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Background and objectives

Species distribution models (SDMs) offer an effective tool for identifying species conservation requirements and forecasting how global environmental changes will affect species diversity and distribution. This approach is particularly relevant for bats because their nocturnal behaviour hinders
detectability and identification in flight. Despite their important contribution to global biodiversity
and wide geographical ranges, bats have been under-represented in early SDM studies, and only in
the last few years has this approach become more widely used in bat research. We carried out a
meta-analysis of the published literature to review the history of the use of SDMs in bat research
and their application in conservation, climate change assessments and genetic studies. We focus
on the geographical coverage, theme and modelling algorithm of published studies, and compare
studies that are uniquely dedicated to bats to multi-taxa studies that include bats. We provide recommendations for good modelling practices through considering spatial scale and spatial biases,
selecting ecologically relevant variables, following rigorous modelling protocols, and recognising
the limitations of extrapolation across temporal scales. We suggest future developments that will
further favour the use of SDMs to study bat ecology and biogeography, as well as inform conservation management. We conclude that despite an increase in bat SDM studies, their scope and
application can be further enhanced through incorporating dispersal, landscape connectivity and
biotic interactions between bats, their prey and their pathogens.
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The past two decades have seen an impressive increase in the application of species distribution models (SDMs) in the scientific literature
(Franklin, 2009), accompanied by an ever wider range of ecological applications (Elith and Leathwick, 2009; Scoble and Lowe, 2010). The
number of published SDM studies grew exponentially from only 30 papers summarised by Franklin (1995) in one of the first comprehensive
reviews of SDMs’ state of the art, to a total of 478 listed by Elith and
Leathwick (2009) less than 15 years later.
Despite their high taxonomic diversity and wide geographical distributions, bats have been under–represented in early SDM studies.
Scheel et al. (1996) published what can be considered one of the first
studies dealing with predictions of bat distributions, both for the present
and under climate change scenarios. Although this study did not use
species distribution modelling techniques (at that time very few algorithms had been developed), it used statistical methods to predict
the future location of suitable habitats for bats and estimated the spatial patterns of future bat diversity in Texas. Jaberg and Guisan (2001)
were the first to apply SDMs to study the spatial distribution of bats.
Since then, the number of publications using SDMs to investigate the
ecology and biogeography of bats slowly increased to an average of
around 13 papers per year in the last five years. A variety of bat SDM
studies have been published from different geographic areas, dealing
with an increasingly broader spectrum of ecological themes and using
various statistical tools.
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We review the use of SDMs in bat research and conservation because this approach is particularly suitable for bats due to their unique
biology, and because of the potential of bat SDMs to inform our understanding of wider societal challenges from biodiversity conservation to
human health and food security. SDMs offer a powerful tool to plan
and implement appropriate management and protection to address the
global decline of many bat populations as a result of human pressures
(Mickleburgh et al., 2002). Bats are elusive, nocturnal mammals that
are difficult to observe and identify. Some species are hard to capture
because they either fly high above the canopy, are highly manoeuvrable, and therefore able to evade nets, or roost in inaccessible sites,
such as trees scattered in large forest patches, making direct observation problematic. Although the nowadays widespread use of acoustic
monitoring (bat detectors) has greatly increased the chances of recording bats, some species cannot be easily detected because of low intensity, high frequencies emitted or highly directional echolocations calls
(e.g. Waters and Jones, 1995), while others are difficult to differentiate
based on their echolocation calls (e.g. Russo and Jones, 2002; Walters et al., 2012; Russo and Voigt, 2016). The application of molecular
techniques has revealed the presence of many cryptic species within
the order (e.g. Myer and von Helverson, 2001; Clare, 2011), calling
into question known species’ geographical ranges assigned based on
morphology alone. For such species, genetically confirmed occurrence
records are often scarce. Moreover, distribution data from systematic
surveys are available only for a few study regions. As a result datasets
of bat species occurrence are commonly small and / or do not cover the
full bat community. For the same reason, it is often not trivial to distinguish genuine absence from false absence due to incomplete sampling,
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rarity or surveying difficulties. Presence-only modelling methods may
overcome such problems because they can provide robust predictions
based on limited occurrence datasets and do not rely on absence data
for model calculations. Therefore, SDMs present an important tool to
tackle questions on bat distribution, biogeography, past and future responses to environmental changes and conservation biology.
Our main objectives in reviewing the use of SDMs in bat research
and conservation are to:
1. give an account of prevailing trends in the scientific literature on
SDMs and bats;
2. summarise the main applications of SDMs to bat conservation and
management;
3. review common problems and assumptions affecting SDMs in bat
studies and offer good practice guidance for modelling that can
also be applied to other taxa;
4. suggest directions to improve predictions and increase the scopes
of the application of SDMs to bats, and how bat SDMs can inform
wider societal challenges.
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Figure 1 – Number of published SDM studies per year including bats as the target
organisms. The solid line depicts the relationship between the number of papers and
time.

antly increased through time (GLM [family=“poisson”]: R2 =0.88,
p<0.05), though the quadratic term of this relationship was not significant (Fig. 1).
The studies were predominantly carried out in Europe (>40%), followed by Africa (13.5%) and South America (10.1%), while Oceania
was the least represented geographic area. A small proportion of
the papers covered multiple geographic areas: North–Central America (2.2%), Europe–Asia (1.1%) and Central–South America (1.1%).
Only 4.5% of the papers applied SDMs to study bats on a worldwide
scale (Fig. 2).
The selected studies focused on six main themes, the most common
of which (29.2%) was biodiversity conservation (i.e. effect of climate
change or forest management on distribution, conservation planning,
etc.), closely followed by biogeography (for example, mapping richness/diversity patterns, quantifying niche overlap; 27%) and phylogeography (phylogenetic analyses coupled with a reconstruction of paleodistributions; 14.6%). Other themes covered were methods (15.7%),
species–habitat relationships (11.2%) and epidemiology (2.2%). Conservation represents the most recurring theme in European studies
(34.2%), whereas phylogeography is the most frequent theme in Africa
(41.7%) and biogeography in South America (66.7%; Fig. 2).
Nine statistical algorithms emerged from our literature search as the
most commonly used in bat SDM studies. To those, we added two
other categories to cover papers that used an ensemble of different algorithms, which either included or did not include the maximum entropy algorithm Maxent (Phillips et al., 2006). More than 55% of the
analysed studies used Maxent as a single algorithm to model the distribution of bats. Among the papers using an ensemble of algorithms,
those including Maxent were more frequent (10.1%) than those excluding Maxent from the ensemble approach (4.5%). When taken together,
studies using an ensemble modelling approach formed the second most
frequent category, followed by those using the Genetic Algorithm for
Rule-set Prediction (GARP, Stockwell and Noble, 1992). Studies carried out on European species applied seven of the 11 algorithms, while
only three algorithms were applied in African and South American
studies. Maxent was used in almost half of the studies carried out in
each of these geographic areas (Fig. 2). Examining the use of the different algorithms through time, we found that Maxent was the only algorithm to show a significant (R2 =0.98, p<0.01) linear increase in its
application in bat SDM studies over time, with also a weak, though
significant (p<0.05), exponentially–shaped decrease in 2015 (Fig. 3a).
All other algorithms were irregularly adopted over the last 15 years,
without a significant temporal trend (Fig. 3a). The popularity of Maxent across studies and taxa is attributed to its good performance and
high predictive accuracy relative to other methods (e.g. Elith et al.,
2006), in particular when sample sizes are small (Hernandez et al.,
2006; Wisz et al., 2008), but also to the accessibility and ease of use of
the software (Merow et al., 2013).
Overall, almost two thirds of the analysed scientific literature focused
exclusively on bat species. The proportion of bat–only papers was not
equally distributed among the different geographic areas, decreasing
from 84.2% in Europe to 44.4% in South America. Noticeably, the
number of papers exclusively focused on bats showed a significant linear increase (R2 =0.86, p<0.001) in the past 15 years (Fig. 3b), while
the number of studies that also included other taxa peaked between
2007 and 2009 and subsequently declined (R2 =0.98, p<0.05; Fig. 3b).
The degree of statistical association among the parameters “bat
versus multi–taxa”, “modelling algorithm” and “theme” was assessed
by checking the residuals of chi–squared tests (Yates, 1934), whereby
residuals >2 or <–2 indicate significant positive or negative associations, respectively (Agresti, 2007), and through Cramér’s V (Cramér,
1946). We found a strong, significant association between “bat
versus multi–taxa” and “modelling algorithm” (χ2 2=43.193, p<0.01,
V=0.697), with a significant overrepresentation of GARP and ensemble
algorithms (excluding Maxent) in multi-taxa studies. In addition, a
significant, though less strong, association was found between “bat
versus multi–taxa” and “theme” (χ2 =17.142, p<0.01, V=0.439). We
also found a trend, albeit not significant, of over-representation of the

