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ABSTRACT

Aim Bat mortality rates from white-nose syndrome and wind power develop-

ment are unprecedented. Cryptic and wide-ranging behaviours of bats make

them difficult to survey, and population estimation is often intractable. We

advance a model-based framework for making spatially explicit predictions

about summertime distributions of bats from capture and acoustic surveys.

Motivated by species-energy and life-history theory, our models describe

hypotheses about spatio-temporal variation in bat distributions along environ-

mental gradients and life-history attributes, providing a statistical basis for

conservation decision-making.

Location Oregon and Washington, USA.

Methods We developed Bayesian hierarchical models for 14 bat species from

an 8-year monitoring dataset across a ~430,000 km2 study area. Models

accounted for imperfect detection and were temporally dynamic. We mapped

predicted occurrence probabilities and prediction uncertainties as baselines for

assessing future declines.

Results Forest cover, snag abundance and cliffs were important predictors for

most species. Species occurrence patterns varied along elevation and precipita-

tion gradients, suggesting a potential hump-shaped diversity–productivity rela-

tionship. Annual turnover in occurrence was generally low, and occurrence

probabilities were stable among most species. We found modest evidence that

turnover covaried with the relative riskiness of bat roosting and migration. The

fringed myotis (Myotis thysanodes), canyon bat (Parastrellus hesperus) and pallid

bat (Antrozous pallidus) were rare; fringed myotis occurrence probabilities

declined over the study period. We simulated anticipated declines to demon-

strate that mapped occurrence probabilities, updated over time, provide an

intuitive way to assess bat conservation status for a broad audience.

Main conclusions Landscape keystone structures associated with roosting

habitat emerged as regionally important predictors of bat distributions. The

challenges of bat monitoring have constrained previous species distribution

modelling efforts to temporally static presence-only approaches. Our approach

extends to broader spatial and temporal scales than has been possible in the

past for bats, making a substantial increase in capacity for bat conservation.

Keywords

Bayesian hierarchical model, Chiroptera, keystone structures, life history, spa-

tio-temporal variation, species distribution modelling, species-energy theory,

trend, turnover.

DOI: 10.1111/ddi.12372ª 2015 The Authors. Diversity and Distributions published by John Wiley & Sons Ltd.
http://wileyonlinelibrary.com/journal/ddi 1This is an open access article under the terms of the Creative Commons Attribution-

NonCommercial-NoDerivs License, which permits use and distribution in any medium,
provided the original work is properly cited, the use is non-commercial and no
modifications or adaptations are made.

Diversity and Distributions, (Diversity Distrib.) (2015) 1–13
A

 J
ou

rn
al

 o
f 

Co
ns

er
va

ti
on

 B
io

ge
og

ra
ph

y
D

iv
er

si
ty

 a
nd

 D
is

tr
ib

ut
io

ns

http://www.registrelep-sararegistry.gc.ca/default.asp?lang=En&amp;n=24F7211B-1
http://www.registrelep-sararegistry.gc.ca/default.asp?lang=En&amp;n=24F7211B-1


INTRODUCTION

Bats face acute threats throughout the world and many spe-

cies face elevated extinction risk (Jones et al., 2003; Safi &

Kerth, 2004). In North America, disease and energy develop-

ment are impacting numerous bat species. Several million

bats are estimated to have died from white-nose syndrome

(WNS) since 2006 (COSEWIC, 2013; USFWS, 2013), trigger-

ing rapid changes in bat conservation priorities in the USA

and Canada. Species thought to be widespread and at low

risk to decline prior to the incursion of WNS now face non-

trivial extinction probabilities (Frick et al., 2010), are listed

as endangered in Canada and have been considered for pro-

tection under the US Endangered Species Act (COSEWIC,

2013; USFWS, 2013). The spread of WNS throughout eastern

North America and Canada is expected to continue across

much of the continent (Maher et al., 2012). Annual bat mor-

talities associated with wind turbines number in the thou-

sands (Arnett et al., 2008; Arnett & Baerwald, 2013). Hayes

(2013) estimated 600,000 turbine-related bat deaths occurred

in the United States in 2012 (but see Huso & Dalthorp,

2014). Cumulative impacts of WNS and habitat loss are

apparent for some species (Thogmartin et al., 2012). Acceler-

ated climate change is expected to exacerbate these impacts

(e.g. Adams, 2010).

