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Bats are vital to healthy ecosystems, providing billions of dollars of services in the 

form of forest and crop pest control. Unfortunately, North American bat populations 

have faced novel pressures during the past decade that may threaten their persistence. 

First, several species of tree-roosting bats (primarily hoary [Lasiurus cinereus], 

eastern red [L. borealis], and silver-haired [Lasionycteris noctivagans] bats) are 

experiencing large numbers of fatalities at industrial wind-energy facilities. Second, 

several species of cave-dependent bats have experienced large-scale mortality as the 

result of infection by a fungal pathogen that causes white-nose syndrome (WNS). As 

bats are generally long-lived and have low reproductive rates, such increases in 

mortality can cause significant population declines from which they may be unable to 

recover. Basic questions about population trends, size and structure remain largely 

unanswered for these species because of challenges in applying traditional wildlife 

monitoring approaches to bats. This lack of understanding impedes conservation and 

management efforts. In my dissertation, I use genomic and acoustic survey techniques 

to investigate questions related to the threats that wind-energy development and WNS 

are posing to bat species in North America. In my first chapter, I evaluate range-wide 



 

 

 

population structure and effective population size (Ne) for hoary, eastern red, and 

silver-haired bats. Using genotyping-by-sequencing (GBS), I genotyped single-

nucleotide polymorphism (SNP) data from 173 hoary, 113 eastern red, and 89 silver-

haired bats from multiple locations spread across their geographic distributions. 

Hoary bats and eastern red bats showed no geographic structure in genetic diversity, 

whereas silver-haired bats displayed longitudinal population variation. Coalescent 

modeling suggested that eastern red bats have the largest evolutionary Ne, followed 

by hoary bats, then silver-haired bats. In my second chapter, I used GBS to assess the 

population structure of two federally endangered cave bat species: Indiana bats 

(Myotis sodalis) and gray bats (M. grisescens). Using tissue samples from 45 Indiana 

bats and 47 gray bats spread across their ranges, I showed that Indiana bats display no 

geographic genetic structure, whereas gray bats exhibit east–west population variation 

across the Mississippi River Valley. In my final chapter, I used acoustic surveys 

across the State of Maryland to investigate bat community changes in the decade 

following the arrival of WNS. From 2010 through 2019, I conducted annual mobile 

acoustic routes each summer, for a total of 344 completed routes resulting in 426 

hours of recordings and 24,375 identified bat passes. I detected massive (> 92%) 

declines of little brown bats (M. lucifugus), northern long-eared bats (M. 

septentrionalis), eastern small-footed bats (M. leibii), and tricolored bats (Perimyotis 

subflavus), with no evidence of recovery in recent years. Trends in hoary bats and 

eastern red bats were non-significant during this period. Bat community composition 

varied among Maryland’s physiographic regions, with eastern red bats comprising a 

larger percentage in the east. Species composition across the state likely reflects the 



 

 

 

impact of several factors, including mortality from WNS and wind-energy 

development, and perhaps reduced interspecific competition. Overall, my results 

illustrate the unique insights, but also distinct limitations, that genomic and acoustic 

data can provide regarding the conservation of bats in North America.   
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Chapter 1: Introduction 

Background 

In western culture, bats often have a negative connotation as organisms to be 

feared, which has frequently led to persecution by humans (Sieradzki and Mikkola 

2022). Such fears are largely unfounded, as bats provide numerous services to 

humans and ecosystems including insect predation, pollination, and seed dispersal 

(Fenton 2001; Kunz et al. 2011). In North America, nearly all bat species are 

insectivorous. These bats consume a wide range of forest and crop pests, a service 

estimated at billions of dollars to North American agriculture (Boyles et al. 2011), 

and help protect forest seedlings from insect herbivory (Beilke and O’Keefe, 2022). 

As insects are not available year-round in colder parts of the continent, bats 

living in temperate regions of North America have developed two main strategies to 

survive winter: hibernate or migrate to warmer regions. Species that use the former 

strategy are referred to as cave bats. These species make use of stable winter 

temperatures in caves or mines, gathering at hibernacula each winter that may be 100s 

of kilometers from their summering habitat. Mating usually occurs in fall; in spring, 

they disperse across the landscape where they may use a variety of roosts (e.g., trees, 

human structures, rock outcroppings) depending on specific species’ preferences. 

Many species form maternity colonies where females give birth and raise their young 

(Fenton 2001). Cave bats are often censused through winter hibernacula counts, a 

valuable tool to monitor population changes in the species. Indiana bats (Myotis 
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sodalis) for example, a federally endangered cave bat species, have been surveyed 

biannually at known hibernacula since the early 1980s (USFWS 2018). 

Species that do not usually hibernate in caves are termed tree bats, so called 

because they typically roost in trees year-round. Often roosting alone in tree canopies, 

these species do not form summer colonies or gather in groups at winter hibernacula 

(i.e., cave) sites. Instead, they use annual long-distance migration, flying to warmer 

regions in the fall and cooler regions in the spring (Fenton 2001). Thus, they cannot 

be censused in the same way as cave bats are censused via winter hibernacula counts. 

Traditional methods such as mark-recapture are also poorly suited for tree bats, as 

these species are cryptic, highly mobile, and difficult to capture (O’Shea and Bogan 

2003). Consequently, basic population demographics, such population size, growth 

rate, and structure, remain largely unknown. 

Both cave and tree bat species are at risk from a changing climate and habitat 

loss (Jones et al. 2009; Rebelo et al. 2010). Each group has faced additional recent, 

but distinct, threats to their persistence during the past several decades. Many cave-

dependent bats have been experiencing mass mortality caused by the fungal disease 

white-nose syndrome (WNS) (Frick et al. 2015), and hundreds of thousands of long-

distance migratory tree bats are being killed at utility-scale wind-energy farms 

annually (Arnett and Baerwald 2013). As bats are generally long-lived and have low 

reproductive rates, this increased adult mortality can cause significant population 

declines from which they may be unable to recover (Barclay and Harder 2003; 

Podlutsky et al. 2005; Frick et al. 2017). 
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White-nose syndrome, caused by the pathogen Pseudogymnoascus 

destructans, first appeared in North America in 2006 (Blehert et al. 2009). A cold-

loving fungus, it grows on the epidermis of cave-dwelling bats during hibernation, 

causing lesions (Meteyer et al. 2009), disrupting hibernation patterns, and ultimately 

leading to death (Warnecke et al. 2013; Frick et al. 2015; Bohn et al. 2016). Massive 

declines (> 90%) have been documented for multiple cave bat species across eastern 

North America, especially little brown bats (Myotis lucifugus), northern long-eared 

bats (M. septentrionalis), and tricolored bats (Perimyotis subflavus) (R. T. Brooks 

2011; Dzal et al. 2011; Francl et al. 2012; Powers et al. 2015; Pettit and O’Keefe 

2017; O’Keefe et al. 2019). Some cave bat species, such as big brown bats (Eptesicus 

fuscus) and gray bats (Myotis grisescens) are not experiencing the same declines, 

even though the fungus has been detected on them (Frank et al. 2014; Cheng et al. 

2021; Jackson et al. 2022). 

While the fungus that causes WNS has been detected on tree bats, so far they 

have displayed no symptoms of the disease (Bernard et al. 2015; Campbell et al. 

2022). Tree bats, however, and three species in particular, are most at risk of 

mortality from rotating turbine blades at wind-energy facilities. Hoary (Lasiurus 

cinerieus), eastern red (L. borealis), and silver-haired bats (Lasionycteris 

noctivagans) are killed in large numbers during fall migration each year (Arnett et al. 

2008; Arnett and Baerwald 2013). One approach that has proven most effective in 

mitigating these fatalities involves raising the wind speed at which turbines begin 

operating (Baerwald et al. 2009; Arnett et al. 2011; Arnett and May 2016). However, 
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such mitigation is largely voluntary, and it remains unknown whether wind-energy 

mortality is causing population level impacts (O’Shea et al. 2016; Frick et al. 2020).   

These threats disproportionally affect different species, and thus declines or 

extirpation of some species may allow others with similar prey or habitat 

requirements to increase in abundance once being released from the pressure of 

interspecific competition (Morningstar et al. 2019). Given the importance of bats to a 

functioning ecosystem, it is important to understand how species composition and 

abundances are changing in the face of these multiple impacts.  

While many traditional wildlife techniques are challenging to apply to bats, 

two promising tools for bat research are genetic studies and acoustic surveys (Hale et 

al. 2022). Population genetics can offer insights into a species genetic diversity, 

population structure, and effective population size, which are metrics useful for 

management and conservation.  Understanding gene flow and identifying genetically 

distinct subpopulations is essential to preserving a species’ adaptive genetic variance, 

and can guide delineation of management units (Crandall et al. 2000; Fraser and 

Bernatchez 2001). A shortcoming of population genetics is that it can be difficult to 

assess short-term changes in population demographics that may be relevant to 

conservation. These short-term changes may be better assessed with other methods, 

such as acoustic monitoring. Acoustic monitoring (i.e., recording bats’ echolocation 

calls) is a repeatable survey method that does not require bat handling, can cover a 

broad geographic area, surveys for multiple species simultaneously, and is relatively 

low expense (Whitby et al. 2014; Fisher-Phelps et al. 2017; Neece et al. 2019; Hale et 

al. 2022). In my dissertation, I applied these tools to investigate questions related to 
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the threats that wind-energy development and WNS are posing to tree-roosting and 

cave bats, respectively, in North America.  

Research Overview 

In chapter 2, I evaluate range-wide population structure and effective 

population size (Ne) for hoary, eastern red, and silver-haired bats. Using genotyping-

by-sequencing (GBS), I genotyped single-nucleotide polymorphisms (SNPs) from 

173 hoary, 113 eastern red, and 89 silver-haired bats from multiple locations spread 

across their geographic distributions. I assessed population structure with 

ADMIXTURE, principal component analyses, and gradient forest modeling. I 

calculated evolutionary Ne using coalescent modeling, and contemporary Ne using the 

linkage-disequilibrium method. Hoary bats and eastern red bats showed no 

geographic structure in genetic diversity, while silver-haired bats displayed 

longitudinal population variation. Coalescent modeling of Ne suggested that eastern 

red bats have the largest evolutionary Ne, followed by hoary bats, then silver-haired 

bats. 

In chapter 3, I use GBS to assess the population structure and Ne of two 

federally-endangered cave bat species: Indiana bats (Myotis sodalis) and gray bats 

(M. grisescens). Both species are reliant on a limited number of winter hibernacula 

sites, placing them at risk of human disturbance and habitat loss. As these species are 

relatively well-censused through winter hibernacula counts, I sought to calculate an 

Ne/Nc ratio, using linkage-disequilibrium (LD Ne) to calculate a contemporary 

measurement of Ne and relating it to the census counts. Doing so would be valuable 

for estimating census population sizes in at-risk, but hard-to-monitor, related species 
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like the hoary bat. Using tissue samples from 45 Indiana bats and 47 gray bats spread 

across their ranges, I show that Indiana bats display no genetic structure, while gray 

bats exhibit east-west population variation across the Mississippi River Valley. LD Ne 

estimates had confidence intervals including infinity for both species, thus I was 

unable to calculate Ne/Nc ratios. 

In Chapter 4, I use acoustic surveys across the State of Maryland to 

investigate bat community changes in the decade after arrival of WNS. From 2010, 

immediately after the first detection of WNS in the state on 5 March 2010, through 

2019, I conducted annual mobile acoustic routes each summer, for a total of 344 

completed routes resulting in 426 hours of recordings and 24,375 identified bat 

passes. I detected precipitous (> 92%) declines of little brown bats, northern long-

eared bats, eastern small-footed bats, and tricolored bats. Population trends in hoary 

bats and eastern red bats were non-significant during this period.   
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Chapter 2: Range-wide population genetic structure and 

effective sizes of three long-distance migratory tree bat species 

impacted by wind-energy development in North America 

Abstract 

Long-distance migratory bat species are killed in large numbers across utility-

scale wind-energy facilities each year, but basic population demographic information 

(e.g., size and structure) necessary for understanding potential population-level 

impacts are unknown. Particularly impacted are hoary (Lasiurus cinereus), eastern 

red (L. borealis), and silver-haired bats (Lasionycteris noctivagans). Previous genetic 

studies with these species used samples from a fraction of each species’ range, 

sometimes just a single location. Here I evaluate range-wide population structure and 

effective population size for these species, using genotyping-by-sequencing (GBS). 

Specifically, I genotyped single-nucleotide polymorphism (SNP) data from 173 

hoary, 113 eastern red, and 89 silver-haired bats from multiple locations spread across 

the species’ ranges. All samples were from bats caught or collected during their 

summering period, defined by published studies that used fur stable hydrogen isotope 

data to determine migration periods. Population structure for each species was 

assessed using ADMIXTURE, DAPC, PCA, and Gradient Forest analyses. Hoary 

bats and eastern red bats showed no geographic structure in genetic diversity, 

suggesting panmictic population structure for these species. In contrast, the Principal 

Component Analysis of GBS data for silver-haired bats revealed longitudinal 

population variation along PC1, which accounted for 2.06% of all variation. 