Trends in the scientific literature

We performed a meta-analysis on published studies, using “Web of Science” and “Google Scholar” to search for SDM studies including bats
among the target species, without constraining the publication date.
We used the following keywords, alongside the terms “bats” or “mammals”: “ecological niche modelling”, “ecological niche models”, “species distribution models”, “habitat suitability modelling”, and “habitat
suitability models”. We inspected the first 20 pages of the listed search
results. Studies were excluded if they: 1) were not published in peerreview journals with an assigned impact factor or 2) did not provide
an unambiguous definition of the analysed species in the main text or
in the Supplementary Materials. We collected a total of 89 papers
(listed in Supplementary Materials). The following information was
extracted from each paper: “year of publication”, “geographic area”,
“theme”, “modelling algorithm” and “bat versus multi–taxa” (i.e. batspecific studies versus studies including bats among other taxa). The
latter comparison aims to explore the extent to which bats are seen as
a priority subject for SDM studies deserving a separate analysis, and
whether bat-specific studies differ in scope or focus on different research questions than multi-taxa studies. The literature covers a time
span ranging from 2001 to January 2016, and includes at least one paper per year except for 2003. The number of published papers signific2
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Review of bats and species distribution modelling

Figure 2 – Relative proportions of the three parameters examined in the literature search: “geographic area”, “theme” and “modelling algorithm” (left). Map with the number of papers
per geographic area. Papers covering multiple geographic areas were counted for each area (upper right). Relative proportions of “theme” and “modelling algorithm” for the three most
represented geographic areas (lower right).

isolated bat populations of conservation concern (Razgour et al., 2014).
It is expected that the usefulness of SDMs for bat conservation will increase with further development and integration of multi-disciplinary
approaches in spatial ecology.

Applications in bat research and conservation

The usefulness of SDMs depends on their appropriate use. The modelling protocol should consider the specific ecological and biogeographical situation, the study aim (explanation of environmental correlates of
species distribution versus prediction through extrapolating geographical distributions across space or timeframes) and the constraints associated with the available data (Araújo and Peterson, 2012). Elith and
Leathwick (2009) recommend that good modelling practices should be
based on gathering relevant, accurate and comprehensive species data,
a complete set of relevant predictor environmental variables, and robust modelling procedures that includes model evaluation, assessing
performance relative to test data and model improvement in light of
the modelling process. Here we discuss these different aspects in more
details in relation to the application of SDMs to bat research and conservation.
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biogeography theme in bat-only studies. Finally, we identified a strong
association between “modelling algorithm” and “theme” (χ2 2=71.388,
p<0.01, V=0.896), with several significant overrepresentations. Ecological Niche Factor Analysis (ENFA, Hirzel et al., 2002) was overrepresented in studies of species–habitat relationships, while ensemble algorithms (including Maxent), General Additive Models (GAM, Hastie
and Tibshirani, 1990) and Multivariate Adaptive Regression Splines
(MARS, Friedman, 1991) in method papers.

When the limitations and caveats of SDMs are appropriately considered, they can be a relevant tool for bat conservation, contributing to
the development of management guidelines (e.g., Sattler et al., 2007),
helping forecast threats (e.g., Hughes et al., 2012) or providing new insights on population structure and history (e.g., Kuo et al., 2014 ). The
primary aim of some of the first applications of SDMs in bat conservation was to design surveys or provide a preliminary assessment of
bat distributions (Jaberg and Guisan, 2001). However the field rapidly
evolved to include a wider array of applications, from deriving spatial
predictions of threats to bat populations (e.g., Roscioni et al., 2014)
to the design of acoustic monitoring networks (Amorim et al., 2014).
SDMs and niche analysis have been used to detect variables influencing
habitat selection patterns at two scales in a bat and a longhorn beetle,
both threatened, highlighting that despite their considerable sympatry,
those species exhibit fine-grained differences in habitat selection implying the need for different management strategies (Russo et al., 2015).
One of the most common applications of SDMs is forecasting bat distributions under climate change scenarios to better understand future
threats to bat populations and to provide base-line data for decision
makers and conservation managers (e.g., Scheel et al., 1996; Rebelo et
al., 2010; Aguiar et al., 2016). More recently, the field of SDMs expanded to integrate other types of information, like morphological, demographic and genetic data. In particular, the integration of genetic data
with SDMs has offered insights into the evolutionary history of bat populations (e.g., Flanders et al., 2011) and tools to identify the location of

