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Summary

1. We evaluated the accuracy of presence-only modelling for predicting the distribution of rare

species, when data are scarce and usually collected with sampling biases. We modelled the potential

distribution in Portugal of one of the rarest European bats Barbastella barbastellus and

subsequently ground-validated predictions by using acoustic transects.

2. We used ecological niche factor analysis (ENFA) and maximum entropy (Maxent) modelling

to build distribution models of B. barbastellus, and determined which ecological factors were more

relevant for each model. As ENFA only accepts continuous variables, we built one Maxent model

using the same variables as ENFA and another using land cover as a categorical variable.

3. Ecological niche factor analysis and both Maxent models predicted similar areas of occurrence

in central and northern regions of Portugal, although ENFA predicted suitable habitat over a wider

range. Conversely, there was substantial disagreement on the location of high-suitability areas in

the south. This could be a consequence of a different choice of important variables made by each

model. Native woodland and average temperature were the most relevant variables for Maxent,

while in ENFA B. barbastellus was linked to higher altitudes although avoiding production forests

and infrastructures.

4. Threshold-independent and -dependent statistics showed that Maxent models outperformed

ENFA, probably as a consequence of divergent predictions in the new areas of occurrence. Overall,

15 new B. barbastellus sites were discovered and known distribution was extended c. 100 km to the

south.

5. Synthesis and applications.Our results support the use of presence-onlymodelling as an indispen-

sible tool for survey design as shown by the discovery of B. barbastellus populations outside of

the previously known range. ENFA seems to be more suited to determining a species’ potential

distribution, although failing to extrapolate it. In contrast, Maxent is better suited to determining a

species’ realized distribution. It was successful in predicting occurrence in previously unsurveyed

areas and can be recommended as a technique for determination of a conservative distribution for

a species. Maxent modelling would greatly aid biodiversity conservation, especially when it is

necessary to develop survey plans or first assessments of a species’ distribution.

Key-words: bats, ecological niche factor analysis, ground validation, habitat suitability,

maximum entropy models, predictive modelling, rare species, sampling bias

Introduction

Accurate knowledge of a species’ distribution is of prime inter-

est for conservation management. Over the last two decades,

several multivariate techniques have been developed to predict

species’ distribution (e.g. Hirzel et al. 2002; Phillips, Anderson

& Schapire 2006). For these methods, the data for the focal

species are usually described in the form of presence ⁄absence

in a set of sampled locations. However, absences could include

‘false absences’, hence biasing the model’s predictions. False

absences arise in situations where the species could not be

detected even though it was present (Hirzel & Le Lay 2008).
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This situation is especially relevant when studying bat species,

because intensive population surveys are difficult to conduct.

Additionally, bats have a nocturnal and elusive behaviour with

large home ranges and problems exist in identifying species in

flight (Walsh&Harris 1996).

Presence-only modelling appears to be an alternative tech-

nique to address these constraints because it does not require

the existence of absences in the data, despite the majority of

these methods using background data as pseudo-absences for

the calculations (e.g. Phillips et al. 2006).

In recent years several presence-only techniques have been

developed, and their reliability has been tested for different

sample sizes and spatial scales (Elith et al. 2006; Hernandez

et al. 2006; Pearson et al. 2007; Tsoar et al. 2007; Wisz et al.

2008). These techniques are assuming a greater relevance for

species conservation, especially for rare or poorly documented

species, with some showing strong performance even with

scarce presence data (Hernandez et al. 2006). Moreover, some

of these techniques seem to be robust to non-systematic data

(although amodel’s best performance is achieved from system-

atic surveys) which is especially relevant when working with

presence data collected by different researchers and methodol-

ogies (Elith et al. 2006), e.g. museum or herbarium collections

(Hirzel et al. 2002). In fact, datasets are typically characterized

by sampling biases where available data usually do not cover

the whole range of ecological conditions in which the study

species may occur (Wisz et al. 2008). The effect of sampling

bias can have a severe impact on model quality; nevertheless it

has received little attention in the predictive modelling litera-

ture (Hortal et al. 2008; Phillips et al. 2009). Indeed, it has been

stressed that more research should focus on the effect of sam-

pling biases on model predictions (Pearson et al. 2007; Elith &

Graham 2009). In this study, we compared two presence-only

modelling techniques, ecological niche factor analysis (ENFA)

and maximum entropy (Maxent), regarding their efficacy in

predicting new areas of occurrence for a rare species. These

techniques differ in their modelling approaches with Maxent

being a complex technique, establishing a flexible relationship

between the dependent and independent variables, hence theo-

retically more suited to predict the realized distribution of a

species (the locations and range of environmental conditions in

which a species actually lives). ENFA is also a presence-only

method, although it limits the shape of a species’ response to

an ecogeographical variable (EGV) to a normal distribution,

thus generally providing predictions closer to the potential dis-

tribution or the distribution a species could inhabit if it occu-

pied all areas with favourable conditions (for a detailed

discussion see, Jiménez-Valverde, Lobo & Hortal 2008a). To

our knowledge, these techniques have never been compared

despite becomingwidely used.