These novel stressors are outpacing the slow life-history

traits of bats, characterized by low adult mortality, remark-

able longevity (e.g. > 30 years, Fenton & Barclay, 1980) and

low fecundity (Barclay & Harder, 2003). These traits are

associated with the evolutionarily successful strategies of

flight and hibernation, yet now make them vulnerable to

wind power turbines and WNS. Species formerly thought to

be widespread and at low risk to decline such as the hoary

bat (Lasiurus cinereus) and little brown myotis (Myotis lucifu-

gus) are particularly vulnerable (Arnett et al., 2008; Frick

et al., 2010), accelerating the need for improved ways to

assess the status of bat populations at appropriately broad

regional and range-wide scales (Jones et al., 2009; Meyer,

2015). The cryptic and wide-ranging nature of bats makes

them difficult to survey, and population abundance estima-

tion remains intractable for most species (Hayes et al.,

2009). However, summertime distributions of bats based on

occupancy metrics can be described from regional capture

and acoustic surveys that, when repeated over time, provide

trend information fundamental to conservation assessments

and for modelling spatio-temporal variation in bat distribu-

tions.

Bat species distribution modelling has primarily described

habitat associations with temporally static presence-only

datasets (Jaberg & Guisan, 2001; Milne et al., 2006; Bellamy

et al., 2013). While such models have identified associations

of bats with landscape features such as forest cover, they lack

the ability to investigate temporal dynamics (e.g. trend) and

other important sources of variation, including detectability

(Yackulic et al., 2013). Recent development of monitoring

programmes in North America, Europe and elsewhere that

repeatedly deploy acoustic detectors and mist netting to sur-

vey sites dispersed across large geographic regions (e.g.

Ormsbee et al., 2006; Barlow et al., 2015; Loeb et al., 2015)

creates opportunities to employ more sophisticated dynamic

perspectives on bat distributions using occupancy models

(Rodhouse et al., 2012). These programmes are being

designed with increased statistical sophistication to improve

the scope of inference (Rodhouse et al., 2011; Loeb et al.,

2015) and to account for challenges such as imperfect detec-

tion (Rodhouse et al., 2012; Clement et al., 2014). This

enhances our capacity to address conservation questions

about range shifts, latent population declines and their bio-

geographic covariates.

We used an 8-year monitoring dataset generated from

capture and acoustic surveys across Oregon and Washington,

USA, to develop temporally dynamic Bayesian hierarchical

distribution models for 14 species of bats. Our fundamental

objective was to establish species-specific baselines of pre-

dicted occurrence probabilities, accounting for imperfect

detection and annual turnover, against which future declines

can be evaluated and communicated with maps. We moti-

vated our modelling from two bodies of theory particularly

relevant to bats: species-energy theory and life-history theory.

From species-energy theory, the ‘more individuals hypothe-

sis’ holds that occurrence probabilities of a species will be

higher in areas where ‘energy’, in the form of resources (e.g.

primary production) important for individual survival and

reproduction, is more abundant (Wright, 1983; Evans et al.,

2005). Temperate-region Vespertilionidae are constrained by

tight energy budgets (McNab, 1980; Humphries et al., 2002;

Barclay & Harder, 2003), and summertime distribution and

abundance depend on the ability of individual bats to effi-

ciently procure large amounts of high-energy invertebrate

prey and to conserve that energy in thermally stable (e.g.

cliffs vs. foliage) roosts (Humphrey, 1975; Humphries et al.,

2002). We modelled occurrence patterns along gradients of

landscape features associated with ‘keystone structures’ (sensu

Tews et al., 2004) used for roosting (large diameter snags

and cliffs) and that represent habitat heterogeneity (land-

scape rugosity) and available environmental energy (elevation

and precipitation).

Motivating our choice of dynamic model, we hypothesized

that annual turnover in occurrence will generally be low

because of the invariably slow life-history strategies of the

studied species and because of fidelity to foraging and roost-

ing areas reported for several of the studied species (Lewis,

1995; Barclay & Brigham, 2001; Rodhouse & Hyde, 2014).

We also tested the hypothesis that turnover would covary

with the relative riskiness of the species’ roosting and winter-

ing strategies. We were particularly interested in the potential

for higher rates of turnover for tree-roosting and migratory

species compared to locally hibernating species and those

that use more secure roosts such as rock features. We used

the estimated dynamic model parameters to simulate a
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hypothetical decline for the little brown myotis using a con-

servative rate of potential decline relative to recent reports

(Frick et al., 2010). We simulated this decline while incorpo-

rating estimated baseline interannual variation (turnover)

and parameter uncertainty to demonstrate the utility of the

modelling framework for evaluating anticipated declines to

bats in the region.