Assumptions, problems and good practice in developing SDMs for bats

Fundamental versus realised distributions
It is assumed that presence-only modelling estimates the species’ fundamental distribution, i.e. in the absence of biotic or historical constrains (Brotons et al., 2004). Bats are a relatively vagile group of organisms with relatively high dispersal abilities, and therefore it is frequently assumed that there is little difference between the fundamental
and realised distribution (the truly occupied area) of a species (e.g., Rebelo et al., 2010). However this may not be the case for less vagile bat
species with limited long distance dispersal abilities, and therefore caution should be taken when modelling the distribution of these species.
3
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itical borders that only correspond to a part of the species’ range can
result in incorrect identification of species response to environmental
variables (Guisan and Thuiller, 2005; Meirmans, 2015). It is important to ask ourselves whether it is reasonable to model the distribution of
highly vagile and wide ranging bat species within geopolitical borders.
Is the spatial extent of the study area broad enough to cover the environmental conditions limiting the distribution of the species or are we
simply over-fitting a model to our dataset of presence records instead of
the species’ environmental niche? Yet, at the range margins of species’
distributions it may be reasonable to model regional distributions with
partial-niches (the environmental conditions limiting the distribution of
the species in the specific area rather than across its entire range) using
finely-tuned environmental variables. Under these circumstances, regional models are more sensitive than continental models to the suboptimal or extreme ecological conditions at the range margins, and therefore can better represent the environmental niche of peripheral populations (Vale et al., 2014).
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A fundamental assumption of SDMs is that presence records are the
product of a systematic and random sampling design encompassing the
entire study area. Yet, spatial bias towards more accessible or better surveyed areas is common in distribution datasets both of rare or elusive
species and of under-reported common or widespread species (KramerSchadt et al., 2013). Such spatial bias is often found in museum and
natural history collections (Araújo and Guisan, 2006), but is especially
pronounced in global on-line databases, like GBIF (www.gbif.org), due
to difference in funding and data sharing between countries (Beck et
al., 2014). Spatial bias is particularly problematic when it results in
over-representation of a set of environmental conditions that are prevalent in intensively surveyed areas (environmental bias) because SDMs
will base their predictions on differences in the environment sampling
efforts instead of the species’ requirements (Anderson, 2012; KramerSchadt et al., 2013).
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Figure 3 – Number of published papers per year grouped by “modelling algorithm” (A)
and “bat versus multi–taxa” (B). In panel A, solid line represents the statistical relationship
between the number of papers using Maxent and time. In panel B, dashed and dotted
lines depict the statistical relationship between time and the number of papers focused
on either bat species or multiple-taxa, respectively.

Considering spatial scale and spatial biases

Although SDMs can be generated for all organisms for which presence
records are known, model accuracy will vary depending on the ranging
behaviour and environmental tolerance of the species. It is generally
easier to model the potential distribution of ecologically specialised
species with smaller geographical ranges that are limited by their environmental tolerance (Hernandez et al., 2006). However, for all species, the ability of the model to demonstrate clear associations with
environmental variables depends on selecting the appropriate spatial
and environmental extent and on the completeness of the distributional
dataset (Araújo and Peterson, 2012; Russo et al., 2015). Determining the appropriate study area for model calibration is particularly important for predictive SDMs, especially when models are extrapolated
to other geographic locations or timeframes (Anderson, 2012). Presence records should offer a good coverage of the range of the species
to encompass the full spectrum of conditions within the species’ environmental tolerance (Anderson, 2013). Because political units (states,
administrative counties) often do not equate to biological borders or
species’ environmental limits, setting the study extent based on geopol4

Spatial autocorrelation (SAC), the geographic clumping of presence
records, can result from the response of individuals to the distribution of environmental conditions (Elith and Leathwick, 2009). SAC
may also be a feature of central place foragers, like cave-dwelling bats,
where occurrences are more restricted to the areas around the roost
(Rainho and Palmeirim, 2011). However, when SAC is an artefact of
spatial bias in sampling efforts, it should be tested and corrected for.
Methods to address spatial bias include the removal of locations falling within a certain radius, for example corresponding to the species’
maximum home range (Kramer-Schadt et al., 2013), or – when sample
sizes are too small – the introductions of a bias grid to account for
uneven sampling (Elith et al., 2011). Alternative approaches focus on
generating background data (pseudo-absences in presence-only modelling) with the same spatial bias. If the distribution of sampling efforts
is unknown, it can be estimated through collating presence records of
taxonomically related species sampled using the same techniques as
the focal species (target group sampling, Phillips et al., 2009). This
approach was used by Bellamy and Altringham (2015) to correct for
sampling bias in bat roost records from a biodiversity data centre in the
UK. However, it should be used with caution when modelling the distribution of bats in areas with less comprehensive survey efforts and
when relying primarily on field data because of differences in bat detectability, capture rates and in the reporting of common species.
An additional problem arising from the use of museum data and online databases relates to inadequate taxonomic knowledge and variable
quality of species identification (Anderson, 2012). This is particularly
the case for the order Chiroptera, where cryptic species complexes are
frequent and new species are still being discovered, especially, but not
exclusively, in the tropics (Fenton and Simmons, 2014). While some
bat SDM studies circumvent this problem by modelling the distributions of species complexes (e.g. Herkt et al., 2016), increasingly, SDM
studies of bats belonging to cryptic species complexes are relying on
molecular tools to confirm species identification (e.g. Rutishauser et
al., 2012; Santos et al., 2014; Razgour et al., 2015).

Review of bats and species distribution modelling

Following robust modelling procedures

Evaluating model performance

SDMs are increasingly applied to predict the effects of future climate
change on bat distributions and diversity (forecasting; e.g. Rebelo et al.,
2010; Lundy et al., 2010; Hughes et al., 2012; Lee et al., 2012; Razgour,
2015) or to reconstruct the evolutionary history of species in phylogeographic studies (hindcasting or paleo-SDMs; e.g. Flanders et al., 2011;
Rebelo et al., 2012; Razgour et al., 2013; Kuo et al., 2014; Alberdi et
al., 2015; Razgour et al., 2015). Extrapolation across timeframes or to
novel environments can be problematic due to changes in biotic interactions and in how environmental variables affect distribution, and due
to the novel combination of climatic conditions. Moreover, extrapolation requires an understanding of how genetic variability, phenotypic
plasticity and dispersal affect species responses to changing conditions
(Elith and Leathwick, 2009). It is important to remember that predictive SDMs only identify potential distribution areas under future or past
climatic scenarios based on the inferred relationship between species
present distribution and climatic variables (Araújo and Peterson, 2012).
As such they rely on the assumption that the fundamental niche of the
species remains conserved over time (niche conservatism; Wiens and
Graham, 2005). Although it should not be taken as given that species’ current climatic niche reflects future climatic tolerances (Guisan
and Thuiller, 2005), studies testing this assumption in bats have found
evidence for past niche conservatism, at least in terms of tolerance to
colder climatic conditions (Rebelo et al., 2012; Razgour et al., 2013).
Projections into future climatic scenarios also assume that current distribution data reflects the fundamental niche of the species, which may
not be true for all species. It has been shown that disregarding range
contractions suffered by giraffes during the 20th century resulted in
severe underestimations when modelling their future range suitability
(Martínez-Freiría et al., 2016). This is likely to be the case for many
species that are sensitive to human activities (land use change, hunting,
etc.).
It is questionable whether SDMs based solely on climatic variables
are sufficient for quantifying the effects of future climate change on species distributions (Araújo and Luoto, 2007). The distribution of many
bat species is not limited by climate alone and is profoundly influenced
by their strict reliance on specific habitat types for roosting and foraging. Obvious examples are the strong reliance of woodland bats on
forests for foraging and roosting (e.g. Russo et al., 2004; Lacki et al.,
2007) and bats from arid or semiarid regions on water bodies and their
associated vegetation (Korine and Pinshow, 2004; Korine et al., 2016).
Stanton et al. (2012) show that including non-climatic variables (e.g.
land cover) that are important predictors of species distribution, improves model performance and predictive ability. This holds true even
in the absence of corresponding future projections for these variables.
However, they warn against including static environmental variables,
like altitude and latitude, which only indirectly affect species distribution but are highly correlated with climatic variables, because the relationship between the static variable and the dynamic climatic variables
will change (Stanton et al., 2012). Despite their recognised overestimations, climatic variables are informative for understanding broad-scale
patterns of range suitability changes because species are likely to only
occur in suitable habitats within the modelled climatic envelope (Pearson and Dawson, 2003). A number of future land cover scenarios have
been published, but there is still some controversy over predictions in
areas that are highly modified by humans because of the difficulties as-
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Over the past few years bat SDM studies have begun to explore more
carefully the effect of parameter settings on model predictions and performance, moving away from reliance on default values and from treating the modelling process as a black box. Although Maxent offers flexibility in the selection of background samples, features, regularization
(controlling for model overfitting), output format and evaluation methods, using the default settings without clear justification is still a common practice in the modelling literature (Merow et al., 2013). Inappropriate complexity and over-parameterisation affect model performance
and reduce the ability of the model to infer habitat quality and relative
variable importance, as well as its transferability to other timeframes
(Warren and Seifert, 2011). Hence models should be tuned according
to the study species and goal, in the case of Maxent, through selecting
feature types and adjusting regularization settings (Elith et al., 2011).
Merow et al. (2013) provide detailed recommendations for robust Maxent modelling procedures. We advocate that researchers and conservation practitioners modelling the distribution of bats follow these recommendations and critically evaluate how different settings affect model
predictions.