Geographically, this results in an apparent east–west separation near the Rocky 

Mountains, though with some spatial overlap. In terms of effective sizes, coalescent 
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modeling suggest that eastern red bats have the largest Ne (126,142–131,153) 

followed by hoary bats (101,355–106,128), then silver-haired bats (49,551–64,801). 

The best-fit model for all three species included long-term increasing populations on 

an evolutionary timescale. Regions with high mortality may function as population 

sinks for the panmictic eastern red and hoary bats, negatively impacting the species 

range-wide, thus managers should consider the entire population when considering 

conservation measures. Silver-haired bats, with alleles varying in abundance across 

the landscape, may be more vulnerable to local population declines and loss of rare 

alleles, and may be best managed by considering both eastern and western 

populations.  

Introduction 

 Bats provide a range of vital ecosystem services including insect predation, 

pollination, and seed dispersal (Fenton 2001; Kunz et al. 2011; Beilke and O’Keefe 

2022). However, many bat species, and the services they provide, are under threat 

from factors such as habitat loss, climate change, pesticide use, and mortality at 

utility-scale wind-energy facilities. In the United States alone, it is estimated that 

wind-energy facilities kill hundreds of thousands of bats annually, the majority of 

which are three tree-roosting, insectivorous, and migratory species: hoary (Lasiurus 

cinereus), eastern red (Lasiurus borealis), and silver-haired (Lasionycteris 

noctivagans) bats (Arnett et al. 2008; Arnett and Baerwald 2013). These species also 

make up the majority of bats killed at wind-energy facilities in Canada (Zimmerling 

and Francis 2016). Since these estimates were published, wind-energy capacity in 

North America has more than doubled (“CanWEA” 2022; ACP 2022). As bats are 
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generally long-lived and have low reproductive rates, increased adult mortality can 

cause significant population declines from which they may be unable to recover 

(Barclay and Harder 2003; Podlutsky et al. 2005). Mitigation approaches such as 

raising the cut-in speeds of turbines have proven effective at reducing bat mortality 

rates at wind-energy fatalities (Baerwald et al. 2009; Arnett et al. 2011; Arnett and 

May 2016; Weaver et al. 2020). However, in the absence of mandated widespread 

application of effective mitigation, there remains the need to assess whether wind 

energy impacts have population-level implications (O’Shea et al. 2016; Frick et al. 

2020).  

 Unfortunately, estimating census population size (Nc) of those species most 

affected by wind turbine mortality is not possible using traditional methods, such as 

mark-recapture, as they are nocturnal, cryptic, highly mobile, and do not gather in 

groups that can be censused (O’Shea and Bogan 2003). Thus, basic population 

demographics, such as population size, growth rate, and structure, remain largely 

unknown. Given the lack of empirical estimates, expert elicitation and data from 

related taxa have been used to model the potential effect of long-term mortality at 

wind-energy facilities on continent-wide population viability of hoary bats (Frick et 

al. 2017). After extrapolating fatality rates of hoary bats to North American wind-

energy capacity in 2014, population projection models suggested a 90% decline by 50 

years and a 22% risk of extinction by 100 years. Subsequent expansion to account for 

projected buildout of wind-energy facilities through 2050 suggest that significant 

population declines may have already occurred if the initial population size of hoary 

bats was below 3 million individuals (Friedenberg and Frick 2021). No such analyses 



 

10 

 

have been performed for eastern red or silver-haired bats, to my knowledge. These 

expert elicitation methods are limited by the gaps in fundamental knowledge of the 

species. 

Population genetics can offer insights into a species’ genetic diversity, 

population structure, and effective population, which are metrics useful for 

management and conservation. Evolutionary events in a species’ history, such as 

bottlenecks or population growth, range expansion or contraction, and migration or 

isolation, all influence the abundance and distribution of alleles on the landscape 

(Ellegren and Galtier 2016). If genetically unique subpopulations experience 

unusually high local mortality, rare alleles may be lost from the species (Pannell and 

Charlesworth 2000). A summary of genetic diversity in a population, Ne, represents 

the number of individuals in a theoretical ideal population that would experience the 

same amount of genetic drift observed in the actual population (Wright 1931). At low 

values of Ne, genetic drift can threaten a population’s viability through loss of alleles, 

reduced fitness, and inbreeding, thus limiting the species’ potential to respond to 

selection and environmental change (Frankham 2005).  

Various methods are used to estimate Ne. Some methods, such as coalescent 

modeling, reflect the combined effects of population demographics in past and 

present generations, providing a long-term evolutionary Ne. Other methods, such as 

linkage-disequilibrium (LD Ne), measure contemporary Ne and can detect recent 

population declines, although estimating contemporary trends is particularly 

challenging (Tallmon et al. 2012). LD Ne is most accurate for very small populations 

with a census size under 100 (Waples et al. 2016), and confidence intervals of LD Ne 
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are often large for species with large census population sizes, even encompassing 

infinity at the upper bound (Do et al. 2014). A confidence interval bounded by 

infinity does not imply a very large population; rather it is an artifact of the method 

failing to constrain the estimate with precision.  

Several microsatellite studies have been previously conducted on tree-roosting 

bats. Using six microsatellites and mitochondrial DNA, hoary and eastern red bats 

collected in Texas and Minnesota showed no evidence of population structure, and 

had LD Ne values with upper confidence bound limits reaching infinity (Korstian et 

al. 2015). Another study used 14 microsatellites of eastern red and hoary bats found at 

wind-energy facilities in Maryland, West Virginia, and Pennsylvania, and found no 

evidence of population structure (Pylant et al. 2016). Using coalescent modeling, they 

reported an Ne of ~335,000 for eastern red bats (95% CI 0.06–2.61 million), but a 

much smaller Ne for hoary bats (~1,600, 95% CI 662–4697). 

Recent advances now allow the analysis of thousands of genetic loci per 

individual in the form of single-nucleotide polymorphisms (SNPs), even for non-

model organisms, with little or no prior existing genomic data (Gayral et al. 2013). 

This development provides more accurate and precise inferences of population 

structure and Ne than those based on microsatellites (Liu et al. 2005). Using RADseq, 

a reduced-representation sequencing method to analyze SNPs, samples collected at a 

wind-energy facility in Ohio showed no population structure in silver-haired, hoary, 

or eastern red bats, with coalescent models estimating current Ne of 189,288 (CI 

155,354–321,689), 830,623 (CI 730,470–884,046), and 1,600,183 (CI 1,241,280–

1,692,354), respectively (Sovic et al. 2016). Hoary bats from a wind-energy facility in 
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Indiana were also analyzed with RADseq, demonstrating no population structure once 

low-data samples were removed, with LD Ne estimates including confidence intervals 

bounded by infinity (Cornman et al. 2021). Finally, a recent study sequenced whole 

mitochondrial genomes from three silver-haired bats (one each from California, 

Idaho, and West Virginia), and found that the individuals from California and Idaho 

clustered separate from the individual from West Virginia (Monopoli et al. 2020). 

Unfortunately, previous studies cannot be readily integrated and compared, as 

they used different genetic and genomic methods, with varying microsatellites or 

different primers and genomic analyses. Additionally, previous studies used samples 

sourced from a small portion of the species’ ranges, sometimes only a single location. 

As a result, we lack a clear understanding of range-wide structure and confidence 

estimates for Ne for tree-roosting bats. This information is urgently needed to inform 

conservation and management of these species. 

Using genotyping-by-sequencing to analyze 375 samples from multiple 

locations spread across the species’ ranges, I addressed the following questions: What 

is the genetic population structure of hoary bats, eastern red bats, and silver-haired 

bats across North America? What are the effective sizes of genetically distinct 

populations, or the population as a whole if no structure exists? Secondarily, if 

population structure is found, what landscape variables explain the structure?   
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Methods 

Tissue Collection 

I obtained tissue or extracted DNA from hoary, eastern red, and silver-haired 

bats that were sampled across their ranges by state and federal natural resources 

agencies, private companies, museums, and universities. Most (76.5%, Table 1) 

sequenced samples were from bat carcasses collected at wind-energy facilities; the 

remainder were live captures (21%) or were acquired through rabies labs or museums 

(4%). Samples consisted of wing, tail, ear, or liver tissue, or were DNA that had 

already been extracted. Tissue samples were preserved in either ethanol or silica 

pellet desiccant upon collection and stored at −80 °C. All samples used in the 

following analyses were from bats caught or collected during their summering period, 

as defined primarily by stable hydrogen isotope data: 20 June to 23 August for hoary 

bats (Cryan et al. 2014), 14 June to 7 August for eastern red bats (Pylant et al. 2014), 

and 20 June to 26 August for silver-haired bats (Fraser et al. 2017).   

DNA Extraction and Sequencing 

I extracted DNA from tissue samples using DNeasy Blood & Tissue Kits (Cat 

no. 69504 or 69506; QIAGEN GmbH, Germany). I followed all kit protocol, with the 

addition of a 6-minute centrifugation at 17,000 x g following tissue digestion to pellet 

out pigments and fur. Extracted DNA was quantified using an Invitrogen Qubit 1.0 

Fluorometer. Samples with a quantification at or above 100 ng/μL were diluted with 

nuclease-free water before further processing. Samples between 3 and 7 ng/μL were 
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concentrated using a vacufuge. Samples with a concentration below 3 ng/μL were 

excluded from further analyses.   

DNA libraries were prepared using a genotyping-by-sequencing (GBS) 

approach (Elshire et al. 2011), following the modifications applied by Gugger et al. 

(2021). Starting with 100 ng of DNA per sample, bat DNA was first digested with the 

restriction enzyme PstI. Sequencing adapters containing unique barcodes for each 

sample were then ligated to the resulting fragments. These barcoded samples were 

pooled in batches of 48 and amplified with PCR; each batch of 48 was considered one 

“library.” Samples were sequenced single-end, 50-bp on an Illumina HiSeq4000 v3 at 

the Coates Genomics Sequencing Laboratory at the University of California 

Berkeley. Before sequencing, each library was checked with Bioanalyzer for quality 

and fragment size. I sequenced 13 libraries, including five for hoary bats, three for 

eastern red bats, four for silver-haired bats, and one consisting of multiple species. 

Three or four technical replicates were included in each library to assist in Stacks 

parameter optimization (see below). Individuals sampled at different locations were 

spread across libraries (i.e., samples originating from any given location were 

sequenced on multiple libraries) to prevent potential biases from individual 

sequencing runs.  

SNP Discovery and Filtering 

Illumina reads were processed using the Stacks 2.41 bioinformatics pipeline 

(Catchen et al. 2011, 2013) and analyzed for single-nucleotide polymorphisms 

(SNPs). Stacks can identify SNPs de novo, even when a reference genome is 

unavailable. The process_radtags function was used to demultiplex and quality-filter 



 

15 

 

the Illumina data, after which individual samples with low read counts (< 30% of the 

median number of reads) were removed from analyses. To identify the optimal 

parameters for Stacks, I used Principal Component Analyses (PCA) of the samples 

repeated across libraries, following methods outlined by Gugger et al. (2018). For 

each species, I tested seven combinations of parameters (minimum stack depth, 

distance allowed between stacks, and bound-high values), and the combination that 

resulted in the best clustering of technical replicates was used for further analyses 

(Figure 1); this protocol was repeated for each species. Differences between 

parameter settings were small, suggesting the results are likely robust to changes in 

parameters.  

Using the optimal parameters selected, the Stacks pipeline identified loci, and 

then the Stacks populations function were used to apply filters and output the data for 

use in other programs. First, a SNP had to have < 20% missing data. For population 

structure analyses, I also removed SNPs with a minor allele frequency less than 0.05, 

and I used the write-single-SNP option to keep only one SNP per stack/fragment, thus 

reducing the number of physically linked SNPs and the effects of linkage 

disequilibrium. For estimation of effective population size, I produced a site 

frequency spectrum (SFS) using easySFS (Overcast [2016] 2021). When filtering 

SNPs for the SFS, the write-single-SNP option was included, but SNPs were not 

filtered for minor allele frequency. 

Genomic Analyses  

Population structure for each species was assessed using multiple methods, 

including ADMIXTURE (Alexander et al. 2009), discriminant analysis of principal 
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components, PCA, and gradient forest modeling. ADMIXTURE uses the same 

likelihood model-based estimation of ancestry as the program STRUCTURE 

(Pritchard et al. 2000) used by Pylant et al. (2016), but ADMIXTURE integrates a 

faster algorithm that is better able to handle the large SNP datasets produced by GBS. 

By modeling the probability of the observed genotypes using population allele 

frequencies, ADMIXTURE estimates K, the number of genetic clusters 

(“populations”), without a priori knowledge of geographic sampling. Multiple values 

of K are tested, with the most likely value of K selected to minimize cross-validation 

error. ADMIXTURE assigns individuals, either wholly or partially, to each cluster, 

and therefore, it assumes discrete populations exist or have existed, followed by 

possible admixture among those populations.  