METHODS

Bat survey data

We utilized mist-net and acoustic records for 14 (Table 1) of

the 16 species of bats found in Oregon and Washington,

USA, obtained during 2003–2010 from the ‘Bat Grid’ intera-

gency bat monitoring program (Ormsbee et al., 2006; Hayes

et al., 2009), following a standard protocol and described in

detail by Rodhouse et al. (2012) and in Appendix S1 in Sup-

porting Information. Detection histories were developed

from field survey data collected within 241 of the 4500 total

10 9 10 km sample units (Fig. 1). Data were collected

between 1 June and 15 September on nights where capture

and recording efforts lasted ≥2 h. Surveyed sample units

were typically visited 1–3 times per season (12 visits maxi-

mum). We excluded the Mexican free-tailed bat (Tadarida

brasiliensis) and Keen’s myotis (Myotis keenii) because of

their restricted ranges in the study region (Verts & Carraway,

1998; Hayes & Wiles, 2013).

Distribution models

We used the hierarchical occupancy modelling approach

developed by Royle & Dorazio (2008), previously applied to

a subset of the Bat Grid dataset (Rodhouse et al., 2012), to

develop dynamic distribution models for 14 studied species.

This approach uses a temporally autoregressive model

structure that is convenient for making probabilistic infer-

ences about species occurrence patterns over time. We

include spatially explicit environmental predictors, enabling

inferences about occurrence probabilities to be mapped

across the entire region. The hierarchical approach also

explicitly incorporates the detection process. We modelled

the probability of occurrence as logit(wt) = at + bt*z(i, t–
1) + b1*X1 + . . . bk*Xk, in which wt represents the occur-

rence probability in year t, at + bt*z(i, t–1) represents the

autoregressive parameterization for colonization and survival

probabilities of each sample unit i = 1 to n, and

b1*X1 + . . . bk*Xk, represent the additive effects of environ-

mental predictors 1 to k associated with each sample unit on

probability of occurrence. We modelled detectability as logit

(pijt) = a0 + a1*dateijt + a2*durationijt + a3*I(acousticijt),
where pijt represents the probability of detection in sample

unit i during survey j and year t, as a function of survey

date, duration and method (i.e. an indicator variable for sur-

veys when acoustic detectors were used). We expected that

detectability would increase with the progression of summer,

particularly as juveniles became volant, and would be higher

during long survey duration and when acoustic detectors

were employed.

We focused on w2010, the probability of occurrence in

2010, for mapping baseline distributions. This was the final

year represented in our analysis, and w2010 provided a

dynamic view on the contemporary status of each species,

conditioned on occurrence states of the previous 7 years. We

estimated turnover as the probability of a previously unoccu-

pied sampling unit becoming occupied (Royle & Dorazio,

2008). We estimated each of the seven annual step changes

in occupancy with the growth rate, kt = wt/wt–1 (MacKenzie

Table 1 List of study species, species names and codes used in figures and appendices, and predictions from hypotheses about relative

variation in turnover. Posterior mean of AUC (area under the curve of the receiver operating characteristic) model predictive

performance measure is reported for 11 species (see Appendix S3 for full posterior distributions). The column for cliffs and canyons

indicate published habitat association used to guide inclusion of this predictor in models for five species.

Species name Species code Common name

Turnover

prediction AUC Cliffs canyons

Myotis evotis MYEV Western long-eared myotis Low 0.76 Low

Myotis thysanodes MYTH Fringed myotis High 0.76 Moderate

Myotis lucifugus MYLU Little brown myotis Low 0.78 Low

Myotis volans MYVO Long-legged myotis High 0.69 Low

Myotis ciliolabrum MYCI Western small-footed myotis Low 0.67 High

Myotis californicus MYCA California myotis High 0.74 Low

Myotis yumanensis MYYU Yuma myotis Low 0.90 Low

Lasionycteris noctivagans LANO Silver-haired bat High 0.72 Low

Lasiurus cinereus LACI Hoary bat High 0.75 Low

Antrozous pallidus ANPA Pallid bat Low NA High

Eptesicus fuscus EPFU Big brown bat Low 0.65 Low

Parastrellus hesperus PAHE Canyon bat Low 0.95 High

Corynorhinus townsendii COTO Townsend’s big-eared bat Low NA Low

Euderma maculatum EUMA Spotted bat Low NA High
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et al., 2006) and overall trend as the total proportional (net)

change in the probability of occurrence over the study per-

iod, w2010/w2003 (k2010/2003). To evaluate the predictive per-

formance of models, we used leave-one-out cross-validation

and estimated the area under the curve (AUC) of the recei-

ver operating characteristic (Fielding & Bell, 1997; Ntzoufras,

2009). Additional details, including an exploration of spatial

autocorrelation, model fitting and evaluation of model pre-

dictive performance, are provided in Appendix S1.