Predictive modelling across temporal scales

ley

Knowledge of the species’ ecology, population dynamics and sensitivity to disturbance is paramount for building meaningful SDMs (Araújo
and Guisan, 2006). Predictor environmental variables included in
the model should be preselected to offer good representation of ecophysiological processes (Austin and Van Niel, 2011). Using distal,
rather than functionally-relevant predictors can lead to errors when extrapolating across space and time (Elith and Leathwick, 2009). Hence
it is important to select environmental variables that are likely to limit
the geographical distribution of the studied bat species physiologically, ecologically or behaviourally, and explain the modelled response
curves in light of the species’ biology. Studies should also account for
collinearity (linear relationship) between predictor variables, a common pattern in frequently used climatic datasets, like the BioClim
variables downloaded from WorldClim (www.worldclim.org). Nonindependence in predictor variables affects parameter estimation, leading to incorrect identification of relevant predictors and serious errors
when extrapolating to different geographic regions or climatic conditions (Dormann et al., 2013).

scapes, species and background samples, and when using different test
data (Merow et al., 2013). Although currently there is no clear alternative to AUC as a measure of the performance of presence-only SDMs,
null models can be used to test whether the model AUC value is significantly different from expected AUC values generated from random
location data (Raes and ter Steege, 2007). In addition, Warren and
Seifert (2011) advocate the use of information criterion approaches
(e.g. Akaike Information Criterion) for model and parameter selection in place of AUC, although these approaches provide no measure
of performance but just a comparison of the most informative and parsimonious model.

al

Selecting ecologically relevant environmental variables
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Evaluation is an integral component of any modelling process. In the
case of SDMs, model evaluation is essential for determining whether
the model adequately describes the requirements of the species without
overfitting the predictions to biases in the presence data (Anderson,
2012). Judging whether the output maps are a good approximation of
the biological reality is particularly challenging when they were generated by models that are based on spatially-biased location data and built
using complex functional relationships (Yackulic et al., 2013). While
variable selection can be confirmed through evaluating the ability of
the model to fit the training data, using models to predict species distributions within and across geographical areas and timeframes requires
an evaluation of model generality and transferability using independent datasets or data resampling (Araújo and Guisan, 2006; Elith and
Leathwick, 2009).
A commonly used measure of SDM predictive accuracy is the area
under the receiver-operator curve (AUC), which, in the context of
presence-only modelling, refers to the model’s ability to distinguish
between presence locations and randomly selected background points
(Merow et al., 2013). AUC has been criticised for being sensitive
to spatial biases in the data (Beck et al., 2014), for not considering
over-fitting and consequently supporting over complex models (Radosavljevic and Anderson, 2014), for its dependency on the ratio of
prevalence to background points, for using background data as true absences in presence-only modelling (Lobo et al., 2008), and for being
based on trivial distinctions (Yackulic et al., 2013). Most importantly,
it cannot be used to compare models that were built for different land-
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Although significant progress has been achieved in the application of
SDMs to study bat distributions and characterise environmental niches,
there is still scope for future developments that will further increase the
relevance of SDMs to bat research and conservation, and the contribution of bat SDMs to addressing wider societal challenges. We highlight
some new and emerging trends and suggest some future avenues of research and modelling methods development.

Improving future predictions

Landscape connectivity can inform studies of species distributions,
population demography, genetic variability and population viability
across heterogeneous landscapes (Vasudev et al., 2015). Within the
context of predictive SDMs, the ability of individuals or populations to
move across the landscape and reach climatically suitable areas may be
limited by biogeographical barriers that impede landscape connectivity. Landscape genetics, the study of the effects of environmental heterogeneity on the spatial distribution of genetic variation (Manel et
al., 2003), can help advance SDMs through incorporating the effect of
landscape connectivity on species ability to track changes to their environmental niche (Scoble and Lowe, 2010). The integration of landscape genetics approaches into SDMs has been mainly limited to the
use of SDMs to characterise landscape resistance to movement as a
function of habitat suitability (e.g. Wang et al., 2008; Razgour et al.,
2014). More recently, studies have begun applying this approach in a
predictive manner to assess how species will shift their ranges to track
suitable climatic conditions and identify important future movement
pathways/routes (Lawler et al., 2013; Razgour, 2015, for bats). Other
studies used SDMs to look at the effect of development (wind farms)
on landscape connectivity for bats (Roscioni et al., 2014), or included
landscape connectivity measures when assessing suitable areas for a
forest bat in a fragmented landscape (Teixeira et al., 2014). Bat SDM
studies can lead the way in developing novel approaches to integrate
the effect of landscape connectivity into distribution modelling.
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To date, most SDM studies predicting the effects of climate change on
the distribution of bat species contributed mainly to understanding the
future distribution of suitable climatic conditions rather than the future
distribution of the bats themselves. Thus far, the effect of projected future land cover changes has rarely been included in bat SDMs (with the
exception of: Hughes et al., 2012; Di Febbraro et al., 2015; Struebig et
al., 2015). A handful of studies commented that availability of suitable
foraging and roosting habitats, dispersal or biotic interactions are likely
to limits future range suitability (Hof et al., 2012; Razgour et al., 2013,
2015), but most of these parameters are yet to be directly incorporated
into the modelling process. Moreover, none of the studies have considered the possibility that populations may be able to persist in areas
predicted to experience climatic conditions outside the species’ current environmental niche through genetic adaptations or their available
phenotypic plasticity (Hoffmann and Sgro, 2011). For SDMs to be informative about the future distribution of bats, output maps of climatic
suitability will require spatially-explicit post-processing to approximate the areas that the species can occupy given the constraints of dispersal and population establishment requirements (Anderson, 2013).
Despite the importance of understanding dispersal limitations for
predicting species ability to occupy areas projected to be suitable under future climate change (Travis et al., 2013), SDM studies commonly
fail to consider dispersal, assuming instead that species are capable of
reaching all suitable geographical areas (Bateman et al., 2013). This
assumption is likely to be unrealistic for the majority of species, including less vagile bat species. Better realism can be achieved through
the use of “hybrid models” that incorporate dispersal and demographic
mechanisms into SDMs. However these models rely on detailed movement and life history parameters that are unavailable for the majority of
species (Thuiller et al., 2013). Obtaining the fine-scale data needed to
parameterise these complex models will require long-term ringing and
genetic studies of target bat species. An alternative, simpler approach
is to incorporate basic elements of dispersal limitations by applying the
likely maximum dispersal distances to buffer SDM projections (Bateman et al., 2013). For example, Barbet-Massin et al. (2012) used information from the literature on mean and standard deviations of natal
dispersal estimates for European breeding birds to adjust future SDM
suitability values to reflect the constraints of dispersal. Molecular data
can be used to estimate post-glacial range expansion rates (e.g. through
model-based inference using the Approximate Bayesian Computation
framework; Beaumont, 2010), as a proxy for species migration rates,
to parameterise future dispersal distances from current known range.
Model evaluation can be improved through validation with datasets
collected at different timeframes. Validation of SDMs is particularly
problematic when projecting species distributions to future timeframes
due to the absence of independent test datasets. The partitioning of
present datasets through cross-validation or bootstrapping is problematic because of spatial and temporal autocorrelations in the calibration
and validation datasets. A promising approach to validating the predictions of future models is the use of recorded distributional shifts over
the past few decades as independent test datasets (Araújo et al., 2005).
Lundy et al. (2010) validated the predictions of future bat SDMs by using historical occurrence records (1940–2006) to build the model and
known new records (post 2006) to test the predictive ability of the future
models. This approach can become highly relevant over the next few
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Future directions and wider applications

