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LITERATURE REVIEW 

BAT DIVERSITY 

 Although bats are regarded as cryptic organisms, the order Chiroptera accounts 

for roughly one fifth of all mammal species worldwide; consisting of approximately 

1,300 species. The order Chiroptera contains two sub groups, Megachiroptera and 

Microchiroptera, and 18 different families. These two subgroups are generally referred to 

as “Old World bats” and “New World bats” (Megachiroptera and Microchiroptera, 

respectively). Furthermore, these two groups can be divided based on notable 

physiological and ecological differences such as size and feeding behavior. Old world 

bats can loosely be described as non-echolocating bats and are generally diurnal and 

much larger in size relative to new world bat species. Conversely, new world bats are 

often referred to as echolocating or “whispering” bats and tend to be nocturnal and 

insectivorous. Although, there are exceptions to both cases. Despite the relative 

widespread distribution of bats globally, compared to many other mammals, bat species 

richness increases exponentially with decrease in latitudinal position (McCoy and 

Connor, 1980; Stevens and Willig, 2002). Although bats can be found on every continent 

except Antarctica, the highest level of diversity are found in equatorial tropical 

rainforests (Reis and Muller, 1995; Stevens and Willig, 2002).  The cryptic habits and 

widespread nature of these organisms make them especially difficult to study.  

 The temperate ecosystems present in North America produce a much lower 

overall diversity of bat species. There are roughly 47 bat species that range across the 

United States and Canada, all of which are within the subgroup Microchiroptera 

(Fleming, 1973). Within North America the highest level of diversity can be observed in 

the southwestern regions of the U.S. where species richness can reach up to 27 

individuals (O’shea et al., 2003; Feldhammer et al., 2003). Despite the lack of relative 

taxonomic diversity in North America, there is a high functional and ecological diversity 
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present. It is understood that bats exhibit widespread distribution and high levels of 

functional diversity across all ecosystems (Stevens and Willig, 2002; Stevens et al., 

2003). Within the U.S., bat populations are often loosely placed into two regional 

categories eastern species and western species. The Mississippi river is commonly the 

delineator for these two regions. Of the 47-species found in the U.S., the highest species 

richness can be observed in the far southwestern states (i.e. Arizona, New Mexico, 

California) (O’Shea et al., 2003; Feldhammer et al., 2003). Overall, both taxonomic and 

functional bat diversity in the U.S. is higher in the west than the east. In the eastern U.S. 

there are roughly 20 species found throughout the region, all of which are insectivorous 

and are within the families Vespertilionidae and Mollosidae. In the Midwestern portion 

of the U.S., specifically the state of Indiana, there are between eight to thirteen possible 

species. Of these species, all are insectivorous and within the family Vespertilionidae. 

The eight most common species found in the state are the eastern red bat (Lasiurus 

borealis), hoary bat (Lasiurus cinereus), silver-haired bat (Lasionycteris noctivagans), 

tri-colored bat (Perimyotis subflavus), big-brown bat (Eptesicus fuscus), little-brown bat 

(Myotis lucifugus), northern long-eared bat (Myotis septentrionalis), and Indiana bat 

(Myotis sodalis).  

Due to such a high diversity and widespread distribution, bats inevitably fill a 

unique ecological role in a vast compilation of ecosystems. The ecosystem services 

provided by bats are often overlooked but are essential to the health of any ecosystem, 

especially with regards to human well-being (Kunz et al., 2011). Such services include 

insect control, seed dispersion, pollination, and many others. Within North America, the 

most essential ecosystem service provided by bats is crop pest control (Kunz et al., 2011). 

As the main predator of night flying insects, bats aid in the reduction of many agricultural 

crop pests and mitigate the transmission of insect borne disease. This influence is 

especially high in areas of the U.S. with high agricultural industry (i.e., Midwest, Plains 
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states). Boyles et al. (2011), estimated that the loss of bats in the United States has the 

potential to result in an $3.7-billion/year economic loss in agricultural resources. 

WHITE-NOSE SYNDROME 

In 2006, a pathogenic fungus known as Psuedogymnoascus destructans was 

discovered in a cave in Schoharie County, NY (Blehert et al., 2009). This fungus is 

believed to be of European origin and is the cause of a disease known as White-nose 

syndrome (hereafter, WNS) (Warnecke et al., 2012; Leopardi et al., 2015). It is believed 

that the fungus was passively introduced by foreign cavers (Frick et al., 2010). This cold-

loving fungus colonizes on the exposed skin of hibernating bats, causing irritation which 

leads to frequent arousal and ultimately dehydration and starvation (Blehert et al., 2009, 

Frick et al., 2010). Eleven species or subspecies of bats that are known to contract WNS, 

five of which have shown recent population declines (Frick et al., 2010); these species 

include little brown bats, Indiana bats, northern long-eared bats, big brown bats, 

tricolored bats, gray bats, Southeastern bats, eastern small-footed bats, Rafinesque’s big-

eared bats, Virginia big-eared bats (Corynorhinus t. virginianus), and Ozark big-eared 

bats (Corynorhinus t. ingens). Of the affected species, three are listed under the 

Endangered Species Act as threatened or endangered. The Indiana bat and gray bat are 

listed as federally endangered and were listed in 1969 and 1976, respectively. Both 

species were listed because of population declines due to human disturbance of 

hibernacula and have since influenced the construction of species recovery plans 

mandated by the USFWS. The northern long-eared bat is the first case of a species listing 

as a direct result from declines seen from WNS. In spring of 2015 the northern long-eared 

bat was listed as federally threatened with population declines upwards of 95 % 

throughout the eastern portion of its range (USFWS, 2015). The declines seen due to 

WNS equate to thorough regulatory constraints on what forest management practices can 

occur.  
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As the initial spread of WNS followed the karst topography throughout the 

Appalachian Mountains, the fungus has now made its way throughout much of the 

eastern and midwestern U.S.; with recent reports of cases in Washington state, 

Oklahoma, and Texas (USGS, 2018). The widespread distribution, long life, and slow 

reproduction in North American bats increase the impacts seen from WNS (Jachowski et 

al., 2014; Silvis et al., 2016). It is estimated that species recovery will be slow (Jachowski 

et al., 2014). The declines observed because of WNS have made research efforts on 

native bat species increasingly more difficult (Reynolds et al., 2016) and have led 

scientists to revert to alternative research methods such as bioacoustics (Francl et al., 

2012). 

BAT ECHOLOCATION AND ACOUSTICS 

 Bat echolocation is highly specialized in all North American bat species. The 

ability to echolocate has provided bats ample opportunity to seize a unique ecological 

niche. As the main predator of night flying insects, bats can navigate and forage solely 

based off sound. The process of echolocation can be defined as the gathering and 

processing of information using reflecting ultrasonic signals (Obrist, 1995). There are 

two main types of bat echolocation, constant frequency calls (CF), and frequency 

modulated calls (FM). The difference in these two mechanisms can be defined by the 

shape, duration, and length of the individual echolocation calls, or “pulses”(Fenton, 2004; 

Murray et al., 2001; Britzke et al.,, 2011). Constant frequency echolocation can be 

defined as the constant emission of ultrasonic pulses through the larynx and nostrils 

(Fenton, 2001). This type of echolocation is mainly seen in old world bat species. 

Frequency modulated echolocation is defined by a sequence of emitted ultrasonic pulses 

that “sweeps” across multiple frequency ranges, providing more detailed information. All 

midwestern bat species exhibit frequency modulated echolocation and have species-

specific echolocation properties. Despite the species-specific nature of FM echolocation, 
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associated call structure is highly situational (Barclay, 1999; Fenton, 2001; Murray et al., 

2001; Obrist, 1995; Schnitzler and Kalko, 2012). FM echolocation sequences can further 

be spread into three different types: search phase calls, approach phase calls, and terminal 

feeding buzzes (Murray et al., 2001; Fenton, 2001 and 2004). These three phases of FM 

echolocation define the specific use of each type of pulse emitted and each have unique 

characteristics. As a result, there is much overlap in echolocation call type amongst 

congenerics. This especially causes issues when implementing bioacoustics into bat 

research (Britzke et al., 2011; Silvis et al., 2016). 

 Historically, the main method of conducting bat research included actively 

capturing individuals using mist nets and deploying radio-telemetry systems to study 

habitat interactions (Silvis et al., 2016). Although, following major declines due to WNS 

in the eastern U.S., capture success of WNS affected species has significantly been 

reduced and has therefore lead to the increased use of echolocation detectors in bat 

research. The study of bat echolocation is a relatively new discipline within the field. 

This subfield of bat acoustics began to become more widespread following advancements 

in modern sound recording technologies in the early 1990’s (Griffin, 2004). Today, 

acoustic studies are amongst the most utilized research method to gain sufficient 

information to make management decision in the eastern United States. Acoustic studies 

are also becoming more widely utilized throughout the world and across multiple taxa 

(Miller et al., 2012). This method provides an efficient means for collecting large samples 

of presence-absence data that can often be utilized to elucidate bat habitat interactions.  

 Coupled with sound recording technologies, newly developed echolocation 

identification software’s have made identification of enormous datasets automated. 

Traditionally, manually identifying each call sequence was time and labor intensive, and 

introduced a significant level of bias due to misidentification (Jennings et al., 2009). 

Today software’s utilize complex statistical algorithms trained from example 
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echolocation call datasets to provide estimates of probable species identification. 

Discriminant function analyses (DFA) and neural networks compare individual search 

phase echolocation pulse characteristics to provide a suggested identification (Britzke et 

al., 2011; Parsons and Jones, 2000). Although the utilization of bat echolocation data has 

become widely popular, there are a suite of significant limitations and biases that these 

methods introduce. As mentioned, bat echolocation is highly variable and situational; this 

causes much unrest in both manual and automated identification accuracies (Jennings et 

al., 2009). For this reason, acoustic studies serve as no “golden bullet” solution to bat 

research (Silvis et al., 2016). It is suggested that when combined, mist netting and 

acoustic studies yield the highest probability of collecting sufficient data (Silvis et al., 

2016). To date, many studies have utilized acoustical methods to study various aspects of 

bat ecology including habitat use, social interactions, and foraging behaviors (Pauli et al., 

2017; Hoeh et al., 2017; Silvis et al., 2014). As declines from WNS continue to persist, 

the use of acoustics in bat research will surely grow. 

HABITAT SELECTION 

Factors influencing bat habitat selection are highly flexible and species 

dependent. Species-specific echolocation properties and wing-loading are the two main 

factors that define habitat selection in bats (Fenton, 2001; Kalckounis and Bringham, 

1995). Inter-specific variation in these two properties arguably provide the strongest 

mechanism for speciation within the order Chiroptera. With echolocation as the main 

mechanism for navigation in nocturnal bats, the effect of forest structure on bat habitat 

selection is unsurpassed (Murray et al., 2001; Britzke et al., 2011; Silvis et al., 2016). 

Echolocation properties such as characteristic frequency, slope, and duration strongly 

influence what habitat types bats will occupy (Silvis et al., 2016; Britzke et al., 2011; 

Menzel et al., 2005b; Owen et al., 2004). The relationship between bat echolocation and 

morphology can be considered inverse. It is known that larger bodied bats, such as the 



7 
 

hoary bat, tend to demonstrate lower frequency, less frequent echolocation calls (Fenton, 

2001). Contrarily, smaller bodied bats, such as the northern long-eared bat, demonstrate 

higher frequency, more frequent calls (Aldridge and Rautenbach, 1987; Fenton, 2004). 

The interaction of these two biological factors define many aspects of bat ecology 

including foraging and roosting behavior.  

Seasonality also influences habitat selection in Midwestern bats. Regarding bats, 

variation in season can loosely be split into two categories, winter hibernation or 

migration, and summer maternity season. Of the 12 species that inhabit Indiana, three are 

considered large scale seasonal migrants. Also referred to as foliage roosting species, the 

hoary bat, eastern red bat, and silver-haired exhibit extended bouts of torpor and utilize 

forests throughout the entirety of the year (Bets, 1998; Dunbar and Tomasi, 2006; Willis 

and Bringham, 2005). A key characteristic of migratory bat species is a furred 

uropatagium which allows individuals with a mechanism to retain heat while roosting 

amongst foliage (Shump and Shump, 1982). Migratory bats are often regarded as roost 

generalists, utilizing a wide variety of habitat types (Clare et al., 2009; Constantine, 1966; 

Limpert et al., 2007). Such species will roost in a variety of different structures including, 

but not limited to, mature trees, saplings, human structures, tall grass, and even under leaf 

litter (Constantine, 1966; Dunbar and Tomasi, 2006; Mager and Nelson, 2001). Albeit, 

the mechanisms driving bat migration are poorly understood (Cryan, 2003; Kunz, 2007), 

habitat characteristics remain generally consistent for migratory throughout the entirety 

of the year. Due to the relatively solitary nature of these species, there is little information 

on variation in habitat requirements during reproduction (Saugey et al., 1998).  