Discriminant analysis of principal components (DAPC) optimizes variance 

between groups, seeking to describe the differences between them. As such, this 

method also assumes discrete populations, or clusters. In addition, DAPC requires 

that these prior groups be defined. The adegenet package (Jombart 2008) in R allows 

for first identifying groups with the find.clusters function using the k-means method. 

These clusters are then used in the DAPC, which outputs membership probabilities 

for each sample. 

A limitation of the above methods is the assumption of discrete populations, 

which is unlikely to be true of highly mobile species of bat. Therefore, population 

structure was also assessed using PCA to identify potentially continuous gradients in 

allele frequency shifts across each species’ range. Although PCA can identify 

gradients of population structure, it does not account for additional geographic or 
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environmental variables which may be influencing the pattern of alleles on the 

landscape. An additional benefit of gradient forest over a PCA is the ability of 

gradient forest to detect nonlinear responses in allele frequency to environmental 

variables. To test whether landscape variables correlate with population structure, I 

applied gradient forest analysis in R version 4.04 (gradientForest package [(Ellis et 

al. 2012)]). In the gradient forest models I included latitude, longitude, and 4 

bioclimatic variables from WoldClim version 2.1 (Fick and Hijmans 2017): elevation, 

max temperature of the warmest month, minimum temperature of the coldest month, 

and seasonal precipitation. WorldClim climate data are an average for the years 1970-

2000. I used a spatial resolution of 2.5 minutes, approximately 4.5 km at the equator.  

I used fastsimcoal2 (Excoffier and Foll 2011) to estimate coalescent effective 

population size (Ne) and NeEstimator V2 (Do et al. 2014) to calculate LD Ne. The 

package fastsimcoal2 uses coalescent modeling to estimate parameters that would 

produce the given SFS under a modeled evolutionary scenario. For each species, I fit 

two models. The first model assumed a constant population size and contained only a 

single variable, the estimated Ne. The second model contained additional variables: a 

changing population size, the rate of change, the number of generations previous to 

when the population size began to change, and the ancestral Ne. The two models were 

compared with Akaike information criterion (AIC). For all species, the model that 

included changing population size had a lower AIC, indicating a better fit, and I 

selected that model for subsequent analyses.  

I used bootstrapping to calculate the confidence interval for Ne, following the 

methods outlined in Excoffier and Foll (2011). First, I performed 100 independent 
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runs of fastsimcoal2 (30 cycles and 50,000 simulations per run) and selected the run 

with the highest likelihood. The parameter values from the best run were used to 

simulate 50 datasets, and each simulated SFS was run through fastsimcoal2. The 

minimum and maximum values from the 50 runs were retained as the bounds of the 

confidence intervals.  

I estimated contemporary Ne with the linkage disequilibrium method (LD Ne) 

using the program NeEstimator V2 (Do et al. 2014). The LD method is among the 

most robust and accurate methods to estimate contemporary Ne (Wang et al. 2016; 

Waples and Do 2010); additionally it only requires a single sample in time, unlike 

other methods that need samples separated by generations, difficult to collect with a 

long-lived bat species. With large SNP datasets like those presented here, failure to 

account for physically linked SNPs can substantially underestimate Ne and cause 

confidence intervals to be estimated too narrowly (Waples et al. 2016). In addition, 

using 4000 SNPs only added a slight benefit over 1000 SNPs, suggesting that quality 

is preferable to quantity (Waples et al. 2016; Marandel et al. 2020). As I did not have 

reference genomes for these species, and therefore could not ascertain if SNPs are 

physically linked, I used a random subset of 1000 SNPS to calculate LD Ne. I also 

assumed random mating and screened out alleles with frequencies below 0.05. Rare 

alleles are more likely to be sequencing errors and have been show to upwardly bias 

Ne in simulated datasets (Waples and Do 2010). 

Results 

I sequenced DNA from an initial dataset of 417 summering bats, comprising 

195 hoary, 129 eastern red, and 93 silver-haired bats (Table 1). Twenty-four samples 
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had low read counts and were removed from further analyses (12 hoary, 8 eastern red, 

and 4 silver-haired bats). Ten additional hoary bats and eight eastern red bats were 

also removed from analyses due to outlier status, as described below. Final datasets 

used in structure analyses include 375 samples (173 hoary bats, 113 eastern red bats, 

and 89 silver-haired bats [Figure 2]). 

To test for potential species misidentification, the 393 samples with sufficient 

data were combined in a PCA. Missing data for each sample were replaced with 

average values, thus samples with fewer reads fell towards the origin. Two 

individuals field-identified as hoary bats (one from New Mexico and one from 

Maryland) fell between hoary and eastern red bats, suggesting either hybridization or 

sample contamination. Another individual field-identified as a hoary bat (from 

Oregon) fell in line with the silver-haired bats (Figure 3). These three bats were 

removed from the dataset, resulting in 180 hoary bat samples (the initial 195, minus 

12 with low read counts and the three removed here).   

Population Structure 

The 180 hoary bat samples were analyzed in a PCA, resulting in four “outlier” 

bats that fell far outside the cluster of the others (Figure S1). As these four samples 

showed no geographic pattern, they were removed from the dataset, and the PCA was 

rerun. This second dataset of 176 samples showed three new outliers (Figure S2), 

again with no geographic pattern. When these three were removed, the final hoary bat 

dataset of 173 samples showed a scattershot pattern, with no geographic structure 

based on longitude. Graphing the PC1 score geographically by sample origin also did 

not result in any clear population structure. Eastern red bats showed a similar pattern 
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of outliers. The initial PCA of 121 bats had six outliers.  When these were removed, 

two new outliers emerged. After these were also removed, a PCA of the final dataset 

of 113 samples showed no geographic pattern. The PCA for silver-haired bats 

revealed longitudinal population structure along PC1, which accounted for 2.06% of 

all variation. Geographically, this indicates an apparent east–west separation near the 

Rocky Mountains, though with some spatial overlap (Figure 4).  

In addition to the PCA analyses, I also used ADMIXTURE and DAPC to 

assess potential population structure. Both methods indicated a best fit of K = 1 

(Figures S3 and S4). These methods, however, are unlikely to detect gradual changes 

in allelic frequencies.  

Gradient forest analyses of silver-haired bats indicated that longitude had the 

greatest R2 weighted importance (0.013), followed by latitude (0.011). The 

cumulative importance graph for longitude showed a rapid change around −110°N 

(Figure 5). The gradient forest model for hoary bats had even lower R2 values, ~0.005 

for latitude and longitude (Figure 6). The eastern red bat gradient forest model had R2 

values highest for precipitation and elevation (0.013), but lower for latitude (0.011) 

and longitude (0.008) (Figure 7). 

Effective Population Size 

Using coalescent modeling with fastsimcoal2, the best-fit model for all three 

species included long-term increasing populations on an evolutionary timescale. 

Eastern red bats had the largest Ne (126,142–131,153) followed closely by hoary bats 

(101,355–106,128). When silver-haired bats were split into an eastern group (11,687–
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90,707) and western group (103–124,461), the confidence intervals were large. When 

analyzed as a single population, Ne was 49,551–64,801.  

LD Ne point estimates were much smaller than those estimated by coalescent 

modeling, but the 95% confidence interval included infinity in the upper bounds. For 

hoary bats, Ne was 1445 (95% CI: 958–∞). Eastern red bat LD Ne was 771 (95% CI: 

312–∞), and silver-haired bat LD Ne was 426 (95% CI: 173–∞).  

Discussion 

My range-wide sampling that included dozens of sites across North America 

indicates that eastern red and hoary bats are panmictic, whereas silver-haired bats 

display a generally east–west gradient in genetic population variation. The data show 

valuable information for wildlife managers in the context of conserving these species 

from threats, such as fatalities from wind turbines. Species with genetic structure and 

distinct subpopulations require efforts to conserve each population to maintain 

genetic diversity; under panmixia, declines in regions of a species’ range is less 

concerning from a genetic conservation viewpoint (Pinsky et al. 2010).  

Gradient forest modeling allows us to evaluate the association of additional 

environmental variables that may influence genetic pattern on the landscape beyond 

simply spatial distance. For example, genetic structure of a European bumble bee, 

Bombus terrestris, was influenced by temperature, vegetation, and topography, but 

not by geographic distance (Glück et al. 2022). Along with latitude and longitude, I 

included the variables elevation, maximum temperature of the warmest month, 

minimum temperature of the coldest month, and seasonal precipitation (WorldClim, 

all averages of the years 1970–2000), as these will influence habitat characteristics 
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important to bats, such as tree species and insect abundance. For silver-haired bats, 

longitude had the greatest R2 weighted importance (0.013), supporting the east–west 

gradient detected with the PCA. For eastern red bats, seasonal precipitation and 

elevation had the highest R2 weighted importance (0.012). These findings indicate 

these variables have a small direct or indirect influence on the two species’ genetics. 

However, the calculated R2 values are low, and no structure was detected with any 

other method in eastern red bats. For hoary bats, maximum temperature had the 

greatest R2 weighted importance of 0.006; all other variables were even lower, thus 

supporting a panmixia hypothesis. 

I greatly increased the sampling coverage across each species’ range 

compared to prior studies, though sampling in some regions was sparse. Some of my 

samples came from surveys in which bats were live trapped; however, most (76.5%) 

were from bats killed at wind-energy facilities. While I do not expect sampling 

method to influence structure or Ne results, it does mean there were fewer samples in 

regions where fewer wind-energy facilities currently operate, such as in the 

southeastern USA. I also obtained relatively few samples from the North American 

mid-continent. Adding samples from the middle of the hoary bat range would be 

unlikely to change the conclusion of a panmictic population, as I detected no genetic 

difference in hoary bats in the more western and eastern extents of their range. For 

silver-haired bats, however, samples in the mid-continent could more precisely 

characterize the longitudinal of the split or gradient in population differentiation.  

I excluded a relatively low number of samples (24 out of 417, or 5.8%) from 

the initially sequenced dataset because of either low coverage or outlier status. It is 
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common for genetic studies to exclude samples with low coverage, which can occur 

because of degraded DNA (such as might happen with a decomposing bat carcass). 

The “outlier” bats were more perplexing, and occurred in both Lasiurus species, but 

not silver-haired bats. It is possible that these samples were hybrids or had been 

cross-contaminated either in the field or lab. It is also possible that the genus Lasiurus 

contains previously undescribed diversity, perhaps including hybridization or 

introgression among the seven North American lasiurids. When I analyzed all three 

species together in a PCA, two samples did fall halfway between eastern red bats and 

hoary bats (Figure 3). These could potentially be hybrids or contaminated samples. 

However, this explanation cannot easily explain the remaining “outlier” samples, as 

they clustered with the others of their species when all species were analyzed 

together. When each species was analyzed by PCA separately, a handful of eastern 

red bats and hoary bats fell far outside the rest of the individuals for each species. 

While I do not know why this occurred, there was no geographic pattern to the outlier 

bats. Thus, since my goal was to detect population structure and removing these 

samples did not affect my interpretation, I decided to exclude those outliers as 

described above. 

As with previous studies with these species (Korstian et al. 2015; Cornman et 

al. 2021), I was not able to precisely estimate LD Ne as infinity was included in the 

upper confidence interval. This known limitation of this method occurs when census 

population sizes are large (Do et al. 2014), however increasing sample size has been 

shown to increase precision (Waples and Do 2010). I decided to attempt this analysis 

in the event that the relatively large sample sizes and the increased power of SNP data 
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could overcome this limitation. Coalescent modeling of Ne, on the other hand, 

encompasses a much longer, evolutionary, time-frame. My coalescent model 

indicates that eastern red, silver-haired, and hoary bat populations have been 

increasing in size in recent evolutionary history.  

Census size (Nc) is the number of most conservation relevance in the context 

of the impact of fatalities of tree-roosting bats at wind-energy facilities because this 

number affects the impact of such fatalities on population viability (i.e., Frick et al. 

2017; Friedenberg and Frick 2021). The Ne/Nc ratio for the three species of tree-

roosting bats considered in this study is unknown, though some ratios have been 

published for other mammals. A summary of 192 published Ne/Nc ratios across 

multiple taxa reported an average of 0.11 in natural populations, though this varied 

widely: 30 were non-human mammals, and ranged from 0.069 in bison (Bison bison) 

to 0.83 in prairie dogs (Cynomys ludocicianus), with an average mammal ratio of 0.44 

(Frankham 1995). This review was later expanded to include 508 published Ne/Nc 

ratios; only 31% correctly linked Ne to Nc, with an average ratio of 0.23 (Palstra and 

Fraser 2012). Few published Ne/Nc ratios exist for bats. Captive colonies of Rodrigues 

fruit bats (Pteropus rodricensis) had Ne/Nc ratios between 0.18 and 0.43 (Carroll and 

Mace 1988). Using demographic measurements, short-nosed fruit bats (Cynopterus 

sphinx) had Ne/Nc ratios of 0.42 to 0.56, depending on whether the population was 

promiscuous or polygynous (Garg and Ramakrishnan 2017). Using LD Ne to 

calculate Ne/Nc, Ozark big-eared bats (Corynorhinus townsendii igens) had ratios 

between 0.177 and 1.76 for five different caves, and Ne confidence intervals included 

infinity for some caves (Lee et al. 2015). 
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Using these methods, I cannot estimate the current census size for tree-

roosting bats. My coalescent Ne estimates were slightly smaller than those reported by 

Sovic et al. (2016), though with the same pattern across species: eastern red bats had 

the largest Ne, followed by hoary bats, and finally silver-haired bats. Sovic et al. 