There are several statistical methods to validate habitat-

suitability models including Receiver Operating Characteris-

tics (ROC) plots, the Boyce Index, Kappa statistics and null

models (Fielding & Bell 1997; Liu et al. 2005; Hirzel et al.

2006). However, the majority of the model validation meth-

ods involve comparing subsets of the training data with the

predictions generated by the models. Very often the models

give new predicted areas of occurrence for the studied species,

and these are clearly among the most relevant outputs of eco-

logical modelling (Hernandez et al. 2006). However, new

areas of predicted occurrence are rarely verified in the field

(Greaves, Mathieu & Seddon 2006; Jiménez-Valverde et al.

2008b) 1which is of concern, especially for areas outside the

known geographical range of the species (Elith et al. 2006;

Randin et al. 2006). Such a lack of validation is highly rele-

vant for rare species, which are usually a conservation prior-

ity, and for which the knowledge gap is generally wider than

for more common species. We chose to study one of the rar-

est European bat species, the barbastelle Barbastella barba-

stellus Schreber, 1774. This tree-dwelling bat is widespread in

Europe although its distribution is highly fragmented (Mitchell-

Jones et al. 1999). It seems to depend upon native mature

woodland, so deforestation and habitat fragmentation are

probably associated with its suspected population decline

(Russo et al. 2004). In this study, we modelled and tested

B. barbastellus distribution in Portugal, where the species

was first discovered in 1980 (Palmeirim 1990), and for which

only a few locations were known by 2004. Two major bio-

climatic zones exist in the country, the Atlantic and the

Mediterranean (Sillero et al. 2009). Almost all known

B. barbastellus locations were situated in the Atlantic bio-

climatic area in the centre and north of the country. By

modelling the distribution of this bat species in Portugal, it

would be also possible to evaluate the accuracy of model

projections in different bioclimatic zones and hence to test

their behaviour under a sampling bias in the presence data.

We believe that our study mirrors the limitations of working

with rare species in general: data are likely to have geographi-

cal sampling biases, while predicting whether a species is

likely to occur in areas outside the known range is one of the

most important and desirable outcomes expected from

distributional modelling (Randin et al. 2006). Hence, the

main objectives of this study were: (i) to investigate both

modelling techniques regarding their predictions and

discrepancies for the distribution of B. barbastellus in

Portugal; (ii) to determine which ecological factors are rele-

vant for each model; and (iii) to validate these modelling

techniques by comparing predicted distributions with

ground-truthing results obtained by undertaking acoustic

transects.

Materials and methods

The study was carried out in mainland Portugal (approximately

between coordinates 36�N–41�N and 7�W–9�W). Two major climate

zones divide the country. In the north and in the majority of the cen-

tral parts of the country the Atlantic temperate climate dominates

with mild summers and cold, rainy winters. The landscape is moun-

tainous with native forests mainly composed of oaks (Quercus robur,

Q. pyrenaica, Q. faginea), and other flora that constitute a typical

European Atlantic forest. The southern regions are characterized by

a Mediterranean climate with mild winters and hot, dry summers. As

a consequence, the landscape is dominated by an oak savannah-like

woodland (Quercus suber and Q. ilex) spreading over vast plains

(Sillero et al. 2009).
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PRESENCE DATA AND ENVIRONMENTAL VARIABLES

For model calculation, we used all known locations of B. barbastellus

in Portugal since its discovery in 1980 up to 2004 (source Instituto da

Conservação da Natureza e Biodiversidade; Fig. 1) as the dependent

variable. Only records with a finer resolution than 30 arc s were con-

sidered for modelling (n = 17).Moreover, a set of independent EGV

was selected as environmental predictors: annual average tempera-

ture (�C), annual average precipitation (mm), annual average temper-

ature range (�C) and altitude (source WORLDCLIM; http://

www.worldclim.org) and land cover (source Global Land Cover

2000; http://www-gvm.jrc.it/glc2000/ and Instituto Geográfico

Português). This latter EGV was reclassified into six classes namely,

infrastructures (towns and villages, industrial areas, roads, etc.),

agriculture fields including steppes, production forests (mainly

conifer and Eucalyptus spp.), scrubs and regenerating forest, native

woodland and water bodies. Although, land cover data refer to recent

years while presence data comes from as early as 1980, this was

unlikely to affect modelling because areas where B. barbastellus was

found remained fairly constant over time, i.e. those areas of mature

woodland still remain intact. Regarding chosen climatic variables, we

were limited by the low number of presences in the training data.

