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In many countries, bats have high conservation prioritisation owing to their trophic position, habitat associations
and threat level, andmany have dedicatedmanagement plans. However, poor knowledge of species' ecology, iden-
tification issues and surveying challenges mean that large-scale monitoring to produce required distribution and
abundance information is less developed than for someother taxa. Static detectors deployed to record bats through-
out whole nights have been recommended for standardised acoustic monitoring but to date their cost has
prohibitedwide uptake. Herewe describe an extensive survey approach inwhichmembers of the public borrowed
detectors to participate in a large-scale monitoring and mapping project. Covering a 15% sample of the study area
over two years, the survey generated over 600,000 bat recordings.We describe a semi-automated step-wisemeth-
od for processing this large volume of recordings to assign identity to species or genus level with low error rates.
Twelve species were recorded during the survey, ranging from the near ubiquitous Common Pipistrelle Pipistrellus
pipistrellus to the locally scarce Leisler's batNyctalus leisleri.We showpronounced patterns of seasonality consistent
with post-breeding dispersal and new information on nocturnal activity patterns. Using regression trees we gener-
ate new maps of standardised variation in activity which is likely to reflect underlying spatial variation in relative
abundance. These reveal hitherto unknown patterns for species of superficially similar status. We conclude that
with logistical support and centralised automated species identification it is now possible for the public to contrib-
ute to acoustic bat monitoring at an unprecedented scale.

© 2015 Elsevier B.V. All rights reserved.
1. Introduction

Biodiversity is facing an unprecedented decline whilst the pressure
on the earth's ecosystems continues to grow (Butchart et al., 2010).
Recognising the status of biodiversity and its benefit to human well-
being, the world's governments committed in 2010 to take effective
and urgent action to halt biodiversity loss through theConvention on Bi-
ological Diversity's targets (de Heer et al., 2005; Pereira et al., 2010).
These targets require monitoring to assess progress towards specific
goals. Such large-scale biodiversity assessment calls for methods
which are able to provide an understanding of large-scale patterns in
species' distributions, abundances and changes over time (Pereira and
Cooper, 2006; Jones, 2011). This relies on surveys to collect data that
are representative at a regional to national scale, and robust analysis
that is able to provide an informed understanding of species' popula-
tions (Magurran and Dornelas, 2010).

As a group, bats (Chiroptera) are challenging to monitor because
most are nocturnal, wide-ranging and can be difficult to identify. Histor-
ically themonitoring of bats in temperate regions has focused on inten-
sive (site-based) visual counts at volunteer-selected winter or summer
.

roosts (Battersby, 2010; Haysom et al., 2014) or capture surveys (Hayes
et al., 2009). There is considerable value in these approaches, but it is
difficult to confidently infer from these what is happening at a wider
population level. For conservation purposes, it is essential that small-
scale or local processes be distinguished from processes that may affect
populations over larger scales. Therefore, the ability to also assess pro-
cesses operating at a broader population level is necessary, for which
an extensive regional, approach is required.

With developments in passive bat detectors and software for semi-
automating the analysis of sound files, there is the potential to provide
large-scale representative acoustic monitoring of bat species distribu-
tion and activity as a measure of relative abundance (Lintott et al.,
2014). Stahlschmidt and Brühl (2012) recently highlighted concerns
mirrored in the wider literature (Hayes, 2000; Sherwin et al., 2000;
Gannon et al., 2003) that current methodology for monitoring bat pop-
ulations using acousticmethods often fails to address temporal and spa-
tial variation in bat activity. We would go further to say that more
generally, robust information on species occurrence and activity are
lacking, with researchers relying on presence-only data, where there
is no direct information on absences (strictly absence or non-
detection), and which is often obtained through unstructured opportu-
nistic sampling. As a consequence, most recent spatial modelling has
used presence-only data (but see Rodhouse et al., 2012; Meyer, 2014).

http://crossmark.crossref.org/dialog/?doi=10.1016/j.biocon.2015.06.009&domain=pdf
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http://dx.doi.org/10.1016/j.biocon.2015.06.009
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The usual argument for using presence-only data has been that large
scale presence/absence data and abundance data sets are unavailable
or unreliable, but little work has looked at designing work to improve
the quality or availability of these data. Clearly a standardised bat survey
method using a suitable detector system recording bat activity as amea-
sure of relative abundance and presence/absence is needed. This is par-
ticularly important because significant population declines of species of
high conservation concern may occur before any reduction in range is
observed (Gaston, 2003), where measures of abundance are regarded
as the most informative variable for monitoring change in populations
and essential for underpinning local and national decision making,
targeting of conservation action and providing evidence for biodiversity
reporting.

Comparing two widely used methods to survey bat activity, walked
line transects and static detectors, Stahlschmidt and Brühl (2012) dem-
onstrated that the use of automatically triggered (often known as pas-
sive) real-time bat detectors placed at randomly selected points to
record all night, is most likely to produce unbiased standardised data
on the relative activity of bats. Whilst this might be ideal, in practice
the cost of real-time bat detectors required for this purpose remains
high, so this technology and approach has largely been restricted to
localised intensive use by environmental consultants or university re-
search groups. In contrast, well developed volunteer-based national or
regional batmonitoring programmes typically use simple, tuneable het-
erodyne detectors that focus on detecting the presence of a small num-
ber of relatively easily identifiable species, with the survey methods
designed to be as inclusive as possible andusing affordable bat detectors
to maximise participation and geographical coverage (e.g. the United
Kingdom's National Bat Monitoring Programme, NBMP; Barlow et al.,
2015). Few species are easily monitored through these methods due
to the difficulty in confidently distinguishing the calls of many species,
and it is often difficult to produce a standardisedmeasure of bat activity
for the suite of species that can be monitored (Walters et al., 2013).

One approach for getting better species coverage and higher quality
acoustic data has been the iBats program (www.ibats.org.uk) (Jones
et al., 2013), where volunteers across a number of European countries
drive along roads at night, using more expensive time-expansion
broad-band detectors to record bats. Similar projects are being carried
out in other countries (e.g. Ireland, Roche et al., 2011). In doing so, this ap-
proach is able to make use of a small number of volunteers and limited
equipment to potentially obtain a large volume of data to inform on spe-
cies distributions. Because of the simplicity of the survey design, the ap-
proach is increasing our knowledge of large-scale distribution patterns
across a large geographic area, and by making repeat visits to the same
transects at the same time of night, it has the potential to provide a robust
measure of change in relative abundance on surveyed transects. Assum-
ing that driven transects are faster than a bat can fly, it can also be as-
sumed that recordings relate to different individuals. Its limitations are
that it is difficult to compare bat activity directly within and between
transects because activity is likely to vary with time of night (Hayes,
2000). In addition, conclusions from a monitoring project based on the
road network can only be made in relation to roadside habitats, which
may not be representative of wider bat populations (Roche et al., 2011).
Similar criticismhas beenmade of theNorthAmerican Breeding Bird Sur-
vey, where restricting bird surveys to roadsides has been shown to limit
the representativeness of the data, resulting in skewed abundance, distri-
bution and community composition data (Thogmartin et al., 2006; Betts
et al., 2007; Niemuth et al., 2007; McCarthy et al., 2012), reducing the re-
liability of associated population and trend estimates and distribution
models that are developed to guide conservation-related programmes
(Bart et al., 1995, 2004; Francis et al., 2005; Sauer et al., 2005).

Clearly for the large-scale monitoring of bat activity there is a need
for a standardised survey design. The objectives of this study were to
trial the recording of bat activity using passive real-time detectors, to
gauge the willingness of members of the public to engage in bat moni-
toring on a large scale, and to determine the suitability of automated
identification routines for processing large volume of citizen-collected
recordings.We describe this approach and carry out a critical evaluation
of the different stages of the approach, from field deployment to bat
identification, and provide provisional results indicating the insights
such a scheme can provide for understanding bat status and ecology,
and potential for informing conservation planning.
2. Methods

2.1. Norfolk and the Norfolk Bat Survey protocol

Norfolk is a coastal county of 5371 km2 in eastern England (Fig. 1). It
is dominated by arable farmland with scattered woodlands and towns,
plus significant wetland-dominated landscapes of international impor-
tance (e.g. the Norfolk Broads) and Breckland, an area of sandy heath-
land and forest (Dymond, 1990). It has not previously been the
subject of large-scale bat monitoring, but local studies and ad hoc re-
cordings have to date recorded 12 species (Table 1) including a cryptic
species pair where acoustic identification is particularly difficult (Whis-
kered batMyotis mystacinus and Brandt's batMyotis brandtii). The mix-
ture of landscapes, distribution of observers and local NGOs (see below)
made it a good choice for trialling large-scale volunteer-based bat
recording.