(2016) used different methods both for library preparation (RadSeq vs GBS) and 

bioinformatic processing (iPyrad vs Stacks), which likely influences downstream 

results (Shafer et al. 2017). My coalescent Ne estimates do not exclude the possibility 

of a population size within the range that published models (i.e., Frick et al. 2017; 

Friedenberg and Frick 2021) indicate could put hoary bats at risk of decline and 

perhaps extirpation or extinction. However, methods other than genetics, such as 

standardized acoustic surveys from which occupancy can be inferred (Loeb et al. 

2015), are likely required to better detect recent population changes in these species. 

Overall, my results suggest that managers should consider the entire 

population when choosing conservation measures for hoary and eastern red bats. 

Silver-haired bats, which have some spatial patterns of genetic variation, may be 

more vulnerable to local population declines and loss of alleles, and may be best 

managed by considering both eastern and western populations. 

Data Availability 

Demultiplexed FASTQ files will be submitted to the National Center for 

Biotechnology Information Sequence Read Archive. 
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Tables 

Table 1. Individual bats sequenced (Seq) and included (Inc) in the structure analyses, 

by sampling method. Samples were excluded due to low read counts or outlier status. 

Turbine-killed individuals are those sampled through wind-energy fatality 

monitoring, live-captures through mist-netting and harp-trapping for population 

monitoring, and “other” includes submissions from rabies labs, museum collections, 

and non-turbine carcass salvage. All individuals were sampled during their 

summering period. 

 Turbine-killed  Live-captures Other Total 

Species Seq Inc Seq Inc Seq Inc Seq Inc 

Hoary 166 148 25 22 4 3 195 173 

Eastern red 96 88 25 24 8 1 129 113 

Silver-haired 52 50 36 35 5 4 93 89 

Total 314 287 86 81 17 8 417 375 

 

 

 

 

 

 

Table 2. Bootstrapped effective population size (Ne) confidence intervals calculated 

with fastsimcoal2. After 100 runs, the parameter values from the run with the highest 

likelihood was used to simulate 50 datasets. Each simulated site frequency spectrum 

was analyzed using fastsimcoal2, and confidence intervals are the minimum and 

maximum values for each parameter. Silver-haired bats were analyzed both with and 

without east and west groups divided at longitude -110 oN. Ancestral Ne is the 

effective population before growth, and time of growth start is reported in number of 

previous generations. 

 Ne Ancestral Ne  Growth Began 

Species Min Max Min Max Min Max 

Hoary 101,355 106,128 10 20,028 50,971 273,647 

Eastern Red 126,142 131,153 10 23,402 55,249 301,328 

Silver-haired (all) 49,551 64,801 13 332,463 6,965 466,429 

Silver-haired (east) 11,687 90,707 10 106,762 4,389 484,844 

Silver-haired (west) 103 124,461 11 777,589 802 604,647 
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Figures 

 

 

 
Figure 1. Principal component analyses (PCA) of three silver-haired bat samples 

replicated across libraries and processed through Stacks using varying parameter 

levels (minimum stack depth, distance allowed between stacks, and bound-high 

values). AB is a bat from Alberta, OH from Ohio, and RI from Rhode Island. Top 

graph is an example of parameters resulting in samples not aligning (m = 4, M/n = 1, 

bound-high = 0.05). Bottom graph shows the PCA results from the parameters 

resulting the best alignment (m = 3, M/n = 2, bound-high = 0.1), used in final 

analyses. 

-0.25

-0.2

-0.15

-0.1

-0.05

0

0.05

0.1

0.15

-0.3 -0.2 -0.1 0 0.1 0.2

AB

OH

RI

-0.25

-0.2

-0.15

-0.1

-0.05

0

0.05

0.1

0.15

-0.3 -0.2 -0.1 0 0.1 0.2

AB

OH

RI



 

29 

 

 
Figure 2. Hoary (n = 173), eastern red (n = 113), and silver-haired (n = 89) bat sample 

locations. White region is IUCN species range.
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Figure 3. Principal component analysis of 393 samples of hoary, eastern red, and silver-haired bats used in the present study. Two 

samples identified as hoary bats fell between hoary bat and eastern red bat samples (A), suggesting either hybridization or sample 

contamination. Another field-identified hoary bat clustered with the silver-haired bats (B). Missing data were replaced with average 

values, thus samples with higher amounts of missing data (i.e., lower read counts) fell towards the origin. 
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Figure 4. Principal component analyses of hoary bats (n = 173 samples, 10 outliers removed), eastern red bats (n = 113, 8 outliers 

removed), and silver-haired bats (n = 89). Plots on left are the first two principal components, colored by sample longitude. Plots on 

the right are colored by PC1 score, with jitter added to sample locations to reduce overlap of data. Green region is IUCN species 

ranges. 
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Figure 5. Results of gradient forest model of silver-haired bats, by variable 

importance (top) and cumulative importance (bottom). 
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Figure 6. Results of gradient forest model of hoary bats, by variable importance (top) 

and cumulative importance (bottom). 
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Figure 7. Results of gradient forest model of eastern red bats, by variable importance 

(top) and cumulative importance (bottom). 
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Supplementary Figures 

 

 
Figure S1. Principal component analysis of 180 samples of hoary bats, colored by sample longitude. The four labeled samples fall far 

outside the other 176 and are therefore called “outliers” in this study. The two letters in the sample labels of the outliers refer to state 

of origin (i.e., Minnesota, Indiana, Nevada, and Maryland). 
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Figure S2. Principal component analysis of 176 samples of hoary bats (i.e., with low read and initial outlier samples removed), colored 

by sample longitude. The three labeled samples fall far outside the other 174 and are therefore called “outliers” in this study. The two 

letters in the sample label refer to state of origin (i.e., Idaho, Minnesota, Maryland). 

 

 



 

37 

 

 

 
Figure S3. ADMIXTURE results for hoary, eastern red, and silver-haired bats, 

indicating K (number of genetic clusters) = 1 for all species.  
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Figure S4. Discriminant Analyses of Principal Components results for hoary, eastern 

red, and silver-haired bats. BIC (Bayesian Information Criterion) values indicate that 

the most probable number of clusters is 1 for all species. 
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Chapter 3: Population genetic structure and effective size of two 

endangered cave bat species 

Abstract 

Indiana (Myotis sodalis) and gray bats (Myotis grisescens) are federally 

endangered species that use a limited number of hibernacula, placing them at risk of 

extirpation and/or extinction due to numerous threats. Understanding the genetic 

structure and diversity of a species is essential to long-term management and 

preservation of adaptive genetic variation. Here, I used next-generation sequencing to 

analyze the genetic structure and effective sizes of Indiana and gray bats. Using 

genotyping-by-sequencing, I genotyped single-nucleotide polymorphism (SNP) data 

from 45 Indiana and 47 gray bats spread across their ranges. I assessed population 

structure using ADMIXTURE and Principal Component Analyses (PCA). Indiana 

bats showed no genetic structure, whereas gray bats displayed east–west population 

variation, with differential east and west of the Mississippi River Valley. These 

genomic results support the conclusions of earlier published microsatellite studies. 

From a genetic conservation standpoint, Indiana bats may best be managed as a single 

population, while gray bats should be managed with consideration to eastern and 

western populations. 

Introduction 

Indiana bats (Myotis sodalis) and gray bats (Myotis grisescens) are federally 

endangered species that rely on a small number of hibernacula in the eastern United 

States. Like many insectivorous bat species, they face a range of threats, including 

habitat loss, climate change, disturbance of hibernacula, and declines in prey 
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populations. In addition, white-nose syndrome (WNS), a fungal disease caused by the 

pathogen Pseudogymnoascus destructans, has caused large and rapid declines in the 

population size of many cave-hibernating bat species in North America since its 

appearance in 2006 (Blehert et al. 2009; Frick et al. 2015). As bats are generally long-

lived with low reproductive rates, increased adult mortality can cause significant 

population declines (Barclay and Harder 2003; Podlutsky et al. 2005). 

Indiana bats were originally listed under the Endangered Species Preservation 

Act of 1966 and listed as endangered under the Endangered Species Act of 1973, 

largely due to their high vulnerability to disturbances at hibernacula: 97% of the 

known population at the time hibernated in just four caves (Humphrey 1978). The 

Fish and Wildlife Service currently manages Indiana bats in four Recovery Units: 

Ozark-Central, Midwest, Appalachian, and Northeast. These units are designed with a 

goal of redundancy and resiliency, and are based in part on preliminary mitochondrial 

DNA studies and band recovery patterns, as well as differences in population trends 

and broad-level macrohabitats and land use (USFWS 2007).  

Indiana bats have been censused biennially since the early 1980s. Winter 

censuses are conducted by entering hibernacula and counting each visible bat, most 

often using digital photography. The most recent survey was during the winter of 

2019, with a range-wide population count of 537,297 bats in 223 hibernacula across 

16 states, which represented a 19% decline since the 2008 arrival of WNS (USFWS 

2019a, b).  

Indiana bats mate in fall, congregating at swarming sites outside hibernacula. 

In spring, Indiana bats disperse from hibernacula, migrating to maternity colonies 
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primarily located in dead trees, where each female gives birth to a single pup (Kurta 

et al. 1993). Stable hydrogen isotope and banding data show that bats may migrate 

more than 600 kilometers between summering habitat and hibernacula, although most 

migrate shorter distances. Most Indiana bats exhibit fidelity to summer habitat and 

hibernacula, although some use different hibernacula in different years (Kurta and 

Murray 2002; Britzke et al. 2013).  

Gray bats were listed as endangered in the United States in 1976 due to their 

declining numbers, high susceptibility to human disturbance, and reliance on a 

handful of caves both for winter hibernacula and summer maternity colonies (Brady 

et al. 1982). They use caves year-round, seasonally migrating up to several hundred 

kilometers (Tuttle 1976) between cold, deep, vertical caves in winter and warmer 

caves close to water during summer months, where females give birth to a single pup. 

Banding records show bats are philopatric to both winter caves and summer ranges, 

but may use multiple caves during summer (Tuttle 2003). The Mississippi River 

Alluvial Plain, a broad area devoid of caves, separates the eastern and western karst 

regions used by gray bats. Winter surveys of all known hibernacula in 2006 estimated 

the total population at 3,377,100 bats (Martin 2007), which is a large increase since a 

1982 estimate of 1,575,000 (Brady et al. 1982). Gray bats appear to be less 

susceptible to WNS than many other cave-dwelling bat species (Powers et al. 2016; 

Jackson et al. 2022). 

While population counts of both species are monitored through winter 

hibernacula counts, a thorough understanding of the population genetic structure and 

effective population size is important for long-term conservation and management. 
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Understanding gene flow and identifying genetically distinct subpopulations is 

necessary to help inform delineation of management units, with the goal of preserving 

a species’ adaptive genetic variance (Crandall et al. 2000; Fraser and Bernatchez 

2001).  

To date, few peer-reviewed studies have been published on these species. 

Using five microsatellites from Indiana bat guano samples as a mark-recapture 

method was more accurate than fly-out counts to measure maternity colony size 

(Oyler-McCance et al. 2017). Indiana bats collected from 18 hibernacula showed no 

genetically distinct populations using nuclear DNA (10 microsatellites), though 

mitochondrial DNA indicated the presence of five matrilineal clusters (Vonhof et al. 

2016). Using eight microsatellites and mitochondrial DNA, guano at eight gray bat 

hibernacula indicated east–west genetic structure separated by the Mississippi River 

Valley, though evidence of some gene flow was present between groups (Lindsay et 

al. 2015).  

Recent advances now allow the analysis of thousands of genetic loci per 

individual in the form of single-nucleotide polymorphisms (SNPs), even for non-

model organisms, with little or no prior existing genomic data (Gayral et al. 2013). 

This development provides more accurate and precise inferences of population 

structure and Ne than those based on microsatellites (Liu et al. 2005).  

A summary of genetic diversity in a population, Ne represents the number of 

individuals in a theoretical ideal population that would experience the same amount 

of genetic drift observed in the actual population (Wright 1931). At low values of Ne, 

genetic drift can threaten a population’s viability through loss of alleles, reduced 
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fitness, and inbreeding, thus limiting the species’ potential to respond to selection and 

environmental change (Frankham 2005).  