Thus, we chose variables that are acknowledged to have a great

relevance on bat physiology and survival: temperature and water

availability (Baken &Kunz 1988), here expressed as two temperature

variables and by precipitation. All digital information had a resolu-

tion of 30 arc s (�900 m), thus the study area included 133 291 cells

corresponding to an area of c. 90 100 km2.

MODELL ING PROCEDURE

We used two recently developed presence-only modelling techniques

to build habitat-suitabilitymaps forB. barbastellus in Portugal, which

involve different theoretical approaches (see Introduction) and which

have not been tested through ground validation: ENFAandMaxent.

For computing ENFA models, Biomapper v4Æ0 was used (http://

www2.unil.ch/biomapper/; Hirzel, Hausser & Perrin 2007). Because

all land cover data were in a Boolean format, we derived quantitative

variables from the original ones as this is a requirement for ENFA.

Therefore, considering the home range (ca. 5 km) reported for this

bat (Greenaway 2001; Hillen, Kiefer & Veith 2009; Kerth & Melber

2009) the frequency within a 2Æ5 km radius (proportion of cells with

the attribute within that radius) was calculated for the following

EGV: agriculture, production forest, scrubs and regenerating forest,

native woodland and water bodies. We also calculated the distance

between the focal cell and the cells where infrastructures were present.

The modules CircAn and DistAn in the Biomapper software package

were used to perform these operations (Hirzel et al. 2007). Altitude,

precipitation and temperature variables were obtained directly as

quantitative data. Prior to the development of the models, all EGV

were normalized using the Box-Cox transformation (Sokal & Rohlf

1995) as available in the Biomapper software.

The ENFA then summarizes all ecological variables into a few un-

correlated factors in a similar way to principal component analysis.

The number of factors to be included in the model was obtained by

comparing each factor’s Eigenvalue with the MacArthur’s broken

stick distribution (Hirzel et al. 2002). The correlation coefficients

between the EGV and the extracted factors allowed the determination

of which variables were relevant to explain species distribution. Sub-

sequently, ENFA compared the cell values where a species occurred

with cell values from all employed EGV. For computing the habitat

the harmonic-meanwas used because this algorithm seems to bemore

adequate for data from rare species (Hirzel et al. 2007).

Maxent is a machine-learning process employing a statistical

mechanics approach that also uses presence-only data. Maxent esti-

mates the range of a species by finding the Maxent distribution (i.e.

Fig. 1.Maps with the location of the training (left) and test (right) data. Squares on the training data map indicate the location of the occurrence

records used to build the models. Each square may contain more than one location. The test map shows the location of the acoustic transects

where empty circles represent absences (or unconfirmed presences) while circles with crosses within represent confirmed presences. Each symbol

may contain more than one transect.
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closest to the uniform) given the constraint that the expected value for

each EGV closely matches the empirical average of the occurrence

data (Phillips et al. 2006). It differs from ENFA by this approach

which makes it more suited to describe a species’ realized niche. To

check which variables were the most important for model building, a

Jackknife analysis of the gain (a statistics that measures how well an

EGV distinguishes localities where species occurs from the total area

under study) was made with the presence data. To test if the change

of a categorical EGV to continuous had impact on Maxent’s perfor-

mance we calculated twomodels. One used exactly the same continu-

ous variables as the ones employed in ENFA (hereafter this model

will be calledMax_cont). Because categorical variables can be used in

this algorithm, another model was calculated using land cover in a

binomial format (hereafter this model is calledMax_cat). All calcula-

tions were performed in Maximum Entropy Species Distribution

Modelling v3Æ2Æ19 (http://www.cs.princeton.edu/~schapire/maxent/).

ACOUSTIC TRANSECTS AND SOUND ANALYSIS

To ground validate the habitat-suitability models, acoustic surveys

were conducted consisting of a 30 min transect walked at a regular

pace using an ultra-sound detector (D-240·; Pettersson Elektronik

AB2 ), so that around 1 km was covered. Transect surveys started at

civil twilight after sunset and lasted for the following 2 h and 30 min

to match the peak activity period of B. barbastellus (Russo, Cistrone

& Jones 2007). To avoid auto-correlation between transects on the

same night, surveys were performed at least 5 km from each other.

The average B. barbastellus home range has been reported to be up to

5 km (Greenaway 2001; Hillen et al. 2009; Kerth & Melber 2009),

hence with this distance between transects it was highly unlikely that

the same individual would be recorded in different areas. Whenever

weather conditions were adverse for bat activity, such as strong winds

or rain, transects were cancelled (Russo& Jones 2003).