The Norfolk Bat Survey (www.batsurvey.org) was set up in spring
2013 to enable members of the public to have access to passive real-
time bat detectors which they could place in a location of their choice
within Norfolk to automatically trigger and record the calls to amemory
card every time a bat passes throughout a night. We collaborated with
several organisations and local libraries across the county to set up 21
“Bat Monitoring Centres” at existing centres used by the public from
which anyone could borrow the equipment for a few days (Wildlife
Acoustic SM2Bat+ detector recording in full-spectrum at 384 kHz, see
Waters and Barlow, 2013). Microphones were mounted on 3-m poles
to avoid ground noise and reduce recordings of reflected calls, and a
low pass filter of 8 kHz used to reduce the chance of non-bat noise
from triggering thedetector. Recordingwas set to continue until no trig-
ger was detected for a 2.0 second period. Guidance was given to avoid
surveying bats in persistent heavy rain, strong wind or if the nightly
temperaturewas predicted to fall well below7 °C, and on the placement
ofmicrophoneswhich should be deployed at least 1.5m in any direction
from vegetation, water or other obstructions. Intensive field trials were
carried out prior to the survey season to inform a decision on the survey
effort required to provide a reliable representation of species present
within a 1-km square (Newson et al., 2014). Based on this, a compro-
mise of three complete nights of recording at three different points lo-
cated at least 200 m apart within each 1-km square was taken,
accepting that species at low density or with a low detection probability
may be missed over three nights of recording (see also Skalak et al.,
2012). At the end of the three nights of recording, the memory card
was returned to the British Trust for Ornithology (BTO) for analyses,
along with a completed recording form giving the dates and grid refer-
ences at which the detector was used. In return for collecting data, par-
ticipants were sent a summary of the bat species they recordedwithin a
few days of taking part. Using this method, members of the public were
given an opportunity to participate in bat surveys and take advantage of
bat recording technology that would not normally be available to them.
The survey period ran frommid-April to the end of September to cover
the core period of bat activity in the UK, and to maximise use of the
equipment during the year. Ideally, 1-km squares would be selected
and allocated at random to volunteers to ensure representative cover-
age across the county. In this project we allowed for a free choice of 1-
km squares to encourage participant uptake, but on the understanding
that we would need to test for and potentially correct for likely bias to-
wards sampling in or near areas of humanhabitation. Herewemake use
of data from the first two years of the survey.

http://www.ibats.org.uk
http://www.batsurvey.org


Fig. 1. Distribution of 1-km squares surveyed through the Norfolk Bat Survey and location in relation to Great Britain (inset).
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2.2. Semi-automated acoustic identification of bats

Passive real-time detectors are triggered when they detect sound
within a certain frequency range. We define this as one recording, and
a recording may contain any number of bat calls, or none if triggered
by other taxa or ambient high-frequency sounds. Using this technology,
bat monitoring on this scale generates an enormous volume of record-
ings: often over 1000 sound recordings per detector per night. To pro-
cess such a volume of acoustic data necessitated semi-automated
analyses to assign recordings to species and herewe assess classification
accuracy by additional manual checking.

A first analysis (Step 1) was carried out using the software
SonoChiro (www.biotope.fr/fr/innovation/sonochiro) to assign each re-
cording to species. SonoChiro uses a classification tree developed from
call measurements taken from an extensive (N250,000) database of re-
cordings of known species recorded on the same detector type to assign
identity to all calls in the first 5 s of each recording (Biotope, 2013).
From these, recordings not containing bat recordings are identified,
and where they do, each is assigned to species and given a confidence
index related to the probability of correct classification (as compared
with the underlying training database) on a scale of 0–10, but this is
poorly defined. It is not linearly related to a probability of correct classi-
fication and may be suppressed if acoustically similar species are in
SonoChiro's reference sample, even if those species are known to be ab-
sent from the study area. Of particular relevance here are Kuhl's Pipis-
trelle Pipistrellus kuhlii, Grey long-eared bat Plecotus austriacus and a
number of Myotis species which are not thought to be present in the
survey area, but are similar acoustically to species that are. Owing to
Table 1
Bat species detected by the Norfolk Bat Survey, number of recordings of each species following

Species Species code No

Daubenton's bat, Myotis daubentonii Mdau
Whiskered/Brandt's bats, Myotis mystacinus/M. brandtii Mmys/Mbra
Natterer's bat, Myotis nattereri Mnat
Noctule, Nyctalus noctula Nnoc
Leisler's bat, Nyctalus leisleri Nlei
Serotine, Eptesicus serotinus Eser
Common Pipistrelle, Pipistrellus pipistrellus Ppip 326
Soprano Pipistrelle, Pipistrellus pygmaeus Ppyg 170
Nathusius' Pipistrelle, Pipistrellus nathusii Pnat
Brown long-eared bat, Plecotus auritus Paur
Barbastelle, Barbastellus barbastellus Bbar
these uncertainties we performed additional filtering and manual
checking of recordings.

Record filtering (Step 2) was performed in SAS (SAS, 2002) to re-
move the following recordings: recordings with insufficient acoustic in-
formation, here judged to be those containing fewer than three bat calls;
those containing sounds from other taxa (e.g. bush-crickets) or other
ambient noises; or where the confidence index was zero (typically
resulting from poor quality recordings). Recordings, with a confidence
index of 1 or 2, judged to have “high” error risk (Biotope, 2013) were
reassigned to species group or genus and are not used further in this
paper.

Manual checking (Step 3) using software SonoBat (www.sonobat.
com) was used as an independent check of the original species identities
assigned by SonoChiro (Step 1) and the filtering (Step 2). We manually
checked 10,000 of the recordings removed in Stage 2 to determine
whether manual analysis would have given a species identity. Next, for
10 of the 12 species, all recordings retained after Step 2 were inspected
with SonoBat and identity was checked and re-coded if necessary based
on call parameters defined in Russ (2012) and Barataud (2012). For ex-
ample, a strict criterion for Nathusius' Pipistrelle Pipistrellus nathusii iden-
tification is for the end frequency of all calls within a recording to fall
below 40 kHz (see Table A1 for a summary of important call parameters
used in Step 3). The call shape (hockey-stick shaped) and frequencies of
Common P. pipistrellus and Soprano Pipistrelle Pipistrellus pygmaeus are
characteristic so discrimination should be good. For Common and Sopra-
no Pipistrelles which made up N95% of all recordings we checked a ran-
dom sample of 1000 recordings each. Recordings of Whiskered or
Brandt's bat were treated from this point as a species pair.
validation and a summary of the scale of recording.

. of recordings following validation No. of different 1-km squares (% of total)

1823 202 (23%)
521 168 (22%)

1112 265 (34%)
6377 473 (62%
277 78 (10%)

2406 278 (36%)
,008 755 (99%)
,938 728 (95%)
916 211 (28%)

1977 360 (47%)
1988 308 (40%)

http://www.biotope.fr/fr/innovation/sonochiro
http://www.sonobat.com
http://www.sonobat.com
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2.3. Seasonal and nightly patterns of bat activity

To assess how important night-long recording over a long survey
season was for effective monitoring, we performed simple summaries
of seasonal and hourly presence and activity. Reporting rates were de-
termined for each half-month period and presented according to the
percentage of sample squares on which each bat species was detected.
Where sample squares were surveyed more than once in a period, we
combined data across visits. Activity through the night was analysed
by first converting all bat pass times to time since sunset (sunset
times from http://data.gov.uk/dataset/uk-sunrise-sunset) and then
assessing the frequency distribution of passes relative to sunset for the
whole season and in half-month periods.