Factors driving habitat selection in hibernating bats are much more complex than 

that of migratory species. Although hibernating bats will make regional migrations to 

winter hibernacula, seasonal movements are much more restricted (Silvis et al., 2016; 

Broders et al., 2006; Carter and Feldhammer, 2005). All hibernating bats in the Midwest 
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utilize forests throughout the summer months (Silvis et al., 2016). During the summer 

months, habitat use can be grouped into two main categories, foraging and roosting 

habitat. Furthermore, it has been postulated that bat occupancy is controlled by four main 

habitat variables: forest structure, roost availability, prey abundance, and water 

availability (Hayes and Loeb, 2007). Due to the comparatively small home range and 

seasonal movements, these habitat variables have a stronger influence on cave bat habitat 

selection, specifically within the Myotis genus (Broders et al., 2006; Silvis et al., 2016; 

Carter and Feldhammer, 2005; Menzel et al., 2002). Micro habitat variables including 

distance to riparian areas, forest canopy cover, forest canopy gap, and forest canopy 

height also may play a role in species presence (Ford et al., 2005; Silvis et al., 2016). 

Although, other species-specific characteristics such as foraging strategy and 

reproductive behaviors also influence habitat selection (Silvis et al., 2016; Carter and 

Feldhammer, 2005; Menzel et al., 2002).  

With increasing human population, forest alteration is a major concern for bat 

conservation in the Midwest. Considering recent declines due to WNS (Francl et al., 

2012; Turner et al., 2011) coupled with low reproductive output of these species 

(Jachowski et al., 2014; Silvis et al., 2016), conserving proper roosting habitat is essential 

for the conservation of Midwestern bats (Carter et al., 2003; Elmore et al., 2004; Menzel 

et al., 1997). Bats are especially vulnerable to management activities during the early 

summer months when pups are born (Carter et al., 2003; Elmore et al., 2004). Bats are 

known to utilize a variety of tree species as day roosts and therefore increase risk of 

mortality during early summer timber management operations (Carter et al., 2003; 

Elmore et al., 2004; Menzel et al., 1997; Walters et al., 2006). Thus, proper roosting 

habitat during spring emergence and summer months are key for species survival 

(Thalken and Lacki, 2007).  

FOREST MANAGEMENT AND BATS 



9 
 

Proper habitat management with regards to timber harvesting depends on a 

multitude of factors including type of harvest, size of harvest, retention rates, forest 

community, and many others. With timber sales being an important resource for many 

state and federal agencies, proper forest management planning should consider the effect 

of these harvesting systems on native bat communities (Hanley, 1994; Yates and Muzika, 

2006). The uncertainty of such timber harvesting techniques in the short-term cause a 

disconnect between the understanding of these systems effects on bats and their 

applications from a wildlife management standpoint. As forest management generally 

operates on a long-term landscape scale method, understanding how wildlife responds to 

forestry practices throughout all phases of harvest must be taken into consideration 

(Hanley, 1994; Lacki et al., 2007). This uncertainty can often be attributed to the multi-

faceted management objectives on state and federal lands as well as regional differences 

in tree communities. Historically forest management in the mid-west has been focused on 

timber production (Carman, 2013). Although more recently, forest management has 

incorporated many multi-use objectives including timber production, recreation, water 

resources, and wildlife habitat. The effects of these harvesting systems on the bat 

community in a Midwestern ecosystem is poorly understood and is of great concern when 

managing a forest for bat presence (Silvis et al., 2016; Menzel et al., 2002). It is 

understood that bats will react to different types of harvests based on the species-specific 

biology of the bats present at the site (Kalcounis and Brigham, 1995; Fenton, 2001). For 

example, it is known that the larger bodied bats (i.e., Hoary bat and big brown bat) prefer 

more open foraging habitat, whereas smaller bodied bats prefer more cluttered foraging 

habitat (Menzel et al., 2005a; Owens et al., 2004). Fully understanding how timber 

harvesting techniques impact bat habitat suitability is essential to accurately managing 

the forests and providing bats on the landscape with the best chance of survival.  

Finding a balance between sustainable timber management and bat management 

is a difficult goal, although it is one that can be achieved through understanding the ever-
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changing dynamic of the bat-forest interaction. Several harvesting techniques are 

implemented across Indiana state forest landscape, although historically the main timber 

harvesting technique that occurs on Indiana state forests lands is selection harvesting 

(Carman, 2013; Kalb and Mycroft, 2013). Selection harvesting refers to a broad 

harvesting technique in which both single-tree selection and the creation of small 

regeneration openings or “group openings” and patch cuts may occur (Kalb and Mycroft, 

2013). This type of harvesting technique, although broad, can act as an intermediate 

harvest to tend mature forest stands or also can be implemented as a regeneration method 

to encourage natural regrowth in a stand which can result in a variety of differing stand 

characteristics. Single-tree selection can be prescribed as a “thinning” of a mature forest; 

such thinning events are seen as improvement cuts that allow for increased health and 

production of residual tree species (Swihart et al., 2013). Despite the overarching goals of 

selection harvesting, site and stand specific characteristics and limitations can produce 

varying habitat characteristics throughout the stages of a harvest operation thus 

influencing bat habitat at a site level. Factors influencing the variation in the application 

of harvest methods include the site and stand level characteristics such as the overall 

objective of the operation, stand age, species composition, and stand density, or more 

site-specific factors such as slope, aspect, and soil chemistry (Grieb et al., 2014). 

Therefore, variation in habitat characteristics produced by each harvest technique is 

inevitable. As wildlife managers, recognizing and understanding how forest dynamics 

change throughout any harvest method and identifying the scale at which these dynamics 

influence wildlife habitat selection can be problematic when aiming to manage an 

ecosystem for a specific species (Hanely, 1994; Hansen et al., 1991). With inevitable 

variation associated with harvest types apparent, shedding the harvest method labels and 

referring to all modes of forest management in quantifiable terms allows wildlife 

managers to reach a point of understanding when working with forestry professionals. In 

recent years, forestry practices have become multi-objective, as a result “ecological 
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forestry” techniques aim to minimize the impacts of harvesting operations on ecosystem 

functions (Palik and D’Amato, 2017; Franklin et al., 2007; Seymour et al., 2006). This 

type of ecosystem approach to forest management is essential for future wildlife 

management especially threatened and endangered species are present in managed forests 

(Casazza et al., 2016; Carey and Curtis, 1996) 

As WNS continues to persist throughout the eastern and midwestern U.S., 

regulatory constraints because of species listing will certainly have influence on 

harvesting operations henceforth. For example, in spring of 2015 the northern long-eared 

bat was listed as federally threatened with population declines upwards of 95 % 

throughout the eastern portion of its range (USFWS, 2015). Following the listing of the 

northern long-eared bat, the USFWS established a final 4(d)-Rule which published in the 

Federal Register on January 14, 2016. This rule specifically addresses issues with “take” 

on the listed species. In the context of this rule, take is a multi-faceted term and 

incorporates a variety of actions that may affect the listed species. As the term “take” 

refers to the disturbance of the listed species or its critical habitat, the rule also addresses 

the issue of “incidental take”. “Incidental take” can be referred to as any action of “take” 

that was not purposeful while preforming an otherwise lawful activity (USFWS, 2015). 

Many state and federal agencies throughout these endangered bats ranges have drafted 

documents to avoid any incidental take. For example, the USFWS established guidelines 

on the avoidance of incidental take of the Indiana bat on Indiana state forest lands in 2009 

(USFWS, 2009). This document aids land owners and forest managers in best practice 

when managing forest with known endangered bats present. Similarly, the U.S. Fish and 

Wildlife Service, Bloomington Field Office (BFO) released timber harvesting guidelines 

to avoid potential disturbance on Indiana bat roosting habitat (USFWS, 2009). With the 

progression of WNS showing no signs of decline, the possibility of future listing of other 

affected bat species is of great concern. Forest management practices will continue to be 

limited and regulated in the presence of this disease. An emphasis should be placed on 
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the community wide response to a variety of harvest techniques to insure the continuity 

of bat populations in managed forests.  

OCCUPANCY MODELING 

Properly understanding and interpreting ecological data is undoubtedly a difficult 

task often with severe repercussions at stake. Ecological data are inherently complex. 

Estimating species occurrence has long been of interest within the field of wildlife 

biology (Royle and Link, 2006; Fiske and Chandler, 2011; Miller et al., 2011). 

Accurately making management decisions is especially troublesome when aiming to 

conserve rare or endangered animals (Mackenzie et al., 2002). Occupancy modeling 

provides a mechanism for wildlife managers to interpret presence absence data and 

estimate rates occurrence. The theory behind occupancy modeling in ecology is the 

ability to confidently observe a given species of organism at a site or sites, one or more 

times throughout a sampling period. By this definition, occupancy is related to 

populations or species whereas abundance refers to individuals of a species (Welsh et al., 

2013). Although when utilizing presence absence data in ecological studies, it is 

generally recommended to use occupancy in lieu of abundance (Welsh et al., 2013). 

Because occupancy requires the ability to observe the study organism, detectability of the 

species is very important (Ferguson et al., 2015; Welsh et al., 2013; Mackenzie et al., 

2002).  

Estimating occupancy of organisms when detection probabilities less than one is a 

common issue with ecological data (Ferguson et al., 2015; Mackenzie et al., 2002). 

Accounting for missing observations is important in calculating occupancy and detection 

estimates. Although it has been argued that accounting for non-detection can often 

provide convoluted results (Welsh et al., 2013). Conversely, it is postulated that ignoring 

such detection error can introduce bias (Ferguson et al., 2015). Despite animosity 

between methodology, efforts to incorporate variable detectability is growing within the 
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field of wildlife biology (Fiske and Chandler, 2011; Clement et al., 2014; Miller et al., 

2011; Ferguson et al., 2015; Pauli et al., 2017). Accounting for imperfect detection is 

especially critical in bat acoustic studies (Clement et al., 2014; Pauli et al., 2017; Austin 

et al., in review). The high level of variability seen within bat echolocation (Murray et al. 

2001; Fenton 2001), often lead to high rates of false-positive and false negative 

identification errors (Ferguson et al., 2015, Clement et al., 2014; Silvis et al., 2016). 

False-negative detections refer to instances when a species that is present is not detected; 

inversely, false-positive detections are introduced when species are misidentified 

(Ferguson et al., 2015, Clement et al., 2014; Miller et al., 2011; Miller et al., 2012). To 

avoid biased inference, the use of occupancy models that account for imperfect detection 

and estimate parameters influencing species detection are useful in bat research.  

Efforts to address such issue in ecological modeling have become more popular in 

recent years (Royle and Link, 2006; Miller et al., 2011; Miller et al., 2012; Clement et al., 

2014; Ferguson et al., 2015). Accounting for false-positive and false-negative detections 

can be of great importance when managing rare and endangered species. Employing such 

techniques can provide the most inclusive estimates. False-positive occupancy models 

incorporate species detection histories to model species occurrence and estimate 

parameters influencing these processes (Ferguson et al., 2015; Royle and Link, 2006). 

Detection histories are constructed based on multiple observational occurrence data that 

are combined to determine instances of certain, uncertain, and non-detection of species of 

interest. Such models that incorporate bat acoustic data often compare identified calls of 

two separate identification software (Austin et al., in review; Clement, 2016) or couple 

the data with mist netting records to elucidate species occupancy (Clement et al., 2014; 

Clement, 2016) This method has proven to increase accuracy of estimate compared to 

general occupancy models although more intensive sampling and development is 

required. 
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ABSTRACT 

Timber harvesting is an essential tool for bat habitat management on both public 

and private lands. Despite a long history of timber harvesting and forest management in 

the Midwest, there is a paucity of information regarding the immediate and long-term 

effects of these practices on forest dwelling bat species. To better understand the 

ecological consequences of harvesting practices on the bat community, we acoustically 

surveyed 108 sites across the Morgan-Monroe and Yellowwood state forests in southern 

Indiana during the 2016-2017 summer seasons (May-August). As part of the Hardwood 

Ecosystem Experiment, a long-term (100 yr.) ecological study, we used paired random 

sampling techniques to survey bat occupancy in three different harvest types including 

clearcuts, shelterwoods, and single-tree selection, as well as in intact forest stands. 

Echolocation calls were recorded using Wildlife Acoustics SM2+ echolocation detectors 

and calls were classified using Bat Call ID v.2.7D (BCID) and Echoclass v.3.1. We 

recorded between 24,552-37,672 bat calls, of which we classified 14,039-19,690 to 

specific species depending on automated classifier. We used single-season false-positive 

occupancy models to estimate bat occupancy across a gradient of harvest intensity for 

single species as well as relative call frequency groups. Indiana bats (Myotis sodalis), big 

brown bats (Eptesicus fuscus), little-brown bats (Myotis lucifugus), and eastern red bats 

(Lasiurus borealis) showed negative relationships with increasing basal area while 

northern long-eared bats (Myotis septentrionalis) showed positive relationships with 

increasing basal area. Predictors of bat occupancy varied across species and included 

basal area, distance to nearest road, and distance to nearest wildlife pond. Overall, we 

found differences in occupancy in forest stands differing in basal area and limited 

evidence that occupancy is better predicted by single-species models than by frequency 

group models. Our results can be used to aid in future management decisions regarding 

the effects of timber harvesting on the bat community. 
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INTRODUCTION 

In recent years, there has been a heightened focus on the interaction between bats 

and forest management, specifically regarding prescribed fire (Boyles et al. 2006; 

Armitage and Ober, 2012; Johnson et al., 2009; Austin et al., 2018, in press). Despite this 

interest in forest management effects, there is still uncertainty regarding the immediate 

and long-term impacts of forest management activities on bat populations, making 

management decisions increasingly more difficult considering recent population declines 

from white-nose syndrome (WNS) (Silvis et al., 2016b; Blehert et al., 2009). Compared 

to the effects of prescribed fire, there has been less emphasis placed on impacts resulting 

from timber harvesting, especially in the Midwest (Titchnell et al., 2011; Nodler, 2016; 

Silvis et al., 2016a; Caldwell, 2015). Timber harvesting is an essential management tool 

that provides necessary resources to manage and maintain forest productivity for both 

public and private entities. If conducted properly, these harvesting operations can mimic 

natural disturbances on the landscape (Seymour et al., 2002). Such harvesting regimes 

ultimately affect bat habitat characteristics and likely influence habitat selection within 

the larger bat community (Pauli et al., 2015; Silvis et al., 2016b; Loeb and Waldrop, 

2008; Adams et al., 2009). 

