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Abstract

With the declines in abundance and changing distribution of white-nose syndrome-affected bat species, increased reliance
on acoustic monitoring is now the new “normal.” As such, the ability to accurately identify individual bat species with
acoustic identification programs has become increasingly important. We assessed rates of disagreement between the three
U.S. Fish and Wildlife Service-approved acoustic identification software programs (Kaleidoscope Pro 4.2.0, Echoclass 3.1, and
Bat Call Identification 2.7d) and manual visual identification using acoustic data collected during summers from 2003 to
2017 at Fort Drum, New York. We assessed the percentage of agreement between programs through pairwise comparisons
on a total nightly count level, individual file level (e.g., individual echolocation pass call file), and grouped maximum
likelihood estimate level (e.g., probability values that a species is misclassified as present when in fact it is absent) using
preplanned contrasts, Akaike Information Criterion, and annual confusion matrices. Interprogram agreement on an
individual file level was low, as measured by Cohen’s Kappa (0.2-0.6). However, site-night level pairwise comparative
analysis indicated that program agreement was higher (40-90%) using single season occupancy metrics. In comparing
analytical outcomes of our different datasets (i.e.,, how comparable programs and visual identification are regarding the
relationship between environmental conditions and bat activity), we determined high levels of congruency in the relative
rankings of the model as well as the relative level of support for each individual model. This indicated that among individual
software packages, when analyzing bat calls, there was consistent ecological inference beyond the file-by-file level at the
scales used by managers. Depending on objectives, we believe our results can help users choose automated software and
maximum likelihood estimate thresholds more appropriate for their needs and allow for better cross-comparison of studies
using different automated acoustic software.
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Introduction

The first documentation of the fungal pathogen
Pseudogymnoascus destructans, the causative agent of
white-nose syndrome (WNS), in the United States was on
February 16, 2006, at Howe's Caverns, located 40 mi (64
km) west of Albany, New York (Blehert et al. 2009).
Subsequently, the pathogen moved rapidly throughout
the northeastern and central regions of the United States
as well as southern Canada. By 2016, WNS had expanded
into Washington state (U.S. Geological Service National
Wildlife Health Center 2016), and as of 2018, either
presence of the fungi or actual WNS has been reported in
lowa, Kansas, Mississippi, Texas, and Wyoming (U.S.
Geological Service National Wildlife Health Center 2016).
The fungus grows on the epithelial tissues of hibernating
bats and causes abnormal frequent arousal and activity
throughout winter that consequently leads to premature
loss of critical fat reserves and disruption of water
balance in infected individuals (Cryan et al. 2010;
Meteyer et al. 2012). To date, millions of cave-hibernating
bats have died after being infected by P. destructans (U.S.
Fish and Wildlife Service [USFWS] 2018), and populations
of some myotids (Myotis spp.) suffered >90% reductions
(Blehert et al. 2009; Frick et al. 2010).

As the effects of WNS increase, there is a growing need
for techniques to accurately monitor bat population
declines and document residual bat distributions (Lang-
wig et al. 2012). The ability to record and accurately
identify individual bat species is a key tool for managers
tasked with conservation of WNS-impacted species. For
managers, understanding the distributions and habitat
associations of threatened bat species can help guide
management activities and reduce potential additive
stressors, such as logging practices or recreational
spelunking. Pre-WNS, mist netting was widely used to
sample bat distribution and abundance. However, low
densities of many bat species post-WNS have led to
greatly reduced capture rates, complicating documenta-
tion of true status (Coleman et al. 2014a). Accordingly,
parameter estimates produced using mist-netting tech-
niques may not be representative of the overall changes
in population and activity trends and may no longer be a
viable technique in WNS-impacted areas to describe
current local and regional distribution of bat species.

Acoustic monitoring techniques have been widely
used to assess species presence and probable absence,
activity patterns among different habitats, and spatial
and temporal trends both pre- and post-WNS (Sherwin et
al. 2000; Britzke et al. 2002; Weller and Zabel 2002; Ford
et al. 2011; Rodhouse et al. 2011; Coleman et al. 2014b).
Murray et al. (2001) and Britzke et al. (2002) demonstrat-
ed acoustic sampling is generally more effective for
characterizing bat community composition than mist
netting in the eastern United States. Acoustic monitoring
allows managers to sample larger areas and account for
greater bat species richness with less effort over time
than traditional mist netting (Murray et al. 1999; Coleman
et al. 2014c). The benefits of acoustic sampling include 1)
increased sampling nights (effort) and survey extent
(sites), 2) cost efficiency over expanded mist-netting
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efforts, and 3) provision of guides for focal mist netting
when bat capture for foraging and day-roost radiote-
lemetry research or tissue sample collection is needed
(Britzke et al. 2002; Coleman et al. 2014b, 2014c).
Irrespective of WNS, the flexibility of sampling a larger
area and a greater number of sites, encompassing a
variety of habitats in less time, often makes acoustic
sampling techniques preferable to other capture meth-
ods in certain geographic areas (Britzke et al. 2013;
Coleman et al. 2014a).

In conjunction with the advances in acoustic sampling
technology, qualitative development of automated
acoustic bat identification software has allowed for the
ability to identify of voluminous numbers of bat call
sequences relatively quickly (Schirmacher et al. 2007;
Coleman et al. 2014c; Lemen et al. 2015). Advancements
in acoustic sampling and identification software, com-
bined with declining mist-net success in the post-WNS
environment, led the USFWS to develop acoustic
guidelines to survey and monitor for the endangered
Indiana bat Myotis sodalis (Niver et al. 2014). Currently
available automated bat acoustic identification software
programs generate species identifications for call se-
quences using algorithms that process and classify
quantitative measures of individual calls (e.g., frequency,
slope, curvature, pulse rate). Software classification
algorithms are trained using reference call libraries that
consist of known identity calls. These known calls
typically are recorded using captured bats that are hand
released and more rarely are recorded from free-flying
bats. Once individual acoustic files have been assigned a
species identity, or classified as noise or unidentifiable,
most automated identification software programs gen-
erate maximum likelihood estimates (MLEs) following the
method of Britzke et al. (2002). The MLE values represent
the probability that a species is misclassified as present
when in fact it is absent, and they are calculated by
comparing the number of files classified as each
identified species to the known misclassification rates
of those species in the classification algorithm as
measured using known identified calls (Britzke et al.
2002; Niver et al. 2014).