Environmental predictors

We developed direct or proxy measures of roosting habitat

availability and habitat heterogeneity and available environ-

mental energy to include as prediction covariates using a

geographic information system (GIS; Appendix S2). Previous

studies have consistently found landscape-scale environmen-

tal attributes aggregated to coarse-scale units of analysis (e.g.

using a GIS) to be meaningful predictors of bat distributions

(Jaberg & Guisan, 2001; Milne et al., 2006; Sattler et al.,

2007; Rodhouse et al., 2012). We assembled datasets repre-

senting elevation, topographic rugosity (‘roughness’), precipi-

tation, forest and cliff land cover, and large diameter snag

abundance; the latter two being particularly important key-

stone structures used for roosting and pup-rearing by many

bats in the region (Verts & Carraway, 1998; Hayes, 2003).

We used roughness to represent habitat heterogeneity, and

elevation and precipitation as measures of productivity. In

our region, precipitation and forest cover are highly corre-

lated with net primary productivity (q = 0.7; Rodhouse

et al., 2012) although only moderately correlated with each

other (q = 0.5). Elevation is negatively correlated with pro-

ductivity (q = �0.5). We included the cliffs and canyons

predictor for five species, drawing on published habitat asso-

ciations (Table 1; Verts & Carraway, 1998). Because forest

cover and snag abundance datasets were correlated, we

included these covariates in separate models, fitting snag

models only for those species in which forest cover was first

estimated to be an influential covariate. Caves and mines are

also important keystone structures; in our study, only one

species (Townsend’s big-eared bat [Corynorhinus townsendii])

is an obligate of these features (Verts & Carraway, 1998). We

attempted to compile a GIS dataset but found that these fea-

tures have not been reliably mapped in our region.

We used land cover data from the Northwest Gap Analysis

Program (GAP) 30-m resolution land cover map to develop

per cent cover of forests and cliffs and canyons for each sam-

ple unit (GAP, 2008). For forest cover, we aggregated areas

mapped by GAP as ‘forest and woodland systems’ and sum-

marized each sample unit by per cent forest and woodland

cover. For cliffs and canyons cover, we aggregated areas

mapped in GAP, level 2 as ‘sparse and barren systems’ that

also were mapped as ‘cliff, canyon and talus’ and summa-

rized each sample unit by per cent cliffs and canyon cover.

We developed our snag abundance predictor from a 30-m

resolution forest structure dataset created for the study

region (LEMMA, 2014; Ohmann & Gregory, 2002). From

this dataset, we calculated mean density of snags ≥25 cm

diameter per hectare for each sample unit. We used a US

Geological Survey 10-m digital elevation model to calculate

sample unit mean elevation and standard deviation of eleva-

tion for topographic roughness. We calculated mean annual

precipitation for each sample unit from the grand mean of

800-m resolution annual precipitation totals over the 8-year

study period (PRISM, 2015; Daly et al., 2008).

Four arid-land species (canyon bat [Parastrellus hesperus],

pallid bat [Antrozous pallidus], spotted bat [Euderma macu-

latum] and small-footed myotis [Myotis ciliolabrum]) have

ranges restricted or primarily restricted to east of the Cas-

cade Range where such habitat predominates (Verts & Car-

raway, 1998). We created a mask from the GAP level 1

ecoregions to constrain our analyses to better match the

established ranges of these species (Fig. 1). We included a

portion of the southern Cascades ecoregion where these spe-

cies are known to occur (Verts & Carraway, 1998). We also

included the Klamath Mountains and Willamette Valley

ecoregions west of the Cascade Range for the pallid bat

(Verts & Carraway, 1998). The range of the canyon bat was

reduced in NE Washington where the species does not

occur, following county boundaries described by Hayes &

Wiles (2013).
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Oregon

Washington

Eastside mask

Canyon bat exclusion

Pallid bat addition

Surveyed grid cells
0 50 10025
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A. Blue Mountains; B. Cascade Range; C. Coast Range
D. Columbia Mtns./N. Rockies; E. Columbia Plateau

F. East Cascades Slopes Foothills; G. Klamath Mountains
H. North Cascades; I. Northern Basin and Range; J. Snake R. Plain

K. Str. of Georgia/Puget Lowland; L. Willamette Valley

Figure 1 Study area and 241 surveyed sample units, with

ecoregions and masks used for four range-restricted desert

species.
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Decline simulations

Because the little brown myotis has experienced a dramatic

increase in extinction risk in eastern North America as a

result of WNS (Frick et al., 2010; COSEWIC, 2013) and is

the only species in our study currently affected by the dis-

ease, we used our model of the little brown myotis to simu-

late a 10% annual rate of decline. This is a relatively

conservative scenario for the potential WNS effect on this

species (Frick et al., 2010). We simulated 100 10-year detec-

tion history matrices with sample size n = 241 and 4 within-

season revisits, using 100 draws from parameter posterior

distributions obtained from the initial fitted model. We

imposed a deterministic decline by multiplying the estimated

recolonization and survival rate parameters, at and bt, by 0.9

for each of the 10 simulated years. Figure 2 shows how

parameter uncertainty and the background ‘noise’ of annual

turnover rates contributed from at and bt were manifest in

simulations. We then fit the dynamic hierarchical occupancy

model to each of the 100 simulated detection history matri-

ces to estimate trend and map predictions for comparison

with the current baseline distribution map.

