regione Lombardia & Ersaf; http://www.car-

tografia.regione.lombardia.it). Cell size corresponds to the resolution

of the DUSAF data and to the accuracy at which shrikes were

mapped (size of sampling unit equal to the grain size of environmen-

tal data; Elith & Leathwick 2009; Elith et al. 2011). For each

20 · 20 m cell, we measured land cover variables as the cover of 45

non-urban habitats in a 100-m radius from the cell centre (see

Table S1 in Supporting Information). Similarly, hedgerows were

treated as their respective length in the 100-m radius for each cell. We

also included three topographic variables (elevation, slope and

aspect) derived from a Digital Terrain Model (DTM) of the regional

surface. Aspect is a circular variable and was therefore transformed

into a categorical predictor before analyses (eight classes correspond-

ing to 45� intervals). Therefore, this study integrated both raster and

vector data (Elith et al. 2011). We did not include climatic data

because in the whole study area climate is suitable for shrikes, except

at the highest elevation (Casale & Brambilla 2009). Repeated surveys

in the same sites revealed that land cover did not vary significantly

during the study years. Background was created using 10 000 ran-

dom points generated byMaxEnt. We used two approaches to assess

model performance. First, we performed a 10-fold cross-validation,

and calculated the area under the curve of the receiver-operator plot

(AUC) as a measure of matching between the model results and pres-

ence records. Second, we evaluated omission errors. The evaluation

of omission errors requires determining whether a cell is suitable; we

performed this analysis using two different suitability thresholds: we

assumed that a cell was suitable for shrikes if its suitability score was

greater than the 10th percentile of training presence points (Pearson

et al. 2007), or if its suitability was grater than the equal training

specificity and sensitivity threshold (Bartel & Sexton 2009). Subse-

quently, we used a v2 test (1 d.f.) to compare observed frequencies of

correct and incorrect predictions, and therefore to assess if models

predict distribution significantly better than expected under random

expectations (Roura-Pascual et al. 2004).

For 16 territories, we obtained an accurate measure of territory

size. These were subjected to detailed mapping (multiple positions of

birds recorded during several visits) in 2007 (see Brambilla et al.

2009). For 19 successful pairs intensively surveyed during the 2007

breeding season, we assessed the number of fledged juveniles, which

was taken as a measure of breeding output. Both location and terri-

tory ⁄ breeding data come from a wide variety of survey areas, includ-

ing high-quality (as pre-Alpine mown grasslands) and low-quality

ones (e.g. suburban restored and residual open areas).
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To test for the potential use of ES provided by SDMs as a proxy of

more complex parameters related with reproduction, we assessed the

relationship between (i) territory ES (measured as average ES of cells

included within the territory) and territory size for the 16 territories;

(ii) territory ES (taken at territory centre) and the number of fledged

juveniles, for the 19 pairs. In the latter analysis, we used ES at terri-

tory centre because for some of these pairs the detailed boundary of

territory was not available and the average ES could not be calcu-

lated. Notably, ES of the territory centre was strictly correlated with

average ES for well-delimited territories (for the 10well-delimited ter-

ritories with fledglings recorded, r = 0Æ86,P = 0Æ002). In these anal-
yses, the same data were used to build the SDM and test its ability in

predicting breeding parameters. We also tested whether SDM can

predict breeding parameters in territories different from those used to

build the model. We split our data set into two different blocks: 2007

data (the year fromwhich all data on reproductive parameters come),

and 2008–2010 data. The 2008–2010 data set (604 territories) was

used to build a second MaxEnt model: the ES calculated by that

second model was related to breeding parameters of the spatially and

temporally independent 2007 data.

Our data have a strong spatial structure, and spatial autocorrela-

tion may affect the results of regression analyses (Beale et al. 2010).

We therefore used generalized least squares models (GLS) to assess

the relationship between territory size and ES, while taking into

account spatial structure. GLS allows the incorporation of spatial

structure into the error of the model and is considered among the

techniques with the best performance for the analysis of spatial data

(Dormann et al. 2007; Beale et al. 2010). We built GLS using maxi-

mum likelihood, we assessed significance using a likelihood ratio test

(Beale et al. 2010) and calculated pseudo-R2 as a measure of the pro-

portion of explained variation (Buse 1973; Griffis & Stedinger 2007).