2.4. Habitat bias

Allowing participants to choose survey squares could have generated
geographical bias in coverage, particularly towards areas of habitation.
Because environmental bias in datasets can be very influential when
predicting spatial patterns of distribution and activity (e.g. Leitão et al.,
2011), we evaluated the extent to which the habitat composition of sur-
veyed 1-km squares deviated from a random sample using habitat
summarised at a 1-km square resolution and derived from fine-scale re-
mote sensing data made available through the Joint Nature Conservation
Committee/Department for Environment, Food and Rural Affairs-funded
project “Making Earth Observation Work for UK Biodiversity” (MEOW;
Medcalf et al., 2014). In this, Norfolk has been used as pilot for providing
habitat mapping for 16 priority habitats and ecosystems for monitoring
and reporting against the Habitats Directive and the UK Biodiversity Ac-
tion Plan. The availability of each habitat type was summarised across
1-km squares in Norfolk, showing that, for example 67% of Norfolk was
arable. Ideally, the sample of surveyed 1-km squares would match
these values within a margin of error in line with the sample size
achieved, which we determined by repeatedly randomly sampling N
squares, whereNwas the number of squares surveyed. Sampling was re-
peated 1000 times and the 25th and 975th ranked values of the availabil-
ity of each habitat across the random samples were found and expressed
as a percentage of the actual habitat availability values. A comparison of
the habitat coverage achieved compared to these 95% confidence limits
indicates which habitats were significantly over- or under-represented
in the sample of surveyed squares.

2.5. Spatial models of bat distribution and activity

To evaluate the value of the data collected here for informing our un-
derstanding of bat activity and species distributions at a large spatial
scale, it was necessary to consider the data in a spatialmodelling frame-
work. A number of analytical frameworks are capable of modelling the
relationship between species distribution or activity and their environ-
ment. We used Generalised Boosted Regression models, which are an
ensemble implementation of Regression Trees that have performed
well in model comparison studies (e.g. Elith et al., 2006; Prasad et al.,
2006; Cutler et al., 2007; Franklin, 2009; Heikkinen et al., 2012). Regres-
sion Trees are increasingly being used to predict species distributions,
but application to abundance type data is limited to a few studies
(Iverson and Prasad, 1998; Moisen et al., 2006; Leathwick et al., 2006;
Balmer et al., 2013). For bats we are not aware of any previous study
that has attempted to model spatial patterns of activity, and most spe-
cies distribution modelling has used presence-only data (e.g. Bellamy
et al., 2013; Rebelo and Jones, 2010). Presence-only models are useful
in their ability to rank sites for their relative suitability. These methods
can be informative, where absence data are not available. However
where absence data are available, it is recommended that approaches
that use these data are prioritised (Brotons et al., 2004; Segurado and
Araújo, 2004; Pearson et al., 2006).
Generalised Boosted Regression is a machine learning method that
estimates the form of the relationship between a response variable
and its predictors without a priori specification of a data model (Elith
et al., 2008). This technique estimates a large number of simple models,
which are combined to form a final model optimised for prediction,
using cross-validation for model building. Models were produced
using the R package gbm (Ridgeway, 2013) and using the gbm.step
function of Elith and Leathwick (2011) to find the appropriate learning
rate and number of trees, with all trees having up to 10 nodes. Models
were trained with 10-fold cross validation with a bagging fraction of
0.5 and assessed for predictive performance using either the area
under the ROC curve (AUC) for occurrencemodels or the correlation co-
efficient between observed and predicted value for bat activity. For eval-
uation of AUC values, we used the approach recommended by Swets
(1988): excellent AUC N 0.90; good 0.80–0.90; fair 0.70–0.80; poor
0.60–0.70; and fail 0.50–0.60 although we accept that these divisions
are fairly arbitrary. For occurrence models, data partitioning for cross
validation was stratified by prevalence and in all models observations
were weighted to account for the post-survey stratification to control
for habitat bias, which is described later. For occurrence models we as-
sumed a Bernoulli distribution for the response variable and for activity
models, a Poisson distribution.

Before analysis, the bat data used in themodelswasfirst standardised.
Bat detectors operated all night, but night length varies two-fold over the
season, therefore markedly changing effort for detection and the poten-
tial number of passes recorded. Based on patterns of activity with respect
to sunset time (see Results) we standardised all data by considering only
bat passes up to 6 h after sunset. Detectors were usually in situ and re-
cording before sunset and for certain species (e.g. Noctule) some passes
occur before sunset but these were a minority (only 0.7% of detected
passes were before sunset). Using this ~6 operating hourwindowwe de-
termined presence/absence and the total number of bat passes by species
for each visit.

To generalise the recordings at sample locations to the rest of the
region we needed to consider factors that are likely to influence bat
presence and activity. In terms of covariates included in the models,
weather conditions can affect the activity of bats at a given location
(e.g. Barlow et al., 2015). For each 1-km square in Norfolk, we extracted
hourly minimum temperature, precipitation and wind speed recorded
at the closest weather station (MIDAS Land andMarine Surface Stations
Data — available from http://badc.nerc.ac.uk/view/badc.nerc.ac.uk__
ATOM__dataent_ukmo-midas), and then summarised these for the
6-hour recording window of each visit (minimum temperature, mean
wind speed, total precipitation).

Some bat species have precise feeding and roosting requirements so
habitat in and around the sampling location is likely to affect the species
present. Habitat summarised at a 1-km square resolution was derived
using the MEOW dataset containing 16 habitat types and described
above. In addition, habitat availability in thewider landscapewas quan-
tified because bats forage over a wider area than a 1-km square, al-
though typically within 1–3 km of their roost (Senior et al., 2005).
Because habitat data for the 16 priority habitats was only available for
Norfolk itself and not for land bordering this, we used satellite-derived
land cover data (10 Land Cover Map 2000 aggregate classes, Fuller
et al., 2002) to determine the area of each habitat within the 1-km
square of interest and its neighbouring squares (9 km2). Two further
larger landscape extents (16 km2 and 25 km2) were considered at the
beginning of the study, but because landcover variables were strongly
correlated across landscape scales (r N 0.90), we chose to use a single
landscape scale that best fitted known home range sizes. Because bat
distribution and activitymay vary seasonally, week numberwas also in-
cluded as a covariate.

We focus here on 12 species of bat known to occur in Norfolk with
Whiskered and Brandt's bats which are difficult to distinguish acousti-
cally treated together as a species pair. Once models had been trained,
predictions of occurrence probability and activity (pass frequency)

http://data.gov.uk/dataset/uk-sunrise-sunset
http://badc.nerc.ac.uk/view/badc.nerc.ac.uk__ATOM__dataent_ukmo-midas
http://badc.nerc.ac.uk/view/badc.nerc.ac.uk__ATOM__dataent_ukmo-midas
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were made for week 27 (mid-season) for each species in every 1-km
square across Norfolk, using habitat data for each square and under nor-
mal (mean) weather conditions for that time of year. For presentation
purposes, activity predictions less than 0.5 passes per night (strictly
first 6 h of night) were removed and we only present maps for species
where at least 100 grid squares remained. All probability of occurrence
maps use the same colour scale, ranging from N0 to 1 in increments of
0.1. Bat activity maps use either a five or a 10-colour scale, where grid
cells are placed into bands according to pentiles or deciles of predicted
activity. Gini coefficients, which provide a degree of aggregation
among a set of values,were used to assess the degree towhich bat occu-
pancy and activity were uniform (coefficient tends to 0) or aggregated
(coefficient tends to 1) among 1-km squares. Gini coefficients were cal-
culated using the ineq package in R (Zeileis, 2014).

3. Results

3.1. Survey coverage

785 different 1-km squares (15% of Norfolk) were surveyed for bats
over the two seasons of 2013 and 2014. This comprises 2653 complete
nights of recording, which has resulted in the collection and analyses
of over half a million bat recordings from across the county (Fig. 1,
Table 1).