Various methods can be used to estimate Ne. Some methods, such as 

coalescent modeling, reflect the combined effects of population demographics in past 

and present generations, thus providing a long-term evolutionary Ne covering several 

thousand years. Evolutionary Ne can provide insight into species’ historical 

population levels (for example, estimating the pre-whaling population abundance of 

gray whales, Eschrichtius robustus [Alter et al. 2007]). Other methods, such as those 

based on linkage disequilibrium (LD Ne), measure a contemporary Ne. This includes 

the most recent generations and can detect recent population declines, although 

estimating contemporary trends is particularly challenging (Tallmon et al. 2012). The 

LD Ne is most accurate for very small populations with a census size under 100 

(Waples et al. 2016), and confidence intervals of LD Ne are often large for species 

with large census population sizes, even encompassing infinity at the upper bound 

(Do et al. 2014). A confidence interval bounded on the upper end by infinity does not 

suggest the existence of a very large population; rather, it is an artifact of the method 

failing to constrain the estimate with precision. As increasing the number of markers 

has been shown to increase precision (Waples and Do 2010), I attempted this analysis 

in hopes that the increased power of SNP data could overcome this limitation. 

Typically Ne is much smaller than census size, Nc, and is reduced by 

population characteristics including fluctuations in population size, bottlenecks, 

unequal sex ratio, and non-random number of offspring (Frankham 1995). Many 

studies have compared Ne and Nc, and in most cases researchers are interested in 
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estimating Ne in populations with a known Nc (Nunney 1995; Shrimpton and Heath 

2003). Frankham (1995) reviewed over 100 studies on animals and plants and 

reported an average Ne/Nc of 0.11 in natural populations. Of those, 30 were non-

human mammals, and ranged from 0.069 in bison (Bison bison) to 0.83 in prairie 

dogs (Cynomys ludocicianus), with an average mammal ratio of 0.44. A review of 

studies published since 1995 found a median Ne/Nc of 0.14 for plants and animals 

combined (average 0.16 ± 0.13 standard deviation; Palstra and Fraser 2012). Few 

published Ne/Nc ratios exist for bats. Using demographic measurements to calculate 

Ne, short-nosed fruit bats (Cynopterus sphinx) had a ratio of 0.42 to 0.56, depending 

on whether the population was promiscuous or polygynous (Garg and Ramakrishnan 

2017). Using linkage disequilibrium to assess population structure in Ozark big-eared 

bats (Corynorhinus townsendii ingens) across five caves resulted in Ne/Nc ratios 

between 0.177 and 1.76 , with the confidence intervals of some caves including 

infinity (Lee et al. 2015). 

The objectives of this study were to apply genotyping-by-sequencing (GBS) 

to assess the 1) effective population size and 2) evidence of population structure in 

Indiana and gray bats. To the first aim, I hoped to leverage the well-established 

census sizes of these species to increase the number of estimates of insectivorous bat 

Ne/Nc. Doing so would be valuable for estimating census population sizes in at-risk 

but hard-to-monitor related species such as the hoary bat (Lasiurus cinereus). For this 

species, establishing a census population estimate would be invaluable for assessing 

the potential demographic impact of the large numbers of fatalities this species is 

experiencing at wind-energy facilities in North America (Frick et al. 2017; 
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Friedenberg and Frick 2021). In calculating such a ratio, it is necessary to use a 

contemporary measurement such as LD Ne to accurately compare the current census 

size with Ne. To the second aim, I applied next-generation sequencing to assess the 

reliability of conclusions related to the occurrence of population structure of existing 

studies (i.e., Lindsay et al. 2015, Vonhof et al. 2016) that were based on small 

numbers of microsatellites and mitochondrial DNA, as new sequencing-based 

approaches are expected to be more sensitive to such structure. 

Methods 

Tissue Collection 

I obtained tissue from 48 Indiana and 48 gray bats that were sampled or 

captured for other studies by the US Fish and Wildlife Service, Kentucky Department 

of Fish and Wildlife, New York Department of Environmental Conservation, 

National Park Service, and Missouri State University. Indiana bat samples covered all 

four USFWS Indiana bat Recovery Units, and gray bat samples were from both the 

eastern and western karst regions.  

Sample collection was permitted by the United States Fish and Wildlife 

Service (permit numbers TE02365A-4, TE02373A-10, TE134817-1, TE13487-1, 

TE237549-0, TE-62313A-0, TE-697830-10 sub-permit 16-01), Arkansas Game and 

Fish, Indiana Department of Natural Resources, Missouri Department of 

Conservation, New York Department of Conservation, Ohio Department of Natural 

Resources, and Tennessee Wildlife Resources Agency. Samples consisted of wing or 

tail tissue preserved in either ethanol or silica pellet desiccant upon collection and 
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were stored at −80 °C once received. Indiana bat tissue samples were collected 

between August 2002 and January 2013. Gray bat tissue samples were collected 

between February 2009 and July 2017. Samples were collected during winter and 

summer. 

DNA Extraction and Sequencing 

I extracted DNA from tissue samples using DNeasy Blood & Tissue Kits (Cat 

no. 69504 or 69506; QIAGEN GmbH, Germany). Kit protocols were followed with 

the addition of a 6-minute centrifugation at 17,000 x g following tissue digestion to 

pellet out pigments and fur. Extracted DNA was quantified using an Invitrogen Qubit 

1.0 Fluorometer. Samples with a quantification at or above 100 ng/μL were diluted 

with nuclease-free water before further processing. Samples between 3 and 7 ng/μL 

were concentrated using a vacufuge. Samples with a concentration below 3 ng/μL 

were excluded from further analyses.   

DNA libraries were prepared using a GBS approach (Elshire et al. 2011), 

following the modifications applied by Gugger et al. (2021). Starting with 100 ng of 

DNA per sample, DNA was first digested with the restriction enzyme PstI. 

Sequencing adapters containing unique barcodes for each sample were ligated to the 

resulting fragments. These barcoded samples were pooled in batches of 48 and 

amplified with PCR. Each batch of 48 was considered one “library.” Samples were 

sequenced single-end, 50-bp on an Illumina HiSeq4000 v3 at the Coates Genomics 

Sequencing Laboratory at the University of California Berkeley. Before sequencing, 

each library was checked with Bioanalyzer for quality and fragment size. I sequenced 

one library each of Indiana and gray bats. 
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SNP Discovery and Filtering 

Illumina reads were processed using the Stacks 2.41 bioinformatics pipeline 

(Catchen et al. 2011, 2013) and analyzed for single-nucleotide polymorphisms 

(SNPs). Stacks can identify SNPs de novo, even when a reference genome is 

unavailable. The process_radtags function was used to demultiplex and quality-filter 

the Illumina data, after which individual samples with low read counts (< 30% of the 

median number of reads) were removed from analyses. The Stacks pipeline identified 

loci, and then the Stacks populations function was used to apply filters and output the 

data for use in other programs.  

For use, a SNP had to have < 20% missing data. For population structure 

analyses SNPs with a minor allele frequency less than 0.05 were removed, and I used 

the write-single-snp option to keep only one SNP per stack/fragment, thus reducing 

the number of physically-linked SNPs and the effects of linkage disequilibrium.  

For estimation of effective population size, I produced a site frequency 

spectrum (SFS) using easySFS (Overcast [2016] 2021). When filtering SNPs for the 

SFS, the write-single-SNP option was included, but SNPs were not filtered for minor 

allele frequency. 

Genomics Analyses 

Population structure for each species was assessed using ADMIXTURE 

(Alexander et al. 2009) and Principal Component Analysis (PCA). ADMIXTURE 

uses the same likelihood model-based estimation of ancestry as the program 

STRUCTURE, but ADMIXTURE uses a faster algorithm that is better able to handle 

the large SNP datasets produced by GBS. By modeling the probability of the 
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observed genotypes using population allele frequencies, ADMIXTURE estimates K, 

the number of genetic clusters (“populations”), without a priori knowledge of 

geographic sampling. Multiple values of K are tested, with the most likely value of K 

selected to minimize cross-validation error. ADMIXTURE assigns individuals, either 

wholly or partially, to each cluster, and therefore, it assumes discrete populations 

exist or have existed, followed by possible admixture among those populations. A 

limitation of the above methods is the assumption of discrete populations, which may 

be untrue of highly mobile species of bat. Therefore, population structure was 

assessed using PCA to identify potentially continuous gradients in allele frequency 

shifts across each species’ range.  

Using fastsimcoal2 (Excoffier and Foll 2011), I estimated coalescent effective 

population size (Ne) and NeEstimator V2 (Do et al. 2014) to calculate LD Ne. The 

package fastsimcoal2 uses coalescent modeling to estimate variables that would 

produce the given SFS under a modeled evolutionary scenario. For each species, I fit 

two models. The first model assumed a constant population size and contained only a 

single variable, the estimated Ne. The second model contained additional variables: a 

changing population size, the rate of change, the number of generations previous 

when the population size began to change, and the ancestral Ne. Under this model, 

population size is a dynamic predictor; a negative rate of change reflects an 

increasing population. The two models were compared with Akaike information 

criterion (AIC). For all species, the model that included changing population size had 

a lower AIC, which indicates a better fit, and was selected as the model for 

subsequent analyses.  
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I used bootstrapping to calculate the confidence interval for Ne, following the 

methods outlined in Excoffier and Foll (2011). First, I performed 100 independent 

runs of fastsimcoal2 (30 cycles and 50,000 simulations per run) and selected the run 

with the highest likelihood. The parameter values from the best run were used to 

simulate 50 datasets, and each simulated SFS was run through fastsimcoal2. The 

minimum and maximum values from the 50 runs were retained as the bounds of the 

confidence intervals.  

I estimated contemporary Ne with the linkage disequilibrium method (LD Ne) 

using the program NeEstimator V2 (Do et al. 2014). The LD method is among the 

most robust and accurate methods to estimate contemporary Ne (Wang et al. 2016; 

Waples and Do 2010). Additionally this method only requires a single sample in time, 

unlike other methods that need samples separated by generations, which are difficult 

to collect for long-lived bat species. With large SNP datasets like those presented 

here, failure to account for physically-linked SNPs can substantially underestimate Ne 

and datasets above 1000 SNPs can cause confidence intervals to be estimated too 

narrowly (Waples et al. 2016). I did not have reference genomes for these species, 

and therefore could not ascertain if SNPs were physically linked. Instead, I used a 

random subset of 1000 SNPS to calculate LD Ne. I also assumed random mating and 

screened out alleles with frequencies below 0.05. Rare alleles are more likely to be 

sequencing errors and have been shown to upwardly bias Ne in simulated datasets 

(Waples and Do 2010). 
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Results 

I sequenced DNA from 48 Indiana bats and 48 gray bats. Three Indiana bats 

and one gray bat were excluded from further analysis because of low read counts, 

resulting in final datasets of 45 Indiana bats and 47 gray bats spread across their 

ranges (Figure 1).  

ADMIXTURE resulted in a best fit of K = 1 for both species (Figure 2). The 

PCA of Indiana bat samples also showed no clear geographic genetic structure. In 

contrast, the PCA for gray bat samples revealed longitudinal population variation 

along PC1, which accounted for 2.82% of all variation (Figure 3). Geographically, 

this indicated east-west differentiation across the Mississippi River Valley.  

Using coalescent modeling with fastsimcoal2, the best-fit model for both 

species included long-term changing populations on an evolutionary timescale, 

increasing for Indiana bats and the eastern group of gray bats, and decreasing for the 

gray bat western group. Parameter estimates suggested an Indiana bat current 

(haploid) effective population size of 349,488–368,414 that grew from an ancestral 

population of 10–19,230 bats beginning 58,134–207,875 generations ago. The eastern 

group of gray bats (sample size = 34) had an ancestral effective population size of 

13–106,762 growing to 2,078–66,935, beginning 1,651–746,822 generations ago. 

Conversely, the western group (sample size = 13) had an ancestral population size 

between 32,178–575,868 that shrunk to 22,863–31,350, beginning 682–1,147,364 

generations ago (Table 1). LD Ne point estimates with NeEstimator returned estimates 

of infinity for both species.  
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Discussion 

This study represents the first use of next-generation sequencing on Indiana 

and gray bats. I was able to genotype thousands of loci in both species, including 

samples taken from 3mm wing punches collected from live bats, which clearly 

indicates sufficient quality and quantity of DNA for genomics can be acquired from 

these small samples. Overall, my genomic results support the conclusions of prior 

microsatellite studies on both species (Lindsay et al. 2015; Vonhof et al. 2016), with 

Indiana bats displaying no genetic structure and gray bats displaying east-west 

genetic variation across the Mississippi River Valley. However, I did not detect 

evidence of matrilineal clades indicated previously using Indiana bat mitochondrial 

DNA (Vonhof et al. 2016). High nuclear gene flow in these species likely masks any 

structure present in the mitochondrial DNA. Such high gene flow, even among 

species exhibiting female philopatry to breeding sites, is common with temperate bats 

and has also been demonstrated in brown long-eared bats in Scotland (Plecotus 

auritus [Burland et al. 1999]), Bechstein’s bats in Germany (Myotis bechsteinii 

(Kerth et al. 2000; Kerth et al. 2002)), the greater mouse-eared bat in Europe (Myotis 

myotis [Castella et al. 2001]), big brown bats in the United States (Eptesicus fuscus 

[Vonhofet al. 2008]), and little brown bats in North America (Myotis lucifugus 

[Dixon 2011; Vonhof et al. 2015]).  