Surveys were performed with the heterodyne output of the detector

tuned between 32 and 34 kHz to match the frequencies of maximum

energy emitted by B. barbastellus (Russo & Jones 2002). All detected

bat calls were then recorded in time-expansion mode onto a digital

recorder ( 3Edirol R-09; files saved in WAV format; sampling rate 44Æ1

kHz and 16 bits ⁄ sample) and analysed with sound analysis software

(BatSound Pro v3.31b; Pettersson Elektronik AB) using a 512-pt FFT

with Hamming window for spectrogram analysis. Call parameters

were measured using crosshair screen cursors; temporal variables

were measured from oscillograms, while frequencies were taken from

power spectra. Barbastella barbastellus has distinctive echolocation

calls that allow reliable acoustic identification (Denzinger et al. 2001;

Russo & Jones 2002). Transect results were used later as test data to

evaluate the performance of the distribution models. This is a crucial

aspect of our work because test data were in a presence ⁄ absence for-

mat obtained independently of the training data, rather than consist-

ing of pseudo-absences or a subset of the initial data set as is

frequently used (Guisan & Thuiller 2005). Ground-validation data

were obtained with an equal resolution to model’s training data

(30 arc s).

Transect locations were defined to cover the range of model scores

proportional to the amount each cell values occupied area in the study

area (Fig. 2). Additionally, transects were planned to cover the extent

Fig. 2. Proportion of each model cell values in the study area (global availability) and in the location of the acoustic transects. See model defini-

tions inMaterials andmethods.
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of the whole study area (Fig. 1).Whenever possible, we repeated tran-

sects (up to two times) where B. barbastellus presence was not con-

firmed, taking care never to replicate them in the same season of the

year. This bat can be detected up to a maximum distance of c. 20 m

with the employed detector. Barbastella barbastellus is often found in

mature woodland with water sources nearby (Sierro 1999; Green-

away 2001). Thus, transects were located in habitats as similar as pos-

sible to those containing these features. Between the months of April

and September of 2005–2007, 72 transects were walked in 52 different

locations and 121 B. barbastellus passes were recorded (average of

1Æ7 ± 3Æ3 passes ⁄ transect). We acknowledge that a higher number

of transects would increase statistical power; however, the number of

acoustic sampling was limited by the extensive logistics involved.

MODEL EVALUATION

We started by calculating a two-tailed Wilcoxon-signed rank test

using eachmodel’s cell values to test if they generated different predic-

tions (Randin et al. 2006; Phillips et al. 2009). Additionally, we calcu-

lated pairwise linear regressions of the models using cell values where

B. barbastellus presence was confirmed, which also allowed investiga-

tion of whether the transformation of categorical to continuous vari-

ables had any influence onmodel predictions.

It is important to use more than one statistic to evaluate the models

because each quantifies different aspects of model performance (Elith

& Graham 2009). Therefore, we tested model accuracy between the

test data and the habitat-suitability models using a set of threshold-

dependent and -independent statistics. ROC plots with respective

area under curve (AUC) and Pearson’s correlation coefficient (COR)

were the selected threshold-independent indices. The AUC provides a

single measure of model performance (Fielding&Bell 1997) by giving

the probability that the model correctly ranks a random presence site

vs. a random absent site (Phillips et al. 2009). It ranges from 0Æ5 (ran-

domness) to 1 (perfect discrimination). The correlation, COR,

between the test data and model predictions is known as the point

biserial correlation and can be calculated as a Pearson correlation

coefficient (Elith et al. 2006). It differs from AUC by measuring the

degree to which the predictions vary with the acoustic transects data,

thus it is likely to be more sensitive to the relative sampling intensity

(Phillips et al. 2009).

We also tested model performance after model reclassification

into binary maps (or presence ⁄ absence), because this is one of the

most important and widely used outcomes for applications such as

biodiversity assessment, reserve selection and climate change predic-

tions (Lobo, Jiménez-Valverde & Real 2008). The definition of the

threshold should not be chosen arbitrarily but should be based on

the objectives of the modelling (Hernandez et al. 2006) taking into

account the quality and precision of the data employed. However,

there has been a lack of agreement on the criteria that can be used

to define a threshold in presence-only modelling. The 10th percentile

presence value (above which it is considered that the species is pres-

ent) assumes that 10% of presence data may suffer from errors or

lack of resolution (Raes et al. 2009). This is especially relevant when

dealing with datasets gathered over large time-spans where reliabil-

ity and precision has probably varied. Thus, this threshold value

was used to reclassify our models and subsequently for calculation

of the threshold-dependent statistics, namely Cohen’s Kappa, cor-

rect classification rate, sensitivity and specificity. The Kappa statis-

tics (Cohen 1960) define the accuracy of the prediction and ranges

from )1 to +1, where +1 indicates a perfect agreement between

test data and predictions, while 0 indicates an agreement no better

than random. The correct classification rate indicates the proportion

of correctly classified presences and absences of the test data accord-

ing to the defined threshold. Additionally, by calculating sensitivity

and specificity we evaluate how well models identify presences and

absences respectively (Jiménez-Valverde et al. 2008a; Lobo et al.

2008). All statistical analyses were performed using spss v15.0 (SPSS

Inc., Chicago, IL, USA).