3.2. Assigning and validating species identity

Of 611,672 recordings, analysiswith SonoChiro successfully assigned
549,863 recordings (90%) to one of the 12 species known to occur in the
survey area (Table 2). Of the remaining 10%, 47,006 recordings (8%)
were determined as not containing bat calls and 14,803 recordings
(2%) were assigned to species not thought to be present in the county.
A manual check of 1000 recordings deemed to not contain bat calls re-
vealed mainly bush-crickets and other unidentified noise, and we are
confident that few real bat recordings were rejected at this stage.

In Step 2, 41,096 recordings (7%) assigned to bat species were re-
moved where the confidence index produced in SonoChiro was less
than 3, or where identity was based on fewer than three calls
(Table 2). The proportion of recordings rejected varied among species
from 3% of Common Pipistrelles to 67% of Daubenton's. When a random
sample of 10,000 of these recordings was analysed manually, less than
5% could be assigned to species. Overall, we estimate that only c. 2000
recordings (0.4%) would have been assigned to species if these record-
ings had been manually checked.

In Step 3 of the validation the identity of the retained bat recordings
were checkedmanually (Table 2). Formost species, the identity assigned
automatically by SonoChiro was accepted for over 85% of recordings and
less than 1% of all recordings were reclassified to a different species,
given the high confidence in the automated procedure. The exception
was the cryptic species pair Whiskered/Brandt's bat in which 68% of re-
cordings could be assigned only to theMyotis genus, and were thus re-
moved from subsequent analysis. Manual checking of 1000 randomly
selected recordings each of Common and Soprano Pipistrelles suggested
that only about 1% of recordings were incorrectly assigned, which we
deemed an acceptable error rate for these highly abundant species.

3.3. Habitat composition of surveyed squares

Arable habitat availability in the sample of surveyed squares was
83% of the true availability, whereas a random sample of the same size
would have yielded 97–103% of the true availability. That the observed
coverage fell outside the 95% confidence limits indicates that the choice
of squares by Norfolk Bat Survey volunteers resulted in a significant
under-sampling of arable habitat (Fig. A1), which is by far the most
common habitat type in the survey area (67% of Norfolk). In contrast
urban habitat and gardens, which together comprise less than 9% of
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Norfolk, were significantly more likely to be surveyed, as were im-
proved grassland and deciduouswoodland (Fig. A1). Of less importance,
three very rare habitats, fen, marsh and bog, heathland and semi-
improved poor habitat were more likely to be surveyed than expected
given a random sample. Whilst free-choice of 1-km squares cannot re-
place a random sample, to try and control for this bias, we ordered sur-
veyed squares by the percent arable habitat present in the square, for
which there was the greatest discrepancy in coverage, and split the
squares into two groups containing an equal number of squares
(squares containing less or more than 57% arable), which we will refer
to here as low arable andhigh arable. Thewhole of Norfolkwas similarly
divided into these strata using the same cut-point, and resampling as
before but now within strata. By doing this, the amount of arable sam-
pled by theNorfolk Bat Surveywithin each stratum,was nownot signif-
icantly different from a random sample (Fig. A1). The amount of urban
habitat and gardens sampledwithin each stratum remained significant-
ly higher than a randomsample, but in all cases represented less than 3%
more urban habitat or gardens surveyed than expected from random
sample. In the same way that a weighting is included in the analyses
of stratified random data to control for unequal representation of differ-
ent strata (e.g. UK Breeding Bird Survey; Harris et al., 2014), a weighting
was calculated here as the inverse of the proportion of the area of each
stratum thatwas surveyed, and included in subsequentmodelling of bat
distribution and activity.

3.4. Temporal variation in bat occurrence and activity

Examining the nightly activity of bats through the season with re-
spect to sunset time, we found that the core activity of bats occurred
in the first 6 h after sunset irrespective of the time of the year, length
of night and species (Figs. 2 and A2). However, most species showed
some evidence of low levels of activity later into longer nights (Fig. 2),
highlighting the need to standardise data prior to analysis when consid-
ering nights of variable length. There were large differences between
species in the timing of activity. For example Brown long-eared bat
Plecotus auritus showed little change in activity between 1 and 6 h
after sunset, whilst Common and Soprano Pipistrelles were most active
shortly after sunset with activity falling thereafter (Figs. 2 and A2).
Noctule Nyctalus noctula showed the characteristic activity peak in the
first 2 h after sunset but we also detected a second smaller peak in the
early hours of the morning (Fig. A2). Examining the proportion of
squares reporting each species across months showed that the likeli-
hood of detecting some species on a 1-km square was not constant be-
tween April and October. Particularly pronounced was an increase in
reporting rate of Barbastelle Barbastellus barbastellus and Brown long-
eared bat post-breeding when presumably individuals disperse or for-
age further from their roosts and are reported more widely (Fig. 3). In
contrast to all other species here, the reporting rate for Nathusius'
Pipistrelle was greatest early in the season, with a peak in June.

3.5. Species distribution

Species distribution models and maps of occupancy were produced
for all bat species recorded in Norfolk including Whiskered/Brandt's
bats as a species pair (Figs. 4 and A3). The learning rate used for each
model, number of trees on which the final model was based and AUC
values are shown in Table 3. On average, models validated using occur-
rence data showed fair AUC values (0.70–0.80), with Leisler's bat at the
upper end of poor (0.69) andWhiskered/Brandt's bats excellent (0.94).
In terms of how aggregated different species are in their distribution,
most species showed Gini coefficients of 0.24–0.36, with Serotine
Eptesicus serotinus, Nathusius' Pipistrelle and Whiskered/Brandt's bats
being at the higher end of this range. Common and Soprano Pipistrelles
had Gini coefficients that were close to zero reflecting their near ubiqui-
tous distribution across the county. Of the three pipistrelle species,
Common and Soprano were near ubiquitous, but Nathusius' was
concentrated in the Norfolk Broads with an intriguing secondary
hotspot on the coast possibly a sign of immigration.

3.6. Spatial patterns of bat activity

Models of bat activity were produced for all species (Figs. 4 and A3),
but maps for Daubenton's, Whiskered/Brandt's and Leisler's bat
Nyctalus leisleri are not shown because the majority of predictions
were less than 0.5 passes per night. The learning rate used for each
model, number of trees onwhich the finalmodelwas based and the cor-
relation coefficient between observed and predicted values of bat activ-
ity are shown in Table 3. The correlation coefficients averaged 0.28, and
ranged from 0.17 for Common Pipistrelle to 0.41 for Noctule. These
values are fairly low, but are comparable to or higher than published
elsewhere for other analyses of abundance type data and is likely to re-
flect stochasticity in the survey data (e.g. Johnston et al., 2013).Whereas
Common and Soprano Pipistrelles were shown to be near ubiquitous in
distribution terms, there were marked differences in spatial patterns of
activity which, at this scale, hint at significant spatial variation in abun-
dance, especially around wetlands, major river valleys and forest
(Fig. 4). Interestingly, when considering activity and the Gini coeffi-
cients, which assess the degree to which bat occupancy and activity
were uniform (coefficient tends to 0) or aggregated (coefficient tends
to 1) among 1-km squares, some species were particularly aggregated,
with a comparatively small number of 1-km squares supporting a
large proportion of the recorded activity (Noctule, Nathusius' Pipistrelle
and Serotine).

4. Discussion

We present a novel citizen science approach for enabling high-
quality extensive standardised recording of bat distribution and activity
using passive real-time detectors, where the unit of recording is a com-
plete night of bat recording. The dataset of over half amillion bat record-
ings collected over two seasons, is already one of the most extensive
high-quality datasets for bats from anywhere in the world. The value
of these data will only increase, as coverage improves and repeat visits
to the same sites allow us the potential to monitor and examine ques-
tions relating to change in bat populations. At a local scale, the project
has improved our understanding of spatial patterns of occurrence and
activity of all species from the near ubiquitous Common Pipistrelle to
the locally scarce Leisler's bat for which there were previously only
ten records of this species for the study area. This demonstrates the
cost-effectiveness of setting up a network of centres across a survey
area of interest from which anyone can borrow a passive detector for
a few days. We chose centres that were open and widely used by the
public and that were easily accessible and geographically well-spaced
across the county, and through our choice of centres, it gave us the op-
portunity to work with a wide range of communities and organisations
that already had their own network of volunteers or members, and in
doing so opened up citizen science to a new set of people.