 Traditionally, it is regarded that smaller bodied species with low wing loading 

tend to utilize more “cluttered” habitats, whereas larger bodied species with high wing 

loading tend to forage in more “open” habitat types (Norberg and Rayner, 1987). Some 

authors have suggested that these two factors fully define bat habitat selection (Aldridge 

and Rautenbach, 1987; Norberg and Rayner, 1987; Fenton et al., 1995); however, recent 

work suggests habitat selection may be affected by other factors (Arlettaz, 1999). For 

example, several studies have showed smaller bodied bats with high frequency 

echolocation selecting for forest edges openings, and open forests, contradicting 

preconceived notions regarding habitat selection based solely on body size and 
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echolocation properties (Caldwell, 2015; Patriquin and Barclay, 2003; Yates and Muzika, 

2006; Silvis et al., 2016b; Titchnell et al., 2011). The interaction of wing loading and 

echolocation do not fully determine the mechanisms of bat habitat selection, rather they 

may determine the tolerance for habitat types that bats utilize and the ability to exploit 

resources in their preferred habitats.  Therefore, predictions regarding bat habitat use in 

based solely on body size and echolocation properties may misguide management 

actions. 

Forest management in the United States has historically been focused on timber 

production (Carman, 2013; Hurtt et al., 2006). After heavy clearing of most Midwestern 

forests in the later 19th and early 20th centuries there are only remnant old growth forests 

left (Carman, 2013). However, in modern times, sustainable forest management in the 

Midwest has since been regarded as a management priority for many public and privately 

managed forests (Seymour et al., 2006). In recent years, forestry practices have become 

multi-objective, as a result “ecological forestry” techniques aim to minimize the impacts 

of harvesting operations on ecosystem functions (Palik and D’Amato, 2017; Franklin et 

al., 2007; Seymour et al., 2006). This type of ecosystem approach to forest management 

is especially important when threatened and endangered species are present in managed 

forests (Casazza et al., 2016; Carey and Curtis, 1996). As regulatory constraints resulting 

from species listing are sure to continue, determining the least adverse method of 

harvesting on wildlife resources is required for sustainable harvesting practices on public 

and private lands. 

With several midwestern bat species exhibiting major population declines in 

recent years due to WNS (Blehert et al., 2009), identifying the impacts of timber 

harvesting techniques on regional bat populations has become more important for future 

habitat management activities (Titchnell et al., 2011; Silvis et al., 2016b). White-nose 

syndrome was first discovered in Indiana in 2011 (USGS, 2018), and since has decimated 
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populations of several native species. Selection harvesting is the main method of timber 

harvesting for many private and public forests in the Midwest, including Indiana state 

forests (INDNR-DoF, Silvicultural Guidelines, 2008). Selection harvesting refers to a 

broad harvesting technique in which both single-tree selection and the creation of small 

regeneration openings or “group openings” and patch cuts may occur (Baker and Hunter, 

2002; Kalb and Mycroft, 2013). There are few studies that have focused on the impacts 

of selection harvesting on bat populations (Jung et al., 2004; Lloyd and Goldingay, 2006; 

Perry and Thill, 2007; Patriquin and Barclay, 2003), especially single-tree selection 

harvests (Vanderwell et al., 2009). Inherent variation in the application of timber 

harvesting techniques result in differing habitat characteristics within the same 

“category” of harvest type, which may introduce much variation when relating bat 

presence to type of harvest (Silvis et al., 2016b). It is also common for studies to use 

relative retention levels to describe post-harvest conditions that are only relevant to 

specific study areas (Titchnell et al., 2011; Silvis et al. 2016a). Quantifiable 

measurements of forest structure and composition such as basal area coupled with harvest 

type may yield more precise results when applying these systems in bat management.  

There have been several studies of bat activity in harvested forests in the Midwest 

and eastern United States (Silvis et al., 2016a, Titchnell et al., 2011, Caldwell, 2015; 

Menzel et al., 2002); however, fewer studies have focused on bat occupancy in managed 

forests in the Midwest (Pauli et al., 2017; Pauli et al., 2015; Starbuck et al., 2015; Yates 

and Muzika, 2006). Occupancy modeling permits the use of repeated presence-absence 

sample data to deduce habitat interactions and estimate the probability of site occupancy 

while also estimating the probability of detection (Mackenzie et al., 2002; Pauli et al., 

2017). Because acoustically collected data can be subject to false-positive and false-

negative detection errors (Ferguson et al., 2015; Clement, 2016), we incorporated false-

positive occupancy models developed by Mackenzie et al. (2006), to estimate species 

occurrence within different timber harvest treatments in our study area.  
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Our objectives for this study were to 1) identify species-specific occupancy across 

a gradient of harvest intensity; 2) elucidate important habitat and landscape 

characteristics for bat habitat selection in Morgan-Monroe and Yellowwood state forests 

(hereafter, MMSF and YWSF); and 3) compare bat occupancy estimates between species 

and call frequency groups. We predicted that 1) Smaller bodied bats (i.e., Indiana, 

northern-long eared, tri-colored, and little-brown) would occupy harvested areas that 

include higher residual basal area rather than openings that do not include residuals 

whereas, larger bodied bats (i.e., hoary, big-brown, silver-haired, eastern red) and would 

occupy harvested forests with low residual basal area 2) we predicted that stand basal 

area would be a better predictor of smaller bodied bat occupancy, and landscape variables 

would be better predictors of larger bodied bat occupancy; 3) we predicted that our low 

and mid frequency group models would not better predict habitat use than our single 

species models, while our Myotis frequency group model would better predict bat habitat 

use than our single-species models.   

STUDY AREA  

This study was conducted as a part of the Hardwood Ecosystem Experiment 

(hereafter, HEE; Swihart et al., 2013), in south-central Indiana (Figure 1). The HEE falls 

within the Brown County Hills section of the Highland Rim Natural Region (Homoya et 

al., 1985). This area predominantly consists of limestone, shale, and sandstone bedrock 

with rolling topography. Forests on state forest lands generally consist of upland 

hardwood, oak (Quercus sp.) and hickory (Carya sp.) dominated landscapes. American 

beech (Fagus sp.), sugar maple (Acer saccharum), and tulip poplar (Liriodendron 

tulipifera) are also abundant in the area.  

Our study was conducted within the HEE experimental silviculture treatment 

areas as well as within other adjacent state forest lands that had been historically subject 

to single-tree selection harvesting (>15 years earlier).  In 2016 and 2017 (May 20 to 
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August 12) we used echolocation detectors to monitor for bat presence in four different 

harvest types. Sampling occurred within three even-aged management units as well as 

within six recent (<5 years since harvest) single-tree selection tracts on state forest lands. 

Each even-aged management unit ranged from 78-110 hectares and single-tree selection 

tracts ranged from 35-57 ha. Each even-aged management unit consisted of four 4-ha 

harvest areas including two clearcut harvests and two shelterwood harvests (6 

shelterwood, 6 clearcuts total; Kalb and Mycroft, 2013).  

Harvesting in even-aged management units occurred during the winter of 2008-

2009. Clearcut harvests were conducted by felling all trees >2.5 cm diameter at breast 

height (dbh) (Kalb and Mycroft 2013). Shelterwood harvests were conducted using a 

three-stage method (Smith et al. 1997; Kalb and Mycroft, 2013). Shelterwood preparatory 

cuts (first stage) occurred during the winter of 2008-2009 by removing any mid-story and 

understory non-oak stem <25.4 cm dbh but not lowering stand basal area to below 

13.8m2/ha (Kalb and Mycroft, 2013). Shelterwood-establishment harvests (second stage) 

took place during the winters of 2015-2016 and 2016-2017 and removed poorly formed 

canopy and sub-canopy trees and reduced stocking to a basal area of 13.8-16.1m2/ha 

(Kalb and Mycroft, 2013). Due to harvesting delays, two of the six shelterwood units 

remained in the first stage (preparatory cut) during our first sampling season (2016): 

however, all six had received an establishment harvest by the start of our second season 

(2017). Single-tree selection harvests occurred during the winter of 2013-2014 and 2015-

2016 and were prescribed as intermediate treatments to improve growing conditions of 

residual trees (INDNR-DoF, Silvicultural Guidelines, 2008). Bat mist netting surveys 

have consistently occurred on HEE property since its inception in 2006. The results of 

these efforts determined the eight-species included in our analyses (Sheets et al., 2013). 

The bat species found within our study area include the northern long-eared bat (Myotis 

septentrionalis), Indiana bat (Myotis sodalis), little-brown bat (Myotis lucifugus), tri-

colored bat (Perimyotis subflavus), big-brown bat (Eptesicus fuscus), eastern red bat 
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(Lasiurus borealis), silver-haired bat (Lasionycteris noctivagans), and hoary bat 

(Lasiurus cinereus) (Whitaker et al., 2007; Sheets et al., 2013). 

METHODS 

Site Selection  

 We used paired random sampling to monitor bat occupancy in four different 

treatments including unharvested forest, single-tree selection harvests, shelterwood 

harvests, and clearcut harvests. Harvest treatment sites were paired with control sites that 

were in adjacent unharvested forests. Using ArcGIS v. 10.5.1 (ESRI, 2011), we deployed 

randomized points within each harvest area. Points within treatment areas were restricted 

to 30 meters from harvest boundaries and other points based on the suggested recording 

distance of SM2+ echolocation detectors (Frick, 2013; Britzke et al., 2013). Control 

points were in adjacent uncut stands 500-m away in a random direction from each 

treatment point to obtain control samples; candidate detector locations that fell within the 

harvest unit or on private property were discarded. Distance from treatment points to 

paired control points was based on suggested home-range size of northern long-eared bat 

(Broders et al., 2006; Owens et al., 2003; Lacki et al., 2009). While this permits the 

possibility of multiple detections at different sites of the same individual within sampling 

periods, detectors were placed far enough apart to assure each detection was associated 

with the treatment a bat was using.  

Acoustic Monitoring and Call Identification 

From May 20-August 11, 2016 and 2017 we acoustically sampled 108 sites (648 

detector nights) for bat presence. We collected echolocation calls at 54 harvest treatment 

sites each season (18-shelterwood, 18-clearcut, 18-single-tree) and 54 intact “control” 

sites. We sampled the same locations in both seasons; in 2017, we sampled sites in 

reverse order to account for seasonal variation in bat activity (e.g., volant young of the 
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year). Echolocation calls were collected in full spectrum using SM2BAT+ detectors and 

SMX-US microphones (Wildlife Acoustics, Inc; Concord, Massachusetts, USA). Each 

acoustic detector operated for three consecutive nights from dusk to dawn and recorded 

calls in WAV file format (sampling rate: 192 kHz, gain: 36 dB, dig HPF: fs/12, dig LPF: 

Off, trigger level: 18 SNR, trigger win: 2.0 s, div ratio: 16). The omnidirectional 

microphones were elevated to a height of six meters using two lengths of 3-m PVC 

conduit pipes held upright by three tie-off ropes. We used 10-m cable which ran through 

the PVC pipes and connected to the detector at the base of the pole. At the apex of the top 

pipe the microphones were extended away from the PVC apparatus by a 1.2-m wooden 

dowel rod, perpendicular to the PVC pipe, to minimize acoustic reverberation from the 

PVC piping (Caldwell, 2015). Wind socks were placed over microphones which hung 

down from the dowel to avoid waterlogging and recording interference. 

We used Bat Call ID version 2.7d (BCID) (Allen, 2012) and Echoclass version 

3.1 (species set 2 ID package; Eric Britzke, U.S. Army Engineer Research and 

Development Center, Vicksburg, Mississippi, United States) to automatically identify 

calls to species and construct species detection histories. Both automated classifiers have 

been approved by the U.S. Fish and Wildlife Service for summer Indiana bat surveys 

(USFWS, 2017). We programmed BCID to limit identifications to sequences containing 

a minimum of five pulses with a 50% minimum pulse agreement for species level ID, 

50% minimum pulse agreement to frequency group ID, and a 0.25 minimum 

identification probability for species ID. Default filters and settings were used for 

Echoclass; we excluded calls classified by Echoclass as eastern small-footed (Myotis 

leibii) due to a lack of capture data in the past decade for this species in historic HEE 

netting records (Sheets et al., 2013). Species selection was restricted to eight common 

species on the study site and were based off historic mist-netting capture data (Sheets et 
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al., 2013). Species included in identification were eastern red bat, hoary bat, silver-haired 

bat, tri-colored bat, big-brown bat, little-brown bat, northern long-eared bat, and Indiana 

bat. We manually vetted a subset of calls classified as Myotis sp. and Hoary bats using 

AnalookW 4.2g (Corben, 2016) to ensure that misidentifications of non-bat calls (i.e. 

noise, insects, etc.) were not prominent in our dataset (Austin et al., 2017, in review).  