Results

ANALYSIS OF THE MODEL PREDICTIONS

The three models predicted the majority of the high-suitability

areas in the central and northern regions of Portugal (Fig. 3),

although they differed in the predicted extent of that area. The

area of high suitability under Max_cat was the most frag-

mented of all models, whereas in ENFA suitable areas showed

a higher potential for population connectivity over a wide

region (binary maps available in Appendix S1, Supporting

information).

On the other hand, predictions of suitable area in the south

clearly differed between both Maxent models and ENFA.

The highest Maxent scores were located in mountainous areas

or close to the coastline, while in ENFA equivalent areas were

mainly located in the steppe and agricultural plains.

DETERMINATION OF MOST RELEVANT

ECOGEOGRAPHICAL VARIABLES FOR EACH MODEL

Eecological niche factor analysis selected the first four factors

as significant (Table 1), explaining 100%of the marginality (in

ENFA the first axis always accounts for 100% of marginality)

and 93% of specialization. The marginality factor alone

explained 24% of the specialization, showing that this species

occupies a very restricted range of conditions that differ from

average conditions found in Portugal.

The ENFA results indicated that the presence of B. barba-

stellus was linked to lower temperature ranges than those

found on average in Portugal and to higher altitudes, and also

indicated that the bat avoided areas of infrastructure, agricul-

tural fields and production forests, preferring dense areas of

native woodland.

Maxent jackknife analysis (Fig. 4) showed that the most

important variables for Max_cat were native woodland and

annual average temperature with Max_cont also selecting

those as the most important variables although in the reverse

order. Furthermore, in both models the overall gain decreased

the most when native woodland was withdrawn from calcula-

tions, meaning that this EGV is the most uncorrelated among

all employed EGV.

MODEL EVALUATION

Model predictions were significantly different among all mod-

els after Bonferroni corrections for multiple comparisons

(P < 0Æ001, two-tailed Wilcoxon-signed rank test, paired by

model). This is especially interesting given that mean habitat-

suitability values forMax_cat andMax_cont were very similar

Ground validation of presence-only models 5
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in the training data and very different in the presence test data

(Table 2). Also of note is that ENFA produced a decrease in

value from training to presence test data, and as a probable

consequence there is an overlap on the 95%confidence interval

values of presence and absence in the test data. This denotes

ENFA’s lack of power to distinguish between presence and

absence. By comparing the cell values where B. barbastellus

was present in each model (Fig. 5), we see that the influence of

variable transformation (continuous vs. categorical) had more

impact in the high-suitability scores, especially in the Max_cat

vs.Max_cont comparison. Comparing ENFAwith bothMax-

ent models, there is a similar pattern with a high variability of

ENFA scores where Maxent models only achieved high-suit-

ability results.

The models were highly successful in locating previously

undiscovered populations of this rare species. Barbastella bar-

bastellus was discovered in 15 new areas and the species’

known distribution in Portugal was extended by c. 100 km to

the south (Fig. 1). Of these 15 new locations, 13 were predicted

by Max_cat, 11 by Max_cont and seven by ENFA. Two

detected populations occurred in areas predicted to be of low

suitability by all the models. The discrepancies in each model’s

success occurred in the southern part of Portugal, where

ENFA predictions were not in agreement with the new find-

ings. Conversely, both Maxent models achieved a similar per-

formance: Max_cat predicted the location of six new southern

locations whileMax_cont predicted five.

Threshold independent evaluation

TheAUC scores were high forMax_cat andMax_contmodels

with ENFA registering a poor score (Table 3). Additionally,

B. barbastellus presence ⁄absence was also significantly corre-

lated with all models although only Max_cat achieved a high

score. For the other two models the correlation value was

almost half of the Max_cat reflecting the high dispersion and

variability in the cell values where B. barbastellus presence was

confirmed (Fig. 6).

(a) (b) 

(c)

Fig. 3. Habitat-suitability maps for Barba-

stella barbastellus in Portugal, as computed

by the three models: (a) Maxent including

categorical variables, (b) Maxent with con-

tinuous variables only and (c) ecological

niche factor analysis.
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Threshold-dependent evaluation

Max_cat was the only model where almost all presences were

recorded in cells with values higher than the defined threshold

for presence (Fig. 6). As stated before, for the other two mod-

els the presence values were rather dispersed. On the other

hand, for models using only continuous variables almost all

of the absences (or unconfirmed presences) were recorded in

values below the aforementioned threshold. Nevertheless, even

for Max_cat all absences were recorded in cells with values

<0Æ4.

Considering evaluation indices dependent on the defined

threshold, again the performance rank is maintained with

Max_cat being the best and ENFA registering the lowest

scores in Kappa statistics, correct classification rate and sensi-

tivity. Regarding model performance to correctly detect

absences (expressed by specificity), all models performed well,

withMax_cont achieving a very high score while Max_cat and

ENFAbehaved identically.