Despite greater acceptance and use of acoustic
sampling and subsequent automated processing soft-
ware, acoustic monitoring is not free from constraints
and biases. For example, Sherwin et al. (2000) noted that
acoustic sampling is unable to address abundance of an
individual species beyond an index of activity (i.e., one
individual recorded numerous times vs. numerous
individuals recorded single times at a site over a night).
Furthermore, the impetus for recently developed auto-
mated software programs was to identify M. sodalis first
and foremost (Britzke et al. 2013). Emphasis on M. sodalis
identification may result in the erroneous omission of
identifying the presence of other species, especially in
regard to similar calling Myotis spp., and thereby add
another source of bias to the analysis of bat echolocation
to identify and assess the presence of other bat species.
Constraints and biases in accurate species identification,
whereby the program accuracy for a given species is in
part tied to how well other species are identified, can
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potentially lead to either constant bias (constant
misidentification) or nonconstant bias (increasing mis-
classification under changing conditions) that may
provide misleading results (Samuel et al. 1992). There-
fore, understanding the biases of acoustic sampling and
identification of echolocation calls is vital for proper
interpretation of study results and comparison of these
results among studies when different automated iden-
tification programs are used (Sherwin et al. 2000; Adams
et al. 2012; Britzke et al. 2013)

Call libraries used for software algorithm training
typically only incorporate high-quality search phase
echolocation call sequences of known species identifi-
cations rather than the full array of echolocation calls
bats can emit (Britzke et al. 2013; Lemen et al. 2015).
Although most automated software programs acknowl-
edge that only high-quality recordings will yield accurate
species identification, field recordings invariably include
numerous low-quality calls that may be incongruent
from software development library reference calls (Le-
men et al. 2015) and overall performance can be very
poor (Rydell et al. 2017). Structural variations in
echolocation calls due to Doppler shifts and attenuation,
coupled with echolocation adjustments in response to
the presence of vegetation clutter, insect abundance and
types, water, or presence of other bat species, also create
considerable variation among echolocation recordings
(Britzke et al. 2013). High inherent intraspecific variation
in echolocation compounded with interspecies overlap
in echolocation call characteristics creates significant
challenges in accurate species identification (Rydell et al.
2017). In the eastern United States, high-frequency
myotids and the eastern red bat Lasiurus borealis have
similar echolocation calls, and automated identification
programs have made classification errors of omission
and commission (Loeb and O’Keefe 2006; Brooks 2008;
Britzke et al. 2013; Silvis et al. 2016b).

Lemen et al. (2015) observed that the level of
agreement of bat species identification across four
automated programs used in North America was not
consistent at the file level, demonstrating low levels of
agreement (40%) between software packages: Bat Call
Identification [BCID], Inc., Kansas City, MO), Kaleidoscope
(Wildlife Acoustic, Inc,, Maynard, MA), Echoclass (U.S
Army Corps of Engineers, Vicksburg, MS), and Sonobat
(Sonobat, Arcata, CA). Janos (2013) found only a 38%
level of agreement between files when comparing BCID
to Echoclass. The low level of agreement was attribut-
able specifically to similar high-frequency call structure
among myotids and L. borealis (Janos 2013). Low levels
of agreements among software programs are conse-
quential for cross-study inference and conservation
planning (Russo and Voigt 2016). High rates of either
false positive or false negative misidentification have
conservation costs that may result in incorrect manage-
ment decisions, including forgoing seasonal restrictions
on forest harvesting, application of prescribed fire across
many management ownerships, and use of obscurants
and ordinance for military training. Based on perceived,
but erroneous, presence or absence of the bat species of
interest, management decisions can have deleterious

@ Journal of Fish and Wildlife Management | www.fwspubs.org

T. Nocera et al.

effects on a bat population. It is necessary to quantify the
level of agreement between bat species identification
programs for researchers or managers using one or more
of these programs for identifying bats with confidence
relative to their stewardship needs (Lemen et al. 2015).

In 2003, before the arrival of WNS in the United States,
an extensive long-term acoustic monitoring project
examining spatial and temporal bat distribution, activity,
and occupancy was initiated at Fort Drum Military
Installation (Fort Drum) in northwestern New York (Ford
et al. 2011). After the local discovery of summer
maternity activity of the endangered M. sodalis on Fort
Drum, mist-netting efforts were added to the monitoring
efforts in an attempt to capture and track bats to
foraging and roost locations (Jachowski et al. 2016).
Continuous acoustic monitoring, as well as actual
captures between 2003 and 2018, revealed changes in
patterns of acoustical activity pre- and post-WNS and
effects on community composition and structure at Fort
Drum (Dobony et al. 2011; Ford et al. 2011; Coleman et
al. 2014b; Jachowski et al. 2014) and also provided a
means of comparative analysis among acoustic sampling
techniques (Coleman et al. 2014a, 2014c). To assess the
relative agreement among three automated bat identi-
fication software programs currently widely used in the
United States and qualitative identification by a trained
biologist, we examined 15 y of bat echolocation
recording data from Fort Drum. The intent of our study
was to compare results between Kaleidoscope Pro 4.2.0,
BCID 2.7d, Echoclass 3.1, and qualitative identification to
describe variation among programs and highlight
potential agreement and discrepancies in output and
performance. Specifically, we sought to compare pro-
grams at the nightly total level used by managers as well
as actual file-by-file agreement. In addition, using USFWS
MLE thresholds for nightly total acceptance of a presence
or absence of a species irrespective of actual file-by-file
characterization, we examined differences among pro-
grams in occupancy measures, which are the basis for
bat conservation and management decisions for threat-
ened and endangered species. Because the true species
identity of calls was unknown, we were not attempting
to gauge program accuracy but rather to highlight
potential discrepancies among programs and visual
identification by a trained biologist.

Methods

Study site

We conducted our study at Fort Drum in northwestern
New York. Situated at the intersection of the St.
Lawrence-Great Lakes lowlands, the Tug Hill Plateau,
and the foothills of the Adirondack Mountains, Fort
Drum is a 43,750 ha U.S. Army installation that contains a
variety of forest, wetland, and open habitats. The Niagara
Escarpment lies 10-15 km west of Fort Drum and
contains limestone (karst) caves used by bats for
hibernation (Ford et al. 2011). The bat fauna of Fort
Drum is represented by nine species of three echoloca-
tion groups: 1) high-frequency call (minimum frequency
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> 40 kHz) including little brown bat Myotis lucifugus,
northern long-eared bat Myotis septentrionalis, M. sodalis,
tricolored bat Perimyotis subflavus, eastern small-footed
bat Myotis leibii, and L. borealis; 2) midrange-frequency
call (between 25 and 40 kHz) including big brown bat
Eptesicus fuscus and silver-haired bat Lasionycteris nocti-
vagans; and 3) low-frequency call (maximum frequency
< 25 kHz) including hoary bat Lasiurus cinereus (Coleman
et al. 2014a).