4.1. Survey recommendations and limitations

Using a single detector type that automatically triggers and records
bats removes the need to control for differences in the detection rates
of bat detector types, which has been highlighted as a problem elsewhere
(Waters and Walsh, 1994; Adams et al., 2012; Barlow et al., 2015). Fur-
thermore, analysing all recordings in-house removes the potential influ-
ence of variation in volunteer experience and skills which can affect their
ability to detect and identify some species in the field (Barlow et al.,
2015),which has been raised as a criticismof citizen science programmes
more widely for other taxa (Dickinson et al., 2010). There is tremendous
scope for a survey of this design to be used in many countries, with the
main constraints being the spatial distribution of observers and a freely
available reference library of calls for training identification software.
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The observer networkmay limit the application of thismethod in tropical
areas, but many pressing problems concerning habitat degradation exist
in developed countries (e.g. urbanisation) where bat monitoring is re-
quired, and where there are many observers and bat identification soft-
ware is already advanced.

In relation to acoustic identification of bats there is currently no ideal
system but we have shown that the SonoChiro software provides robust
results for the majority of the species present in our study area, provided
recordings are subsequently filtered to remove low quality recordings
and identifications with low confidence. We have taken a conservative
approach, minimising the false positive classification rate which we feel
is objective and repeatable for our purposes and within the constraints
of what current technology and software allow, and practical considering
the huge volume of acoustic data collected. Depending on their aims,
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future studies should consider whether to optimise false positive or false
negative classification rates and may opt for manual validation in a
stepwise manner as shown here. The clear habitat associations and sea-
sonality we show for some species suggest that species identification al-
gorithms could perform better if they incorporated survey timing and
habitat. This could be accomplished by combining species identification
and distribution prediction into a single hierarchical modelling frame-
work, thereby allowing uncertainty to be better reflected in the results.
In terms of the survey design, survey sites would ideally be selected
and allocated at random to people wanting to take part, and anyone
wanting to set up a similar project should consider this carefully. An im-
portant part of this project is engagement, working to encourage people
to take part whowould not normally participate in biological recording
(Newson et al., 2014). In our experience, a purely random designwould
have significantly reduced uptake among new audiences, sowe allowed
a free choice of 1-km squares knowing that this was likely to incur costs



Fig. 4.Maps of predicted occurrence probability (left) and activity which are proxies for abundance (right) for four species of bat (other species shown in Fig. A3). Darker tones indicate
higher probability of occurrence or higher activity. Occurrencemaps share the same scale (probability in increments of 0.1 from0 to 1) but the scale for activitymaps varies among species.
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in terms of any subsequent analysis to control for biases in coverage, in
particular towards areas of habitation. Post-hoc stratification reduced
but could not entirely eliminate coverage bias. Now that we have a re-
ceptive audience, we will be looking into options for reducing bias in
subsequent seasons. Potentially this may include having target squares,
which are randomly selected to encourage uptake in key areas.

Seasonal and species-specific variation in nightly bat activity (Figs. 2
and A2) highlight the value of designing surveys that provide
standardised recording across a night, and reiterates the difficulty
highlighted by Stahlschmidt and Brühl (2012) of usingwalked or driven
line-transects for looking at temporal and spatial patterns in bat activi-
ty, where the number of bats recorded is so dependent on the time of
night. We also demonstrate here that there is real value in designing
surveys that record bat activity as ameasure of relative abundance, pro-
viding far greater resolution for apparently ubiquitous species such as
Common and Soprano Pipistrelle, althoughmore work is needed to un-
derstand the form of relationship between activity and absolute
abundance.

4.2. Modelling considerations

The collection of bat recordings in a systematic and standardised
way allows us to consider more powerful analytical techniques such
as regression trees of activity rather than rely upon presence-only



Table 3
Results of generalised boosted regressionmodels to predict patterns of bat occurrence and
activity. lr is the learning rate used for eachmodel and nt is the number of trees on which
the final model was based. Model performance was assessed by cross-validation and
quantified using area under the receiver-operator curve (AUC) for occurrence models
and the correlation coefficient between observed and predicted values for relative abun-
dance. Gini coefficients measure the level of aggregation in predicted occurrence or
activity.

Species Occurrence Activity

lr nt AUC Gini lr nt r Gini

Daubenton's bat 0.002 1600 0.70 0.30 0.002 1500 0.22 0.30
Whiskered/Brandt's bat 0.002 1300 0.94 0.35 0.0008 1300 0.36 0.23
Natterer's bat 0.002 2050 0.71 0.27 0.001 2850 0.21 0.28
Noctule 0.005 1350 0.74 0.26 0.009 1550 0.41 0.50
Leisler's bat 0.001 1400 0.69 0.28 0.0008 1050 0.29 0.13
Serotine 0.003 1500 0.73 0.34 0.004 1000 0.28 0.41
Common Pipistrelle 0.001 1350 0.72 0.007 0.001 1000 0.17 0.13
Soprano Pipistrelle 0.004 1100 0.79 0.05 0.002 1350 0.26 0.25
Nathusius' Pipistrelle 0.002 1450 0.71 0.36 0.002 1650 0.31 0.46
Brown long-eared bat 0.004 1250 0.70 0.24 0.003 1350 0.18 0.24
Barbastelle 0.002 1250 0.72 0.31 0.001 1300 0.38 0.29
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style analyses. As expected, we were more successful in modelling pat-
terns of species distributions than activity. Poor performance of activity
models may be related to unmeasured or unmeasurable variables such
as the location of the detector relative to roost sites; a detector on a roost
flight-linewill record higher activity than one nearby in otherwise iden-
tical habitat. Poor performance is also a consequence of high
stochasticity in the number of passes of a species made at a site; it is
not currently possible to individually identify bats, so a single bat feed-
ing near the detector will cause a large number of detections. The prob-
ability of detecting a species given that it is present is also likely to be
less than 1. Using acoustic detectors, the issue of imperfect detection
is not likely to invalidate the modelling here, but it will affect the inter-
pretation of results. For example, using detection distance tables for the
Wildlife Acoustics microphone used here at 20 °C and relative humidity
of 50% (Agranat, 2014), and given an estimate of how loud each species
is (Sound Pressure Level in db), we expect that the detection distance of
Brown long-eared batwill be about 5m compared with Serotine, which
would be detected up to about 35 m. Occupancy modelling (e.g. Royle
and Kery, 2007), may provide an alternative framework for developing
species distribution models for bats (Rodhouse et al., 2012; Meyer,
2014). In addition, promising analytical approaches for estimating abso-
lute abundance (often referred to as true abundance) are emerging
which could be applied to passive bat data. These include extensions
to random encounter models (Lucas et al., 2015), whichwere originally
developed for camera trap data, or extensions of occupancy modelling,
that allow absolute abundance and detection to be estimated from rep-
licated counts of animals which are not possible to individually identify
(e.g. Stanley and Royle, 2005; Guillera-Arroita et al., 2011). This would
also have important implications for estimating the population size of
bats, which for the UK andmost other countries aremainly based on ex-
pert opinion (Harris et al., 1995), but more generally for improving our
understanding of bats and impacts on bat populations.