Discussion

Our Maxent models proved successful in the discovery of

new barbastelle populations outside the known range, even

when there was a sampling bias in the presence data. Nev-

ertheless, predictive modelling should be used with care

when projecting results to new areas. In fact, model accu-

racy could be compromised when projected to values out-

side the range that it originated from (Peterson, Papeş &

Eaton 2007). Sampled data should cover the range of a spe-

cies’ ecological conditions so that the modelled niche can

approximate to the realized niche (Wisz et al. 2008). Yet,

one of the most unique applications provided by habitat-

suitability modelling is to give insights into new areas in

which a species could occur (Pearson et al. 2007) or to fore-

cast how distributions might be affected by new combina-

tions of biotic or abiotic factors (Guisan & Thuiller 2005).

However, it is important to question whether modelling

does necessarily predict distribution accurately (Hirzel &

Le Lay 2008). The geographical distribution of a species

could be limited by several factors that usually lay outside

the scope of species distribution modelling, for example,

existence of geographical barriers, limited dispersal abilities

and biotic interactions (Hirzel & Le Lay 2008). For species

with a high potential for dispersal, such as bats, most of

these factors would probably have little relevance to the

ability to colonize potential habitats. Hence, the difference

between realized and potential niches may be much smaller

when dispersal limitations are accounted for (Hirzel &

Le Lay 2008). The quality of our results could have been

different at a different spatial scale, geographical area or

simply with a different modelled species. However, for

species with similar ecological characteristics (rare, high

dispersal potential) we could expect that model quality

would be similar. In fact, models generated for specialist

species tend to have greater accuracy and predictive power

than for generalists even in cases where the data quality for

specialists is poor (Elith et al. 2006). A specialist species

usually occurs in a more restricted range of values within

an ecological factor than a generalist species. Hence, it is

more likely that fewer data can cover much of the species’

realized niche (Brotons et al. 2004).

The most recently developed modelling techniques (e.g.

Maxent) outperformed more established methods like 4GARP,

glm or Bioclim (Elith et al. 2006). Maxent especially has

achieved a robust performance showing a good accuracy with

low sample sizes and an excellent predictive ability (Hernandez

et al. 2006; Pearson et al. 2007; Wisz et al. 2008). Our results

are in agreement with those studies, because Maxent per-

formed with great accuracy with a small and biased data set.

Max_cat did not predict broad areas of distribution for the

B. barbastellus. However, bats were found in all high-suitability

Table 1. Correlations for the first four

factors of ecological niche factor analysis

(ENFA) for Barbastella barbastellus records

in Portugal
EGV

Marginality Specialization

Factor 1

(24%)

Factor 2

(34%)

Factor 3

(22%)

Factor 4

(13%)

Agriculture )0Æ217 )0Æ309 0Æ500 0Æ404

Altitude 0Æ439 0Æ497 0Æ210 )0Æ331

Native woodland 0Æ085 0Æ051 0Æ566 0Æ056

Human infrastructures 0Æ423 )0Æ189 0Æ109 )0Æ109

Precipitation 0Æ365 )0Æ548 0Æ221 0Æ085

Production forest )0Æ201 0Æ436 0Æ564 0Æ766

Scrubs and regenerating forest 0Æ194 0Æ255 0Æ176 0Æ262

Annual temperature )0Æ035 )0Æ035 )0Æ004 0Æ202

Water bodies 0Æ202 0Æ012 )0Æ003 0Æ047

Temperature range )0Æ564 0Æ251 0Æ402 )0Æ082

Per cent indicate the amount of variance explained by each factor. Marginality factor: val-

ues higher than 0 indicate a higher correlation between the bat’s presence and the ecogeo-

graphical variable (EGV); positive and negative signs indicate selection or avoidance of

the EGV respectively. Specialization factor: higher values indicate a higher specialization

for the EGV; positive and negative signs have no meaning for this factor. Values >0Æ4

are in bold for an easier visualization of the table.
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areas, even in the south of Portugal that was clearly outside

the range of the training data. As such, Maxent proved to be

robust to sampling bias at this scale which allowed the dis-

covery of new populations and the extension of known dis-

tribution. In fact, Maxent and ENFA had different levels of

success in predicting the occurrence of new populations,

with ENFA failing to identify the location of new popula-

tions in southern Portugal.

Zaniewski, Lehmann & Overton (2002) showed that ENFA

produced accurate results although recognizing a tendency to

overestimate the spatial extent of distributions, especially on

the periphery of ranges (Brotons et al. 2004). Our results

showed a similar pattern. A broad and accurate area of high-

suitability was identified in the central and northern regions of

Portugal but ENFA was very inaccurate in its predictions out-

side the geographical range of the training data.

It is important to understand, why these two techniques

yielded such different results in the discovery of new popula-

tions. Tsoar et al. (2007) concluded that more complex tech-

niques (in our case Maxent) are better predictors that the

simple ones as they establish more flexible relationships

between the dependent and independent variables. In fact,

models that have no pre-defined shape of response curves can

Fig. 4. 5Representation of each variable’s

importance for the Maxent models (see

Materials and methods for abbreviations).