Study design

We examined echolocation calls recorded during
summer (May-August), and in some years early fall
(September-November), of 2003-2017 at Fort Drum. We
surveyed Fort Drum via 289 individual sites and 8,373
detector nights. All calls were recorded using Anabat I
detectors, connected to a compact flash-storage zero-
crossings analysis-interface module, and SD1 and SD2
units (Titley Electronics, Ballina, NSW, Australia). Echolo-
cation data collected from 2003 to 2010, before the
availability of automated software, were qualitatively
identified by a single trained individual using an
echolocation dichotomous key developed for northeast-
ern U.S. bat species (Ford et al. 2011). Nights where the
detector did not turn on properly or shut off within 2 h
after sunset were excluded from the analysis. However, if
a detector ran for at least 8 h, it was included in our
analysis. Calls were first identified using Analook 4.7 and
then were examined for call curvature values in Analyze
2.0 (Ford et al. 2011). We reidentified echolocation calls
from all years using BCID 2.7d, Kaleidoscope Pro 4.2.0,
and Echoclass 3.1. For each year, we visually examined
two nights per site after 2010 to ensure recording
accuracy and completeness. We specifically selected the
nine extant bat species that occur at Fort Drum for
analysis by Kaleidoscope and BCID and Echoclass’
Northeast bat assemblage that completely represented
the bat species present at Fort Drum. Both Kaleidoscope
and BCID allow users to adjust for sensitivity and
specificity; however, although Kaleidoscope does this at
the MLE level, Echoclass does not allow the end user to
adjust for any parameters. We adjusted the signal
parameters of Kaleidoscope at the neutral (0) setting
and BCID at the minimum discriminant probability of
0.35 to follow current USFWS (2018) guidelines. We
analyzed agreement rates between classifiers (i.e.,
software programs and trained biologist) across four
grouping metrics: nightly total counts, individual files,
single species occupancy metrics, and environmental
variables.

Total nightly echolocation passes

We used a generalized linear mixed model with a
negative binomial distribution to examine general
agreement from 2003 to 2010 in total nightly counts
(i.e., each individual echolocation call that is identified to
a species on any given night) among automated
identification software and qualitative identification. We
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used relative activity by individual species at the site-
night level as our response variable blocked by year,
holding site as a random effect, and having our
treatment groups and the total number of files recorded
at each site night as fixed effects. When parameter
significance was indicated at o < 0.05, we performed
post hoc type Il test comparisons of treatments
(programs and qualitative identification) by comparing
least-square mean estimates for each treatment to
determine differences. We fit our generalized linear
mixed model in SAS 9.4 (PROC GLIMMIX; SAS Inc., Cary,
NC) using a negative binomial distribution.

Individual echolocation call file

To examine the possibility that agreement levels
would change at a finer scale (i.e., individual call file),
we further analyzed file-by-file agreement rates between
two programs, Kaleidoscope Pro 4.2.0 and Echoclass 3.1,
for the full range of Fort Drum data (2003-2017). We
omitted qualitative identification from these analyses
because individual file identifications beyond site-night
totals were not completed for the later years (2011-
2017). We also omitted BCID from these analyses
because MLE values were not fully “equivalent” in terms
of site night to those of other software. We developed a
set of confusion matrices that assessed the degree of
misclassification between Kaleidoscope and Echoclass at
the individual file level. Our comparisons included all bat
species an individual echolocation file could have been
identified as from the individual program, including
simply “bat” or no identification and noise (i.e., nonbat).
Although confusion matrices typically compare a pre-
dicted value with a reference value (truth), we were
limited in only knowing predicted identifications from
classified acoustic data. Thus, we used the premise of
predicted and reference values to display how one
program file level identification compared to another
program and then we reversed the programs’ starting
position so that, in turn, each program was either the
predicted or reference values for each comparison. This
allowed us to examine the percentage of agreement of
one program with the other and to assess the proportion
of disagreement (type | and type Il errors) for all files
identified by the reference program. We treated years
(2003-2017) and the files associated with each year as
independent observations. This permitted us to analyze
potential shifts in a program’s ability to accurately
identify species through changes in bat community
structure and a species’ overall abundance. Although we
examined each year individually, our final matrix was
cumulative, encompassing all files between 2003 and
2017. We used statistical software program R to create
11X11 confusion matrices where we assigned each
acoustic software program as the predictor and refer-
ence value with the function confusion matrix using the
caret package (Kuhn et al. 2018). To determine the
degree of program agreement, we used Cohen’s Kappa
(Allouche et al. 2006) in addition to calculations of
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sensitivity and specificity rates as measures of true
positive and true negative performance, respectively. To
visualize the confusion matrix results, we plotted the
output as a heatmap in R using package ggplot2
(Wicham and Chang 2016). In addition, because USFWS
guidelines for acoustic surveys rely on acceptance of
presence or absence of target threatened or endangered
species (i.e.,, M. septentrionalis and M. sodalis), we
repeated these confusion matrix analyses based on
recalculations of species presence on a night level with
MLE values (confidence score) at oo =0.05 as a threshold.
Accordingly, we grouped MLE values, regardless of
program into two categories: above o = 0.05 (considered
absent) or below o = 0.05 (high confidence as present).

Modeling environmental conditions

To assess how disagreement among software and the
trained biologist classification may impact analytical
outcomes, we modeled relative nightly activity of M.
lucifugus, M. septentrionalis, and M. sodalis identified by
each program and the biologist using a set of candidate
generalized linear mixed models with a negative
binomial distribution (Fournier et al. 2012) from our
2003-2010 data. Because our intent was to compare
analytical outcomes of our different datasets rather than
model habitat associations, the candidate model set
represented simple hypothesis regarding the relation-
ship between environmental conditions and bat activity.
Specific environmental conditions assessed included
elevation, canopy cover, land cover type, distance to
road, and distance to water. We determined the best
supported model for each dataset using Akaike's
Information Criterion corrected for small sample size
(Burnham and Anderson 2002, 2004). Across datasets, we
compared the relative model rankings and support for
the best supported model (weighted Akaike’s Informa-
tion Criterion) as well as covariate B estimates of the best
supported models. We fit generalized linear mixed
models in program R 3.5.1 (R Development Core Team
2018).

Results

Field collection

From 2003 to 2010, we sampled 239 total detector
nights (Table 1). File identification, by species, varied by
program and qualitative identification (Table S1, Supple-
mental Material). From 2011 to 2017, we sampled an
additional 8,134 total detector nights. Over the entire
study duration, we recorded 1,022,188 individual files of
which >450,000 were identified to bat species, although
the individual species totals were variable by program
and qualitative identification (Tables S1 and S2, Supple-
mental Material).

Total nightly echolocation passes

Overall, there were numerous significant differences
among nightly counts across bat species among the
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Table 1. Minimum, maximum, and mean number of detector
nights (n=8,373) and total number of site locations (n =289) in
Fort Drum Military Installation, New York, 2003-2017.

Minimum Maximum Mean Total

no. of no. of no. of no. of

Year nights/site nights/site nights/site sites
2003 1 1 1.0 5
2004 1 3 1.8 17
2005 1 2 1.8 21
2006 2 2 2.0 18
2007 2 2 2.0 15
2008 1 2 1.8 12
2009 2 2 2.0 13
2010 1 6 2.6 19
2011 1 128 17.8 57
2012 1 223 38.8 55
2013 2 187 29.6 49
2014 81 131 103.6 5
2015 2 118 10.9 129
2016 8 28 14.9 81
2017 64 83 77.8 5

three programs and the echolocation passes identified
visually (Table 2). For myotids, qualitative identification
generally had the highest count estimate compared with
acoustic software, often significantly different from at
least one program (Table 2). No bat species had a full
agreement between programs and the biologist. How-
ever, for each species, except M. leibii, there was
agreement between at least two treatments (Table 2).