RESULTS

Rarity and commonness

Raw encounter patterns varied widely among species, reflect-

ing the relative rarity and commonness of species, success of

survey methods and model performances. The spotted bat,

Townsend’s big-eared bat and pallid bat were so infrequently

encountered that we did not generate predictive maps for

them. Predictive performances of models for the remaining

11 species, as measured by the posterior mean estimates of

AUC, ranged from 0.65 to 0.95, lowest for the big brown bat

(Eptesicus fuscus) and highest for the Yuma myotis (Myotis

yumanensis) and canyon bat (Table 1 and Appendix S3).

Among species, the probability of detection within a nightly

survey > 2 h in duration was invariably low (< 0.50), but

relatively precisely estimated (e.g. SD < 0.10; Fig. 3a).

Detectability was lowest for the pallid bat (Fig. 3a). The

mean estimated effect sizes for survey date on detectability

were near 0 for all species (Appendix S4). Similar patterns

were found in the estimates for the influence of survey dura-

tion as well (Appendix S4). Predictably (having been investi-

gated by Rodhouse et al., 2012), the influence of acoustic

survey method was clearly positive for all species except for

5, including the ‘whispering’ Townsend’s big-eared bat, for

which acoustic methods did not appreciably contribute to

detectability (Fig. 3b).

Our predictive distribution maps indicated that most of

the 11 mapped species were widespread (Appendix S5). Pre-

diction errors were generally inversely correlated with occur-

rence probabilities (Appendix S5). Intuitively, model

prediction uncertainty was highest where species occurrences
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were lowest and least predictable. Region-wide rarity is evi-

dent for two mapped species, canyon bat and fringed myotis,

in which detection probabilities and model performances

were acceptable (Fig. 3a and Table 1) but probability of

occurrence was low and patchily distributed (Fig. 4).

Biogeographic insights

Keystone roosting structures

Our models underscored the biogeographic importance of

landscape keystone structures to bats in the region and

revealed patterns of regional faunal assembly (Fig. 5 and

Appendix S5). Forest cover was a positive predictor of occur-

rence for 12 species and strongly influential in models for six

species (Fig. 5a). Of those, results for the silver-haired bat

(Lasionycteris noctivagans), long-legged myotis (Myotis

volans) and California myotis (Myotis californicus) also

showed very strong evidence for an association with snag

abundance (Table 2). Probabilities of occurrence for these

species increased > 7 times (exp2.0) for each SD increase in

snag abundance. All seven species that were modelled along

the snag abundance gradient showed at least a modestly pos-

itive association (Table 2), providing compelling evidence of

the importance of snags, and forest cover more generally, to

the biogeography of bats in the region. The abundance of

canyons and cliffs was positively associated with occurrence

probabilities for the cliff-obligate arid-land species, as

expected, but not for fringed myotis (Fig. 5b).

Habitat heterogeneity and environmental energy

The inclusion of elevation and precipitation in models were

also revealing. Occurrence probabilities of the long-eared

myotis, long-legged myotis and small-footed myotis were

positively influenced by elevation, whereas most other species

were negatively associated with elevation (Appendix S4). Pre-

cipitation was a modest negative influence for most species,

with notable positive exceptions for long-eared myotis, little

brown myotis and California myotis. Roughness was gener-

ally not influential in models, although occurrence of Town-

send’s big-eared bat was strongly positively influenced by

Washington Washington

Oregon Oregon

(a) Canyon bat predictions (pr. of occurrence) (b) Fringed myotis predictions (pr. of occurrence)

Predicted occurence probabilities

< 0.10
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1.00 0 50 10025
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Figure 4 (a) Canyon bat predicted distribution map. Sample units outside the current geographic range of this species (eastside mask

and canyon bat exclusion in Fig. 1) were removed from the dataset for this species. (b) Fringed myotis predicted distribution map.
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elevated roughness, possibly reflecting the species affinity

with caves and mines.

Trends and turnover

Our measure of net trend over the study period (Fig. 5c)

revealed flat or slightly positive trends among most species;

yearly step trends (kt; results not shown) provided similar

evidence, with most estimates ~1 or > 1 but with low preci-

sion. Exceptions included the high but imprecise positive

trend for the canyon bat and positive trends for the long-

eared myotis and hoary bat (Fig. 5c). The fringed myotis is

the only species that showed a decline in occurrence

(Fig. 5c). Turnover was also low among many species but

variable (Fig. 5d). The lowest and most precise estimates

were for the long-eared myotis, little brown myotis, small-

footed myotis, Yuma myotis and big brown bat. We did not

achieve adequate model performance to generate meaningful

estimates of turnover and trend for the spotted bat and

Townsend’s big-eared bat, excluded from Fig. 5(c,d).