decades for bat species in countries or regions where comprehensive
long-term monitoring programmes have already been established (e.g.
Barlow et al., 2015). However caution must be taken when comparing
occurrence data from past and current distributions because changing
patterns of recorder effort may distort real trends or range shifts. To account for variation in the sampling effort across space and time, studies should only consider in the analysis areas that were sampled in all
time periods. Range changes in subsequent time periods can then be
assessed in relation to these areas only (Casey et al., 2015).

al

sociated with anticipating changes in markets, technologies, societal
preferences or biophysical forces (Lawler et al., 2014).

6

Increasing the scope of bat SDMs
The scope of bat SDM studies can be increased to address different
levels of organisation, from diversity below the species level to interactions between species and between trophic levels, and to incorporate
into the modelling process the temporal scale of the dataset. On the one
hand, bat SDMs should better reflect the high cryptic diversity in the
order and the strong signature of population structure within species,
which may correspond to differences in local environmental adaptations and niche requirements. Molecular data can provide vital information on geographic population structuring and date the split between
groups. This information can be subsequently used to define separate
modelling units, particularly for widespread species, that better reflect
differential population responses to environmental variables (Gotelli
and Stanton-Geddes, 2015). For example, Alberdi et al. (2015) identified contrasting responses to past climatic changes across the Palearctic in genetically separated eastern versus western populations of the
alpine long-eared bat, indicating that the response of this bat to future climate change will be best studied at the population, rather than
whole species, level. On the other hand, there is a need to better integrate biotic interactions, in the form of interspecific competition and
predator-prey (or herbivore-plant) interactions, into the modelling process (Thuiller et al., 2013). While several multi-species studies looked
at patterns of bat species richness or differential responses to environmental variables and future climate change (e.g. Bilgin et al., 2012;
Hughes et al., 2012; Bellamy et al., 2013; Amorim et al., 2014; Herkt
et al., 2016), interactions between species have been largely neglected.
Exceptions are Santos et al. (2014), who showed how interspecific interactions potentially shaped the distributions of cryptic species pairs
in the Iberian Peninsula, and Russo et al. (2014) that looked at how
bat species on a resource limited island minimise competition through
niche displacement. However, improvements in modelling are needed
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Despite an increase in bat SDM studies in the past decade, a large proportion of studies still focus on geographical areas that hold lower levels
of bat diversity but have better availability of occurrence data (Europe).
The use of presence-only modelling is pervasive in bat studies because
of difficulties associated with obtaining reliable absence data. A new
approach suggested by Newson et al. (2015) harnesses the power of
citizen science to generate comprehensive bat activity datasets that can
form the basis of presence-absence and abundance-based distribution
models. However this approach may be more difficult to implement
over larger spatial scales. Although bat SDM studies cover a variety of
topics, most focus on conservation and biogeography, while the application of SDMs to epidemiological studies is still limited despite their
potential to inform wider societal challenges. An important future development that will increase the scope of bat SDMs and their relevance
to wider conservation and society challenges is the integration of biotic
interactions between competing bat species, bats and their prey, and bat
hosts and their pathogens. Recent studies have begun applying genetic
data to inform models and to assess the effect of landscape connectivity
and evolutionary history, but studies have yet to include physiological
and demographic data to gain a better understanding of bat species responses to climate change. In the forthcoming years SDMs are set to
become an essential tool for bat conservation, for epidemiology modelling and for understanding changes to the ecosystem services provided
by bats, thus contributing to tackling current and future societal challenges.