The per cent of contribution of each variable

to the model is represented by the black bar

and corresponding values may be found on

the left axis. The other two bars represent the

jackknife results for the model with only one

variable (var. alone) or with all variables but

the analysed one (without var.). Values for

the jackknife results are represented on the

right axis.

Table 2. Mean habitat-suitability values (±95% confidence interval)

of training (presence-only) and test data (presence and absence)

respective to eachmodel

Model

Training

presence

Test data

Presence Absence

Max_cat 0Æ642 (±0Æ132) 0Æ592 (±0Æ096) 0Æ135 (±0Æ073)

Max_cont 0Æ650 (±0Æ1) 0Æ328 (±0Æ107) 0Æ108 (±0Æ05)

ENFA 53Æ2 (±16Æ2) 36Æ9 (±11Æ2) 27Æ8 (±8)

For model abbreviations see Materials and methods.

ENFA, ecological niche factor analysis.
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build models closer to the training data such as those based on

smoothing techniques, like Maxent (Randin et al. 2006). On

the other hand, parametric methods like ENFA are limited by

the normal distribution making them more sensitive to bias or

extrapolations (Elith et al. 2006; Randin et al. 2006). Overall,

Maxent seems prone to overfitting presence data (Peterson

et al. 2007) hence more likely to develop omission errors or

false absences (the species exists in low suitability areas) while

ENFA seemed to have greatest problems in reducing the com-

mission error rate or false positives (predicts occurrence where

the species does not exist) in areas outside the range of the

training data.

It should also be stated that it is likely that ourmodels devel-

oped in Portugalmight not work in other parts of Europe. Por-

tuguese populations are in the edge of the species’ range, and

consequently ecological conditions where barbastelles exist in

Portugal may be not representative of the species’ ecological

optimum. Nevertheless, several studies support the theory that

niche positions are more than regional phenomena, because a

species can occupy similar niche positions in different regions

(Randin et al. 2006). In fact, the distribution of B. barbastellus

predicted by Maxent was mainly limited by the availability of

native woodland within a range of temperature values. It has

been shown that B. barbastellus is dependent upon mature

woodland for roosting (Russo et al. 2004; Russo, Cistrone &

Jones 2005) and foraging (Hillen et al. 2009; Kerth & Melber

2009), where their main prey, moths, are more abundant (Sier-

ro 1999). Our results reinforce the need to protect these mature

woodland habitats for effective conservation of this threatened

species. On the other hand, the more important EGV

Fig. 5.6 Comparison between each model cell value where Barbastella barbastellus was confirmed present. Diagonal dashed line shows the linear

regression between the twomodels.Model abbreviations may be found inMaterials andmethods.

Table 3. Comparison of model results with

presence ⁄ absence test data

Model

Threshold

independent Threshold dependent

AUC COR Kappa

Correct

classification Sensitivity Specificity

Max_cat 0Æ930* 0Æ727* 0Æ853 0Æ859 0Æ963 0Æ767

Mac_cont 0Æ827* 0Æ472* 0Æ742 0Æ751 0Æ519 0Æ967

ENFA 0Æ614* 0Æ312* 0Æ612 0Æ614 0Æ444 0Æ767

For all statistics, the value of one is the best achievable result. For model abbreviations

see Materials and methods.

*P < 0Æ05.

AUC, area under curve; COR, correlation coefficient; ENFA, ecological niche factor

analysis.
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determined in ENFA were not directly related to this

habitat. Regarding land cover variables, ENFA predictions

were mainly influenced by habitats actively avoided by

B. barbastellus (like production forests and infrastructures).

Higher altitudes also seem to be highly relevant in the model,

but could be correlatedwith the presence of nativeAtlantic for-

est typically confined to isolated areas in highmountains where

themajority of the training data were located. Altitude by itself

is probably not a limiting factor for B. barbastellus distribution

(as our fieldwork results have shown) but its selection could be

a product of sampling bias. This selection of variables could

explain why ENFA failed in predicting B. barbastellus occur-

rence in the south while being accurate in the remainder of the

country. The combination of abiotic factors in the south

clearly differs from the rest of the country although the area of

native woodland (in this case oak savannah-like woodland) is

vast. By choosing variables different from the ones chosen by

Maxent, the location of ENFA high-suitability areas in the

south was totally different.

Furthermore, we acknowledge that our absent data may

contain some false absences (unconfirmed presences) that

could have a potential impact on the evaluation statistics.

Nevertheless, we believe that our results are consistent over

the sampling area hence the impact of that error on model

predictions does not justify the differences in their perfor-

mance.