4.3. Insights into bat ecology and status

Modelled distribution and activity maps have confirmed suspected
patterns but also revealed unexpected differences among species. The
maps showing the ubiquity of Common and Soprano Pipistrelles, for ex-
ample, confirm expectations but are uninformative in identifying im-
portant areas for these species, but there are strong indications from
the maps of modelled activity that spatial patterns of activity for these
two species are very different. For other species like Noctule, where
the occupancy and activity maps are visually similar, the comparatively
high Gini coefficient from the activity modelling suggests that a high
proportion of activity is found at a relatively small number of surveyed
sites, which has important implications for the conservation of this spe-
cies. Examining the activity of different species of bat through the night,
there are clearly large differences, which are likely to be related to the
diet or biology of the species. Common and Soprano Pipistrelles for ex-
ample are most active shortly after sunset, which is likely to match the
timing of peak availability for small insect prey, whereas more consis-
tent activity of Brown long-eared bat over a nightmay reflect the behav-
iour of this species to glean prey directly from foliage and other surfaces
which are more likely than small flying insects to be available through-
out the night (Harris and Yalden, 2008). Such standardised data over a
long survey season can also provide insights into the biology of bats
that would be difficult to otherwise obtain at a large-scale. For example
an increase in the reporting rate of Barbastelle and Brown long-eared
bats post-breeding, may be explained by individuals, which at this
time of year would include recently volant juveniles, dispersing or for-
aging further from their roosts and consequently being detected at a
greater proportion of sites at this time. This is supported by limited
radio-tracking of these species. Brown long-eared bats in south-east
England showed an increase in mean ranging area in August and
September, which corresponded with a decrease in the proportion of
time spent foraging in woodlands and greater use of hedgerows
(Murphy et al., 2012). Radio-tracked non-breeding and post-lactating
Barbastelle also travel considerably further to reach their foraging sites
(Zeale et al., 2012). Recording of Nathusius' pipistrelle across the
whole season, suggests that this species is probably resident in the
county, with its stronghold in the Norfolk Broads. However, recording
of this species in spring and autumn along the north Norfolk coast, sug-
gests some level of movement, potentially from continental Europe at
this time in line with our current knowledge of this species (Russ
et al., 2001). There is clearly value in running a project like this over a
long survey season for maximising survey coverage, but also in terms
of the biological insight that this can give.

4.4. Conclusions

We demonstrate that it is possible to set up a large-scale volunteer-
basedmonitoring programme for bats using static passive real-time bat
detectors.Wehighlight the value of this approach andmodelling for im-
proving our understanding of bat status, ecology and to identify impor-
tant areas for guiding conservation planning for particular species. The
use of broadband detectors that provide continuous, full-bandwidth
real-time recording is now possible at lower cost, and very likely to be-
come cheaper in the future. There are clearly many questions that could
be addressed now with these data, the value of which will continue to
increase as we work to improve survey coverage, and encouraging re-
peat visits to the same sites will allow us to monitor change in bat pop-
ulations over time. We reiterate the recommendations of Barlow et al.
(2015), that there is a huge potential for citizen science to provide ex-
tensive high-quality data for bats to inform on bat populations, and
that future monitoring should look towards integrating broadband bat
detector surveys to increase survey and species coverage and objectivity
in species identification.We present a novel citizen science approach to
this problem that maximises the use of a limited amount of equipment,
with implications for scaling up to a larger regional or national scale.

Acknowledgements

We are extremely grateful to everyonewho took part, hosted equip-
ment or helped in other ways to make this project so successful. These
analyses were funded by the People's Trust for Endangered Species
(PTES). The Norfolk Bat Survey was originally set up in 2013 with
funding from the PTES and Defra (Defra Fund for Biodiversity Recording
in the Voluntary Sector), in collaborationwith NBIS (theNorfolk Biolog-
ical Records Centre). We thank Joe Rayner, Ieuan Evans, Viola Ross-
Smith, Sam Neal, Martin Horlock, Kate Barlow and Kate Jones for their
support throughout, to NBIS for giving us access to thefine-scale remote



48 S.E. Newson et al. / Biological Conservation 191 (2015) 38–49
sensing data used in this paper, and to three anonymous reviewers for
commenting on an earlier version of this manuscript.

Appendix A. Supplementary data

Supplementary data to this article can be found online at http://dx.
doi.org/10.1016/j.biocon.2015.06.009.

References

Adams, A.M., Jantzen, M.K., Hamilton, R.M., Fenton, M.B., 2012. Do you hear what I hear?
Implications of detector selection for acoustic monitoring of bats. Methods Ecol. Evol.
3, 992–998.

Agranat, I., 2014. Detecting Bats with Ultrasonic Microphones: Understanding the Effects
of Microphone Variance and Placement on Detection Rates. Wildlife Acoustics, Inc.

Balmer, D.E., Gillings, S., Caffrey, B.J., Swann, R.L., Downie, I.S., Fuller, R.J., 2013. Bird Atlas
2007–11: The Breeding and Wintering Birds of Britain and Ireland. BTO Books,
Thetford.

Barataud, M., 2012. Ecologie acoustique des chiroptères d'Europe: identification des
espèces, étude de leurs habitats et comportements de chasse. Collection Inventaires
et Biodiversité, Biotope Editions. Mèze et Publications Scientifiques du Muséum Na-
tional d'Histoire Naturelle, Paris.

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.

Bart, J., Hofshen, M., Peterjohn, B.G., 1995. Reliability of the Breeding Bird Survey: effects
of restricting surveys to roads. Auk 112, 758–761.

Bart, J., Burnham, K.P., Dunn, E.H., Francis, C.M., Ralph, C.J., 2004. Goals and strategies for
estimating trends in landbird abundance. J. Wildl. Manag. 68, 611–626.

Battersby, J., 2010. Guidelines for surveillance and monitoring of European bats.
EUROBATS Publication Series No. 5. UNEP/EUROBATS Secretariat, Bonn, Germany.

Bellamy, C.C., Scott, C.D., Altringham, J.D., 2013. Multiscale, presence-only habitat suitabil-
ity models: fine resolution models for eight bat species. J. Appl. Ecol. 50, 892–901.

Betts, M.G., Mitchell, D., Diamond, A.W., Bety, J., 2007. Uneven rates of landscape change
as a source of bias in roadside wildlife surveys. J. Wildl. Manag. 71, 2266–2273.

Biotope, 2013. Manual of SonoChiro® 3.0. Biotope Society, Mèze, France.
Brotons, L., Thuiller, W., Araujo, M.B., Hirzel, A.H., 2004. Presence–absence versus

presence-only modelling methods for predicting bird habitat suitability. Ecography
27, 437–448.

Butchart, S.H.M., Walpole, M., Collen, B., van Strien, A., Scharlemann, J.P.W., Almond,
R.E.A., Baillie, J.E.M., Bomhard, B., Brown, C., Bruno, J., Carpenter, K.E., Carr, G.M.,
Chanson, J., Chenery, A.M., Csirke, J., Davidson, N.C., Dentener, F., Foster, M., Galli, A.,
Galloway, J.N., Genovesi, P., Gregory, R.D., Hockings, M., Kapos, V., Lamarque, J.-F.,
Leverington, F., Loh, J., McGeoch, M.A., McRae, L., Minasyan, A., Morcillo, M.H.,
Oldfield, T.E.E., Pauly, D., Quader, S., Revenga, C., Sauer, J.R., Skolnik, B., Spear, D.,
Stanwell-Smith, D., Stuart, S.N., Symes, A., Tierney, M., Tyrrell, T.D., Vié, J.-C.,
Watson, R., 2010. Global biodiversity: indicators of recent declines. Science 328,
1164–1168.

Cutler, D.R., Edwards Jr., T.C., Beard, K.H., Cutler, A., Hess, K.T., Gibson, J., Lawler, J.J., 2007.
Random forests for classification in ecology. Ecology 88, 2783–2792.

de Heer, M., Kapos, V., ten Brink, B.J.E., 2005. Biodiversity trends in Europe: development
and testing of a species trend indicator for evaluating progress towards the 2010
target. Philos. Trans. R. Soc. B 360, 297–308.

Dickinson, J.L., Zuckerberg, B., Bonter, D.N., 2010. Citizen science as an ecological research
tool: challenges and benefits. Annu. Rev. Ecol. Evol. Syst. 41, 149–172.

Dymond, D., 1990. The Norfolk Landscape. The Alastair Press, Bury St. Edmunds.
Elith, J., Leathwick, J., 2011. Boosted regression trees for ecological modelling. http://cran.

r-project.org/web/packages/dismo/vignettes/brt.pdf (accessed 21.01.14).
Elith, J., Graham, C.H., Anderson, R.P., Dudík, M., Ferrier, S., Guisan, A., Hijmans, R.J.,

Huettmann, J.R., Leathwick, J.R., Lehmann, A., Li, J., Lohmann, L.G., Loiselle, B.A.,
Moritz, C., Nakamura, M., Makazawa, 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' distri-
butions from occurrence data. Ecography 29, 129–151.