Due to the high variability in bat echolocation calls (Murray et al., 2001; Britzke 

et al., 2011), we also classified bat calls for three different frequency groups based on 

similar echolocation frequencies. Frequency groups consisted of Myotis sp. (Indiana bat, 

northern long-eared bat, and little-brown bat), mid-frequency bats (eastern red bat and tri-

colored bat), and low-frequency bats (big-brown bat, hoary bat, and silver-haired bat) and 

are based off similarities in characteristics frequency of echolocation calls by these 

species. 

Environmental Variables 

Habitat was characterized at each acoustic deployment site were collected using 

the quadrant method in 400 m2 plots (Cottam et al., 1953). Habitat characteristics 

included density, species, diameter at breast height (dbh), and crown class, which was 

estimated for all trees within each plot. We also calculated density of understory stems 

within each plot by estimating the number of woody stems <1.3 m in height and <1 cm 

dbh in each sub-quadrant of the plot and averaging. Because crown position can be 

difficult to reclassify (Nicholas et al., 1991), we split crown classes into three categories: 

dominant, mid-story, and understory. Crown class was determined by the relative stature 

of and amount of sunlight received by each tree (Nicholas et al., 1991). Canopy closure 

was visually estimated in each cardinal direction and averaged for each plot. Basal area 

was calculated for each site and expressed in meters squared per hectare. Clearcut 

harvests had undergone seven growing seasons at the start of study (Kalb and Mycroft, 
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2013), and were within the stand initiation phase during our study, resulting in extremely 

dense regenerating saplings. Because bats are expected to forage above the dense 

regenerating saplings, and our microphones were present above the regeneration, we 

chose to classify basal area of our clearcut samples as zero. This was based off the idea 

that all species of bats are unable to penetrate beneath the canopy layer of clearcut areas 

due to the extreme clutter which biologically equates to a basal area of zero. Landscape 

variables included distance from each detector to the nearest waterhole and to the nearest 

road feature. Waterholes are man-made ponds present throughout MMSF and YWSF and 

are generally smaller than 10-m in diameter. Road features included both gated access 

roads, and paved or gravel roads. Spatial data for paved road features were obtained 

through the 2017 national TIGER census data (U.S. Census Bureau, 2017), data for 

logging and gated access roads were provided by the INDNR (G.S. Haulton, unpublished 

data).  

Occupancy Modeling  

 Due to the fact bat echolocation calls are highly variable and subject to 

misidentification by automated software (Russo and Voigt, 2016; Britzke et al., 2013; 

Clement et al. 2014; Ford, 2014), such data may contain high rates of false-positive 

and/or false-negative identification errors. Misidentification errors can also occur during 

manual identification of bat calls, ultimately introducing some degree of bias in bat 

acoustic studies (Jennings et al., 2008; Silvis et al., 2016; Clement et al., 2014). While it 

is common for occupancy models to account for false-negative detection errors, they 

typically do not account for instances of false-positive detections (Miller et al., 2011; 

Welsh et al., 2013). To account for false-positive detections, we used the method 

developed by Royle and Link (2006), which accounts for both false-negative and false-

positive detection errors. Clement et al. (2014), used this method with data from bat mist 

net captures paired with acoustic detection. Although Clement (2016), suggests the use of 
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a single survey method when incorporating false-positive occupancy models yield more 

accurate estimates. Therefore, we constructed detection histories with only acoustic data 

and two automated classification programs. Detection histories consisted of three 

possible types of detection: non-detection, uncertain detection, and certain detections. 

Detection histories were assigned as follows, if both software classified the same species 

on the same night, we considered that a “certain” detection, if only one software 

classified that species, if was considered “uncertain”, and if neither detected that species, 

it was considered a non-detection. We used intercept only false-positive and certain 

positive formulas in our models to reduce model complexity (Austin et al., 2017, in 

review).  

We included environmental covariates as predictors of occupancy and detection 

based on hypotheses being tested as well as published literature (Kaiser and O’Keefe, 

2015; Pauli et al. 2017; Ford et al., 2005) (Table 1). We used Spearman’s correlation tests 

on covariates to reduce redundant variables (rho < 0.50). When multiple covariates were 

correlated we selected one based on the biological meaning and regularity of its use in bat 

management. Retained variables were split into two classes: landscape and habitat (Table 

1). Variables were scaled to their z-score by subtracting the mean value from each value 

and then dividing standard deviation to improve model convergence. We used Akaike’s 

Information Criterion corrected for small sample size (AICc) to compare all possible 

models. Models that resulted in a change in AICc less than 2.0 were considered equally 

plausible. When more than one model was selected as being equally plausible, they were 

averaged and the averaged models were used to describe occupancy. We ran all possible 

model combinations for single species models as well as frequency group models. All 

statistical analyses were completed in program R v. 3.4.1. (R Core Team, 2016); 

occupancy modeling was completed using the unmarked package (Fiske et al. 2017, v. 

0.12-2), model selection, averaging and predictions were completed using packages 

MuMin and AICcmodavg (Barton, 2018; Mazerolle, 2017). 
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RESULTS 

Environmental Variables 

Landscape variables included distance to waterhole and distance to road; habitat 

variables included basal area, density of mid-story trees, snag density, and density of 

understory stems. Site elevation and aspect were not selected as covariates due to both 

being correlated with distance to road feature. As harvest areas are correlated to aspect 

within our study area (Kalb and Mycroft, 2013) we decided to remove aspect as a 

predictor. Elevation was correlated to distance to road (rho < 0.50) since most roads on 

our study area run along ridge tops. We decided to retain distance to nearest road due to 

the relatively low rate of change in elevation across our study area. We chose to retain 

basal area over other correlated variables because we believed it was the most relevant 

measure of forest structure and a variable that is routinely used by forest managers. 

Acoustic Monitoring 

 We sampled 108 sites with a total of 648 detector nights. BCID classified 22,339 

call files containing bat calls and Echoclass classified 37,672 call files containing bat 

calls during our 2016 and 2017 surveys. In 2016, BCID classified13,822 call files 

containing bat calls, 8,542 of which were classified to species level. In 2016, Echoclass 

classified 22,084 call files that contained bat calls, 11,794 of which were classified to 

species level. In 2017, BCID classified8,517 call files that contained bat calls, 5,497 of 

which were classified to species level. In 2017, Echoclass classified 15,588 call files that 

contained bat calls, 7,896 of which were classified to species level. There were high 

levels of “unknown” species classifications from both programs over both seasons (Table 

3). In 2016 and 2017 both auto-classifiers agreed that all eight species present in the 

study area were present at a minimum of one site within our study area (Table 3).  

Single Species Models 
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Big brown bat: Big brown bat calls accounted for 12% of calls classified to 

species in 2016 and 5% in 2017. We detected big brown bats at 56% of our sites in 2016 

and 49% in 2017 (Table 3). Big brown bat occupancy was best explained by basal area in 

both seasons (Table 4). Detection was best explained by density of mid-story trees and 

understory stems in 2016 and included distance to waterhole in 2017 (Table 4). Distance 

to waterhole was present in two of our top occupancy models in 2016 and one in 2017. 

Distance to road was in three of our top 2016 models and absent in our top models in 

2017 (Table 5). Basal area showed a negative relationship with big brown bat occupancy 

across all treatments in both seasons (Figure 2 and 3). Model averaged predictions for big 

brown bat occupancy were highest in clearcut harvests in both seasons and based on 

average basal area (Table 5). Occupancy estimates were similar in clearcuts in 2016 and 

2017 (0.83 SE=0.08 0.75 SE=0.15, respectively) from 2016 to 2017, respectively (Table 

5). Distance to road showed a negative trend in 2016, distance to waterhole had a positive 

relationship with occupancy in 2016 and a negative relationship in 2017 (Figures 4 and 

5). Model averaged predictions of big brown bat detectability based on average mid-story 

tree density and density of understory stems was estimated at 0.70 (SE=0.06) in 2016 

(Table 6). In 2017, detectability was estimated at 0.46 (SE=0.11) based on average 

distance to waterhole and density of mid-story trees and density of understory stems. 

Estimates for false-positive detection errors were lower in 2016 than in 2017 (Table 6).  

Eastern red bat: Eastern red bats were our most detected species in both seasons 

and accounted for 59% of all bat calls and 71% of bat calls in 2017 (Table 3). We 

detected eastern red bats at 79% of our sites in 2016 and 69% in 2017. Like big brown 

bats, eastern red bat occupancy was best explained by basal area in both seasons (Table 

7). Distance to waterhole was present in six top models in 2016 and absent in our top 

models in 2017 (Table 7). Detectability of eastern red bats was poorly described by any 

one of our predictors with nearly all variables present in our top models in both seasons 

(Table 7).  Distance to road was present in only one top model in 2016 and 2017 (Table 
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7). Basal area had a negative relationship across all harvest types in both seasons (Figure 

6 and 7). Model average predictions were based on average basal area and were highest 

in clearcut harvest with estimates of 0.96 (SE=0.03) in 2016 and 0.92 (SE=0.06) in 2017 

(Table 5). Distance to road and distance to waterhole were present in our top occupancy 

models although they showed little predictive power in both seasons (Figures 8 and 9). 

Model averaged predictions for detection rates for eastern red bats were higher than any 

other species in both seasons. In 2016, detection estimates were 0.94 (SE=0.02) based on 

average number of snags and 0.99 (SE=0.01) in 2017, based on average density of mid-

story trees and distance to waterhole (Table 6). Estimates regarding false-positive 

detections errors were consistent across seasons, although were high compared to other 

species (Table 6). 

Little-brown bat: Little-brown bat calls were detected at 40% of our sites in 2016 

and accounted for 12% of all bat calls; in 2017 we detected little-brown bats at 47% of 

our sites and accounted for 6% of all bat calls (Table 3). Little-brown bat occupancy was 

best described by distance to nearest road in 2016 and basal area in 2017 (Table 8). Basal 

area was present in seven of our top models and distance to waterhole was present in two 

of our top models in 2016 (Table 8). Distance to road was present in four of our top 

models and distance to waterhole was absent from our top models in 2017 (Table 8). Our 

best detection models for little-brown bats contained distance to waterhole and number of 

snags in both seasons (Table 8). In 2016, little-brown bat occupancy showed a negative 

relationship with increasing basal area; in 2017 a positive relationship with increasing 

basal area was observed (Figure 10 and 11). This trend was consistent for all harvest 

types. Distance to road was an important predictor of little-brown bats in both seasons 

and showed a consistent negative relationship with probability of occupying a site (Figure 

12). Distance to waterhole had a negative relationship on bat occupancy in 2016 (Figure 

13). Model averaged predictions for occupancy were based on the average distance to 

waterhole with highest estimates in clearcut harvests (0.56 SE= 0.18) in 2016 (Table 5) In 
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2017, model averaged predictions of occupancy were based on average basal area and 

were highest in intact forests (0.66 SE=0.12) (Table6). Detection estimates showed the 

opposite trend with higher detectability in 2016 (0.82 SE=0.06) and were based on the 

average distance to waterhole and density of snags (Table 6, Figure 8). In 2017, little-

brown bat detection was estimated at 0.28 (SE=0.20) and was based on average basal 

area, distance to road, density of snags, and density of mid-story trees (Table 6, Figure 8). 

Standard errors for occupancy and detection estimates were inflated in both seasons 

(Tables 5 and 6). Estimates of false-positive errors were relatively low in both seasons; 

certain detection estimates were also consistent across seasons (Table 6).   

Indiana bat: Indiana bat calls accounted for 6% of all bat calls in 2016 and 7% in 

2017. We detected Indiana bats at 66% of our sites in 2016 and 55% of our sites in 2017 

(Table 3). Indiana bat occupancy was best explained by basal area in both seasons (Table 

9). Distance to waterhole was present in one top model in 2016 and two in 2017, distance 

to road was present in one top model in 2016 (Table 9). Indiana bat detection was best 

explained by number of mid-story trees in 2016; our competing models in 2017 contained 

all our predictors (Table 9). Basal area had a strong negative relationship with bat 

occupancy in both seasons across all treatments, although this trend was strongest in 

intact stands (Figure 14 and 15). Model averaged predictions for occupancy was based on 

average basal area and highest in clearcut harvests in 2016 with estimates of 0.94 

(SE=0.07) and showed no statistical difference between treatments in 2017 (0.85 

SE=0.14) in 2017 (Table 5 and 9, Figure 14 and 16). Our top models also contained 

distance to road and distance to waterhole, although both yielded poor predictive power 

(Table 9, Figure 16 and 17). Model averaged predictions for detection estimates 

decreased from 0.61 (SE=0.11) in 2016 to 0.10 (SE=0.09) in 2017. 2016 detection 

estimates were based on the average density of mid-story trees (Table 9), while 2017 

detection estimates were based on average basal area, density of mid-story trees, and 

density of understory stems (Table 6). False-positive detection estimates ranged from 
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0.13 (SE=0.05) to 0.09 (SE=0.04) and certain positive detection estimates remained 

consistent across seasons (Table 6). 