In conclusion, our models proved to be very useful tools for

defining suitable areas and for the subsequent discovery of new

populations of a rare species over a relatively large geographi-

cal scale. A similar approach to other rare species could also be

highly productive when addressing issues such as planning field

surveys, defining reintroduction areas, identifying population

fragmentation, planning rapid biodiversity assessments in

poorly documented regions and supporting a wide range of

conservation strategies or policies (Sattler et al. 2007). Indeed,

some studies have successfully used predictive modelling to

determine species’ conservation status (Sattler et al. 2007) or

even to find new populations of cryptic species (Raxworthy

et al. 2003). Nevertheless, we should stress that models are

only an approximation to reality hence they can never replace

a detailed, ongoing collection of field data (Hirzel & Le Lay

2008). With enhanced computer processing and the increase of

available geographical data, surely new applications will widen

the scope of species distributionmodelling.
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Brotons, L., Thuiller, W., Araújo, M.B. & Hirzel, A.H. (2004) Presence-

absence versus presence-only modelling methods for predicting bird habitat

suitability.Ecography, 27, 437–448.

Cohen, J. (1960) A coefficient of agreement for nominal scales. Educational and

PsychologicalMeasurement, 20, 37–46.

Denzinger, A., Siemers, B.M., Schaub, A. & Schnitzler, H.-U. (2001) Echoloca-

tion by the barbastelle bat, Barbastella barbastellus. Journal of Comparative

PhysiologyA, 187, 521–528.

Elith, J. & Graham, C.H. (2009) Do they? How do they? WHY do they differ?

On finding reasons for differing performances of species distribution models.

Ecography, 32, 66–77.

Elith, J., Graham, C.H., Anderson, R.P., Dudı́k, M., Ferrier, S., Guisan, A.,

Hijmans, R.J., Huettman, F., Leathwick, J.R., Lehmann, A., Li, J., Loh-

mann, L.G., Loiselle, B.A., Manion, G., Moritz, C., Nakamura,M., Nakaz-

awa, Y., Overton, J.M., Peterson, A.T., Phillips, S.J., Richardson, K.,

Scachetti-Pereira, R., Schapire, R.E., Soberón, J., Williams, S., Wisz, M.S.

& Zimmermann, N.E. (2006) Novel methods improve prediction of species’

distributions from occurrence data.Ecography, 29, 129–151.

Fielding, A.H. & Bell, J.F. (1997) A review of methods for the assessment of

prediction errors in conservation presence ⁄ absence models. Environmental

Conservation, 24, 38–49.

Greaves, G.J., Mathieu, R. & Seddon, P.J. (2006) Predictive modelling and

ground validation of the spatial distribution of the New Zealand long-tailed

bat (Chalinolobus tuberculatus).Biological Conservation, 132, 211–221.

Greenaway, F. (2001) The barbastelle in Britain.BritishWildlife, 12, 327–334.

Guisan, A. & Thuiller, W. (2005) Predicting species distribution: offering more

than simple habitat models.Ecology Letters, 8, 93–1009.

Hernandez, P.A., Graham, C.H.,Master, L.L. &Albert, D.L. (2006) The effect

of sample size and species characteristics on performance of different species

distributionmodelingmethods.Ecography, 29, 773–785.

Hillen, J., Kiefer, A. & Veith,M. (2009) Foraging site fidelity shapes the spatial

organisation of a population of female western barbastelle bats. Biological

Conservation, 142, 817–823.

Hirzel, A.H. & Le Lay, G. (2008) Habitat suitability modelling and niche the-

ory. Journal of Applied Ecology, 45, 1372–1381.

Hirzel, A.H., Hausser, J., Chessel, D. & Perrin, N. (2002) Ecological-niche fac-

tor analysis: how to compute habitat-suitability maps without absence data?

Ecology, 83, 2027–2036.

Hirzel, A.H., Le Lay, G., Helfer, V., Randin, C. & Guisan, A. (2006) Evaluat-

ing the ability of habitat suitability models to predict species presences. Eco-

logicalModelling, 199, 142–152.

Hirzel, A.H., Hausser, J. & Perrin, N. (2007) Biomapper 4.0. Laboratory. of

Conservation Biology, Department of Ecology and Evolution, University of

Fig. 6. Barbastella barbastellus confirmed presence or suspected

absence from the acoustic transects with respective model score (see

model abbreviations in Materials and methods). Each symbol may

correspond to more than one transect. Horizontal lines represent

threshold values for each model above which the species is assumed

to be present.

10 H. Rebelo & G. Jones

� 2009 The Authors. Journal compilation � 2009 British Ecological Society, Journal of Applied Ecology

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57



Lausanne, Lausanne, Switzerland. Available at: http://www2.unil.ch/biom-

apper.5

Hortal, J., Jiménez-Valverde, A., Gómez, J.F., Lobo, J.M. & Baselga, A.

(2008) Historical bias in biodiversity inventories affects the observed envi-

ronmental niche of the species.Oikos, 117, 847–858.
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