ley

Concluding remarks

Beaumont M.A., 2010. Approximate Bayesian Computation in Evolution and Ecology.
Annu. Rev. Ecol. Evol. Syst. 41: 379–406.
Beck J., Boller M., Erhardt A., Schwanghart W., 2014. Spatial bias in the GBIF database
and its effect on modeling species’ geographic distributions. Ecol. Inf. 19: 10–15.
Bellamy C., Altringham J., 2015. Predicting species distributions using record centre data:
multi-scale modelling of habitat suitability for bat roosts. PLoS One 10(6): e0128440.
Bellamy C., Scott C., Altringham J., 2013. Multiscale, presence-only habitat suitability
models: fine-resolution maps for eight bat species. J. Appl. Ecol. 50: 892–901.
Bilgin R., Kesisoglu A., Rebelo H., 2012. Distribution patterns of bats in the Eastern Mediterranean Region through a climate change perspective. Acta Chiropterol. 14: 425–437.
Boyles J.G., Cryan P.M., McCracken G.F., Kunz T.H., 2011. Economic importance of bats
in agriculture. Science 332: 41–42.
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.
Calisher C.H., Childs J.E., Field H.E., Holmes K.V., Schountz T., 2006. Bats: important
reservoir hosts of emerging viruses. Clin. Microbiol. Rev. 19: 531–545.
Casey L.M., Rebelo H., Rotheray E., Goulson D. 2015. Evidence for habitat and climatic
specializations driving the long-term distribution trends of UK and Irish bumblebees.
Divers. Distrib. 21: 864–875.
Clare E.L., 2011. Cryptic species? Patterns of maternal and paternal gene flow in eight
Neotropical bats. PLoS One 6(7): e21460.
Cramér H. 1946. Mathematical Methods of Statistics. Princeton University Press.
Di Febbraro M., Roscioni F., Frate L., Carranza M.L., De Lisio L., De Rosa D., Marchetti
M., Loy A., 2015. Long-term effects of traditional and conservation-oriented forest management on the distribution of vertebrates in Mediterranean forests: a hierarchical hybrid
modelling approach. Divers. Distrib. 21: 1141–154.
Dormann C.F., Elith J., Bacher S., Buchmann C., Carl G., Carré G., Marquéz J.R.G., Gruber
B., Lafourcade B., Leitão P.J., Münkemüller T., McClean C., Osborne P.E., Reineking
B., Schröder B., Skidmore A.K., Zurell D., Lautenbach S., 2013. Collinearity: a review of methods to deal with it and a simulation study evaluating their performance.
Ecography 36: 27–46.
Elith J., Graham C.H., Anderson R.P., Dudík M., Ferrier S., Guisan A., Hijmans R.J.,
Huettmann F., Leathwick J.R., Lehmann A., Li J., Lohmann L.G., Loiselle B.A., Manion G., Moritz C., Nakamura M., Nakazawa Y., McC.Overton J., 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’ distribution from occurrence data. Ecography 29: 129–151.
Elith J., Leathwick J.R., 2009. Species distribution models: ecological explanation and
prediction across space and time. Annu. Rev. Ecol. Evol. Syst. 40: 677–697.
Elith J., Phillips S.J., Hastie T., Dudík M., Chee Y.E., Yates C.J. 2011. A statistical explanation of Maxent for ecologists. Divers. Distrib. 17: 43–57.
Fenton M.B., Simmons N.B., 2014. Bats: A World of Science and Mystery. University of
Chicago Press, Chicago.
Flanders J., Wei L., Rossiter S.J., Zhang S., 2011. Identifying the effects of the Pleistocene
on the greater horseshoe bat, Rhinolophus ferrumequinum, in East Asia using ecological
niche modelling and phylogenetic analyses. J. Biogeogr. 38: 439–452.
Franklin J., 1995. Predictive vegetation mapping: geographic modelling of biospatial patterns in relation to environmental gradients. Prog. Phys. Geogr. 19: 474–499.
Franklin J., 2009. Mapping species distributions: spatial inference and prediction. Cambridge University Press.
Friedman J.H., 1991. Multivariate adaptive regression splines. Ann. Stat. 19: 1–67.
Gotelli N.J., Stanton-Geddes J., 2015. Climate change, genetic markers and species distribution modelling. J. Biogeogr. 42: 1577–1585.
Guisan A., Thuiller W., 2005. Predicting species distribution: offering more than simple
habitat models. Ecol. Lett. 8: 993–1009.
Hastie T., Tibshirani R., 1990. Generalized additive models. Chapman and Hall, London,
UK.
Hellmann J.J., Prior K.M., Pelini S.L., 2012. The influence of species interactions on geographic range change under climate change. Ann. N.Y. Acad. Sci. 1249: 18–28.
Herkt K.M.B., Barnikel G., Skidmore A.K., Fahr J., 2016. A high-resolution model of bat
diversity and endemism for continental Africa. Ecol. Modell. 320: 9–28.
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 distribution modelling
methods. Ecography 29: 773–785.
Hirzel A., Hausser J., Chessel D., Perrin N., 2002. Ecological-niche factor analysis: how
to compute habitat-suitability maps without absence data? Ecology 83: 2027–2036.
Hof A.R., Jansson R., Nilsson C., 2012. Future climate change will favour non-specialist
mammals in the (Sub)Arctics. PLoS One 7(12): e52574.
Hoffmann A.A., Sgro C.M., 2011. Climate change and evolutionary adaptation. Nature 470:
479–485.
Hughes A.C., Satasook C., Bates P.J.J., Bumrungsri S., Jones G., 2012. The projected effects of climatic and vegetation changes on the distribution and diversity of Southeast
Asian bats. Global Change Biol. 18: 1854–1865.
Jaberg C., Guisan A., 2001. Modelling the distribution of bats in relation to landscape
structure in a temperate mountain environment. J. Appl. Ecol. 38: 1169–1181.
Korine C., Adams R., Russo D., Fisher-Phelps M., Jacobs D., 2016. Bats and water: anthropogenic alterations threaten global bat populations. In: Voigt C.C. , Kingston T. (Eds.).
Bats in the Anthropocene: Conservation of Bats in a Changing World. Springer, pp.
215–241.
Korine C., Pinshow B., 2004. Guild structure, foraging space use, and distribution in a
community of insectivorous bats in the Negev Desert. J. Zool. 262: 187–196.
Kramer-Schadt S., Niedballa J., Pilgrim J.D., Schröder B., Lindenborn J., Reinfelder V.,
Stillfried M., Heckmann I., Scharf A.K., Augeri D.M., Cheyne S.M., Hearn A.J., Ross
J., Macdonald D.W., Mathai J., Eaton J., Marshall A.J., Semiadi G., Rustam R., Bernard
H., Alfred R., Samejima H., Duckworth J.W., Breitenmoser-Wuersten C., Belant J.L.,
Hofer H., Wilting A., 2013. The importance of correcting for sampling bias in Maxent
species distribution models. Divers. Distrib. 19: 1366–1379.
Kunz T.H., Braun de Torrez E., Bauer D., Lobova T., Fleming T.H., 2011. Ecosystem services provided by bats. Ann. N.Y. Acad. Sci. 1223: 1–38.
Kuo H.-C., Chen S.-F., Fang Y.-P., Flanders J., Rossiter S.J., 2014. Comparative rangewide
phylogeography of four endemic Taiwanese bat species. Mol. Ecol. 23: 3566–3586.

al

before species interactions can be explicitly considered in SDMs (Hellmann et al., 2012).
Bats are the reservoirs of several zoonotic diseases, including rabies,
Ebola and SARS (Calisher et al., 2006). Through improving our understanding of the bat host distribution, SDMs can help explore key
epidemiologic questions and predict patterns of disease spread. Bats
are also important pollinators and seed dispersers of several agricultural crops, play important roles in forest regeneration and are the main
nocturnal predators of arthropods, including several important agricultural pests (Boyles et al., 2011; Kunz et al., 2011). As such, a better
understanding of factors that affect bat distribution and future changes
to bat distribution in response to global climate change can highlight
challenges to food security due to changes in the ecosystem services
provided by bats.