Individual echolocation call file and single species
occupancy metric

At the individual file level and totaled night level,
agreement by species between Echoclass and Kaleido-
scope varied across years measured by Cohen’s Kappa,
ranging from 0.25 to 0.55 depending on the year, with an
average Cohen’s Kappa (all years and species combined)
of 0.368 (Table 3). Overall agreement proportion, when
either program was used as the reference, was variable
among species. When Echoclass was the reference,
agreement rates for M. septentrionalis, M. sodalis, and L.
borealis were <30% (Table 4). Although the majority of
disagreement between myotids were intragenus or no
identification, L. borealis was misclassified frequently as
M. lucifugus (Table 4). When Kaleidoscope was the
reference, agreement rates for all myotids were always
<30%, with the majority of calls misclassified as L.
borealis (Table 4). Conversely, Kaleidoscope agreed with
Echoclass up to 66% of comparisons for Lasionycteris
noctivagans, whereas Echoclass agreed with Kaleido-
scope up to 57% for L. borealis. Irrespective of year,
nightly MLE comparisons between paired program
comparisons had an overall agreement, measured by
Cohen'’s Kappa, of 0.56 for M. lucifugus, 0.60 for E. fuscus,
0.47 for L. borealis, 0.58 for L. cinereus, 0.58 for
Lasionycteris noctivagans, 0.04 for M. leibii, 0.25 for M.
septentrionalis, 0.26 for M. sodalis, and 0.34 for P.
subflavus. Overall agreement proportion at 0.05 MLE or
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Table 2. Separation test, associated least square mean (LS mean), and type lll test for fixed effect values for the biologist and each
program (Bat Call Identification [BCID], Echoclass, and Kaleidoscope) across all species on Fort Drum Military Installation, New York,
2003-2010. Raw mean and SE, LS means and SE for all species and programs on a site-night level are included. With effect, F-statistic,
and P value (o < 0.05). P values < o= 0.05 are significantly different. Species include big brown bat Eptesicus fuscus, eastern red bat
Lasiurus borealis, hoary bat Lasiurus cinereus, silver-haired bat Lasionycteris noctivagans, eastern small-footed bat Myotis leibii, little
brown bat Myotis lucifugus, northern long-eared bat Myotis septentrionalis, Indiana bat Myotis sodalis, and tricolored bat Perimyotis
subflavus.

Program Mean SE LS mean Grouping® SE (LS mean) Effect® F Pr>F

E. fuscus Kaleidoscope 20.32 3.10 2.9948 A 0.1776 Classifier 3.68 0.0118
Biologist 17.93 2.55 2.848 A 0.1777 Year 13.89 0.0002
BCID 16.4 2.87 2.7083 BA 0.1778 Total 171.36 <0.0001
Echoclass 11.18 1.95 2.3957 B 0.1782

L. borealis Echoclass 27.81 4.74 2.5625 A 0.1085 Classifier 24.34 <0.0001
BCID 15.53 3.34 2.0467 B 0.1099 Year 2.77 0.0965
Biologist 11.2 2.09 1.9414 B 0.1103 Total 547.23 <0.0001
Kaleidoscope 5.45 0.90 1.2239 C 0.1143

L. cinereus Biologist 19.35 3.75 3.6804 A 0.1766 Classifier 12.05 <0.0001
Kaleidoscope 7.28 1.02 2.9364 B 0.1772 Year 0.52 0.4715
Echoclass 7.81 1.14 2.8541 B 0.1773 Total 63.75 <0.0001
BCID 5.92 0.80 2.62 B 0.1776

Lasionycteris noctivagans BCID 6.94 0.77 2.4246 A 0.1662 Classifier 9.26 <0.0001
Kaleidoscope 4,01 0.44 2.0254 B 0.167 Year 10.19 0.0015
Echoclass 3.84 0.42 1.924 B 0.1672 Total 19.8 <0.0001
Biologist 3.39 0.49 1.4924 C 0.1686

M. leibii Biologist 5.1 2.23 0.6696 A 0.2771 Classifier 16.59 <0.0001
BCID 246 0.99 0.03658 B 0.2844 Year 59.75 <0.0001
Kaleidoscope 0.88 0.19 —0.5523 C 0.2945 Total 108.62 <0.0001
Echoclass 0.31 0.07 —1.493 D 0.3197

M. lucifugus Biologist 40.85 5.51 2.6924 A 0.1395 Classifier 16.35 <0.0001
Kaleidoscope 35.39 5.54 24575 A 0.1399 Year 173.67 <0.0001
BCID 32.68 4.90 2.4236 A 0.1399 Total 423.09 <0.0001
Echoclass 13.58 1.79 1.7053 B 0.1418

M. septentrionalis Biologist 8.88 3.92 —0.2582 A 0.3488 Classifier 9.78 <0.0001
BCID 5.96 3.99 —1.1324 B 0.3568 Year 28.52 <0.0001
Kaleidoscope 5.08 3.54 —1.5846 CB 0.3635 Total 57.74 <0.0001
Echoclass 1.53 0.91 —2.2331 C 0.3773

M. sodalis Biologist 14.97 3.47 1.3876 A 0.2179 Classifier 2.99 0.03
BCID 16.55 3.81 1.2349 A 0.2187 Year 180.1 <0.0001
Echoclass 10.84 2.62 1.0686 BA 0.2197 Total 209.75 <0.0001
Kaleidoscope 14.88 3.96 0.727 B 0.222

P. subflavus Kaleidoscope 5.29 1.04 1.6164 A 0.3034 Classifier 3.68 0.0119
BCID 2.86 0.73 1.0742 BA 0.3054 Year 843 0.0038
Biologist 2.14 0.60 0.8182 B 0.3068 Total 118.45 <0.0001
Echoclass 1.983 0.51 0.6035 B 0.3082

@ LS means with the same grouping variable (letter) are not significantly different from each other (o = 0.05).
b Numerator and denominator df were equal among species and effect (numerator df classifier = 3, year = 1, total = 1; denominator df = 949).

less, when either Echoclass or Kaleidoscope was the
reference, was variable among species and across
programs (Table 5). In addition, overall agreement rates
were higher at the MLE grouping level than at an
individual file-by-file level (Table 6). Specifically, when
Echoclass was the reference, we observed a 2.8-fold
increase in agreement between L. borealis file-by-file
level comparison and MLE grouping (Table 6). When
Kaleidoscope was the reference, we observed a 4.5-fold
increase in agreement between M. lucifugus file-by-file
level comparison and MLE grouping (Table 6).