Northern long-eared bat: Northern long-eared bats were detected at 55% of sites 

in 2016 and accounted for <1% of bat calls. In 2017, northern long-eared bats were 

detected at 41% of sites ad accounted for <1% of all bat calls (Table 3). Occupancy was 

best described by basal area in 2016 and distance to road in 2017 (Table 10). Distance to 

road was present in three of our top occupancy models in 2016 and 12 in 2017 (Table 

10). Distance to waterhole was in two of our top occupancy models in 2016 and three in 

2017 (Table 10). In 2016, basal area and distance to waterhole had a positive influence on 

bat occupancy and distance to road had a negative effect (Figures 18 and 19). In 2017, 

occupancy had a neutral relationship with basal area, a positive relationship with distance 

to road, and a negative relationship with distance to waterhole (Figures 20 and 21). 

Northern long-eared bat detection was best described by three predictors in 2016: 

distance to waterhole, density of mid-story trees, and density of understory stems (Table 

10). In 2017, distance to road was our best predictor of detection (Table 10). Model 

averaged predictions of northern long-eared bat occupancy were based on average basal 

area and were highest in intact forests in 2016, were based on the average distance to 

road in 2017 (Table 10). Occupancy estimates did not differ among treatment type in 

both season (Table 5). Model averaged detection estimates varied across season and were 

highest in 2016 (0.57 SE=0.11), based on average distance to waterhole, number of mid-

story trees and understory stems (Table 6 and 10). Detection estimates were reduced in 

2017 with an estimate of 0.51 (SE=0.09), based on the average distance to road (Table 6 

and 10). False-positive and certain positive detection estimates were consistent with other 

Myotis species and were lower in 2017 (Table 6). 

Tri-colored bat: We detected tri-colored bats at 33% of our sites in 2016 and 25% 

of our sites in 2017 (Table 3). Tri-colored bat calls accounted for <1% of all bat calls in 
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2016 and 2% of all bat calls in 2017. In 2016, distance to nearest road was our best 

predictor of occupancy. Basal area and distance to road were our best predictors of 

occupancy in 2017 (Table 11). Distance to waterhole was present in two top models in 

2016 and was absent from our best models in 2017 (Table 11). Distance to road was 

present in three of our top occupancy models in 2017 (Table 11). Tri-colored bat 

detection was best described by three predictors in both seasons: basal area, distance to 

road, and number of mid-story trees (Table 11). Nearest road and waterhole had a 

positive relationship with bat occupancy in 2016 (Figure 22), and distance to road 

negative relationship in 2017 (Figure 23). Basal area had a negative effect on tri-colored 

bat occupancy in both seasons, although there were no differences among treatments 

(Figure 24 and 25. In 2017, model averaged predictions for occupancy were based on 

average basal area and distance to road with an estimate of 0.99 (SE=0.02) (Table 5 and 

11). Tri-colored bat detectability was increased from 2016 to 2017. In 2016, detection 

was estimated at 0.26 (SE=0.08), based on average basal area, distance to road, and 

number of mid-story trees (Table 7 and 11). In 2017, detection was estimated at 0.71 

(SE=0.06), and based on average basal area, distance to road, and density of understory 

stems (Table 6 and 11). There were high rates of disagreement between our identification 

software regarding tri-colored bats in both seasons which yielded high false-positive 

estimates in both seasons (Table 3 and 15). Our results for tri-colored bats should be 

taken with reservations given the high levels of uncertainty produced from our models.  

Silver-haired: We classified silver-haired bat calls at 31% of our sites in 2016 and 

29% of our sites in 2017. In 2016, silver-haired bat calls accounted for 2% of all bat calls 

and <1% of all bat calls in 2017 (Table 3). Silver-haired bat occupancy was best 

described by distance to road in 2016 and distance to road and basal area in 2017 (Table 

12). Basal area was present in seven of our top occupancy models in 2016 and all our top 

models in 2017 (Table 12). Distance to waterhole was only present in one top occupancy 

model in 2017 (Table 12). Silver-haired bat detection was best described by basal area, 
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distance to road, and density of mid-story trees in 2016. In 2017, our best detection model 

included distance to waterhole, distance to road, desnity of snags, and desnity of mid-

story trees (Table 12). Basal area had a positive relationship with occupancy in 2016 and 

a negative relationship in 2017 (Figure 26 and 27). Distance to road had a negative effect 

on occupancy in both seasons (Figure 28). Distance to waterhole also had a negative 

effect on silver-haired bat occupancy in 2017 (Figure 29). Model averaged predictions for 

occupancy and detection were inconsistent between seasons and provided little 

confidence in the accuracy of our results. (Table 5 and 12). False-positive and certain 

detection errors were also contradicting between seasons and likely a factor related to 

model convergence issues from high levels of disagreement between automated 

classifiers (Table 6). 

Hoary bat: Hoary bat calls were classified at 38% of or sites in 2016 and 32% of our sites 

in 2017. In 2016, hoary bat calls accounted for 2% of all bat calls and 1% of all bat calls 

in 2017 (Table 3). Hoary bat occupancy was best described by basal area in 2016 and 

distance to waterhole in 2017 (Table 13). Distance to water was present in four of our 

best occupancy models in 2016 and three in 2017 (Table 13). Distance to road was absent 

from our top occupancy models in 2016 and present in one top model in 2017 (Table 13). 

Hoary bat detection was best described by basal area and density of understory stems in 

2016 and basal area and distance to waterhole in 2017 (Table 13). Occupancy estimates 

were contradictory across seasons with highest estimates in clearcuts in 2016 and in 

intact forests in 2017 (Table 5 and 13). Basal area had a negative effect on occupancy in 

2017 and a slightly positive effect in 2017 (Figure 30 and 31). Distance to waterhole had 

a weak negative relationship with occupancy in 2016 and a positive relationship in 2017 

(Figure 32). Distance to road had a neutral relationship with occupancy in 2017 (Figure 

33). Model averaged predictions from our occupancy models yielded inconsistent results 

in both seasons (Table 5). Our detection models also produced unrealistic estimates 
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which were likely associated with poor identification accuracy by our automated 

classifiers (Ford, 2014).  

Frequency Group Models 

Myotis bats: Myotis bat calls accounted for 19% of all bat calls in 2016 and 14% in 2017 

(Table 14). We detected Myotis bats calls at 52% of our sites and 48% of our sites in 

2017 (Table 14). Proximity to waterhole was the strongest predictor for myotis bat 

occupancy in 2016, and was our only predictor present in our four candidate models 

(Table 15). In 2017, distance to road was the best predictor of bat occupancy, distance to 

waterhole was preset in in six of our top models and basal area was present in one (Table 

15). Myotis bat detectability was best explained by density of mid-story trees and number 

of understory vegetation in 2016 (Table 15). Distance to road, distance to waterhole, and 

snag density were also present in our top detection models but showed weak predictive 

power (Table 15). Number of snags and density of mid-story trees were our best 

predictors of detection in 2017, basal area and density of understory stems were also 

present in our top models (Table 15). Basal area had a neutral relationship with 

occupancy in both seasons (Figure 34 and 35). Distance to waterhole had a negative 

relationship on Myotis bat occupancy in both seasons (Figure 36). Distance to road had a 

positive effect of Myotis occupancy in 2017 (Figure 37). Model averaged predictions of 

Myotis bat occupancy was equivocal across harvest types in both seasons, estimates were 

0.66 (SE=0.06) in 2016 and 0.54 (SE=0.05) in 2017 (Table 16). Myotis bat detectability 

varied across season with model averaged predictions of 0.79 (SE=0.04) in 2016 based 

on average density of mid-story trees and density of understory stems (Table 17). 

Detectability was estimated at to 0.90 (SE=0.03) based on average snag density and 

density of mid-story trees in 2017 (Table 17). False-positive detection errors were highest 

in 2016 (0.18 SE=0.04) compared to 2017 (0.04 SE=0.02) (Table 17). 
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 Mid frequency bats: Mid frequency bats were our most detected frequency group 

during both seasons. In 2016, mid-frequency bats were detected at 56% of our sites and 

accounted for 35% of our classified bat calls (Table 14). Mid-frequency bats accounted 

for 42% of all bat calls and were detected at 47% of our sites in 2017 (Table 14). Basal 

area was our best predictor of occupancy in both seasons (Table 18). Distance to 

waterhole was present in one of our top occupancy models in 2016 and two in 2017 

(Table 18). Distance to road was only present in one of our top occupancy models in 

2017 (Table 18). In 2016, detection was best described by density of mid-story trees and 

density of understory stems (Table 18). Distance to water, density of mid-story trees and 

density of understory stems were our top predictors of detection in 2017 (Table 18). Mid-

frequency bat occupancy had a negative relationship among all harvest types with 

increasing basal area in both seasons (Figure 38 and 39). Distance to landscape features 

showed weak predictive power in both seasons (Figure 40 and 41). Model averaged 

predictions of mid-frequency bat occupancy were highest in clearcut harvests in both 

seasons with an estimate of 0.97 (SE=0.02) in 2016 and 0.0.90 (SE=0.07) in 2017, based 

on the average distance to water and road respectively (Table 16). Mid-frequency bat 

detectability was higher than all other groups, with model averaged predictions of 0.98 

(SE=0.01) in 2016, based on average density of mid-story trees and density of understory 

stems (Table 17). In 2017, detectability was based on the average distance to water, and 

density of mid-story tree and density of understory stems and estimated at 0.99 (SE=0.02) 

in 2017 (Table 17). False-positive and certain positive estimates were consistent between 

seasons (Table 17).  

Low frequency bats: Low-frequency bat calls were detected at 42% of our sites in 

2016 and accounted for 11% of all recorded bat calls (Table 14). In 2017, low-frequency 

bats were detected at 37% of all our sites and accounted for 5% of our total bat calls 

(Table 14). Basal area best described low-frequency bat occupancy in both seasons 

(Table 19). Distance to road was present in three top models and distance to waterhole 
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was present in two of our top models in 2016. (Table 19). In 2017, distance to road was 

present in three competing models and distance to waterhole was present in two (Table 

19). Low-frequency bat detection was best described by three competing predictors in 

both seasons: snag density, density of understory stems, and density of mid-story trees 

(Table 19). Increasing basal area had a negative effect on bat occupancy across all 

harvest types in both seasons (Figure 42 and 43). Distance to road had a slightly positive 

effect in 2016 and a negative effect on bat occupancy in 2017 (Figure 44). Distance to 

waterhole had a positive relationship with low-frequency bat occupancy in 2016 (Figure 

45). Model averaged predictions for low-frequency bat occupancy were highest in 

clearcut harvests in both seasons with an estimate of 0.89 (SE=0.06) in 2016 and 0.79 

(SE=0.06) in 2017 (Table 16). Model averaged predictions for detectability of low-

frequency bats was based on the average density of snags, mid-story trees, and understory 

stems and was estimated to be 0.87 (SE=0.05) in 2016 and 0.39 (SE=0.07) in 2017 (Table 

17). False-positive and certain positive detection estimates were consistent across seasons 

(Table 17).   

DISCUSSION 

 We found that bat occupancy was highest in harvested sites versus intact forest 

stands for nearly all species and frequency group models. There have been several studies 

that have found similar results regarding bat activity in harvests versus unharvested 

stands (Nolder, 2016; Loeb and Waldrop, 2008; Menzel et al., 2002; Owen et al., 2004; 

Caldwell, 2015). Stand basal area varied among different harvest types, although there 

was significant overlap between single-tree selection and shelterwood harvests. Basal 

area was our strongest predictor of bat occupancy for nearly all species in both seasons. 

Landscape predictors were also important for predicting bat occupancy for single-species 

and frequency groups across all harvest types in MMSF and YWSF. Habitat features such 

as density of mid-story trees and density of understory stems were our best predictors of 
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detection between species or frequency group models, although there were no apparent 

trends between single-species and frequency group models. Overall, model averaged 

estimates for certain and false-positive detection errors were equivocal for roughly all 

species and frequency groups.  

There have been few studies that have incorporated occupancy models that 

incorporate estimates of imperfect detection in bat acoustics (Clement et al., 2014). We 

aimed to use only acoustic data to determine rates of imperfect detection in our study 

using one survey method in hopes of increasing accuracy of our estimates (Clement, 

2016). Our false-positive and certain positive detection estimates were inconsistent across 

species, although remained relatively low across seasons. Austin et al. (2017), used this 

method and incorporated detection histories of similar species into certain and false-

positive detection formulas which yielded more biologically relevant estimates regarding 

rates of imperfect detection. Disagreement between software and small sample sizes may 

have also introduced much uncertainty to our estimates of imperfect detection. Our 

results for tri-colored bats, silver-haired bats, and hoary bats were highly variables across 

seasons and for all models and estimates. Ford (2014), described significant discrepancies 

in the accuracies of automate classification of these species which was likely driving our 

findings. It is also likely that the migratory nature of hoary and silver-haired bats 

(McGuire et al., 2013) resulted in unrealistic connections between bat occupancy and 

habitat use of these species. Given the observed uncertainty in our results for tri-colored, 

silver-haired, and hoary bats produced from our models, we do not discuss findings 

regarding habitat use of these species. 

 Our hypothesis was that Indiana bats, little-brown bats, and northern long-eared 

bats would show positive relationships with conditions more indicative of intact or lightly 

thinned stands. Our results for northern long-eared bats were inconsistent with our 

hypothesis in both seasons. There were no differences in occupancy rates for northern-
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long eared bats across treatments types in both seasons and for little-brown bats in 2016. 