Our measure of breeding output (number of fledged juveniles) is a

count, requiring Poisson models. We therefore used spatial General-

ized Linear Mixed Models via Penalized Quasi-Likelihood

(glmmPQL), assuming Poisson error distributions, for the analysis of

the relationship between breeding output and ES. glmmPQL is an

extension of GLS that allows building spatial models with non-

normal dependent data; simulations showed that this is among the

best-performing methods with non-normal spatial data (Dormann

et al. 2007). To assess the proportion of explained variation in

glmmPQL, we calculated pseudo-R2 as the squared Pearson correla-

tion coefficient between observed and predicted values (Kissling &

Carl 2008). For bothGLS and glmmPQL, we used aGaussian spatial

correlation structure. In real-world analyses, the true error structure

is unknown and is unlikely to exactly match a specified function (Be-

ale et al. 2010); thus, we tested the robustness to the selection of error

structure. Models with different structures (spherical, exponential)

yielded identical results, confirming that our results are robust. We

performed all analyses in r 2.12 (R Development Core Team 2010)

using packages mass and nlme (Venables & Ripley 2002; Pinheiro

et al. 2010).

Results

A summary of the MaxEnt model is reported in Table 1; the

important variables in the model were mostly habitat types

already included in habitat preference models developed in

Lombardy and elsewhere (Brambilla et al. 2009, 2010b; and

references therein) and perfectly match with previous knowl-

edge on species ecology (Cramp 1993); the 10-fold cross-vali-

dated AUC was 0Æ927 ± 0Æ009, indicating excellent

performance. Considering the 10th percentile training pres-

ence threshold, 10Æ7% of the study area was suitable for

shrikes (Fig. 1). This threshold correctly predicted presence

in 654 territories (expected correctly predicted presence: 77Æ7
territories), therefore the model predicted shrike distribution

much better than expected by chance (v21 ¼ 4788,

P < 0Æ001). Using the ‘Equal training sensitivity and speci-

ficity threshold’ yielded identical results (correctly predicted

presences: 651, expected: 74Æ8; v21 ¼ 4954,P < 0Æ001).
The surface of territories ranged between 2500 and

20 000 m2. Territory size was negatively related to their aver-

age ES estimated using the full-datamodel (GLS: v21 ¼ 4 � 10,
P = 0Æ043, pseudo-R2 = 0Æ23; Fig. 2a). The number of

fledglings ranged between one and three, and significantly

increased with the ES of the territory (glmmPQL: t17 = 3Æ09,
P = 0Æ007, pseudo-R2 = 0Æ34; Fig. 2b). Breeding shrikes

successfully fledged three juveniles only in the territories with

the highest ES (Fig. 2b).

If the 2008–2010 data set is used for calibration, the

MaxEnt model was nearly identical (correlation between the

Table 1. Per cent contribution, permutation importance and type of effect for variables with a contribution to the model higher than 1%

Variable % contribution

Permutation

importance Overall effect

Permanent grassland 34Æ3 13Æ3 Positive

Elevation 28Æ3 26Æ2 ES higher at intermediate values

Arable grassland 7Æ1 14Æ3 Positive

Broadleavedwoodland (medium or high tree density; coppiced) 6Æ1 5Æ8 Negative

Permanent grasslandwith scattered trees and shrubs 3Æ7 2Æ4 Positive

Slope 3Æ4 2Æ1 Negative at high values

Montane grassland 3Æ3 2Æ7 Positive

Aspect (8 categories) 1Æ7 0Æ1 Slight positive effect of southern aspects

Abandoned areas with herbaceous or shrub vegetation 1Æ4 0Æ7 Positive

Shrublandwith trees 1Æ2 1Æ2 Positive

Mixed woodland (medium or high tree density; coppiced) 1Æ0 1Æ7 Negative

Sum 91Æ5

ES, environmental suitability.
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full-data and the 2008–2010 model: r = 0Æ96). ES predicted

by the model built with 2008–2010 data set was negatively

related to territory size (v21 ¼ 4 � 79, P = 0Æ029; pseudo-R2

0Æ26) and positively related to the number of fledglings

(t17 = 2Æ94, P = 0Æ009, pseudo-R2 = 0Æ32) observed in

2007.

Discussion

Our study shows a clear relationship between ES (i.e. a

measure of the probability of species’ occurrence according

to species-habitat relationships) estimated through pres-

ence-only SDMs, and two key parameters related to species’

reproduction. In high suitability sites, shrikes have higher

breeding output and defend smaller territories than in low-

suitability sites, suggesting that ES estimated by SDM and

habitat quality determining reproduction parameters are

correlated in our system. Several SDM techniques (includ-

ing MaxEnt) describe species distribution very well, and

their outcome has been extended to the prediction of

species’ abundance at local scale (VanDerWal et al. 2009).