Decline simulations

Simulation of a steady deterministic (e.g. from extrinsic

forces such as WNS) 10% annual rate of decline for the little

brown myotis over 10 years resulted in clearly evident

reduced occurrence probabilities against the backdrop of esti-

mated baseline annual turnover and parameter uncertainty

(Fig. 6). Ninety-two per cent of simulation iterations drawn

from parameter posterior distributions (Fig. 2) resulted in an

upper 95% credible interval for trend < 1.0.

DISCUSSION

We developed geographically extensive dynamic summertime

distribution models for 14 species of bats using a Bayesian

hierarchical approach that accounted for imperfect detection

and temporal non-stationarity (Royle & Dorazio, 2008). We

used these models to predict and map occurrence probabili-

ties and prediction uncertainties for 11 of these species along

environmental gradients representing keystone roost

structure and resource availability. The challenges of bat

monitoring have constrained previous modelling efforts to

temporally static presence-only modelling (e.g. Jaberg & Gui-

san, 2001), but in this study, drawing on an extensive moni-

toring dataset, we advanced the application of species

distribution and occupancy modelling frameworks to much

broader spatial and temporal scales than has been possible in

the past for bats. Our approach represents a substantial

increase in capacity for bat conservation efforts, particularly

as developing bat monitoring programmes provide much

needed data to fuel similar analyses across broader regions of

North America (Loeb et al., 2015) and on other continents

(Barlow et al., 2015). The ability to integrate and test

hypotheses motivated by an understanding of the taxon’s

unique energetic constraints is a particularly appealing aspect

of the approach, explicitly linking evolutionary and ecologi-

cal theory to bat conservation via distribution models (Gui-

san & Thuiller, 2005). Our model performances and

prediction uncertainties indicate the need for cautious infer-

ences about some species and point to opportunities for

future improvements. Nonetheless, important ecological

insights were revealed from models, even for the rarest and

most infrequently encountered species, and we present our

set of probabilistic range maps (Appendix S5) and accompa-

nying maps of prediction uncertainty as conservation baseli-

nes that can be updated over time as new data become

available (e.g. Fig. 6); the Bayesian inferential paradigm pro-

vides a conceptually straightforward way for doing so.

The species we investigated are widespread in western

North America and existing range maps are static and unin-

formative about the spatio-temporal variation within range

boundaries. Assessments of species rarity and commonness

for bats within our study area have historically been based

largely on local, small-sample studies and anecdote (Verts &

Carraway, 1998; Hayes & Wiles, 2013). The autoregressive

1st-order Markov structure of our models makes our maps

explicitly dynamic, with mapped probabilities of occurrence

in 2010 conditional on probabilities estimated in prior years.

Other results can be mapped as well, for example, for

earlier study years or dynamic parameters (e.g. sample unit

survival and extinction probabilities), although occurrence
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Figure 5 Estimated posterior means and 95% CIs for effect

sizes of (a) forest and (b) canyons and cliffs cover on

occurrence, (c) trend (k2010/2003) and (d) 2010 turnover

probability (see Appendix S4 for additional predictors).
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Table 2 Comparison of parameter estimates (mean and 95% credible intervals) for distribution models of seven forest-associated

species in Oregon and Washington that included either % forest cover or snag density covariates. Snag models with substantially lower

(e.g. << 2) deviance information criterion (DIC; Spiegelhalter et al., 2002) and with substantial increases in the magnitude of coefficient

estimates are suggestive of a strong relationship between patterns of bat species distribution and snag density across the study region.

Three species, silver-haired bat (LANO), California myotis (MYCA) and long-legged myotis (MYVO), show a particularly strong

relationship to snag density, consistent with findings from previous telemetry-based studies. Compelling evidence is also evident for

long-eared myotis (MYEV) and big brown bat (EPFU).

Forest cover model Snag density model

DIC Mean 2.5% 97.5% DIC Mean 2.5% 97.5%

Myotis evotis 2125 1.36 0.45 2.38 2143 2.55 1.17 4.24

Myotis thysanodes 1288 0.49 �0.09 1.20 1286 0.45 �0.06 1.06

Myotis lucifugus 2093 0.46 �0.16 1.20 2092 0.55 �0.42 1.80

Myotis volans 1562 1.74 0.99 2.69 1432 3.08 1.80 4.61

Myotis californicus 1940 0.90 0.28 1.60 1920 2.15 0.77 3.80

Lasionyceris noctivagans 2413 1.77 0.93 3.06 2338 2.30 0.99 4.00

Eptesicus fuscus 2042 2.08 1.13 3.40 2086 2.50 0.98 4.40

Washington Washington

Oregon Oregon

(a) Little brown myotis
predictions (pr. of occurrence)