Little-brown bats in 2017 had highest estimates in intact forests which was consistent 

with our hypothesis. Starbuck et al. (2015), and Yates and Mazika, (2006), found 

evidence for northern long eared bats selecting for non-managed, or intact forests. 

Broders et al. (2009), found little-brown bats to be negatively associated with mature 

forests, like our results in 2016. Given the large home range size of little-brown bats 

described by Bergeson et al. (2013), little-brown bat occupancy may not be driven by 

localized harvests in our study area. The neutral relationships we found may also be a 

factor of declines from WNS as it had been present in Indiana for over five years during 

our sampling. Contrary to our prediction, Indiana bats and had highest occupancy rates in 

clearcut harvests. Caldwell (2015), and Nolder (2016), found Indiana bat activity to be 

highest along forest edges adjacent to harvested areas for Indiana bats within our study 

area. The relatively small size of the clearcut harvests in our study area may suggest these 

species use these harvest for the presence of distinct forest edges that are not apparent in 

single-tree selection or shelterwood harvests.  

The effect of forest structure and composition on bats has been well documented 

(Ford et al., 2005; Owen et al., 2004; Yates and Mazika, 2006. Our hypothesis regarding 

the influence of environmental variables on bat occupancy was that the effect of basal 

area would have a stronger influence on predicting smaller bodied bat occupancy. This 

was based on assumption that localized resources are more important for species that can 

exploit more cluttered habitats and have smaller home-ranges (Silvis et al., 2015; Broders 

et al., 2006; Lookingbill et al., 2010). Like Bender et al. (2015), we found basal area to be 

an important predictor of small bodied bat occupancy in MMSF and YWSF. Although 

basal area wasn’t our best predictor for these species in both seasons, it was present in all 

our candidate models for every species in both seasons. Given the relatively small home-

range size of Indiana and northern long-eared bats (Carter et al. 2005; Broders et al. 

2006), we expected to see these species tied closely to harvested areas and thus a strong 
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influence from site level variables that define harvest type. We also saw distance to road 

to have a positive effect on nearly all smaller bodied bats in both seasons. Although, 

northern long-eared bats in 2017 did not follow this trend. Within our study area, two of 

our shelterwood samples were harvested for the second stage in the winter of 2016 (Kalb 

and Mycroft, 2013). The harvesting process in the winter of 2016 could have opened 

cluttered forest roads, making these suitable flight corridors for northern long-eared bats 

in 2017, explaining the inverse effect across seasons. Our use of gated forest roads may 

have also been driving this result, as Myotis bats have been shown to forage along edge 

habitat which is abundant along gated roads (Patriquin and Barclay, 2003; Caldwell, 

2015). Distance to waterhole had neutral relationships with Myotis bat occupancy in both 

seasons suggesting that localized water resources are not driving habitat use of these 

species. The abundance of waterholes, lakes, and streams in our study area was likely 

driving this relationship. 

We predicted that larger bodied bats would be positively related to more intensely 

harvested forests. Our results for big brown bats and eastern red bats were consistently 

supported. Our results are consistent with Caldwell (2015) and Nolder (2016), who found 

big brown bats and eastern red bats had highest activity in clearcut harvests within our 

study area. Ford et al. (2005), also saw big brown bats to be positively related to low 

canopy cover which are often associated with clearcut harvests. We also predicted that 

landscape variables would have a stronger influence on larger bodied bat occupancy 

based on the relatively large nightly distance traveled (McGuire et al., 2012) and roost 

availability (Barclay and Kurta, 2007; Menzel et al., 2002). We also expected distance to 

nearest road to be most influential on larger bats due to the use of road features by bats as 

travel corridors, especially by bats with larger home ranges. Big brown bats had 

contradicting relationships with distance to waterhole across seasons, although these 

relationships were weak. Since others have found that water is an important resource for 

bats (Hayes and Loeb, 1994; Ford et al. 2005; Carter, 2006), we expected these species to 
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select for use of waterholes due to relative proximity to harvested areas. Big brown bats 

may have been selecting to forage along the edge habitat that that are provided by service 

roads that were remnants of the waterhole construction. Eastern red bats showed neutral 

relationships with landscape predictors in both seasons. Overall, we found basal area to 

be our strongest predictor of large-bodied bat occupancy in both seasons which 

contradicting our predictions.  

We predicted that landscape variables would have a stronger influence on larger 

bodied bat occupancy based on the relatively large nightly distance traveled (McGuire et 

al., 2012) and roost availability (Barclay and Kurta, 2007; Menzel et al., 2002). We also 

expected distance to nearest road to be most influential on larger bats due to the use of 

road features by bats as travel corridors, especially by bats with larger home ranges. Big 

brown bats had contradicting relationships with distance to waterhole across seasons, 

although these relationships were weak. Since others have found that water is an 

important resource for bats (Hayes and Loeb, 1994; Ford et al. 2005; Carter, 2006), we 

expected these species to select for use of waterholes due to relative proximity to 

harvested areas. Big brown bats may have been selecting to forage along the edge habitat 

that that are provided by service roads that were remnants of the waterhole construction. 

Eastern red bats showed neutral relationships with landscape predictors in both seasons. 

Overall, we found basal area to be our strongest predictor of large-bodied bat occupancy 

in both seasons which contradicting our predictions.  

 Combining bat species into broader frequency classes is relatively common in bat 

acoustics (Britzke et al., 2011; Silvis et al., 2016a.; Silvis et al., 2016b.; Caldwell, 2015; 

Pauli et al., 2017). We predicted that our Myotis frequency group models would better 

predict occupancy than single-species models. Our hypotheses regarding Myotis 

frequency group models were not supported. We found no evidence that frequency group 

models are better at describing bat occupancy than single-species models. The observed 
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difference in habitat associations among our Myotis species models did not parallel the 

relationships seen within our frequency group models. This result may be largely driven 

by the differences in habitat use by these species. Northern-long eared bats and Indiana 

bats have been regarded as a more clutter adapted species (Patriquin and Barclay., 2003; 

Starbuck et al., 2015; Kaiser and O’Keefe, 2015; Ford et al., 2005). We found weak 

relationships between northern long-eared bat Indiana bats selecting for more cluttered 

habitats and Indiana bats selected for harvest areas with minimal levels of clutter. Indiana 

bats and little-brown bats have also been known to utilize forest edges more so than 

northern long-eared bats (Caldwell, 2015; Patriquin and Barclay, 2003). Our results for 

northern long-eared bats and little-brown bats regarding increasing basal area were 

inconsistent between seasons and yielded weak relationships. Given the distinct 

differences in habitat use between the Myotis bats in our study area (Bergeson et al., 

2013; Broders et al., 2006; Menzel et al., 2005), grouping them together to determine 

localized habitat use did not increase descriptive power of our predictors. 

We also predicted that our single-species models would better describe bat 

occupancy than our mid and low-frequency group models. Our hypothesis regarding mid 

and low frequency bats was partially supported. Mid-frequency group models were 

consistent with our prediction of higher occupancy estimates in more intensely harvested 

forests with reduced basal area. However, the relationships between mid-frequency bats 

and habitat use were weak for all our landscape predictors in our mid-frequency 

occupancy models. These relationships were especially weak and produced for tri-

colored bats and produced inflated standard errors. This is likely due to significant 

discrepancies between our automated classifiers for tri-colored bats, making habitat use 

difficult to elucidate (Ford, 2014). Overall, our single-species models for eastern red bats 

were consistent with what we predicted for higher occupancy in clearcut harvests. Low-

frequency group models yielded relatively weak relationships regarding our landscape 
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predictors, although the effect of basal area on low-frequency bat occupancy was 

consistent with our prediction.  

MANAGEMENT IMPLICATIONS 

 These results can be used to aid forests managers in planning and implementing 

harvest operations with a biologically conscious approach regarding bat habitat selection, 

especially in areas within the range of threatened and endangered species. Our findings 

suggest that the bat community in MMSF and YWSF benefit from a heterogeneous 

landscape produced from a variety of harvesting techniques. The use of basal area in 

conjunction with other predictors defining harvest rather than using harvest type as model 

predictors will yield more biologically realistic results. This approach will provide 

quantifiable measures of forest structure that can be used in lieu of harvest type across 

geographic region. Recognizing important habitat features such as proximity to flight 

corridors and water resources are also an important factor to incorporate in harvest 

operations. Single-species models yield stronger results when used in bat habitat selection 

studies whereas, the use of frequency group models should be considered for summer 

survey guidance and monitoring efforts.  
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FIGURES 

 

Figure 1. Detector locations within the study area located in south-central Indiana from 

May-August in 2016-2017. H.E.E. treatments are spread across the Morgan-Monroe and 

Yellowwood state forests within Morgan, Monroe, and Brown counties. 
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Figure 2. Relationship among stand basal area and probability of big brown bat 

(Eptesicus fuscus; EPFU) occupancy in control forests (A), single-tree selection harvests 

(B), and shelterwood harvests (C) in south-central Indiana from May-August 2016.  
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Figure 3. Probability of big-brown bat (Eptesicus fuscus; EPFU) occupancy across all 

harvest types in relation to top occupancy predictors in south-central Indiana from May-

August 2017. Habitat variables lie on the x-axes and include distance to nearest road in 

meters (A), and distance to nearest water pond in meters (B).  
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Figure 4. Probability of big-brown bat (Eptesicus fuscus; EPFU) occupancy across all 

harvest types in relation to distance to road in south-central Indiana from May-August 

2016.   
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Figure 5. Relationship between distance to road and big brown bat (Eptesicus fuscus; 

EPFU) occupancy in south-central Indiana from May-August in 2016 (A) and 2017 (B).  
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Figure 6. Relationship among stand basal area and probability of eastern red bat 

(Lasiurus borealis; LABO) occupancy in control forests (A), single-tree selection 

harvests (B), and shelterwood harvests (C) in south-central Indiana from May-August 

2016.  
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Figure 7. Relationship among stand basal area and probability of eastern red bat 

(Lasiurus borealis; LABO) occupancy in control forests (A), single-tree selection 

harvests (B), and shelterwood harvests (C) in south-central Indiana from May-August 

2017.  
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Figure 8. Relationship between distance to road meters and eastern red bat (Lasiurus 

borealis; LABO) occupancy in south-central Indiana from May-August in 2016 (A) and 

2017 (B). 
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Figure 9. Relationship between distance to water in meters and eastern red bat (Lasiurus 

borealis; LABO) occupancy in south-central Indiana from May-August in 2016 (A) and 

2017 (B). 
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Figure 10. Relationship among stand basal area and probability of little-brown bat 

(Myotis lucifugus; MYLU) occupancy in control forests (A), single-tree selection 

harvests (B), and shelterwood harvests (C) in south-central Indiana from May-August 

2016.  
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Figure 11. Relationship among stand basal area and probability of little-brown bat 

(Myotis lucifugus; MYLU) occupancy in control forests (A), single-tree selection 

harvests (B), and shelterwood harvests (C) in south-central Indiana from May-August 

2017.  
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Figure 12. Relationship between distance to road meters and little-brown bat (Myotis 

lucifugus; MYLU) occupancy in south-central Indiana from May-August in 2016 (A) and 

2017 (B). 
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Figure 13. Relationship between distance to waterhole in meters and little-brown bat 

(Myotis lucifugus; MYLU) occupancy in south-central Indiana from May-August in 

2016. 
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Figure 14. Relationship among stand basal area and probability of Indiana bat (Myotis 

sodalis; MYSO) occupancy in control forests (A), single-tree selection harvests (B), and 

shelterwood harvests (C) in south-central Indiana from May-August 2016.  
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Figure 15. Relationship among stand basal area and probability of Indiana bat (Myotis 

sodalis; MYSO) occupancy in control forests (A), single-tree selection harvests (B), and 

shelterwood harvests (C) in south-central Indiana from May-August 2017.  

  



76 
 

 

Figure 16. Relationship between distance to road meters and Indiana bat (Myotis sodalis; 

MYSO) occupancy in south-central Indiana from May-August in 2016. 
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Figure 17. Relationship between distance to waterhole in meters and Indiana bat (Myotis 

sodalis; MYSO) occupancy in south-central Indiana from May-August in 2016 (A) and 

2017 (B). 
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Figure 18. Relationship among stand basal area and probability of northern long-eared 

bat (Myotis septentrionalis; MYSE) occupancy in control forests (A), single-tree 

selection harvests (B), and shelterwood harvests (C) in south-central Indiana from May-

August 2016.  
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Figure 19. Relationship between distance to waterhole in meters (A), distance to road in 

meters (B) and northern long-eared bat (Myotis septentrionalis; MYSE) occupancy in 

south-central Indiana from May-August in 2016. 
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Figure 20. Relationship among stand basal area and probability of northern long-eared 

bat (Myotis septentrionalis; MYSE) occupancy in control forests (A), single-tree 

selection harvests (B), and shelterwood harvests (C) in south-central Indiana from May-

August 2017.  
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Figure 21. Relationship between distance to road in meters (A), distance to water in 

meters (B) and northern long-eared bat (Myotis septentrionalis; MYSE) occupancy in 

south-central Indiana from May-August in 2017. 
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Figure 22. Relationship between distance to road in meters (A), distance to waterhole (B) 

and tri-colored bat (Perimyotis subflavus; PESU) occupancy in south-central Indiana 

from May-August in 2016. 
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Figure 23. Relationship between distance to road in meters and tri-colored bat 

(Perimyotis subflavus; PESU) occupancy in south-central Indiana from May-August in 

2017. 
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Figure 24. Relationship among stand basal area and probability of tri-colored bat 

(Perimyotis subflavus; PESU) occupancy in control forests (A), single-tree selection 

harvests (B), and shelterwood harvests (C) in south-central Indiana from May-August 

2016.  
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Figure 25. Relationship among stand basal area and probability of tri-colored bat 

(Perimyotis subflavus; PESU) occupancy in control forests (A), single-tree selection 

harvests (B), and shelterwood harvests (C) in south-central Indiana from May-August 

2017. 
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Figure 26. Relationship among stand basal area and probability of silver-haired bat 

(Lasionycteris noctivagans; LANO) occupancy in control forests (A), single-tree 

selection harvests (B), and shelterwood harvests (C) in south-central Indiana from May-

August 2016. 
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Figure 27. Relationship among stand basal area and probability of silver-haired bat 

(Lasionycteris noctivagans; LANO) occupancy in control forests (A), single-tree 

selection harvests (B), and shelterwood harvests (C) in south-central Indiana from May-

August 2017. 