Unlike many migratory bird species that mate in spring at their breeding 

grounds, Indiana and gray bats do not mate in their summer ranges. Rather, they 

gather at swarming sites each fall, which may be hundreds of kilometers from 

summer habitats (Kurta and Murray 2002; Gardner and Cook 2002). These 
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movements facilitate gene flow, and are likely to contribute to the spread of WNS 

(Miller-Butterworth et al. 2014; Vonhof et al. 2016). 

The coalescent modeling of Ne indicated that Indiana bats historically had a 

much larger population size than gray bats. Evolutionarily, gray bat populations may 

have been restricted in their dispersal due to their reliance on caves year-round, unlike 

Indiana bats, which migrate into forest habitat each summer. In congruence with 

several previous bat studies on other species (Korstian et al. 2015; Cornman et al. 

2021), I was not able to estimate LD Ne without including infinity in the upper 

confidence interval. Unfortunately, as I could not accurately estimate a current Ne, I 

cannot calculate an Ne/Nc ratio in relation to the current census size.  

Overall, these results provide additional evidence to confirm the genetic 

structure previously reported for these species. This is valuable information for 

conservation managers, as it further supports previous recommendations that Indiana 

bats may best be managed as a single unit from a genetic viewpoint (Vonhof et al. 

2016). Recovery Units may be useful for other aspects of Indiana bat management, 

however, such as tracking regional population trends or WNS impacts. Conversely, 

gray bats should be managed in consideration of both eastern and western groups to 

preserve the species’ genetic variation. 

Data Availability 

Demultiplexed FASTQ files will be submitted to the National Center for 

Biotechnology Information Sequence Read Archive. 
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Tables 

Table 1: Bootstrapped effective population size (Ne) confidence intervals calculated 

with fastsimcoal2. After 100 runs, the parameter values from the run with the highest 

likelihood was used to simulate 50 datasets. Each simulated SFS was analyzed using 

fastsimcoal2, and confidence intervals are the minimum and maximum values for 

each parameter. Ancestral Ne reflects the effective population before growth, and time 

of growth start is reported in number of previous generations. A model of population 

growth was supported in Indiana bats and the eastern group of gray bats; a model of 

population decline was supported in the western group of gray bats. 

 

 Sample Ne Ancestral Ne  Change Began 

Species Size Min Max Min Max Min Max 

Indiana 45 349,488 368,414 10 19,230 58,134 207,875 

Gray (east) 34 2,078 66,935 13 106,762 1,651 746,822 

Gray (west) 13 22,863 31,350 32,178 575,868 682 1,147,364 
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Figures 

 
Figure 1. Indiana (n = 45) and gray bat (n = 47) sample locations. White regions are IUCN species ranges.  
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Figure 2. Indiana (n = 45) and gray bat (n = 47) ADMIXTURE results. CV error was lowest for K = 1, indicating no discrete 

populations for either species.  
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Figure 3. Principal component analyses of Indiana (left, n = 45) and gray bats (right, n = 47).  Top row: samples colored by sample 

longitude. Bottom row: samples colored by PC1 score, with jitter added to reduce sample overlap. 

 



 

58 

 

Chapter 4: Trends in Maryland bat populations in the decade 

following the arrival of white-nose syndrome 

Abstract 

Several species of cave-dependent bats in eastern North America have been 

decimated by a fungal pathogen that causes white-nose syndrome (WNS). For species 

unaffected by WNS, this may be an opportunity to expand into newly vacant niche 

space. However, several such species are themselves experiencing large numbers of 

fatalities at industrial wind-energy facilities. Given these impacts, it is unclear how 

bat species composition is shifting on the post-WNS landscape. To monitor changes 

in Maryland’s bat species, I conducted a decade of annual mobile acoustic surveys 

beginning in summer 2010, immediately after the first detection of white-nose 

syndrome in the state in March 2010. Using an ultrasonic microphone attached to the 

roof of a vehicle, routes were driven between 1 June and 15 July, two to four times 

per year. From 2010 to 2019, 344 routes were completed, resulting in 426 hours of 

recordings and 24,375 identified bat passes. I fit generalized linear mixed models 

using a tweedie distribution with a log-link function. The top-performing model 

included activity (bat passes per minute) as the response variable, a year-by-group 

interaction, a region-by-group interaction, species and route as random intercept 

terms, and species as the random slope. I detected declines of little brown bats 

(Myotis lucifugus), northern long-eared bats (M. septentrionalis), eastern small-footed 

bats (M. leibii), and tricolored bats (Perimyotis subflavus), at 98.9%, 100%, 92.8%, 

and 94.1%, respectively. Trends in hoary (Lasiurus cinereus) and eastern red (L. 

borealis) bats were nonsignificant. Bat community composition varied among 



 

59 

 

Maryland’s physiographic regions, with eastern red bats comprising a larger 

percentage in the east. The present-day species composition of bats across the state 

likely reflects the impact of mortality from white-nose syndrome and wind-energy on 

different groups of bats.  

Introduction 

North American insectivorous bats are integral to a healthy ecosystem, 

providing invaluable services in the form of crop and forest pest control (Kunz et al. 

2011; Beilke and O’Keefe 2022). Unfortunately, bats today face a wide range of 

threats. Like all wild species, they must contend with a changing climate and habitat 

loss associated with human activities (Jones et al. 2009; Rebelo et al. 2010). In 

addition, bats face two specific dangers: 1) several cave-dependent bat species have 

been decimated by an invasive fungal pathogen that causes white-nose syndrome 

(WNS) (Blehert et al. 2009; Frick et al. 2015), and 2) long-distance migratory tree 

bats face mortality due to impacts from industrial scale wind-energy turbines (Arnett 

et al. 2008; Arnett and Baerwald 2013). These threats disproportionately affect 

different species, and thus declines or extirpation of some species may allow others 

with similar prey or habitat requirements to increase in abundance following release 

from the pressure of interspecific competition (Morningstar et al. 2019; Clare et al. 

2009). Given the importance of bats to a functioning ecosystem, it is important to 

understand how species composition and abundance are changing in the face of these 

multiple forces. 

WNS was first observed on a Maryland bat in March 2010, and is caused by 

the pathogen Pseudogymnoascus destructans. A cold-loving fungus that grows on the 
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epidermis of cave-dwelling bats during hibernation, it causes lesions (Meteyer et al. 

2009), disrupts hibernation patterns, and triggers unusual behavior (such as winter 

flights and roosting at cave entrances) and death (Bohn et al. 2016; Warnecke et al. 

2013). Since the discovery of WNS in New York State in February 2006 and its 

spread throughout North America, bat surveys indicate that populations of North 

America’s insectivorous cave-dwelling bat species have plummeted by millions of 

individuals, an ecological disaster of staggering proportions (Blehert et al. 2009). 

Massive declines (> 90 %) have been documented for several cave bat species across 

eastern North America, especially little brown bats, northern long-eared bats, and 

tricolored bats (R. T. Brooks 2011; Dzal et al. 2011; Francl et al. 2012; Powers et al. 

2015; Pettit and O’Keefe 2017; O’Keefe et al. 2019). Yet, there is some evidence that 

remaining individuals of some of these species may have resistance to WNS and 

could serve to found new populations (Maslo et al. 2015; Gignoux-Wolfsohn et al. 

2021). Other cave bat species, such as big brown bats (Eptesicus fuscus) and gray bats 

(Myotis grisescens) seem better able to withstand WNS, and have shown population 

growth in some WNS-infected caves (Frank et al. 2014; Jackson et al. 2022). 

Cave bat species are often censused through winter hibernacula counts, a 

valuable tool to monitor changes in these species. Indiana bats (Moyis sodalis), for 

example, a federally-endangered cave-bat species, have been surveyed biannually at 

known hibernacula since the early 1980s (USFWS 2018). Hibernacula surveys are 

labor-intensive and may miss large numbers of bats hibernating in unknown sites. 

Indeed, after the arrival of WNS, several previously unknown hibernacula were 

discovered due to the presence of dead bats outside of cave entrances (personal 
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communication, NYDEC wildlife biologist). Additionally, winter hibernacula counts 

cannot directly measure changes in summer bat populations, especially in regions 

with no caves or mines, nor do they offer any information on species that do not use 

caves. 

In contrast to cave-dwelling bat species, WNS does not appear to affect 

insectivorous, tree-roosting, long-distance migratory bat species that typically do not 

use caves (Bernard et al. 2015). However, these species, and three in particular, are 

those most at risk of mortality at industrial wind-energy facilities. Estimates from 

nearly a decade ago are that hundreds of thousands of hoary (Lasiurus cinereus), 

eastern red (Lasiurus borealis), and silver-haired (Lasionycteris noctivagans) bats are 

killed during migration each fall across the United States (Arnett et al. 2008; Arnett 

and Baerwald 2013; ACP 2022). Mitigation approaches such as raising the cut-in 

speeds of turbines have proven effective at reducing bat mortality rates at wind-

energy fatalities (Baerwald et al. 2009; Arnett et al. 2011; Arnett and May 2016). 

However, such mitigation is largely voluntary, and it remains unknown whether 

mortality at wind-energy facilities is causing population-level impacts (O’Shea et al. 

2016; Frick et al. 2020).  

Currently, all on-shore industrial wind-energy facilities in Maryland are 

located in the western region of the state in Garrett County, along the ridges of the 

Allegheny Mountain Range (Figure 1, Hoen et al. 2018). The first industrial-scale 

wind energy project in Maryland, Criterion, came online in 2010 and consists of 28 

turbines. The Roth Rock project followed shortly afterwards in 2011, with an 

additional 20 turbines. The 16 turbines of the Fourmile Ridge project came online in 
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2014, followed by an additional 12 turbines in 2015 with the Fair Wind project. These 

76 turbines are all rated at 2.5MW, with hub heights of either 90 or 100 m. Additional 

wind-energy projects were completed nearby during the same timeframe in 

Pennsylvania and West Virginia (Hoen et al. 2018).  

While the presence of wind turbines on the landscape might lead to a decline 

in tree bats, a potential positive influence on these species is the release of 

interspecific competition for prey and habitat resources as cave bats decline. Dietary 

studies have shown that insectivorous cave-dwelling and tree-roosting bats in North 

America overlap greatly in the species they prey upon (Brack and Whitaker 2001; 

Carter et al. 2003; Clare et al. 2009; Dodd et al. 2012; Feldhamer et al. 2009). A 

dietary shift post-WNS has been recorded in at least one species; big brown bats in 

Ontario, Canada, consumed a wider range of prey post WNS, including many insect 

species once eaten by little brown bats before their decline (Morningstar et al. 2019). 

Whether such dietary shifts have occurred in hoary, eastern red, or silver-haired bats 

remains unknown.  

Unfortunately, estimating census population size of the species most affected 

by wind turbine mortality is not possible with traditional methods, as these species are 

nocturnal, cryptic, highly mobile, and do not gather in groups that can be censused 

(O’Shea and Bogan 2003). One survey method that has been used with bats is 

ultrasonic recording of their echolocation calls. Acoustic monitoring is a repeatable 

survey method that does not require bat handling and has a relatively low expense. In 

addition, acoustic surveys can cover a broad geographic area and survey for multiple 

species simultaneously.  
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Acoustic surveys can be conducted at passive stationary points or along 

moving routes. Stationary acoustic methods are best used for presence/absence 

studies and are often set up to record for long periods. Stationary surveys are useful in 

areas with few roads; however, this method can only measure bat activity, not 

abundance or density, as it is impossible to determine whether bat passes are from 

multiple individuals or from a single individual flying by multiple times (Whitby et 

al. 2014; Fisher-Phelps et al. 2017; Neece et al. 2019; Hale et al. 2022). In contrast, 

mobile acoustic surveys travel along a route at a set speed faster than bats will 

normally travel. Thus, each bat detection should represent a unique individual, and 

relative abundance can be measured (Roche et al. 2011). Mobile routes can maximize 

the geographic coverage of surveys, although they are mostly limited to areas where 

roads can safely be traveled at a slow constant speed (typically 32 kph [20 mph]). 

Maryland covers a broad range of habitats across a mountains-to-sea gradient 

(Figure 2). Western Maryland includes portions of the heavily-forested Appalachian 

Plateau and is also where all of Maryland’s onshore wind turbines are located. 

Moving east, agriculture and urban areas become more common in the Ridge and 

Valley Province, the Blue Ridge Mountains, and the hills of the Piedmont. The 

Atlantic Coastal Plain borders the Chesapeake Bay, which includes urban areas and 

the mostly flat Delmarva Peninsula where agriculture is the predominate land use. 

These different physiographic regions contain different habitats, which influence the 

bat communities present. Over 90% of Maryland’s caves are located in the 

Appalachian Plateau, Ridge and Valley Province, and Blue Ridge Mountains (Gates 

et al. 1984). The west-to-east gradient presents an opportunity to investigate potential 
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spatial variation in bat populations following the arrival of WNS and during a period 

of wind-energy development in western Maryland.  