Modeling environmental conditions

For each program and the trained biologist, the null
model was outperformed by all other models across all
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species analyzed with regard to relative activity (Table 7).
Competing models were the same between programs
and the trained biologist (Table 7). The relative ranking
and the relative level of support for each individual
model per program and the trained biologist indicate
that there is no difference between programs and the
trained biologist. For M. lucifugus, the model with the
highest relative ranking and level of support for the
trained biologist was the model with three parameters
(Table 7). The global model and the model with six
parameters for M. lucifugus activity for each program had
uniform relative ranking and level of support (Table 7).
For M. septentrionalis and M. sodalis, the model with the
highest relative ranking and level of support for the
trained biologist was our global model (Table 7). For M.
septentrionalis, relative ranking and level of support was
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Table 3. Overall agreement, measured by Kappa statistic,
between Echoclass and Kaleidoscope in identifying individual
files on Fort Drum Military Installation, New York, 2003-2017.
Kappa statistic is a metric of observed accuracy vs. expected
accuracy and measures the overall agreement for all files and
species.

Year Kappa
2003 0.25
2004 0.41
2005 0.41
2006 0.41
2007 0.38
2008 0.35
2009 0.36
2010 0.55
2011 0.31
2012 0.38
2013 0.33
2014 0.42
2015 0.45
2016 0.46
2017 0.50

T. Nocera et al.

highest for the model with three parameters for each
program (Table 7). All three competing models for M.
sodalis activity for each program had uniform relative
ranking and level of support (Table 7). Depending on the
site covariate, B estimates for site covariates among
treatment models and across species were either not
significantly different from zero or not significantly
different from each other, except for emergent wetland
vegetation and grass for M. septentrionalis (Figure 1).

Discussion

Species recognition using acoustics has been used for
many taxa (Chesmore 2004) including insects (Chesmore
and Nellenbach 2001), amphibians (Acevedo and Villa-
nueva-Rivera 2006; Han et al. 2011; Xie et al. 2018), birds
(Acevedo and Villanueva-Rivera 2006; Tyagi et al. 2006;
Venier et al. 2012), marine mammals (Parijs et al. 2002;
Johnson et al. 2009b), and bats (Britzke et al. 2013; Janos
2013; Coleman et al. 2014c). Advancements in technol-

Table 4. Confusion matrix table representing Kaleidoscope percent agreement with Echoclass (top) and Echoclass percent
agreement with Kaleidoscope (bottom) for each species in Fort Drum Military Installation, New York, 2003-2017. The diagonal of the
matrix represents proportion of agreement between the two programs; anything off the diagonal represents the proportion of
times Kaleidoscope disagreed with Echoclass (top) and the proportion of times Echoclass disagreed with Kaleidoscope (bottom) for
a given species (indicating where most of the disagreement is occurring). Species include big brown bat Eptesicus fuscus, eastern red
bat Lasiurus borealis, hoary bat Lasiurus cinereus, silver-haired bat Lasionycteris noctivagans, eastern small-footed bat Myotis leibii,
little brown bat Myotis lucifugus, northern long-eared bat Myotis septentrionalis, Indiana bat Myotis sodalis, and tricolored bat

Perimyotis subflavus.

Echoclass

E. L. L.
fuscus borealis cinereus noctivagans

Lasionycteris

M. m. M. m. P.
leibii lucifugus septentrionalis sodalis NolD Noise subflavus

Kaleidoscope

E. fuscus 60 11 2 7 2 3 6 2 9 1 2
L. borealis 1 24 — — 15 3 2 3 3 — 1
L. cinereus 3 1 69 5 1 1 1 1 13 5 4
Lasionycteris noctivagans 16 3 13 66 — 1 — 1 1 3 3
M. leibii — — — — 5 — 1 — — — —
M. lucifugus 3 23 1 2 21 63 11 4 9 1 3
M. septentrionalis — 1 — — 3 — 3 — — — —
M. sodalis — 1 — — 7 1 2 14 1 — —
NolD 14 26 6 14 42 13 39 22 15 5 13
Noise 3 8 9 6 4 15 7 17 38 85 11
P. subflavus — 3 — — 1 1 1 — 1 — 63
Kaleidoscope
E. L. L. Lasionycteris M. M. M. M. P.
fuscus borealis cinereus noctivagans leibii lucifugus septentrionalis sodalis NolD Noise subflavus
Echoclass

E. fuscus 30 1 1 6 1 1 1 1 4 — —
L. borealis 11 57 1 2 19 24 2 16 14 1 24
L. cinereus 2 — 38 10 1 1 — — 4 1 3
Lasionycteris noctivagans 3 — 1 19 1 1 1 1 3 — 1
M. leibii — — — — 6 — 1 — — —
M. lucifugus — 1 — — 1 12 — 3 1 — 1
M. septentrionalis — — — — 1 11 — — — —
M. sodalis — 1 — — 4 6 2 27 2 — —
NolD 48 37 36 41 63 49 55 46 46 20 49
Noise 6 2 23 22 4 6 7 5 26 77 5

P. subflavus — — — —

|
|
|
|
|
|
o
w

NolID = no identification.
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Table 5. Kaleidoscope percent agreement with Echoclass (top) and Echoclass percent agreement with Kaleidoscope (bottom) on a
nightly maximum likelihood estimate group level for both present (o < 0.05) and absent (o > 0.05) for each species in Fort Drum
Military Installation, New York, 2003-2017. N is the sample size (for each species) Echoclass categorized present or absent (top) and
the sample size (for each species). Kaleidoscope categorized present or absent (bottom). Species include big brown bat Eptesicus
fuscus, eastern red bat Lasiurus borealis, hoary bat Lasiurus cinereus, silver-haired bat Lasionycteris noctivagans, eastern small-footed
bat Myotis leibii, little brown bat Myotis lucifugus, northern long-eared bat Myotis septentrionalis, Indiana bat Myotis sodalis, and
tricolored bat Perimyotis subflavus.

o < 0.05, o > 0.05,
N % Kaleidoscope agreed N % Kaleidoscope agreed
Echoclass
E. fuscus 3,714 79.77 4,681 80.85
L. borealis 3,957 66.79 4,438 80.71
L. cinereus 2,590 90.07 5,805 75.55
Lasionycteris noctivagans 1,469 64.46 6,926 93.02
M. leibii 16 56.25 8,379 95.65
M. lucifugus 1,412 83.56 6,983 85.55
M. septentrionalis 112 47.32 8,283 97.23
M. sodalis 1,325 18.86 7,070 929.11
P. subflavus 758 43.53 7,637 93.24
o < 0.05, o > 0.05,
N % Echoclass agreed N % Echoclass agreed
Kaleidoscope

E. fuscus 3,859 76.78 4,536 83.44
L. borealis 3,499 75.55 4,896 73.16
L. cinereus 3,752 62.18 4,643 94.44
Lasionycteris noctivagans 1,430 66.22 6,965 92.5