  



88 
 

 

 

Figure 28. Relationship between distance to road in meters and silver-haired bat 

(Lasionycteris noctivagans; LANO) occupancy in south-central Indiana from May-

August in 2016 (A) and 2017 (B). 
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Figure 29. Relationship between distance to waterhole in meters and silver-haired bat 

(Lasionycteris noctivagans; LANO) occupancy in south-central Indiana from May-

August in 2017. 
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Figure 30. Relationship among stand basal area and probability hoary bat (Lasiurus 

cinereus; LACI) occupancy in control forests (A), single-tree selection harvests (B), and 

shelterwood harvests (C) in south-central Indiana from May-August 2016. 
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Figure 31. Relationship among stand basal area and probability of hoary bat (Lasiurus 

cinereus; LACI) occupancy in control forests (A), single-tree selection harvests (B), and 

shelterwood harvests (C) in south-central Indiana from May-August 2017. 
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Figure 32. Relationship between distance to waterhole in meters and hoary bat (Lasiurus 

cinereus; LACI) occupancy in south-central Indiana from May-August in 2016 (A) and 

2017 (B). 
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Figure 33. Relationship between distance to road in meters and hoary bat (Lasiurus 

cinereus; LACI) occupancy in south-central Indiana from May-August in 2017. 
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Figure 34. Relationship among stand basal area and probability of Myotis frequency group 

occupancy in control forests (A), single-tree selection harvests (B), and shelterwood 

harvests (C) in south-central Indiana from May-August 2016. 
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Figure 35. Relationship among stand basal area and probability of Myotis frequency group 

occupancy in control forests (A), single-tree selection harvests (B), and shelterwood 

harvests (C) in south-central Indiana from May-August 2017. 
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Figure 36. Relationship between distance to waterhole in meters and Myotis frequency 

group occupancy in south-central Indiana from May-August in 2016 (A) and 2017 (B). 
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Figure 37. Relationship between distance to road in meters and Myotis frequency group 

occupancy in south-central Indiana from May-August in 2017. 
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Figure 38. Relationship among stand basal area and probability of mid-frequency group 

occupancy in control forests (A), single-tree selection harvests (B), and shelterwood 

harvests (C) in south-central Indiana from May-August 2016. 

  



99 
 

 

Figure 39. Relationship among stand basal area and probability of mid-frequency group 

occupancy in control forests (A), single-tree selection harvests (B), and shelterwood 

harvests (C) in south-central Indiana from May-August 2017. 
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Figure 40. Relationship between distance to waterhole in meters and mid-frequency 

group occupancy in south-central Indiana from May-August in 2016 (A) and 2017 (B). 
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Figure 41. Relationship between distance to road in meters and mid-frequency group 

occupancy in south-central Indiana from May-August in 2016. 
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Figure 42. Relationship among stand basal area and probability of low-frequency group 

occupancy in control forests (A), single-tree selection harvests (B), and shelterwood 

harvests (C) in south-central Indiana from May-August 2016. 
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Figure 43. Relationship among stand basal area and probability of low-frequency group 

occupancy in control forests (A), single-tree selection harvests (B), and shelterwood 

harvests (C) in south-central Indiana from May-August 2017. 
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Figure 44. Relationship between distance to road in meters and low-frequency group 

occupancy in south-central Indiana from May-August in 2016 (A) and 2017 (B). 
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Figure 45. Relationship between distance to waterhole in meters and low-frequency 

group occupancy in south-central Indiana from May-August in 2016. 
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TABLES 

 

Table 1. Covariate categories and respective predictors included in occupancy models for 

each species. Left column includes covariate category and right column include 

respective formula that were included. 

Covariate category Ψ covariate 

Habitat 

 

Basal area 

Landscape Distance to road feature 

 

 

Distance to waterhole 

 

Covariate category p covariates 

Habitat Basal area 
 

Density of woody stems 

 

 

 

Landscape 

Density of mid-story trees 

Snag density 

 

Distance to road feature 

Distance to waterhole 
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Table 2. Correlation matrix for occupancy and detection covariates used in occupancy analyses for bats in south-central 

Indiana during the summer of 2016 and 2017. 

 Elevation  Cloud 

Cover 

Canopy 

Cover 

Snag Density Density of Dominant 

Trees 

Density of Mid-Story 

Trees 

Elevation  1.00 -0.07 -0.05 0.04 0.06 -0.11 

Cloud Cover  -0.07 1.00 -0.02 -0.04 -0.10 -0.11 

Canopy Cover -0.05 -0.02 1.00 0.29 0.52 -0.28 

Snag Density 0.04 -0.04 0.29 1.00 0.24 -0.10 

Density of Dominant Trees 0.06 -0.1 0.52 0.24 1.00 -0.41 

Density of Mid-Story Trees -0.11 -0.11 -0.28 -0.10 -0.41 1.00 

Density of Understory 

Woody Stems 

0.04 -0.02 -0.47 -0.09 -0.36 0.42 

Harvest Type -0.06 -0.07 -0.65 -0.35 -0.47 0.22 

Basal Area 0.21 -0.05 0.55 0.30 0.53 -0.27 

Nearest Waterhole -0.30 0.02 0.12 0.02 0.07 -0.13 

Nearest Road -0.50 0.04 0.08 -0.13 0.05 0.12 

Aspect 0.16 -0.01 -0.02 0.00 0.06 -0.15 
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Table 2. Continued.  

 Density of Understory 

Woody Stems 

Harvest 

Type 

Basal Area Nearest Waterhole Nearest Road Aspect 

Elevation  0.04 -0.06 0.21 -0.30 -0.50 0.16 

Cloud Cover  -0.02 -0.07 -0.05 0.02 0.04 -0.01 

Canopy Cover -0.47 -0.65 0.55 0.12 0.08 -0.02 

Snag density -0.09 -0.35 0.30 0.02 -0.13 0.00 

Density of Dominant 

Trees 

-0.36 -0.47 0.53 0.07 0.05 0.06 

Density of Mid-Story 

Trees 

0.42 0.22 -0.27 -0.13 0.12 -0.15 

Density of Understory 

Woody Stems 

1.00 0.55 -0.43 -0.11 -0.02 -0.08 

Harvest Type 0.55 1.00 -0.80 -0.03 -0.01 -0.06 

Basal Area -0.43 -0.80 1.00 -0.15 0.00 0.10 

Nearest Waterhole -0.11 -0.03 -0.15 1.00 -0.02 0.00 

Nearest Road -0.02 -0.01 0.00 -0.02 1.00 -0.09 

Aspect -0.08 -0.06 0.10 0.00 -0.09 1.00 
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Table 3. Number of bat calls identified to species by Bat Call ID (BCID v. 2.7d) and 

Echoclass (V. 3.1) in south-central Indiana from May-August in 2016 and 2017. 

“Unknown” identification were administered when the automated ID software detected at 

least one bat call, but there was not enough information present to warrant a species level 

identification. 

 2016 2017 

Species  BCID ECHOCLASS BCID ECHOCLASS 

Big brown bat (Eptesicus fuscus) 1,306 1,122 308 329 

Eastern red bat (Lasiurus borealis) 4,834 7,249 3,762 5,719 

Little-brown bat (Myotis lucifugus) 800 1,621 229 534 

Indiana bat (Myotis sodalis) 481 676 406 505 

Northern long-eared bat (Myotis septentrionalis) 160 105 85 58 

Tri-colored bat (Perimyotis subflavus) 464 86 500 55 

Silver-haired bat (Lasionycteris noctivagans) 330 319 98 122 

Hoary bat (Lasiurus cinereus)  168 616 113 304 

Unknown 5,280 10,290 3,016 7,962 

Total 13,822 22,084 8,517 15,588 
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Table 4. Top occupancy models (∆AICc <2) for big brown bat (Eptesicus fuscus; EPFU) 

site-occupancy in south-central Indiana from May-August 2016 and 2017. We present 

modelsa and competing predictors for site-occupancy1 (ψ) and detection2 probability (p). 

We include model parameters (K), Akaike’s Information Criterion corrected for small 

sample size (AICc), and AICc weight (ωᵗ) for our top models in both seasons. 
 

Modela K AICc ∆AICc ωᵗ 

2016 ψ1(ba), p2(ns, nm, nus) 8 446.27 0.00 0.16 
 

ψ(ba), p(nm, nus) 7 446.29 0.03 0.16 
 

ψ(ba, nr), p(nm, nus) 8 447.05 0.78 0.11 
 

ψ(ba, nr), p(ns, nm, nus) 9 447.06 0.79 0.11 
 

ψ(ba, nw), p(ns, nm, nus) 9 447.38 1.12 0.09 
 

ψ(ba), p(ba, nm, nus) 8 447.61 1.34 0.08 
 

ψ(ba), p(ba, ns, nm, nus) 9 447.76 1.49 0.08 
 

ψ(ba, nw), p(nm, nus) 8 447.76 1.50 0.08 
 

ψ(ba, nr), p(nr, ns, nm, nus) 10 448.11 1.84 0.06 
 

ψ(ba), p(nr, ns, nm, nus) 9 448.14 1.88 0.06 

2017 ψ(ba), p(nw, nr, nm, nus) 9 399.38 0.00 0.27 
 

ψ(ba), p(nw, ns, nm, nus) 9 399.92 0.54 0.21 
 

ψ(ba, nw), p(nw, nr, ns, nm, nus) 10 400.16 0.78 0.18 
 

ψ(ba), p(nw, nr, ns, nm, nus) 10 400.22 0.84 0.18 
 

ψ(ba), p(nw, nm, nus) 8 400.39 1.01 0.16 

ψ1: ba = basal area, nr = nearest road, nw = nearest waterhole. 

p2: ba = basal area, nr = nearest road, nw = nearest water, nm = density of mid-story 

trees, nus = density of understory stems, ns = snag density.  
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Table 5. Estimates of bat occupancy for eight bat species in south-central Indiana from May-August in 2016 and 2017. Model 

averaged predictions are based on average basal area measurements in four harvest type including intact forests, single-tree 

selection harvests, shelterwood harvests, and clearcut harvests.  
 

Species  Intact  Single-Tree Shelterwood Clearcut 

2016 Big brown bat (Eptesicus fuscus)  0.36 (SE=0.08) 0.51 (SE=0.08) 0.51 (SE=0.08) 0.83 (SE=0.08) 
 

Eastern red bat (Lasiurus borealis)  0.56 (SE=0.06) 0.75 (SE=0.06) 0.76 (SE=0.06) 0.96 (SE=0.03) 
 

Little-brown bat (Myotis lucifugus)  0.44 (SE=0.08) 0.48 (SE=0.09) 0.48 (SE=0.09) 0.56 (SE=0.18) 
 

Indiana bat (Myotis sodalis)  0.49 (SE=0.06) 0.69 (SE=0.07) 0.69 (SE=0.07) 0.94 (SE=0.07) 
 

Northern long-eared bat (Myotis septentrionalis)  0.43 (SE=0.11) 0.39 (SE=0.08) 0.39 (SE=0.09) 0.29 (SE=0.12) 
 

Tri-colored bat (Perimyotis subflavus)  0.45 (SE=0.09) 0.46 (SE=0.08) 0.46 (SE=0.08) 0.48 (SE=0.11) 
 

Silver-haired bat (Lasionycteris noctivagans) 0.90 (SE=0.06) 0.87 (SE=0.06) 0.87 (SE=0.06) 0.79 (SE=0.14) 
 

Hoary bat (Lasiurus cinereus) 0.02 (SE=0.02) 0.07 (SE=0.05) 0.05 (SE=0.05) 0.86 (SE=0.12) 
      

2017 Big brown bat (Eptesicus fuscus)  0.27 (SE=0.10) 0.40 (SE=0.11) 0.40 (SE=0.11) 0.75 (SE=0.15) 
 

Eastern red bat (Lasiurus borealis)  0.46 (SE=0.07) 0.64 (SE=0.07) 0.65 (SE=0.07) 0.92 (SE=0.06) 
 

Little-brown bat (Myotis lucifugus)  0.66 (SE=0.12) 0.49 (SE=0.09) 0.48 (SE=0.08) 0.12 (SE=0.10) 
 

Indiana bat (Myotis sodalis)  0.53 (SE=0.04) 0.65 (SE=0.07) 0.65 (SE=0.07) 0.85 (SE=0.14) 
 

Northern long-eared bat (Myotis septentrionalis)  0.37 (SE=0.09) 0.34 (SE=0.06) 0.34 (SE=0.06) 0.30 (SE=0.10) 
 

Tri-colored bat (Perimyotis subflavus)  0.38 (SE=0.10) 0.71 (SE=0.14) 0.75 (SE=0.15) 0.99 (SE=0.02) 
 

Silver-haired bat (Lasionycteris noctivagans) 0.24 (SE=0.10) 0.35 (SE=0.11) 0.35 (SE=0.11) 0.68 (SE=0.15) 
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Hoary bat (Lasiurus cinereus) 0.64 (SE=0.09) 0.62 (SE=0.08) 0.62 (SE=0.08) 0.58 (SE=0.11) 
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Table 6. Model averaged predictions for eight bat species in south-central Indiana from 

May-August in 2016 and 2017. We report estimates for detection probability, false-

positive detection errors, and certain detections. Detection estimates are based on average 

predictors in our top detection models. False-positive and certain detection rates are 

based on intercept only models.  