Elith, J., Leathwick, J.R., Hastie, T., 2008. A working guide to boosted regression trees.
J. Anim. Ecol. 77, 802–813.

Francis, C.M., Bart, J.M., Dunn, E.H., Burnham, K.P., Ralph, C.J., 2005. Enhancing the value of
the Breeding Bird Survey: reply to Sauer et al. (2005). J.Wildl. Manag. 69, 1327–1332.

Franklin, J., 2009. Mapping Species Distributions: Spatial Inference and Prediction.
Cambridge University Press, Cambridge.

Fuller, R.M., Smith, G.M., Sanderson, J.M., Hill, R.A., Thomson, A.G., 2002. The UK Land
Cover Map 2000: construction of a parcel-based vector map from satellite images.
Cartogr. J. 39, 15–25.

Gannon, W.L., Sherwin, R.E., Haymond, S., 2003. On the importance of articulating as-
sumptions when conducting acoustic studies of habitat use of bats. Wildl. Soc. Bull.
31, 45–61.

Gaston, K.J., 2003. The Structure and Dynamics of Geographic Ranges. Oxford Series in
Ecology and Evolution.

Guillera-Arroita, G., Morgan, B.J.T., Ridout, M.S., Linkie, M., 2011. Species occupancy
modelling for detection data collected along a transect. J. Agric. Biol. Environ. Stat.
16, 301–317.

Harris, S., Yalden, D., 2008. Mammals of the British Isles: handbook. Mammal Society.
Harris, S., Morris, P., Wray, S., Yalden, D., 1995. A Review of British Mammals: Population
Estimates and Conservation Status of British Mammals Other Than Cetaceans. JNCC,
Peterborough.

Harris, S.J., Risely, K., Massimino, D., Newson, S.E., Eaton, M.A., Musgrove, A.J., Noble, D.G.,
Procter, D., Baillie, S.R., 2014. The Breeding Bird Survey 2013. BTO Research Report
658. British Trust for Ornithology, Thetford.

Hayes, J.P., 2000. Assumptions and practical considerations in the design and interpreta-
tion of echolocation-monitoring studies. Acta Chiropterol. 2, 225–236.

Hayes, J.P., Ober, H.K., Sherwin, R.E., 2009. Surveying and monitoring of bats. In: Kunz,
T.H., Parsons, S. (Eds.), Ecological and Behavioral Methods for the Study of Bats.
Johns Hopkins University Press, Baltimore, USA, pp. 115–132.

Haysom, K.A., Dekker, J., Russ, J., Van der Meij, T., Van Strien, A., 2014. European bat pop-
ulation trends. A prototype biodiversity indicator. European Environment Agency
Technical Report No 19/2013.

Heikkinen, R.K., Marmion, M., Luoto, M., 2012. Does the interpolation accuracy of spe-
cies distribution models come at the expense of transferability? Ecography 35,
276–288.

Iverson, R., Prasad, A.M., 1998. Predicting abundance of 80 tree species following climate
change in the eastern United States. Ecol. Monogr. 68, 465–485.

Johnston, A., Ausden, M., Dodd, A.M., Bradbury, R.B., Chamberlain, D.E., Jiguet, F., Thomas,
C.D., Cook, A.S.C.P., Newson, S.E., Ockendon, N., Rehfisch, M.M., Roos, S., Thaxter, C.B.,
Brown, A., Crick, H.Q.P., Douse, A., McCall, R.A., Pontier, H., Stroud, D.A., Cadiou, B.,
Crowe, O., Deceuninck, B., Hornman, M., Pearce-Higgins, J.W., 2013. Observed and
predicted effects of climate change on species abundance affirm the future value of
a protected area network. Nat. Clim. Chang. 3, 1055–1061.

Jones, J.P.G., 2011. Monitoring species abundance and distribution at the landscape scale.
J. Appl. Ecol. 48, 9–13.

Jones, K.E., Russ, J.A., Bashta, A.-T., Bilhari, Z., Catto, C., Csősz, I., Gorbachev, A., Győrfi, P.,
Hughes, A., Ivashkiv, I., Koryagina, N., Kurali, A., Langton, S., Collen, A., Margiean, G.,
Pandourski, I., Parsons, S., Prokofev, I., Szodoray-Paradi, A., Szodoray-Paradi, F.,
Tilova, E., Walters, C.L., Weatherill, A., Zavarzin, O., 2013. Indicator Bats Program: a
system for the global acoustic monitoring of bats. In: Collen, B., Pettorelli, N., Baillie,
J.E.M., Durant, S.M. (Eds.), Biodiversity Monitoring and Conservation. Wiley-
Blackwell, Oxford, UK, pp. 211–243.

Leathwick, J.R., Elith, J., Hastie, T., 2006. Comparative performance of generalized additive
models and multivariate adaptive regression splines for statistical modelling of spe-
cies distributions. Ecol. Model. 199, 188–196.

Leitão, P.J., Moreira, F., Osborne, P.E., 2011. Effects of geographical data sampling bias on
habitat models of species distributions: a case study with steppe birds in southern
Portugal. Int. J. Geogr. Inf. Sci. 25, 439–454.

Lintott, P.R., Fuentes-Montemayor, E., Goulson, D., Park, K.J., 2014. Testing the effective-
ness of surveying techniques in determining bat community composition within
woodland. Wildl. Res. 40, 675–684.

Lucas, T.C.D., Moorcroft, E.A., Freeman, R., Rowcliffe, M.J., Jones, K.E., 2015. A generalised
random encounter model for estimating animal density with remote sensor data.
Methods Ecol. Evol. 6, 500–509.

Magurran, A.E., Dornelas, M., 2010. Biological diversity in a changing world. Philos. Trans.
R. Soc. B 365, 3593–3597.

McCarthy, K.P., Fletcher Jr., R.J., Rota, C.T., Hutto, R.L., 2012. Predicting species distributions
from samples collected along roadsides. Conserv. Biol. 26, 68–77.

Medcalf, K.A., Parker, J.A., Turton, N., Bell, G., 2014. Making earth observation work for UK
biodiversity. Joint Nature Conservation Committee Report 495. JNCC, Peterborough.

Meyer, C.F.J., 2014. Methodological challenges in monitoring bat population- and
assemblage-level changes for anthropogenic impact assessment. Mamm. Biol.
http://dx.doi.org/10.1016/j.mambio.2014.11.002.

Moisen, G.G., Freeman, E.A., Blackard, J.A., Frescino, T.S., Zimmermann, N.E., Edwards Jr.,
T.C., 2006. Predicting tree species presence and basal area in Utah: a comparison of
stochastic gradient boosting, generalized additive models, and tree-based methods.
Ecol. Model. 199, 176–187.

Murphy, S.E., Greenaway, F., Hill, D.A., 2012. Patterns of habitat use by female brown long-
eared bats presage negative impacts of woodland conservation management. J. Zool.
288, 177–183.

Newson, S.E., Ross-Smith, V., Evans, I., Harold, R., Miller, R., Barlow, K., 2014. Bat-monitoring:
a novel approach. Br. Wildl. 25, 264–269.

Niemuth, N.D., Dahl, A.L., Estey, M.E., Loesch, C.R., 2007. Representation of landcover
along Breeding Bird Survey routes in the northern plains. J. Wildl. Manag. 71,
2258–2265.

Pearson, R.G., Thuiller,W., Araújo, M.B., Martinez-Meyer, E., Brotons, L., McClean, C., Miles,
L., Segurado, P., Dawson, T.P., Lees, D.C., 2006. Model-based uncertainty in species
range prediction. J. Biogeogr. 33, 1704–1711.

Pereira, H.M., Cooper, H.D., 2006. Towards the global monitoring of biodiversity change.
Trends Ecol. Evol. 21, 123–129.