Our analysis shows that the results of SDMs may go

beyond these applications, and can potentially be used for a

first inference on important population parameters, includ-

ing fitness consequences of selecting a given area, which is a

relatively poorly documented topic of great relevance for

conservation.

Correlative SDMs aim at evaluating the probability of

presence of species on the basis of distribution data, so what

is the conceptual link between predicted probability of pres-

ence and habitat quality as fitness parameters? If habitat

selection is adaptive, habitat attractiveness should somehow

match reproductive performance (Sergio, Pedrini &

Marchesi 2003; Battin 2004). This means that the same

factors affecting habitat selection (thereby determining the

deriving estimates of suitability) may affect in a similar way

reproduction parameters (Sergio, Pedrini & Marchesi 2003;

Sergio, Marchesi & Pedrini 2004; Ortego 2007; Brambilla

et al. 2010a).

In correlative SDMs, the true effects of biotic and abiotic

conditions on species’ physiology and fitness are unknown;

the statistical relationships observed between species’ distri-

bution and environmental features are the indirect conse-

quences of these unknown relationships (Kearney & Porter

2009). In fact, correlative SDMs may match species distribu-

tion well even when some variables actually influencing the

species are not considered, if the variables included into the

model are collinear to the influencing ones (even if the use of

indirect variables would limit model transferability). This

suggests that ES scores of correlative models may represent

indirect but good proxies of the complex (and sometimes

unknown) relationships between organisms and their

environment. In the case of our study species, the known

relationships between shrike fitness and habitat traits are in

Fig. 1. MaxEntmodel for red-backed shrike in the LombardyRegion. The darkest colour represents the highest environmental suitability; black

dots represent territories used for model calibration. 0Æ23 is the equal training sensitivity ⁄ specificity threshold.
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agreement with this hypothesis. For instance, some of the

variables with the highest contribution to the MaxEnt model

(see Table 1) are environmental factors known to affect the

number of red-backed shrike fledglings also in other areas of

Europe, where the abundance of grassland-like habitats

(especially meadows and pastures) is the most important

determinant of fledgling rate (Golawski & Meissner 2008).

Recent analyses suggested that correlative SDMs can have a

better performance if researchers use a priori knowledge on

species biology, to select the environmental variables more

strongly related to population performance (Rödder et al.

2009). Statistical relationships of these models may represent

more direct biological relationships, and can therefore also

have a better performance in predicting fitness components.

Nevertheless, our study has some limitations. First, the

sample size used to build SDM was large (726 territories),

while the sample size available for territory size or breeding

output was much smaller. This is common in ecological stud-

ies, as collecting reliable data on these parameters is extre-

mely time consuming, and is possible only over limited

spatial scales (Brambilla et al. 2009). Second, despite we

detected strong and significant relationships, ES did not

explain all the variation of the considered parameters. For

instance, ES explained only 23% of variation in territory size

(Fig. 2a). Similarly, pairs fledging only one juvenile bred in

territories with a range of ES (Fig. 2b). The large amount of

unexplained variation suggests that other unmeasured fac-

tors may be important, such as biotic interactions, presence

of nest sites, dispersal limitations, weather fluctuations or

extreme events (Tryjanowski, Kuzniak & Diehl 2000; Roos

& Pärt 2004; Golawski 2006; VanDerWal et al. 2009;

Bateman, VanDerWal & Johnson 2012), and that SDMs

provide information useful for preliminary, large-scale

assessments, but cannot replace local ⁄ regional field studies.
We used high-resolution habitat data for modelling spatial

distribution, which may enable to better represent fine-scaled

ecological features affecting also breeding parameters. Most

modelling exercises use bioclimatic data at a much coarser

resolution: climatic data could be less suited to represent hab-

itat quality for breeding. On the other hand, recent advances

in remote sensing techniques will increase the availability of

high-resolution habitat data, allowing a better assessment of

ecologically relevant traits also at a fine spatial scale (Men-

denhall et al. 2011).

Our study is a first example of the potential use of SDMs

to infer important fitness parameters; these information can

have great importance in applied ecology and conservation,

owing to the difficulty of measure these parameters over large

scales. Further studies will be useful to assess for which

parameters and for which taxa these relationships are strong,

and under what conditions.
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Dormann, C.F.,McPherson, J.M., Araújo,M.B., Bivand, R., Bolliger, J., Carl,

G., Davies, R.G., Hirzel, A., Jetz,W., Kissling, W.D., Kühn, I., Ohlemüller,
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