(b) Little brown myotis
simulated 10-year decline (pr. of occurrence)

Little brown bat 10% per year simulated 10-year distribution decline

< 0.10

0.20

0.30

0.40

0.50

0.60

0.70

0.80

0.90

1.00 0 50 10025
kilometers

Figure 6 (a) Contemporary little brown myotis predicted distribution and (b) a contrasting scenario of simulated predicted

distribution probabilities after imposing a 10% year�1 decline over 10 years. This map is just one realization of the 100 posterior

predictions examined in this study (Fig. 2).
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probabilities of the most recent year available are the most

intuitive and relevant.

Our maps align with prior belief (e.g. Verts & Carraway,

1998; Hayes & Wiles, 2013) that the majority of species

appear to be widespread and common across the region.

However, after accounting for imperfect detection and bio-

geographic influences, estimated occurrence probabilities for

species such as the big brown bat and Yuma myotis,

presumed to be omnipresent, exhibited consistent patterns of

spatial variation along environmental gradients (e.g. avail-

ability of roosting habitat (Humphrey, 1975) and productiv-

ity (McCain, 2007; Rodhouse et al., 2012)).

The canyon bat and fringed myotis were the rarest among

the suite of mapped species. The canyon bat is strongly asso-

ciated with the desert canyons of eastern Oregon and south-

eastern Washington (Verts & Carraway, 1998; Hayes &

Wiles, 2013), and our model reflected this in the very steep

gradient of mapped occurrence probabilities, from near cer-

tain occurrence along the major cliff and canyon complexes

to near certain absence elsewhere (Fig. 4a). Our model for

the fringed myotis described the species as being associated

with low- to moderate-elevation dry forestlands, particularly

in Washington’s Mountains and Plateau regions and in Ore-

gon’s Blue and Klamath Mountains (Fig. 4b). A band of high

occurrence probabilities was also estimated for the Olympic

Mountains’ rain shadow region in Washington’s Puget Low-

land (Fig. 4b). This description is consistent with the fringed

myotis species accounts from Oregon (Verts & Carraway,

1998) and Washington (Hayes & Wiles, 2013), although our

model predicts higher occurrence probabilities in western

Washington than is indicated by county records summarized

by Hayes & Wiles (2013).

Three species, the spotted bat, Townsend’s big-eared bat

and pallid bat, were so infrequently encountered that detec-

tion history matrices were too sparse to develop reliable pre-

dictive models. The Townsend’s big-eared bat and spotted

bat are difficult to catch and record (Rodhouse et al., 2005;

WBWG, 2005), and it was not surprising that the omnibus

methods employed in our study were not effective. The

results for the pallid bat were surprising, however. This spe-

cies is readily captured and recorded, making the sparse pal-

lid bat encounter history conspicuous and concerning. The

species was not encountered west of the Cascade Range,

where it was historically found, during our study and in

other recent surveys (e.g. Weller, 2008).

The pattern of forested versus non-forested lands emerged

as a particularly distinct driver of bat community assembly

in the region. A large suite of otherwise widespread species

had lower occurrence probabilities in xeric south-eastern

Oregon and Columbia Plateau of south-eastern Washington

(Appendix S5). The majority of these species were more

likely to occur in forested landscapes (Fig. 5a). Of these, the

California myotis, silver-haired bat and long-legged myotis

were also strongly associated with abundances of large diam-

eter snags, as were long-eared myotis and big brown bat

(Table 2). This is consistent with telemetry studies of these

same species that have documented dependence on snags for

maternity colonies (Ormsbee & McComb, 1998; Barclay &

Brigham, 2001; Arnett & Hayes, 2009; Lacki et al., 2010).

Our study brings a unique regional perspective to this rela-

tionship, adding evidence to the importance of snags as key-

stone structures (Tews et al., 2004) and underscoring the

conservation implications of snag retention and other forest

management practices in the Pacific Northwest and elsewhere

(Hayes, 2003).

Our models provided evidence of the importance of cliffs

and canyon complexes to the four arid-land species in the

region, although, surprisingly, this pattern was weaker than

expected for the cliff-roosting pallid bat (Verts & Carraway,

1998). This may be a possible reflection of low detectability

and model uncertainty or perhaps of broader niche breadth

for this species (e.g. reports of snag roosting; Baker et al.,

2008). The aptly named canyon bat exhibited very tight asso-

ciation with the large canyon complexes in the region

(Fig. 4a) as did the western small-footed myotis and spotted

bat. These three species are well-established obligate cliff

roosters (Luce & Keinath, 2007; Hayes & Wiles, 2013; Rod-

house & Hyde, 2014). We included the cliff and canyon

covariate in the fringed myotis model because some studies

have indicated an association (Lacki & Baker, 2007; Hayes &

Wiles, 2013). Our results suggest no clear relationship with

these features. Rather, regional plasticity in the species’ sum-

mer roosting habits is likely a reflection of availability of

suitable features (Verts & Carraway, 1998; Weller & Zabel,

2001; Lacki & Baker, 2007; Hayes & Wiles, 2013).