With the interacting forces of white-nose syndrome mortality, wind-energy 

mortality, and interspecific competition, it is important to monitor the changes in bat 

communities across various habitats to inform management and conservation 

decisions. Using mobile acoustic routes across the state of Maryland, I addressed the 

following questions: First, in the decade post WNS, do any cave bat species show 

signs of recovery? Second, what is the status of hoary bats and eastern red bats on the 

landscape? 

Methods 

To monitor changes in the activity of bat-species populations in Maryland, 

eighteen acoustic survey routes were designed throughout the state; eight were 

established in western Maryland in 2010 (Garrett, Allegany, and Washington 

counties), and ten more were added in 2014 that covered the rest of the state (Figure 

3). In collaboration with Ed Gates and Maryland DNR personnel Dan Feller and Dana 

Limpert, some routes were established based on Breeding Bird Survey routes used to 

monitor bird populations in North America and Canada. Others we designed to pass 

through forests, along rivers, or near habitat where bats are likely to congregate. 

Routes 1-5 are in the Appalachian Plateau physiographic province, routes 6-9 are in 

the Ridge and Valley, route 10 is in the Blue Ridge, routes 11-13 are in the Piedmont, 

and routes 14-18 are in the Coastal Plain. As there is only a single route in the Blue 

Ridge province, I combined this with the Ridge and Valley routes for analyses 

(hereafter referred to as the Ridges region). Routes were between 30.8 km (19.1 mi) 
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and 45.1 km (28.0 mi) in length, with a mean of 37.5 km ± 3.7 SD (23.3 mi ± 2.3 SD; 

Table 1).   

Data Collection 

From 2010 to 2013, the eight western routes were surveyed four times 

annually. Survey direction was switched (starting from the opposite end) with each 

repetition. From 2014 to 2019, all 18 routes were surveyed twice annually, once in 

each direction. To control for day-of-year effects, all surveys were completed during 

1 June – 15 July each year to target local adult bats in their summering habitat, before 

young of the year are volant. My field crews and I sampled between one and three 

routes simultaneously per night. To control for time-of-night effects, all surveys 

began 0.5 to 1 hour after local sunset. Each route was driven without stopping (except 

where required to make turns or navigate intersections), traveling as close to 32 kph 

(20 mph) as possible the entire distance, and typically lasting between 60 and 90 

minutes. Surveys were not conducted during precipitation and only occurred in the 

temperature range following Fish and Wildlife Service Indiana bat guidelines (> 

10°C).  

To record bat calls, Binary Acoustic’s ultrasonic microphone AR125 (Binary 

Acoustic Technology, Tucson, Arizona) was mounted magnetically, pointing up, on 

the roof of a vehicle (Figure 4). GPS locations were recorded simultaneously each 

second with a DeLorme GPS receiver and DeLorme’s Street Atlas USA 2010 

(DeLorme, Yarmouth, Maine).   
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Call Identification 

Each echolocation pulse was considered to be one “bat call;” multiple calls 

from the same individual make up one “bat pass” as the bat flies by the microphone. 

To identify bat passes, I used CallViewer18 (Skowronski and Fenton 2008) to 

visually inspect the spectrogram of each bat pass (Figure 5). Using the minimum and 

maximum frequencies along with call duration and shape, each pass was identified to 

one of the following categories: unknown, hoary bat (Lasiurus cinereus), eastern red 

bat (Lasiurus borealis), big brown bat/silver-haired bat (Eptesicus 

fuscus/Lasionycteris noctivagans), tricolored bat (Perimyotis subflavus), little brown 

bat/Indiana bat (Myotis lucifugus/Myotis sodalis), northern long-eared bat (Myotis 

septentrionalis), or eastern small-footed bat (Myotis leibii). I did not attempt to 

separate big brown bats and silver-haired bats as they have overlapping call 

characteristics, as do little brown bats and Indiana bats (Lemen et al. 2015; Russo and 

Voigt 2016). As Indiana bats are very rare in Maryland, I assumed that the majority 

of those calls are from little brown bats. Bat passes with less than three echolocation 

pulses, those that were too faint to obtain all call characteristics, and those that did not 

fit into expected species categories, were classified as unknown. I calculated the 

location of each bat pass along the route using Global Positioning System (GPS) data 

with time stamps and the start time of each bat pass. I used GPSBabel 

(http://www.gpsbabel.org/index.html, accessed 29 March 2016) to convert the 

DeLorme GPS data to a format compatible with Excel software. 
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Data Analysis 

For each night, I standardized the results as bat passes per minute for each 

category. The total time of recording for each night was calculated as the time from 

beginning to end of the route, minus any time spent on detours, wrong turns, and 

pauses lasting over one minute (e.g., at a stoplight). Based on their time stamp, any 

bat passes recorded during detours or stops, based on their time stamp, were 

excluded.  

To test for the significance of changing bat activity, I fit generalized linear 

mixed models using the glmmTMB package v 1.1.4 (Brooks et al. 2017) (Brooks et 

al. 2017) in R version 4.2.1. A histogram showed that 34% of the values were zero 

(Figure S1), thus I used the tweedie distribution, which performs well with zero-

inflated data (Shono 2008). I included a log-link function as acoustic data are a form 

of count data will never be negative in value. As I expected similar population trends 

in the WNS-affected species, I grouped all WNS-affected species (little brown bats, 

northern long-eared bats, small-footed bats, and tricolored bats) together as one 

functional group. Thus, groups included in the models were: WNS-affected species, 

eastern red bats, hoary bats, and big brown/silver-haired bats. I also rescaled 

the ‘year’ predictor to center on 0. I included a ‘region’ term as a categorical variable 

based on the physiography defined by the Maryland Geological Survey (Figure 2). 

I applied model selection to models subsetted from a global model, which was 

constructed with bat activity (passes per minute) as the response variable, and a three-

way interaction between group, region, and route. Random intercept terms were 
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species and route; the random slope term was species. After colinearity checks, I 

performed iterative model selection on subsetted models with and without interaction 

terms, removing models with high multi-collinearity and selecting models with the 

lowest AIC. The top-performing model included activity (bat passes per minute) as 

the response variable, a year-by-group interaction, a region by group interaction, 

species and route as random intercept terms, and species as the random slope (Table 

2).  

Results 

From 2010 to 2019, 344 surveys were completed, resulting in a total of 426 

hours of recordings and 24,375 identified bat passes. I was able to identify 85.8% of 

the calls, leaving 14.2% classified as unknown. 

The top-performing model contained interactive effects of functional group 

and year and functional group and region, respectively. The model predicted that, on 

average, bat activity during the study period was highest in big brown/silver-haired 

bats (prediction of 0.30 passes/minute), followed by eastern red bats (0.14 

passes/minute), hoary bats (0.11 passes/minute), and WNS-affected species (0.01 

passes/minute). Estimates of passes/minute were significantly different between the 

WNS-affected group and the other species (Table 3). 

I found evidence of decline in the WNS-affected species. In the initial survey 

year, little brown bats were the highest recorded species, comprising nearly a third 

(31.4%) of all recorded bat passes. However, they declined dramatically in the 

following years. By 2019, bat passes of little brown bats had declined by 98.9% from 
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their 2010 levels. Between 2010 and 2019, eastern small-footed bats, tricolored bats, 

and northern long-eared bats, which are also WNS-susceptible species, had declined 

92.8%, 94.1%, and 100%, respectively. None of the other species (hoary bats, eastern 

red bats, or the big brown/silver-haired bat group) showed significant change in bat 

passes over the course of my study (Figure 7, Table 3).  

The bat communities varied among the four physiographic regions (Figures 8, 

S2, and S3). In the Appalachian Plateau, the big brown/silver-haired bat species 

group was most recorded from 2011 onward, after little brown bats declined by 44% 

in the first year. In the Ridges region, eastern red bats were the highest recorded 

species for most years, although this varied year to year; the big brown/silver-haired 

group was occasionally higher. Although the Piedmont was not surveyed until 2014, 

the big brown/silver-haired bat grouping was over a third of all bat passes, at 38% 

during the first year. Their passes dropped during 2016-2018 then increased to 49% 

of recorded passes in 2019. Eastern red bats in this region were recorded much more 

frequently than hoary bats across all survey years. On the Coastal Plain, eastern red 

bats comprised between 43% and 50% of all bat passes each year, far more than any 

other species. Overall, bat abundances across the study period were not significantly 

different between the Appalachian Plateau and the Ridges regions. Bat numbers were 

significantly higher in the Piedmont Plateau, and lower in the Coastal Plain in 

comparison to the Appalachian Plateau (Table 3). 
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Discussion 

My results indicate a major shift in bat species composition in the decade 

following the arrival of WNS in Maryland, due to a near complete loss of four cave 

bat species. In the summer of 2010, following the first detection of WNS in 

Maryland, nearly a third (31.4%) of all bat passes were little brown bats. Ten years 

later, little brown bats were detected very rarely, at only 0.47% of all bat passes. This 

resulted in a higher percent of overall calls coming from the remaining species, 

though population trends for hoary, eastern red, and big brown/silver-haired bats did 

not significantly change.  

By conducting mobile surveys while moving at a relatively constant 32 kph, 

each bat pass should be a unique bat, as the vehicle speed is faster than the flight 

speeds of most bats. Reported average flight speeds include 18 kph for little brown 

bats, 17.2 kph for big brown bats (Hayward and Davis 1964). 24.1 kph for hoary bats, 

and 27.7 for eastern red bats (Salcedo et al. 1995). However, I acknowledge that 

multiple detections of a single bat are possible where a route doubles back near itself 

(e.g., the southeastern section of the Hancock-Clear Spring route; Figure 3), or when 

driving slowly through intersections or along lengths of rough road which 

necessitated slower travel.  

Another potential bias is the limitation of surveying along roadways. Some 

species, such as big brown bats, may use roads to travel and/or feed, concentrating 

activity and increasing detections (Hein et al. 2009). Conversely, the northern long-

eared bat is a forest-interior species (Kurta 1995) and may be less likely to feed along 

forest edges created by roads. Combined with this species’ relatively quiet call (Faure 
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et al. 1993), these factors could contribute to relatively fewer detections. Finally, the 

AR125 only detects bats flying within approximately 100 m of the microphone 

(http://binaryacoustictech.com/Web%20design%202/3%20Downloads/Doc/AR125%

20Product%20Specification.pdf, accessed 1 October 2022). The exact limit of 

detection distance varies based on wind speed, humidity levels, and direction the bat 

is facing relative to the detector. High-flying bats, including hoary bats which often 

fly above tree top height (Kurta 1995), are less likely to be detected, and therefore 

may be underrepresented in surveys conducted along routes with heavy forest cover. 

Despite these potential biases, trends in calls of individual species through time are 

likely to be robust at a given location, as the same roads were used in each survey 

year. 

The observed decrease in cave bats was expected and is almost certainly 

indicative of mass mortality following the arrival of WNS. Unfortunately, there was 

no evidence of recovery during this period, only a continual decline for these species.  

The echolocation group of big brown bats and silver-haired bats showed no 

significant population changes over the decade post arrival of WNS. However, as the 

two species’ calls are combined in this dataset, I cannot say whether either one 

experienced any change in population. Big brown bats are susceptible to WNS, 

though at lower levels than other species (Frank et al. 2014). Thus, it is likely they are 

maintaining a presence on the landscape. Alternatively, a decrease in big brown bats 

could be masked by an increase in silver-haired bats, which are not susceptible to 

WNS, but are one of the species most often killed at wind turbines (Arnett et al. 

2008). Conducting hibernacula surveys of big brown bats may be one potential way 
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to disentangle the acoustic survey results. If big brown bats are surviving in 

hibernacula, they are also likely present on the landscape during the summer.  

Several factors may be influencing the eastern red bat and hoary bat 

populations, including the presence of wind turbines and decreasing interspecific 

competition for prey. The same year that WNS was first detected in Maryland also 

saw the first industrial-scale wind-energy facility come online in the state (though 

there were already wind farms active in nearby states beginning as early as 2002). 

Turbines on the forested ridges of the Appalachian Mountains have been documented 

to have among the highest mortality rates, up to 70 bats per turbine per year (Arnett et 

al. 2008). Most of the mortality, however, happens during fall migration, while these 

surveys were conducted during bats’ summering season. Based on stable hydrogen 

isotope data from bat hair, ~43% of eastern red bat mortality at western Maryland 

turbines was from individuals that summered locally, compared to ~99% of hoary bat 

mortalities coming from individuals that summer locally (Pylant et al. 2016). Even 

with these high local mortality levels, hoary bat population levels did not decrease 

across the study period. 

A change in prey abundance and competition may explain why eastern red 

bats and hoary bats were able to maintain stable populations, even with wind energy 

mortality of individuals summering locally. Dietary studies have shown the bats of 

North America overlap greatly in their insect prey (Brack and Whitaker 2001; Carter 

et al. 2003; Clare et al. 2009; Dodd et al. 2012; Feldhamer et al. 2009). With the 

disappearance of the cave bat species, the remaining bats on the landscape may be 

experiencing reduced interspecific competition for food sources. Alternatively, it is 
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possible that insect prey are not more abundant even with the decrease in cave bats. 