M. leibii 373 2.41 8,022 99.91
M. lucifugus 2,189 539 6,206 96.26
M. septentrionalis 282 18.79 8,113 99.27
M. sodalis 313 79.87 8,082 86.69
P. subflavus 845 39 7,549 94.33

ogy and automated acoustic software programs and
detectors have enhanced the ability to identify species
by sound, often providing measures of inter- and
intraspecific interactions (Chesmore 2004). Acoustic
sampling can help in monitoring and identifying trends
in population declines of once common species or rare
species (Jaramillo-Legorreta et al. 2017; Xie et al. 2018).
The constraints of automated acoustic detectors and
software are uniform across taxa and include difficulty of
tracking individuals moving in and out of acoustic range
or becoming “lost” in a group of vocalizing animals
(Johnson et al. 2009b). In addition, accuracy is depen-
dent on the foundation of a high-quality reference library
that includes variation between species and within
species (Britzke et al. 2002; Scott Brandes 2008; Xie et
al. 2018). Reduction of extraneous noise is also an
inherent issue when trying to record and identify species
and individuals (Britzke et al. 2002; Scott Brandes 2008).
Controlling for these factors is necessary to reduce high
levels of false positive and false negative identification
(Towsey et al. 2012). Further restrictions are applied to
acoustic monitoring for bats because calls are not only
ultrasonic but also can share similar patterns and present
considerable overlap among species, making automated
acoustic identification of a bat species difficult in practice
(Britzke et al. 2002, 2013).

As the effects of WNS on bats continue to cause
declines in the distribution and abundance of affected
bat species (Frick et al. 2010; Langwig et al. 2012), there
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is an increased need to use acoustic sampling to replace
mist-net surveys (Coleman et al. 2014a). Consequently,
managers need to clearly understand the biases associ-
ated with software programs and the limitations on
inferences that can be drawn from automated bat
identification, because conservation decisions relative
to bats may emanate from software use. Software
packages such as Kaleidoscope Pro, Echoclass, and BCID
can process acoustic data and compute a species
identification for every bat call sequence, although each
was specifically designed with M. sodalis identification as
the program “driver” (Janos 2013; Niver et al. 2014;
Lemen et al. 2015). The promise of automated identifi-
cation software was that internal numerical quantifica-
tion and statistical analysis would produce higher rates
of correct identification and offer repeatability free of
subjective biases associated with visual identification
(Lemen et al. 2015). Although we cannot determine
which program is most accurate, we observed that
depending on the species, overall estimates among
programs, across any given site and night, are highly
variable. At minimum, comparison of these estimates
allowed us to determine which programs are more or
less conservative in their approach to identify and count
an individual bat species.

Our inclusion of the trained biologist allowed for a
direct link to past studies and traditional bat identifica-
tion methods. It also provided insight to understand
where, when, and how humans could systematically
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Table 6. Kaleidoscope percent agreement with Echoclass (top)
and Echoclass percent agreement with Kaleidoscope (bottom)
on an individual file level and a nightly maximum likelihood
estimate (MLE) level of presence (o < 0.05) for each species in
Fort Drum Military Installation, New York, 2003-2017. MLE
values represent the probability that a species is misclassified as
present when in fact it is absent on a given site night based on
multiple species. Species include big brown bat Eptesicus
fuscus, eastern red bat Lasiurus borealis, hoary bat Lasiurus
cinereus, silver-haired bat Lasionycteris noctivagans, eastern
small-footed bat Myotis leibii, little brown bat Myotis lucifugus,
northern long-eared bat Myotis septentrionalis, Indiana bat
Myotis sodalis, and tricolored bat Perimyotis subflavus.

Individual Nightly
files MLE
% Kaleidoscope agreement with Echoclass
E. fuscus 60 79.77
L. borealis 24 66.79
L. cinereus 69 90.07
Lasionycteris noctivagans 66 64.46
M. leibii 5 56.25
M. lucifugus 63 83.56
M. septentrionalis 30 47.32
M. sodalis 14 18.86
P. subflavus 63 43.53
% Echoclass agreement with Kaleidoscope

E. fuscus 30 76.78
L. borealis 57 75.55
L. cinereus 38 62.18
Lasionycteris noctivagans 19 66.22
M. leibii 6 241
M. lucifugus 12 53.90
M. septentrionalis 11 18.79
M. sodalis 27 79.87
P. subflavus 15 39.00

differ from an automated acoustic program and estab-
lished a baseline to assess program discrepancies.
However, our inclusion of the trained biologist has
limitations in that we do not know the overall accuracy
of the visually identified calls, nor are the efforts
replicated by other observers. This latter issue relates
to two questions of how representative our biologist is
of all biologists trained to identify bat calls and what
level of variation in observations, if any, our biologist had
among years. Compared to the biologist, we observed
variation in agreement in species identification among
programs and between programs and the biologist. This
corroborates the comparison of Jennings et al. (2008)
between human identification and automated neural
networks on identifying and assessing misclassifications
of bat species. We identified four areas of variation in
which agreement and disagreement can occur with bat
echolocation identification: 1) programs and the trained
biologist tended to agree on total bat counts by site
night, 2) programs and the trained biologist tended to
disagree on total bat counts by site night, 3) programs
estimated greater bat calls than the trained biologist on
a site night, and 4) programs estimated fewer bat calls
than the trained biologist on a site night. It is worth
noting that for sources 3 and 4 of variation among
individual programs and visual identification, qualitative
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identification served as a baseline to assess program
discrepancies.

We found high levels of agreement between two
programs: agreement between BCID and Kaleidoscope
relative to each other and with qualitative identification,
particularly with M. lucifugus. Conversely, Echoclass
tended to identify fewer M. lucifugus. For Echoclass, this
is due to inherent software constraints and consider-
ations to specifically find or minimize misclassification of
M. sodalis (E. Britzke, U.S. Army Corps of Engineers,
personal communication; Britzke et al. 2002). BCID and
Kaleidoscope tended to agree with each other on the
number of M. lucifugus on any given site night. We found
high levels of disagreement among all treatments for
rare species in our study area, which was typically
associated with low numbers of identified calls of these
species. As an example, the biologist estimated more M.
leibii than the other software programs, and programs
disagreed with each other. At Fort Drum, M. leibii are
considered uncommon, even before the advent of WNS,
and throughout our study total counts across all years
were low (Ford et al. 2011). Low numbers on a nightly
basis contribute to program uncertainty on correct
classification (Janos 2013). In terms of distinguishing M.
leibii from other myotid bats, the biologist may have
been able to parse out the subtle differences in
overlapping diagnostic features, such as higher individ-
ual pulse minimum frequencies, to estimate greater M.
leibii presence than the programs.