Elevation and precipitation patterns were moderately nega-

tive influences on occurrence probabilities, with few excep-

tions (e.g. long-eared myotis). This is an intriguing pattern

and, when considered within the context of species-energy

theory, suggests that bat species richness in the region fol-

lows a hump-shaped pattern, peaking at moderately produc-

tive conditions in a mix of forest (and snags) and rock

habitat, especially east of the Cascade Range where historical

constraints (i.e. geographic ranges) are not limiting. The

hump-shaped pattern has been widely observed at regional

scales similar to our study across a range of taxa (Rosenzweig

& Abramsky, 1993) including for bats (McCain, 2007).

Although we leave a more thorough investigation of patterns

of richness for future work, the results of our study suggest

the potential to identify the regional bat community assem-

bly rules.

Because of ‘slow’ life-history traits and fidelity to roosting

and foraging areas, annual changes in regional population

size and hence in occurrence patterns are also likely slow in

the absence of acute extrinsic sources of mortality such as

WNS. Verifying this is of practical importance for conserva-

tion monitoring (Jones et al., 2009), particularly in advance

of the anticipated arrival of WNS (Maher et al., 2012). As

expected, our models provided estimates of low annual turn-

over in occurrence and flat trends in most of the 11 species

examined. Encouragingly, several species showed modest

increases in occurrence probabilities from 2003 to 2010, most
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notably the long-eared myotis. The canyon bat and hoary

bat showed notable increases but low precision made the

magnitude of increase unclear. Only fringed myotis showed

evidence of decline. Because this species was relatively

uncommon throughout the region (Fig. 4b), we call atten-

tion to it, along with the pallid bat, as being potentially the

most at risk based on our results.

We hypothesized that turnover rates among the studied

species would covary with the relative ‘riskiness’ of species’

roosting and migratory behaviours. We found modest evi-

dence for such covariation. The lowest and most precise esti-

mates of turnover were for species that ostensibly use more

secure roosts and are less migratory: the long-eared myotis,

little brown myotis, small-footed myotis, Yuma myotis and

big brown bat. Species exhibiting higher turnover included

the tree-roosting long-legged myotis and the rarest species.

The migratory species hoary bat and silver-haired bat were

estimated with moderate rates of turnover of indeterminate

biological significance due to lower precision. Sample size

limitations and imprecision require our results to be inter-

preted cautiously (McKann et al., 2013), but our results sug-

gest this topic warrants further study.

Against annual background fluctuation represented in our

turnover estimate, our 10-year simulation for the little brown

myotis showed evident decline in occurrence probability

(Fig. 6) and 92% of iterations from parameter posteriors

provided upper 95% credible intervals for trend < 1.0 (i.e. as

declining). While not a statistical power analysis per se, our

result, when placed within the context of bat life-history

strategies and site fidelity, establishes a framework for doing

so. Furthermore, this result suggests that further suggests that

meaningful declines can be revealed from regional bat moni-

toring programmes, as recently found by Barlow et al.

(2015). This is particularly likely if sufficient investments are

made to increase the sample size and geographic extent of

surveys. Monitoring programmes that can accommodate data

contributions from a broad community of citizen scientists

and partnering organizations is one strategy recommended

to achieve this because resources can be leveraged and costs

distributed broadly among partners (Ormsbee et al., 2006;

Barlow et al., 2015; Loeb et al., 2015; Meyer, 2015).

Our study demonstrates an integrated way to simultane-

ously address the concerns of monitoring and conservation

as well as more fundamental questions about regional bio-

geography and community assembly. Although it does not

resolve the ultimate need to acquire more quantitative esti-

mates of abundance, the positive correlations between abun-

dances and occurrences across many taxa (Holt et al., 2002)

add to the utility of monitoring to generate probabilistic dis-

tribution maps for bats, particularly for the ‘overdispersed’

species that do not congregate in large conspicuous colonies.

Even though WNS and wind turbine collisions exert mortal-

ity outside of summer, summertime populations are most

accessible in our study region and therefore monitoring them

emerges as an effective way to assess net changes in popula-

tions resulting from these stressors. This is due in part to the

developing technology of ultrasound acoustic detection and

recording, which will enable broader participation in moni-

toring (e.g. Barlow et al., 2015; Meyer, 2015) and rapid accu-

mulation of large datasets.
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