Due to causes such as climate change, pesticide use, and habitat loss, declines in 

overall insect abundance have been reported around the world (Goulson 2019), and 

could certainly be the case in Maryland.  

Other acoustic studies have measured changes in bat activity after the arrival 

of WNS. Mobile surveys across Ohio detected no significant change for hoary bats, 

but unlike my findings, eastern red bats decreased (Simonis et al. 2020). Stationary 

surveys in Massachusetts documented a 72% decline in overall bat activity in the four 

years post arrival of WNS, with no significant changes in hoary or eastern red bats 

(R. T. Brooks 2011). Stationary acoustic surveys in New York detected an increase of 

hoary bat activity post arrival of WNS, but no significant change in eastern red bat 

activity (Jachowski et al. 2014; Nocera et al. 2019). Conversely, eastern red bats 

increased significantly during mist-net surveys in Kentucky post arrival of WNS 

(Thalken et al. 2018). The conflicting results of various surveys in different states 

could indicate a regional effect of habitat, differing interspecific competition, local 

effects of wind-energy mortality, or other unknown variables. Overall, many 

interesting questions remain about the interspecific species interactions and specific 

influences of habitat, including distance to turbines. Regular re-surveying of the same 

routes would also be valuable in understanding and monitoring long-term changes in 

Maryland’s bat populations. 
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Tables 

Table 1. Length and location of each bat acoustic survey route in Maryland. 

Route Length County Physiographic  

 Kilometers Miles  Region 

1.) Friendsville-Grantsville 38.8 24.1 Garrett Appalachian Plateau 

2.) Cranesville-Bittinger 33.9 21.0 Garrett Appalachian Plateau 

3.) Swallow Falls-Swanton 41.0 25.5 Garrett Appalachian Plateau 

4.) Southernmost Garrett 39.0 24.3 Garrett Appalachian Plateau 

5.) Finzel-Westernport 38.8 24.1 Garrett Appalachian Plateau 

6.) Cumberland-Flintstone 32.7 20.3 Allegany Ridge and Valley 

7.) Green Ridge-Hancock 39.5 24.5 Allegany/Washington Ridge and Valley 

8.) Hancock-Clear Spring 32.8 20.4 Washington Ridge and Valley 

9.) Hagerstown 37.9 23.5 Washington Ridge and Valley 

10.) Catoctin Mountain 36.3 22.6 Frederick Blue Ridge 

11.) Prettyboy Reservoir 30.8 19.1 Baltimore Piedmont Plateau 

12.) Rocks-Susquehanna 45.1 28.0 Harford Piedmont Plateau 

13.) Poolesville 32.3 20.0 Montgomery Piedmont Plateau 

14.) Huntingtown 41.5 25.8 Calvert Coastal Plain 

15.) Leonardtown 39.4 24.5 St Mary’s Coastal Plain 

16.) Kent County 39.0 24.2 Kent Coastal Plain 

17.) Federalsburg 38.0 23.7 Caroline/Dorchester Coastal Plain 

18.) Pocomoke City 38.6 24.0 Somerset/Worcester Coastal Plain 
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Table 2. Competing bat activity (passes per minute) models for predicting species population changes, 2010-2019. I ranked models 

based on Akaike's Information Criterion (AIC). 

Model AIC ∆AIC 

(0 + year|species) + (1|species) + (1|route) + year*group + region*group -2526.14 0 

(0 + year|species) + (1|species) + (1|route) + year*group + region -2294.68 231.456 

(0 + year|species) + (1|species) + (1|route) + year*group -2286.6 239.54 

(0 + year|species) + (1|species) + (1|route) + year + group + region -2286.55 239.592 
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Table 3. Generalized linear mixed model results. WNS-affected bats include little brown bat, northern long-eared bat, small-footed 

bat, and tricolored bat. Model includes a year-by-group interaction and a region-by-group interaction. Random intercept terms were 

species and route; the random slope term was species. The big brown/silver-haired bat group was the reference species, and reference 

region was the Appalachian Plateau. 

 Estimate 
Std. 

Error z-value p-value Significance 

Intercept -1.190 -0.625 -1.906 0.057  
Year -0.001 0.217 -0.004 0.997  
Eastern red bat -0.767 0.878 -0.873 0.383  
Hoary bat -1.024 0.879 -1.166 0.244  
WNS-affected -3.593 0.698 -5.148 0.000 *** 

Coastal Plain -0.429 0.134 -3.209 0.001 ** 

Piedmont Plateau 0.569 0.141 4.019 0.000 *** 

Ridges -0.088 0.118 -0.743 0.457  
Year:Eastern red bat 0.098 0.307 0.319 0.750  
Year:Hoary bat -0.001 0.308 -0.004 0.997  
Year:WNS-affected -1.139 0.249 -4.580 0.000 *** 

Eastern red bat:Coastal Plain 1.609 0.123 13.103 <0.001 *** 

Hoary bat:Coastal Plain 0.109 0.156 0.698 0.485  
WNS-affected:Coastal Plain -0.125 0.206 -0.609 0.543  
Eastern red bat:Piedmont Plateau 0.314 0.131 2.403 0.016 * 

Hoary bat:Piedmont Plateau -0.311 0.156 -1.998 0.046 * 

WNS-affected:Piedmont Plateau 0.038 0.184 0.206 0.837  
Eastern red bat:Ridges 0.893 0.097 9.169 <0.001 *** 

Hoary bat:Ridges 0.359 0.108 3.316 0.001 *** 

WNS-affected:Ridges 0.270 0.100 2.701 0.007 ** 
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Figures 

 
Figure 1. Current on-shore industrial wind-energy projects in and near Maryland (Hoen et al. 2018, version 5.2, August 2022). 



 

79 

 

 
Figure 2. Maryland’s Physiographic Regions. Map source: http://www.mgs.md.gov/geology/index.html, accessed 1 October 2022. 

 

http://www.mgs.md.gov/geology/index.html
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Figure 3. Locations of eighteen bat survey acoustic routes located throughout Maryland. 
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Figure 4. Photo of an ultrasonic microphone and safety light, magnetically mounted on the roof of a vehicle.
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Figure 5. Example spectrograms of bat calls. Above: northern long-eared bat (Myotis 

septentrionalis) recorded along the Rocks-Susquehanna Route. Below: eastern red bat 

(Lasiurus borealis) recorded along the Green Ridge Route. X-axis is time in 

milliseconds, Y-axis is frequency in kHz.  
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Figure 6. Predicted activity (bat passes per minute), by species group, using a generalized linear mixed model. Shaded areas represent 

95% confidence intervals. WNS-affected species include little brown bats, eastern small-footed bats, northern long-eared bats, and 

tricolored bats. 
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Figure 7. Bat passes per minute (mean and standard error) across Maryland for all 18 routes combined, 2010–2019. The vertical dotted 

line indicates the that year routes 9–18 were added.  
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Figure 8. Bat passes per minute (mean and standard error) in the four physiographic regions of Maryland, 2010–2019. The vertical 

dotted line indicates the year that routes 9–18 were added.
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Supplementary Figures 

 
Figure S1. Histogram of bat passes per minute for all 10 years combined, showing a 

zero-inflated (34 % zeroes) dataset. Thus, a Tweedie distribution was used with the 

generalized linear mixed models.  
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Figure S2. Bat passes per minute by year for the eight western routes, 2010 – 2019.  
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Figure S3. Bat passes per minute by year for routes 9-18, 2014 – 2019. Note the 

larger y-axis for Prettyboy Reservoir and Rocks-Susquehanna State Parks routes. 
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Chapter 5:  Conclusions 
 

Bat populations face multiple threats to their continued survival. White-nose 

syndrome has devastated several species of cave bats (Blehert et al. 2009), and long-

distance migratory tree bats are killed in great numbers each year at industrial wind-

energy sites (Arnett et al. 2008; Arnett and Baerwald 2013). Despite this, the true risk 

to bat populations cannot be quantified without knowledge of basic demographic 

information, which is lacking in many species (Frick et al. 2017). In this dissertation, 

I used genotyping-by-sequencing and acoustic surveys to address the following 

questions: What is the range-wide population structure and effective population size 

of hoary bats (Lasiurus cinereus), silver-haired bats (Lasionycteris noctivagans), 

eastern red bats (Lasiurus borealis), Indiana bats (Myotis sodalis), and gray bats 

(Myotis grisescens)? Can a current Ne/Nc ratio be calculated for the two cave bat 

species (Indiana and gray bats), given their relatively well-censused populations? 

Finally, what are the trends in abundance and community composition of bats in 

Maryland in the decade post-WNS? 

In Chapter 2, I evaluated range-wide population structure and effective 

population size for three tree bat species. I used genotyping-by-sequencing (GBS) to 

genotype SNPs from 173 hoary, 113 eastern red, and 89 silver-haired bats from 

locations spread across the species’ ranges. Hoary bats and eastern red bats showed 

no geographic structure in genetic diversity, suggesting a panmictic population 

structure. In contrast, silver-haired bats displayed longitudinal genetic variation. The 

best-fit coalescent model included long-term increasing populations on an 
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evolutionary timescale and suggested that eastern red bats had the largest Ne, 

followed by hoary bats, and then silver-haired bats. 

In Chapter 3, I applied the same GBS methods to two federally-endangered 

cave bat species: Indiana bats and gray bats. These species have been censused at 

winter hibernacula sites, so census population size is better understood than for most 

bat species. I genotyped SNPs from 45 Indiana and 47 gray bats from across their 

ranges. Linkage-disequilibrium methods were unable to successfully calculate a 

current Ne (confidence intervals included infinity), thus I could not generate an Ne/Nc 

ratio. Indiana bats showed no genetic structure, whereas gray bats displayed east-west 

population variation, separated by the Mississippi River Valley. 

In Chapter 4, I designed, conducted, and analyzed a decade of annual mobile 

acoustic surveys in Maryland, immediately after the first detection of white-nose 

syndrome in the state. From 2010 to 2019, my field crews and I completed 344 

routes, resulting in 426 hours of recordings and 24,375 manually identified bat 

passes. To test the effect of year on species abundance, I fit a generalized linear 

mixed model using the tweedie distribution and a log-link function. I detected 

massive declines of little brown bats (Myotis lucifugus), northern long-eared bats (M. 

septentrionalis), eastern small-footed bats (Myotis leibii), and tricolored bats 

(Perimyotis subflavus), at 98.9%, 100%, 92.8%, and 94.1%, respectively. There were 

no trends in hoary or eastern red bat abundances, though eastern red bats comprised a 

larger portion of the bat community in eastern Maryland. 

Overall, this dissertation informs conservation of these threatened bat species 

by: 
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1. Determining that hoary bats and eastern red bats display no range-wide 

geographic genetic structure (i.e., panmixia), whereas silver-haired bats 

have longitudinal population structure.  

2. Confirming that genomics did not detect any population structure in 

Indiana bats, despite previously published evidence of mitochondrial 

clades, indicating that high nuclear gene flow exists in this species. 

Conversely, gray bats show east-west differentiation in genetic alleles, 

separated by the Mississippi River. 

3. Monitoring the population changes of tree and cave bats across the state of 

Maryland in the decade post arrival of WNS. The decline of multiple cave 

bat species did not result in an observable increase of tree bats to fill the 

vacant niche space. 

Future Research 

Given the limitations of effective population size methodology, such as 

linkage-disequilibrium, to constrain a current Ne accurately and precisely, genomics is 

likely not the answer to quantifying recent population declines in bats. It is valuable 

in other ways, however, such as detecting subpopulations and informing the 

management and conservation of genetic diversity. Future genetic work on silver-

haired bats could fill in the mid-continental gap in this dissertation, helping to better 

understand the longitudinal population structure in this species. 

Another potentially informative line of genetic bat research could be a 

continent-wide investigation into all Lasiurus species. The two species researched 

here, hoary bats (Lasiurus cinereus) and eastern red bats (Lasiurus borealis), 
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contained unexplained outlier samples, as well as two potential hybrids. While these 

may simply be contaminated or degraded samples, this did not occur with the three 

non-Lasiurus species in this dissertation. A study incorporating all seven North 

American Lasiurus spp. may uncover patterns of hybridization or introgression useful 

to conservation of these species. 

Perhaps the most promising method to monitor bat population changes is 

through standardized continent-wide acoustic surveys, such as NABat (Loeb et al. 

2015). Acoustic surveys across several states currently present conflicting reports of 

increasing or decreasing trends in tree bat populations (Brooks 2011; Jachowski et al. 

2014; Thalken et al. 2018; Nocera et al. 2019; Simonis et al. 2020). With multiple 

species of cave bats rapidly declining across North America, the fate of other bat 

species remains unclear. Given the vital importance of bats to a healthy functioning 

ecosystem and their role in protecting our agriculture from insect pests, we all have a 

stake in understanding and protecting these nocturnal winged mammals. 
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