For Lasionycteris noctivagans, each program estimated
greater numbers of bats than the trained biologist. This
may be due to constraints resulting from the use of the
echolocation dichotomous key for the Northeast used by
the biologist (Ford et al. 2011), which did not provide
sufficient differences in call characteristics between
Lasionycteris noctivagans and E. fuscus. In the qualitative
identification process, we first identified suspect Lasio-
nycteris noctivagans calls using Analook 4.7 and then call
curvature values in Analyze 2.0 to differentiate from E.
fuscus, requiring the biologist to decide whether to
proceed to the second visualization software program
(Betts 2009; Ford et al. 2011). However, the automated
programs have the diagnostic ability to identify Lasio-
nycteris noctivagans directly (Britzke et al. 2011; Janos
2013). Moreover, at least before the advent of WNS,
Lasionycteris noctivagans were perceived to be common
only during spring and fall migratory periods at Fort
Drum and across New York (Whitaker and Hamilton 1998;
Cryan 2003; Ford et al. 2011), which may have resulted in
subjective bias against Lasionycteris noctivagans identi-
fication by qualitative identification except in cases of
highly diagnostic calls. Whereas automated acoustic
software does not do this, this bias may be acceptable
because it helps to reduce overestimation of activity and
presence of rare species.

Finally, lower estimates for M. septentrionalis by
programs relative to the trained biologist constituted
the fourth example of variability. We suspect that this is
because of the biologist’s ability to use information on
temporal context (i.e., proximity of M. septentrionalis calls
in file sequence). Thus, human tendency to dismiss series
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Table 7. Rankings of models predicting little brown bat Myotis lucifugus, northern long-eared bat Myotis septentrionalis, and Indiana
bat Myotis sodalis activity with three programs (Bat Call Identification [BCID], Echoclass, and Kaleidoscope) and the biologist visual
identification at Fort Drum Military Installation, New York, summers 2003-2010. With relative rank and level of support for each
individual model for each program w; (model weight).

Model BCID w; Echoclass w; Biologist w; Kaleidoscope w;

M. lucifugus Date _ Canopy Cover + Habitat + Distance to 0.55 0.68 0.11 0.36

Water + Distance to Road + Year

Date + Elevation + Canopy Cover + Habitat + 0.34 0.2 0.14 0.43

Distance to Water + Distance to Road + Year

Date + Habitat + Year 0.11 0.11 0.75 0.21

Null 0 0 0 0
M. septentrionalis Date _ Canopy Cover + Habitat + Distance to 0.06 0.06 0.25 0.14

Water + Distance to Road + Year

Date + Elevation + Canopy Cover + Habitat + 0.1 0.05 0.58 0.23

Distance to Water + Distance to Road + Year

Date + Habitat + Year 0.84 0.89 0.17 0.64

Null 0 0 0 0
M. sodalis Date _ Canopy Cover + Habitat + Distance to 0.24 0.23 0.26 0.21

Water + Distance to Road + Year

Date + Elevation + Canopy Cover + Habitat + 0.43 0.35 0.73 0.15

Distance to Water + Distance to Road + Year

Date + Habitat + Year 0.33 0.43 0.01 0.64

Null 0 0 0 0

of calls, separated by seconds, as two different species
may have resulted in a greater number of counts made
by the biologist for M. septentrionalis in Fort Drum, as
observed elsewhere (Fenton 1980). Also, although M.
septentrionalis were exceedingly abundant at Fort Drum
pre-WNS, the species’ low-amplitude echolocation char-
acteristics result in poor call quality (Ford et al. 2005) and
as a result are more readily dismissed as no identification
or noise by automated software, whereas the biologist
was comfortable assigning a species identification.
Unexpectedly, we found that the overall agreement in
bat identification between Echoclass and Kaleidoscope
was variable on a yearly basis. This did not conform to
our original expectation that although the programs
might differ overall, the rates of difference would be
constant across years in terms of disagreement. It is
possible that with differences in underlying use of
misclassification rates set by the program’s development
with training data, and subsequent validation, that
misclassification rates between species comparisons
might be influenced differently by the proportion or
total amount of calls analyzed (Britzke et al. 2002;
Coleman et al. 2014c). File quantity and quality used in
program development affect species’ detection rates and
classification. These programs were developed to prior-
itize correct classification of M. sodalis, as the rationale
that initially precipitated software development and use
(Britzke et al. 2002; Wildlife Acoustics 2017). The
subsequent listing and realization for the need to
correctly identify M. septentrionalis highlight the unfor-
tunate “Red Queen effect” between technology devel-
opment and use in a highly dynamic environment (i.e.,
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changes in management priorities among species and
changing bat community structure post-WNS) outpace
software development (Van Valen 1977; Barnett and
Hansen 1996; Voelpel et al. 2005).

Our work showed the level and direction of disagree-
ment within these programs for detecting species of
interest (M. lucifugus, M. septentrionalis, and M. sodalis).
For rare species in particular, analysis of only high-quality
calls can reduce the number of species identifications
below reality. Such low identification rates can directly
impact MLE value calculations and lead to inaccurate
estimates of species presence or probable absence
(Britzke et al. 2002). Because programs will differ in file
identifications due to classification algorithm differences
and filtering, both in terms of what files will be identified,
removal of noise, and extraction of call parameters from
individual calls and passes, this will also result in
differences in nightly activity levels. This issue may be
resolved using more accurate classification algorithms
that can correctly identify species from lower quality calls
and by use of higher quality recording equipment and
optimized detector deployment and deployment sites.

When all years were combined, on an individual file
level, our results indicate that there is high disagreement
between species between Echoclass and Kaleidoscope.
Beyond the probable but unknown differences among
programs’ reference libraries used for training and
validation, the frequency and pulse rate settings within
each program were not equal for the end user; for
example, Echoclass does not allow users to adjust the
frequency and pulse count. Austin (2017) and Hyzy et al.
(2018) both noted acceptable performance in both
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Figure 1. Parameter estimates and SE of our global negative binomial generalized linear mixed model predicting (A) little brown bat
Myotis lucifugus, (B) Myotis septentrionalis northern long-eared bat, and (C) Indiana bat Myotis sodalis activity at Fort Drum Military
Installation, New York, during summers 2003-2010. Parameters include canopy cover (CC), date, deciduous forest, developed areas,
distance to road (DR), distance to water (DW), emergent wetlands, evergreen forests, grass, mixed forest, open water, shrub, and

woody wetland.

programs for identifying M. septentrionalis presence
when using the MLE threshold; however, in comparisons,
file-by-file agreement generally did not exceed 40% on a
site-night basis. Our findings indicate relatively higher
rates of agreement between Echoclass and Kaleidoscope
when using the MLE threshold either as a screen for
nightly total activity or simply assessing presence for
species such as M. lucifugus, M. septentrionalis, and M.
sodalis. Currently, the MLE threshold is used by the
USFWS as the determinant for M. sodalis presence and is
subsequently necessary for sampling level of effort
(Wintle et al. 2012; Niver et al. 2014). Our findings
suggest that this approach for assigning presence or
absence in an occupancy analysis format (MacKenzie et
al. 2006) is robust. In the context of program agreement,
at the MLE group level, Echoclass and Kaleidoscope
provide similar results if used in the endangered species
regulatory context to avoid or minimize take of M. sodalis
or M. septentrionalis. In trying to develop ways to
maximize consistency while minimizing uncertainties,
resource management decisions necessitate that tools
used to make decisions be the least biased part of the
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process (Kareiva and Marvier 2011); yet, in the case of
automated acoustic software this may not yet be fully
possible.