Agresti A., 2007. An Introduction to Categorical Data Analysis. Wiley.
Aguiar L.M.S., Bernard E., Ribeiro V., Machado R.B., Jones G., 2016. Should I stay or
should I go? Climate change effects on the future of Neotropical savannah bats. Glob.
Ecol. Conserv. 5: 22–33.
Alberdi A., Gilbert M.T.P., Razgour O., Aizpurua O., Aihartza J., Garin I., 2015. Contrasting population-level responses to Pleistocene climatic oscillations in an alpine bat
revealed by complete mitochondrial genomes and evolutionary history inference. J.
Biogeogr. 42: 1689–1700.
Amorim F., Carvalho S.B., Honrado J., Rebelo H., 2014. Designing optimized multispecies monitoring networks to detect range shifts driven by climate change: a case
study with bats in the north of Portugal. PLoS One 9(1): e87291.
Anderson R.P., 2012. Harnessing the world’s biodiversity data: promise and peril in ecological niche modelling of species distributions. Ann. N.Y. Acad. Sci. 1260: 66–80.
Anderson R.P., 2013. A framework for using niche models to estimate impacts of climate
change on species distributions. Ann. N.Y. Acad. Sci. 1297: 8–28.
Araújo M.B., Guisan A., 2006. Five (or so) challenges for species distribution modelling.
J. Biogeogr. 33: 1677–1688.
Araújo M.B., Luoto M., 2007. The importance of biotic interactions for modelling species
distributions under climate change. Global Ecol. Biogeogr. 16: 743–753.
Araújo M.B., Pearson R.G., Thuiller W., Erhard M., 2005. Validation of species–climate
impact models under climate change. Global Change Biol. 11: 1504–1513.
Araújo M.B., Peterson A.T., 2012. Uses and misuses of bioclimatic envelope modelling.
Ecology 93: 1527–1539.
Austin M.P., Van Niel K.P., 2011. Improving species distribution models for climate change
studies: variable selection and scale. J. Biogeog. 38: 1–8.
Barbet-Massin M., Thuiller W., Jiguet F., 2012. The fate of European breeding birds under
climate, land-use and dispersal scenarios. Global Change Biol. 18: 881–890.
Barlow K.E., Briggs P.A., Haysom K.A., Hutson A.M., Lechiara N.L., Racey P.A., Walsh
A.L., Langton S.D., 2015. Citizen science reveals trends in bat populations: The National Bat Monitoring Programme in Great Britain. Biol. Conserv. 182: 14–26.
Bateman B.L., Murphy H.T., Reside A.E., Mokany K., VanDerWal J., 2013. Appropriateness of full-, partial- and no-dispersal scenarios in climate change impact modelling.
Divers. Distrib. 19: 1224–1234.

7

Hystrix, It. J. Mamm. (2016) — online first

al

ley

graphic separation of insular bats tell? a case study on Sardinian Rhinolophids. PLoS
One 9(10): e110894.
Russo D., Jones G., 2002. Identification of twenty-two bat species (Mammalia: Chiroptera)
from Italy by analysis of time-expanded recordings of echolocation calls. J. Zool. 258:
91–103.
Russo D., Voigt C.C., 2016. The use of automated identification of bat echolocation calls in
acoustic monitoring: A cautionary note for a sound analysis. Ecol. Indic. 66: 598–602.
Rutishauser M.D., Bontadina F., Braunisch,V., Ashrafi S., Arlettaz R., 2012. The challenge
posed by newly discovered cryptic species: disentangling the environmental niches of
long-eared bats. Divers. Distrib. 18: 1107–1119.
Santos H., Juste J., Ibáñez C., Palmeirim J.M., Godinho R., Amorim F., Alves P., Costa H.,
de Paz O., Pérez-Suarez G., Martínez-Alos S., Jones G., Rebelo H., 2014. Influences
of ecology and biogeography on shaping the distributions of cryptic species: three bat
tales in Iberia. Biol. J. Linn. Soc. 112: 150–162.
Sattler T., Bontadina F., Hirzel A.H., Arlettaz R., 2007. Ecological niche modelling of two
cryptic bat species calls for a reassessment of their conservation status. J. Appl. Ecol.
44: 1188–1199.
Scheel D., Vincent T.L.S., Cameron G.N., 1996. Global warming and the species richness
of bats in Texas. Conserv. Biol. 10: 452–464.
Scoble J., Lowe A.J., 2010. A case for incorporating phylogeography and landscape genetics into species distribution modelling approaches to improve climate adaptation and
conservation planning. Divers. Distrib. 16: 343–353.
Stanton J.C., Pearson R.G., Horning N., Ersts P., Reşit Akçakaya H., 2012. Combining static
and dynamic variables in species distribution models under climate change. Methods
Ecol. Evol. 3: 349–357.
Stockwell D.R.B., Noble I.R., 1992. Induction of sets of rules from animal distribution data:
a robust and informative method of data analysis. Math. Comput. Simul. 33: 385–390.
Struebig M.J., Wilting A., Gaveau D.L.A., Meijaard E., Smith R.J., Borneo Mammal Distribution Consortium, Fischer M., Metcalfe K., Kramer-Schadt S., 2015. Targeted conservation to safeguard a biodiversity hotspot from climate and land-cover change. Curr.
Biol. 25: 372–378.
Teixeira T.S.M., Weber M.M., Dias D., Lorini M.L., Esbérard C.E.L., Novaes R.L.M., Cerqueira R., Vale M.M., 2014. Combining environmental suitability and habitat connectivity to map rare or Data Deficient species in the Tropics. J. Nat. Conserv. 22: 384–390.
Thuiller W., Münkemüller T., Lavergne S., Mouillot D., Mouquet N., Schiffers K., Gravel
D., 2013. A road map for integrating eco-evolutionary processes into biodiversity models. Ecol. Lett. 16: 94–105.
Travis J.M.J., Delgado M., Bocedi G., Baguette M., Bartoń K., Bonte D., Boulangeat I.,
Hodgson J.A., Kubisch A., Penteriani V., Saastamoinen M., Stevens V.M., Bullock J.M.,
2013. Dispersal and species’ responses to climate change. Oikos 122: 1532–1540.
Vale C.G., Tarroso P., Brito J.C., 2014. Predicting species distribution at range margins: testing the effects of study area extent, resolution and threshold selection in the
Sahara–Sahel transition zone. Divers. Distrib. 20: 20–33.
Vasudev D., Fletcher R.J., Goswami V.R., Krishnadas M., 2015. From dispersal constraints
to landscape connectivity: lessons from species distribution modeling. Ecography 38:
967–978.
Walters C.L., Freeman R., Collen A., Dietz C., Fenton B.M., Jones G., Obrist M.K., Puechmaille S.J., Sattler T., Siemers B.M., Parsons S., Jones K.E., 2012. A continental-scale
tool for acoustic identification of European bats. J. Appl. Ecol. 49: 1064–1074.
Wang Y.H., Yang K.C., Bridgman C.L., Lin L.K., 2008. Habitat suitability modelling to
correlate gene flow with landscape connectivity. Landscape Ecol. 23: 989–1000.
Warren D.L., Seifert S.N., 2011. Ecological niche modeling in Maxent: the importance
of model complexity and the performance of model selection criteria. Ecol. Appl. 21:
335–342.
Waters D.A., Jones G., 1995. Echolocation call structure and intensity in five species of
insectivorous bats. J. Exp. Biol. 198: 475–489.
Wiens J.J., Graham C.H., 2005. Niche conservatism: Integrating evolution, ecology and
conservation biology. Annu. Rev. Ecol. Evol. Syst. 36: 519–539.
Wisz M.S., Hijmans R.J., Peterson A.T., Graham C.H., Guisan A., NCEAS Predicting Species Distribution Working Group, 2008. Effects of sample size on the performance of
species distribution models. Divers. Distrib. 14: 763–773.
Yackulic C.B., Chandler R., Zipkin E.F., Royle J.A., Nichols J.D., Campbell Grant E.H.,
Veran S., 2013. Presence-only modelling using MAXENT: when can we trust the inferences?. Methods Ecol. Evol. 4: 236–243.
Yates F., 1934. Contingency tables involving small numbers and the χ2 test. Suppl. J. R.
Stat. Soc. 1: 217–235.