Pereira, H.M., Belnap, J., Brummitt, N., Collen, B., Ding, H., Gonzalez-Espinosa, M., Gregory,
R.D., Honrado, J.o., Jongman, R.H., Julliard, R., McRae, L., Proença, V., Rodrigues, P.,
Opige, M., Rodriguez, J.P., Schmeller, D.S., van Swaay, C., Vieira, C., 2010. Global biodi-
versity monitoring. Front. Ecol. Environ. 8, 459–460.

Prasad, A.M., Iverson, L.R., Liaw, A., 2006. Newer classification and regression tree techniques:
bagging and random forests for ecological prediction. Ecosystems 9, 181–199.

Rebelo, H., Jones, G., 2010. Ground validation of presence-onlymodellingwith rare species: a
case study on barbastelles Barbastella barbastellus (Chiroptera: Vespertilionidae). J. Appl.
Ecol. 47, 410–420.

Ridgeway, G., 2013. gbm: Generalized boosted regression models. http://CRAN.R-project.
org/package=gbm (accessed 20 February 2015).

Roche, N., Langton, S., Aughney, T., Russ, J.M., Marnell, F., Lynn, D., Catto, C., 2011. A car-
based monitoring method reveals new information on bat populations and distribu-
tions in Ireland. Anim. Conserv. 14, 642–651.

http://dx.doi.org/10.1016/j.biocon.2015.06.009
http://dx.doi.org/10.1016/j.biocon.2015.06.009
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0005
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0005
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0005
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0010
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0010
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0370
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0370
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0370
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0375
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0375
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0375
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0375
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0020
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0020
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0035
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0035
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0030
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0030
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0380
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0380
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0040
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0040
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0045
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0045
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0385
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0050
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0050
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0050
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0055
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0055
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0065
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0070
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0070
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0070
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0075
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0075
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0390
http://cran.r-project.org/web/packages/dismo/vignettes/brt.pdf
http://cran.r-project.org/web/packages/dismo/vignettes/brt.pdf
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0085
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0085
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0090
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0090
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0100
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0100
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0095
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0095
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0395
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0395
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0395
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0110
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0110
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0110
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0115
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0115
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0120
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0120
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0120
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0135
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0400
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0400
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0400
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0405
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0405
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0140
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0140
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0145
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0145
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0145
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0345
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0345
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0345
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0155
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0155
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0155
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0160
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0160
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0175
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0175
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0175
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0165
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0165
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0170
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0170
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0170
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0170
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0185
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0185
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0185
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0180
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0180
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0180
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0190
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0190
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0190
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0195
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0195
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0195
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0200
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0200
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0205
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0205
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0410
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0410
http://dx.doi.org/10.1016/j.mambio.2014.11.002
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0215
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0215
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0215
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0220
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0220
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0220
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0225
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0225
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0230
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0230
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0230
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0235
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0235
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0240
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0240
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0355
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0355
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0245
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0245
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0250
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0250
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0250
http://CRAN.R-project.org/package=gbm
http://CRAN.R-project.org/package=gbm
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0255
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0255
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0255


49S.E. Newson et al. / Biological Conservation 191 (2015) 38–49
Rodhouse, T.J., Ormsbee, P.C., Irvine, K.M., Vierling, L.A., Szewczak, J.M., Vierling, K.T., 2012.
Assessing the status and trend of bat populations across broad geographic regions
with dynamic distribution models. Ecol. Appl. 22, 1098–1113.

Royle, J.A., Kery, M., 2007. A Bayesian state-space formulation of dynamic occupancy
models. Ecology 88, 1813–1823.

Russ, J., 2012. British Bat Calls: A Guide to Species Identification. Pelagic Publishing, UK.
Russ, J.M., Hutson, A.M., Montgomery, W.I., Racey, P.A., Speakman, J.R., 2001. The status of

Nathusius' pipistrelle (Pipistrellus nathusii Keyserling & Blasius, 1839) in the British
Isles. J. Zool. 254, 91–100.

SAS Institute, 2001. SAS/STAT User's Guide, Version 8.02 (North Carolina: Cary).
Sauer, J.R., Link, W.A., Nichols, J.D., Royle, J.A., 2005. Using the North American Breeding

Bird Survey as a tool for conservation: a critique of Bart et al. (2004). J. Wildl.
Manag. 69, 1321–1326.

Segurado, P., Araújo, M.B., 2004. An evaluation of methods for modelling species
distributions. J. Biogeogr. 31, 1555–1568.

Senior, P., Butlin, R.K., Altringham, J.D., 2005. Sex and segregation in temperate bats. Proc.
R. Soc. B Biol. Sci. 272, 2467–2473.

Sherwin, R.E., Gannon, W.L., Haymond, S., 2000. The efficacy of acoustic techniques to
infer differential use of habitat by bats. Acta Chiropterol. 2, 145–153.

Skalak, S.L., Sherwin, R.E., Brigham, R.M., 2012. Sampling period, size and duration influ-
ence measures of bat species richness from acoustic surveys. Methods Ecol. Evol. 3,
490–502.
Stahlschmidt, P., Brühl, C., 2012. Bats as bioindicators— the need of a standardized meth-
od for acoustic bat activity surveys. Methods Ecol. Evol. 3, 503–508.

Stanley, T.R., Royle, A., 2005. Estimating site occupancy and abundance using indirect de-
tection indices. J. Wildl. Manag. 69, 874–883.

Swets, K., 1988. Measuring the accuracy of diagnostic systems. Science 240, 1285–1293.
Thogmartin, W.E., Howe, F.P., James, F.C., Johnson, D.H., Reed, E.T., Sauer, J.R., Thompson,

F.R., 2006. A review of the population estimation approach of the North American
Landbird Conservation Plan. Auk 123, 892–904.

Walters, C., Collen, A., Lucas, T., Mroz, K., Sayer, C., Jones, K., 2013. Challenges of using bio-
acoustics to globallymonitor bats. In: Adams, R.A., Pedersen, S.C. (Eds.), Bat Evolution,
Ecology, and Conservation. Springer, New York, pp. 479–499.

Waters, D., Barlow, K., 2013. Bat detectors: past, present and future. Br. Wildl. 87, 86–92.
Waters, D., Walsh, A.L., 1994. The influence of bat detector brand on the quantitative es-

timation of bat abundance. Bioacoustics 5, 205–221.
Zeale, M.R.K., Davidson-Watts, I., Jones, G., 2012. Home range use and habitat selection by

Barbastelle (Barbastella barbastella): implications for conservation. J. Mammal. 93,
1110–1118.

Zeileis, G., 2014. ineq: Measuring inequality, concentration, and poverty. http://CRAN.R-
project.org/package=gbm (accessed 20 February 2015).

http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0260
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0260
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0265
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0265
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf5000
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0270
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0270
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0270
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0415
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0275
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0275
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0275
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0280
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0280
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0285
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0285
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0290
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0290
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0295
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0295
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0295
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0300
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0300
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0305
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0305
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0310
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0315
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0315
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0320
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0320
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0320
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0325
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0330
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0330
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0335
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0335
http://refhub.elsevier.com/S0006-3207(15)00232-3/rf0335
http://CRAN.R-project.org/package=gbm
http://CRAN.R-project.org/package=gbm

	A novel citizen science approach for large-�scale standardised monitoring of bat activity and distribution, evaluated in ea...
	1. Introduction
	2. Methods
	2.1. Norfolk and the Norfolk Bat Survey protocol
	2.2. Semi-automated acoustic identification of bats
	2.3. Seasonal and nightly patterns of bat activity
	2.4. Habitat bias
	2.5. Spatial models of bat distribution and activity

	3. Results
	3.1. Survey coverage
	3.2. Assigning and validating species identity
	3.3. Habitat composition of surveyed squares
	3.4. Temporal variation in bat occurrence and activity
	3.5. Species distribution
	3.6. Spatial patterns of bat activity

	4. Discussion
	4.1. Survey recommendations and limitations
	4.2. Modelling considerations
	4.3. Insights into bat ecology and status
	4.4. Conclusions

	Acknowledgements
	Appendix A. Supplementary data
	References