The goal of controlling the level at which presence of a
species is assumed (MLE values < 0.05) is to minimize the
rate of type | and type Il errors, whereby simultaneously
maximizing both sensitivity and specificity. We observed
more type Il errors than type | errors, which may be a
factor of higher agreement of species being absent than
being present. Thus, our data had higher agreement with
MLE values grouped above 0.05 than below 0.05.
Nevertheless, higher overall agreement rates among
species using MLE grouping variables does indicate that
these programs, at this level, provide some consistency
in output. As the MLE threshold value is continued to be
lowered (i.e,, more conservative on determining species
presence), this implies an increased rate of agreement.
However, the cost of lowering the MLE threshold value is
high, because the certainty of species presence or
absence drops, causing the rate of false positive and
false negative errors to increase. These errors are
important to consider and acknowledge because they
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can cause issues when interpreting results that are used
to guide management and regulatory actions (Taylor and
Gerrodette 1993; Fielding and Bell 1997). To illustrate, if
misclassifications or disagreement generate high rates of
type | errors (false positive), researchers and managers
may take unnecessary actions that divert attention,
effort, and funds away from other stewardship activities
with little impact to the target species. In the context of
M. septentrionalis and M. sodalis, use of forest manage-
ment techniques (i.e., prescribed fire or harvesting)
potentially designed to benefit targeted bats (Johnson
et al. 2009a; Germain et al. 2017), but which are not
actually present, may come at the cost of some other
biotic factor or organism also of high conservation
concern (Fisher and Wilkinson 2005; Dickinson et al.
2009; Silvis et al. 2016a, 2016b). Conversely, if misclas-
sifications or disagreements generate high rates of type Il
errors (false negatives), researchers and managers may
unknowingly take actions that, although beneficial to
other conservation concerns, are deleterious to bats.
More importantly, in terms of actions that degrade,
fragment, or convert habitats, such as energy extraction
and delivery, highway construction, or other forms of
permanent forest conversion, the failure to account for
species such as M. septentrionalis and M. sodalis and
mitigate appropriately could have considerable negative
impacts for these species (Baerwald et al. 2009; Northrup
and Wittemyer 2013).

Depending on objectives and location, we believe our
results can help users choose automated software and
MLE thresholds most appropriate for their needs. First,
the location of a study area and the extant bat
community are important considerations in program
choice, because the assemblage of bat species and
community composition change both across latitudinal
and longitudinal gradients, which can lead to higher
program misclassification rates. Thus, matching potential
identification with a known species pool becomes
exceedingly important (Lemen et al. 2015). In turn, MLE
values are calculated based on the species pool selected.
Second, in the case of generalized bat community
surveys, where the intent is to document species
presence in a broad sense over a large landscape, any
of the three programs we examined may suffice. In this
case, where a liberal approach is sufficient, the MLE
threshold value may need to be adjusted to allow for
some variability. However, in the case of regulatory
clearance surveys, where the intent is to ascertain
localized presences (i.e., M. sodalis or M. septentrionalis)
with a high degree of certainty to minimize type | and
type Il errors, managers may opt to use a program that is
at least equitable to qualitative identification and other
programs, but with the ability and optionality to be
conservative in identification. In this case, the MLE
threshold value may need to be adjusted to be more
liberal (highly probable that a species is present).

Advances in occupancy modeling (Royle and Link
2006) that incorporate false positives have been used to
estimate occurrence of bats using multiple automated
identification programs (Clement et al. 2014; Austin
2017). These models allow for flexibility in determining
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species presence or absence by adding a third category
whereby both programs state that a species is present.
Although false positive occupancy models using Echo-
class and Kaleidoscope still revealed low levels of
agreement on presence in some instances (Austin
2017), these same models had higher agreement when
used for M. septentrionalis identification, as found by
Hyzy et al. (2018). Although variability in agreement may
be a result of the quality and amount of calls, as well as
location, this modeling approach generates more precise
parameter estimates than single season occupancy
estimates. In this context, managers could use two
programs to determine a conservative but highly
accurate assessment of occupancy. Approaches such as
this, for listed species such as M. septentrionalis and M.
sodalis, might be the best approach moving forward in
the post-WNS environment.

When modeling relative activity between programs
and the trained biologist to determine whether selection
of examined site covariates changed relative to the
program used, the relative ranking and level of support
for each individual model were the same across species
and treatment. Indicating that regardless of which
program is used, as well as qualitative identification,
activity response resulted in similar modeled patterns of
bat relative activity at Fort Drum. Specifically, among M.
lucifugus, M. septentrionalis, and M. sodalis, there was no
significant difference among P estimates, excluding
emergent wetlands and grass for M. septentrionalis,
which may be due to a combination of relatively low
numbers of M. septentrionalis and few sampling sites in
these habitats. Not only were total counts by most
species similar across site nights but also program
selection and qualitative identification were similar in
quantifying site or habitat characteristics important for
determining these species’ presence on the landscape at
Fort Drum. Specifically, in comparing analytical outcomes
of our different datasets (i.e.,, how comparable programs
and a trained biologist are to each other regarding the
relationship between environmental conditions and bat
activity), we determined high levels of consistency in
both the relative rankings of the model as well as the
relative level of support for each individual model. Our
findings indicate that although there are inherent
differences in acoustic automated software algorithms,
analytical outcomes representing the relationship be-
tween environmental conditions and bat activity are the
same regardless of which program or method of bat
identification is used. Our results show that studies using
different programs are comparable and that any
difference in habitat assessment results are not driven
by their choice or use of a program. Whereas our means
comparison, individual file level, and MLE grouping level
comparison potentially are contributory for both re-
search and regulatory work (Niver et al. 2014), from a
manager’s perspective, knowing that any program or
potential trained biologist can predict activity across the
landscape similarly with largely congruent results is
valuable for planning and implementing acoustic mon-
itoring work.
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Conclusions

Although we do not know the true accuracy of bat
echolocation data we analyzed and cannot assess
automated software identification accuracy directly,
we did determine that the level of agreement among
all species, programs, and years is variable and not
wholly consistent, corroborating the results of other
studies (Jennings et al. 2008; Janos 2013; Lemen et al.
2015). Nonetheless, after accounting for biases at the
individual file level and grouped MLE threshold levels,
the total nightly counts appear to have an acceptable
amount of congruence. Specifically, in comparing
analytical outcomes of our different datasets (i.e., how
comparable programs and a trained biologist are to
each other regarding the relationship between envi-
ronmental conditions and bat activity), we determined
high levels of consistency in both the relative rankings
of the model as well as the relative level of support for
each individual model. Improvement in the perfor-
mance of automated software by incorporating the
widest array of training data and expanding reference
call libraries and by parametrizing how programs
classify wild recordings is needed to address variation
for better cross-study comparisons. Accordingly, we
suggest that researchers and managers carefully con-
sider the purposes, and setting, for which automated
bat identification software is to be used relative to their
monitoring needs as noted by others (Russo and Voigt
2016; Rydell et al. 2017).
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