Au
th

or
’s
G

Lacki M.J., Amelon S.K., Baker M.D., 2007. Foraging ecology of bats in forests. In: Lacki
M.J., Hayes J.P., Kurta A. (Eds.). Bats in Forests: Conservation and Management. The
Johns Hopkins University Press, Baltimore, MD, pp. 83–127.
Lawler J.J., Lewis D.J., Nelson E., Plantinga A.J., Polasky S., Withey J.C., Helmers D.P.,
Martinuzzi S., Pennington D., Radeloff V.C., 2014. Projected land-use change impacts
on ecosystem services in the United States. Proc. Natl. Acad. Sci. 111: 7492–7497.
Lawler J.J., Ruesch A.S., Olden J.D., McRae B.H., 2013. Projected climate-driven faunal
movement routes. Ecol. Lett. 16: 1014–1022.
Lee D.N., Papeş M., Van Den Bussche R.A., 2012. Present and potential future distribution
of common vampire bats in the Americas and the associated risk to cattle. PLoS One
7(8): e42466.
Lobo J.M., Jiménez-Valverde A., Real R., 2008. AUC: a misleading measure of the performance of predictive distribution models. Global Ecol. Biogeogr. 17: 145–151.
Lundy M., Montgomery I., Russ J., 2010. Climate change-linked range expansion of
Nathusius’ pipistrelle bat, Pipistrellus nathusii. J. Biogeogr. 37: 2232–2242.
Manel S., Schwartz M.K., Luikart G., Taberlet P., 2003. Landscape genetics: combining
landscape ecology and population genetics. Trends Ecol. Evol. 18: 189–197.
Martínez-Freiría F., Tarroso P., Rebelo H., Brito J.C., 2016. Contemporary niche contraction affects climate change predictions for elephants and giraffes. Divers. Distrib. 22:
432-444.
Meirmans P.G., 2015. Seven common mistakes in population genetics and how to avoid
them. Mol. Ecol. 24: 3223–3231.
Merow C., Smith M.J., Silander J.A. 2013. A practical guide to Maxent for modeling species’ distributions: what it does, and why inputs and settings matter. Ecography 36:
1058–1069.
Mickleburgh S.P., Hutson A.M., Racey P.A., 2002. A review of the global conservation
status of bats. Oryx 36: 18–34.
Myer F., von Helverson O., 2001. Cryptic diversity in European bats. Proc. R. Soc. London
B 268: 1825–1832
Newson S.E., Evans H.E., Gillings S., 2015. A novel citizen science approach for large-scale
standardised monitoring of bat activity and distribution, evaluated in eastern England.
Biol. Conserv. 191: 38–49.
Pearson R.G., Dawson T.P., 2003. Predicting the impacts of climate change on the distribution of species: are bioclimate envelope models useful? Global Ecol. Biogeogr. 12:
361–371.
Phillips S.J., Anderson R.P., Schapire R.E., 2006. Maximum entropy modeling of species
geographic distributions. Ecol. Modell. 190: 231–259.
Phillips S.J., Dudík M., Elith J., Graham C.H., Lehmann A., Leathwick J., Ferrier, S.,
2009. Sample selection bias and presence-only distribution models: implications for
background and pseudo-absence data. Ecol. Appl. 19: 181–197.
Radosavljevic A., Anderson R.P., 2014. Making better Maxent models of species distributions: complexity, overfitting and evaluation. J. Biogeogr. 41: 629–643.
Raes N., ter Steege H., 2007. A null-model for significance testing of presence-only species
distribution models. Ecography 30: 727–736.
Rainho A., Palmeirim J.M., 2011. The importance of distance to resources in the spatial
modelling of bat foraging habitats. PloS One 6(4): e19227.
Razgour O., 2015. Beyond species distribution modelling: a landscape genetics approach
to investigating range shifts under future climate change. Ecol. Inf. 30: 250–256.
Razgour O., Hanmer J., Jones G., 2011. Using multi-scale modelling to predict habitat
suitability for species of conservation concern: The grey long-eared bat as a case study.
Biol. Conserv. 144: 2922–2930.
Razgour O., Juste J., Ibáñez C., Kiefer A., Rebelo H., Puechmaille S.J., Arlettaz R., Burke
T., Dawson D.A., Beaumont M., Jones G., 2013. The shaping of genetic variation in
edge-of-range populations under past and future climate change. Ecol. Lett. 16: 1258–
1266.
Razgour O., Rebelo H., Puechmaille S.J., Juste J., Ibáñez C., Kiefer A., Burke T., Dawson
D.A., Jones G., 2014. Scale-dependent effects of landscape variables on gene flow and
population structure in bats. Divers. Distrib. 20: 1173–1185.
Razgour O., Salicini I., Ibáñez C., Randi E., Juste J., 2015. Unravelling the evolutionary
history and future prospects of endemic species restricted to former glacial refugia. Mol.
Ecol. 24: 5267–5283.
Rebelo H., Froufe E., Brito J.C., Russo D., Cistrone L., Ferrand N., Jones G., 2012. Postglacial colonization of Europe by the barbastelle bat: agreement between molecular data
and past predictive modelling. Mol. Ecol. 21: 2761–2774.
Rebelo H., Tarroso P., Jones G., 2010. Predicted impact of climate change on European
bats in relation to their biogeographic patterns. Global Change Biol. 16: 561–576.
Roscioni F., Rebelo H., Russo D., Carranza M.L., Di Febbraro M., Loy A., 2014. A modelling approach to infer the effects of wind farms on landscape connectivity for bats.
Landscape Ecol. 29: 891–903.
Russo D., Cistrone L., Jones G., Mazzoleni S., 2004. Roost selection by barbastelle bats
(Barbastella barbastellus, Chiroptera: Vespertilionidae) in beech woodlands of central
Italy: consequences for conservation. Biol. Conserv. 117: 73–81.
Russo D., Di Febbraro M, Cistrone L., Jones G., Smeraldo S., Garonna A.P., Bosso L.,
2015. Protecting one, protecting both? Scale-dependent ecological differences in two
species using dead trees, the rosalia longicorn beetle and the barbastelle bat. J. Zool.
297: 165–175.
Russo D., Di Febbraro M., Rebelo H., Mucedda M., Cistrone L., Agnelli P., De Pasquale
P.P., Martinoli A., Scaravelli D., Spilinga C., Bosso L., 2014. What story does geo-

8

Associate Editor: D. Preatoni

Supplemental information
Additional Supplemental Information may be found in the online version of this article:
Appendix S1. List of papers collected for the review.