 Species  Detection False-positive Certain 

2016 

Big brown bat (Eptesicus 

fuscus) 0.70 (SE=0.06) 0.05 (SE=0.03) 0.62 (SE=0.06) 

 

Eastern red bat (Lasiurus 

borealis) 0.94 (SE=0.02) 0.15 (SE=0.04) 0.80 (SE=0.03) 

 

Little-brown bat (Myotis 

lucifugus) 0.82 (SE=0.06) 0.10 (SE=0.04) 0.59 (SE=0.06) 

 Indiana bat (Myotis sodalis)  0.61 (SE=0.05) 0.13 (SE=0.05) 0.70 (SE=0.06) 

 

Northern long-eared bat 

(Myotis septentrionalis)  0.58 (SE=0.11) 0.13 (SE=0.03) 0.50 (SE=0.07) 

 

Tri-colored bat (Perimyotis 

subflavus) 0.26 (SE=0.08) 0.39 (SE=0.05) 0.59 (SE=0.01) 

 

Silver-haired bat 

(Lasionycteris noctivagans) 0.00 (SE=0.01) 0.38 (SE=0.11) 0.71 (SE=0.09) 

 Hoary bat (Lasiurus cinereus) 0.86 (SE=0.22) 0.06 (SE=0.02 0.42 (SE=0.10) 

     

2017 

Big brown bat (Eptesicus 

fuscus) 0.46 (SE=0.11) 0.14 (SE=0.04) 0.63 (SE=0.10) 

 

Eastern red bat (Lasiurus 

borealis) 0.99 (SE=0.01) 0.15 (SE=0.04) 0.78 (SE=0.04) 

 

Little-brown bat (Myotis 

lucifugus) 0.28 (SE=0.20) 0.06 (SE=0.02) 0.55 (SE=0.05) 

 Indiana bat (Myotis sodalis)  0.10 (SE=0.20) 0.09 (SE=0.04) 0.73 (SE=0.05) 

 

Northern long-eared bat 

(Myotis septentrionalis)  0.51 (SE=0.09) 0.03 (SE=0.02) 0.40 (SE=0.08) 

 

Tri-colored bat (Perimyotis 

subflavus) 0.71 (SE=0.06) 0.15 (SE=0.03) 0.71 (SE=0.06) 

 

Silver-haired bat 

(Lasionycteris noctivagans) 0.14 (SE=0.12) 0.04 (SE=0.02) 0.59 (SE=0.09) 

 Hoary bat (Lasiurus cinereus) 0.00 (SE=0.00) 0.25 (SE=0.06) 0.88 (SE=0.07) 
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Table 7. Top models (∆AICc <2) for eastern red bat (Lasiurus borealis; LABO) site-

occupancy in south-central Indiana from May-August 2016 and 2017. We present 

competing modelsa and predictors for site-occupancy1 (ψ) and detection2 probability (p). 

We include model parameters (K), Akaike’s Information Criterion corrected for small 

sample size (AICc), and AICc weight (ωᵗ) for our top models in both seasons. 
 

Modela K AICc ∆AICc ωᵗ 

2016 ψ1(ba), p2(ns) 6 476.42 0.00 0.11 
 

ψ(ba), p(nm) 6 476.74 0.33 0.09 
 

ψ(ba), p(ba) 6 476.81 0.40 0.09 
 

ψ(ba), p(nus) 6 476.87 0.45 0.09 
 

ψ(ba), p(nw) 6 476.87 0.45 0.09 
 

ψ(ba), p(nr) 6 476.86 0.45 0.09 
 

ψ(ba, nw), p(ns) 7 477.69 1.27 0.06 
 

ψ(ba), p(nm, nus) 7 477.97 1.56 0.05 
 

ψ(ba, nw), p(nm) 7 478.04 1.62 0.05 
 

ψ(ba, nw), p(ba) 7 478.07 1.66 0.05 
 

ψ(ba, nw), p(nw) 7 478.13 1.71 0.05 
 

ψ(ba, nw), p(nr) 7 478.13 1.71 0.05 
 

ψ(ba, nw), p(nus) 7 478.12 1.71 0.05 
 

ψ(ba), p(ns, nm, nus) 7 478.27 1.85 0.04 
 

ψ(ba, nr), p(ns) 8 478.34 1.92 0.04 

2017 ψ(ba), p(nw, nm) 7 444.92 0.00 0.28 
 

ψ(ba), p(ba, nm, nus) 8 445.74 0.82 0.19 
 

ψ(ba, nr), p(nw, nm) 8 446.19 1.27 0.15 
 

ψ(ba), p(nw, ns, nm) 8 446.29 1.37 0.14 
 

ψ(ba), p(ba, nr, nm, 

nus) 

9 446.49 1.57 0.13 

 
ψ(ba), p(ba, nw, nm) 8 446.64 1.72 0.12 

ψ1: ba = basal area, nr = nearest road, nw = nearest waterhole. 
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p2: ba = basal area, nr = nearest road, nw = nearest water, nm = density of mid-story 

trees, nu = density of understory stems, ns = snag density.   
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Table 8. Top models (∆AICc <2) for little-brown bat (Myotis lucifugus; MYLU) site-

occupancy in south-central Indiana from May-August 2016 and 2017. We present 

competing modelsa and predictors for site-occupancy1 (ψ) and detection2 probability (p). 

We include model parameters (K), Akaike’s Information Criterion corrected for small 

sample size (AICc), and AICc weight (ωᵗ) for our top models in both seasons. 
 

Modela K AICc ∆AICc ωᵗ 

2016 ψ1(nr), p2(nw, ns) 7 498.12 0.00 0.36 
 

ψ(ba), p(nw, ns, nm, nus) 9 498.47 0.00 0.21 
 

ψ(ba), p(nw, ns) 7 498.78 0.00 0.64 
 

ψ(ba), p(nw, ns, nm) 8 498.79 0.32 0.18 
 

ψ(nw), p(nw, ns) 9 499.29 1.18 0.20 
 

ψ(nr), p(nw, ns, nm nus) 8 499.77 1.30 0.11 
 

ψ(ba), p(nw, nr, ns) 10 499.82 1.35 0.12 
 

ψ(ba, nr), p(nw, ns, nm, nus) 8 499.95 1.84 0.14 
 

ψ(nw, nr), p(nw, ns) 8 499.95 1.18 0.36 
 

ψ(ba), p(ba, nw, ns, nm, nus) 8 499.99 1.87 0.14 
 

ψ(ba, nr), p(nw, ns) 8 499.99 1.52 0.10 

2017 ψ(ba, nr), p(ba, nr, nm) 10 400.98 0.00 0.49 
 

ψ(ba, nr), p(ba, nw, nr, nm) 9 401.81 0.83 0.32 
 

ψ(ba, nr), p(ba, nr, nw, ns, nm) 10 402.87 1.90 0.19 

ψ1: ba = basal area, nr = nearest road, nw = nearest waterhole. 

p2: ba = basal area, nr = nearest road, nw = nearest water, nm = density of mid-story 

trees, nu = density of understory stems, ns = snag density.  
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Table 9. Top occupancy models (∆AICc <2) for Indiana bat (Myotis sodalis; MYSO) 

site-occupancy in south-central Indiana from May-August 2016 and 2017. We present 

competing modelsa and predictors for site-occupancy1 (ψ) and detection2 probability (p). 

We include model parameters (K), Akaike’s Information Criterion corrected for small 

sample size (AICc), and AICc weight (ωᵗ) for our top models in both seasons. 
 

Modela K AICc ∆AICc ωᵗ 

2016 ψ1(ba), p2(nm) 6 507.63 0.00 0.56 
 

ψ(ba, nr), p(nm) 7 509.41 1.77 0.23 
 

ψ(ba, nw), p(nm) 7 509.54 1.91 0.21 

2017 ψ(ba), p(ba,nm, nus) 8 459.79 0.00 0.16 
 

ψ(ba), p(ba, nw, nm, nus) 9 459.99 0.20 0.15 
 

ψ(ba), p(ba, ns, nm, nus) 9 460.16 0.37 0.13 
 

ψ(ba), p(ba, nw, ns, nm, nus) 10 460.40 0.61 0.12 
 

ψ(ba), p(nm, nus) 7 460.77 0.98 0.10 
 

ψ(ba), p(ba, nw, nm) 8 461.01 1.22 0.09 
 

ψ(ba), p(ba, nm) 8 461.58 1.79 0.07 
 

ψ(ba), p(nw, nm, nus) 9 461.58 1.79 0.07 
 

ψ(ba), p(ba, nw, ns, nm) 7 461.60 1.81 0.06 
 

ψ(nw), p(nm) 6 461.62 1.82 0.48 
 

ψ(ba, nw), p(ba, nm, nus) 9 461.73 1.94 0.06 

ψ1: ba = basal area, nr = nearest road, nw = nearest waterhole. 

p2: ba = basal area, nr = nearest road, nw = nearest water, nm = density of mid-story 

trees, nu = density of understory stems, ns = snag density.  
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Table 10. Top occupancy models (∆AICc <2) for northern long-eared bat (Myotis 

septentrionalis; MYSE) site-occupancy in south-central Indiana from May-August 2016 

and 2017. We present competing modelsa and predictors for site-occupancy1 (ψ) and 

detection2 probability (p). We include model parameters (K), Akaike’s Information 

Criterion corrected for small sample size (AICc), and AICc weight (ωᵗ) for our top 

models in both seasons. 
 

Modela K AICc ∆AICc ωᵗ 

2016 ψ1(ba), p2(nw,nm, nus) 8 443.04 0.00 0.37 
 

ψ(nr), p(nw,nm, nus) 9 443.88 0.65 0.33 
 

ψ(ba, nr), p(nw,nm, nus) 9 443.88 0.84 0.24 
 

ψ(nw), p(nw,nm, nus) 8 444.07 1.00 0.50 
 

ψ(ba, nw), p(nw,nm, nus) 9 444.09 1.06 0.22 
 

ψ(ba), p(ba,nw,nm, nus) 9 444.81 1.59 0.21 
 

ψ(nr), p(ba, nr, nm, nus) 9 444.68 1.64 0.16 

2017 ψ(nr), p(nr) 6 358.59 0.00 0.14 
 

ψ(nw, nr), p(nr) 7 359.01 0.41 0.11 
 

ψ(nr), p(ns) 6 359.46 0.87 0.09 
 

ψ(nr), p(ba) 6 359.90 1.30 0.07 
 

ψ(nr), p(nw) 6 359.89 1.30 0.07 
 

ψ(nr), p(nus) 6 359.94 1.35 0.07 
 

ψ(nr), p(nm) 6 359.96 1.37 0.07 
 

ψ(nw, nr), p(ns) 7 360.13 1.54 0.06 
 

ψ(nw, nr), p(nw) 7 360.30 1.71 0.06 
 

ψ(ba, nr), p(nr) 7 360.36 1.76 0.06 
 

ψ(nr), p(ba, nr) 7 360.45 1.85 0.05 
 

ψ(nr), p(nr, ns) 7 360.46 1.87 0.05 
 

ψ(nr), p(nr, nus) 7 360.49 1.90 0.05 
 

ψ(nw, nr), p(nus) 7 360.53 1.94 0.05 

ψ1: ba = basal area, nr = nearest road, nw = nearest waterhole. 
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p2: ba = basal area, nr = nearest road, nw = nearest water, nm = density of mid-story 

trees, nu = density of understory stems, ns = snag density.  
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Table 11. Top occupancy models (∆AICc <2) for tri-colored bat (Perimyotis subflavus; 

PESU) site-occupancy in south-central Indiana from May-August 2016 and 2017. We 

present competing modelsa and predictors for site-occupancy1 (ψ) and detection2 

probability (p). We include model parameters (K), Akaike’s Information Criterion 

corrected for small sample size (AICc), and AICc weight (ωᵗ) for our top models in both 

seasons. 
 

Modela K AICc ∆AICc ωᵗ 

2016 ψ1(nr), p2(ba, nr, nm) 8 477.81 0.00 0.43 
 

ψ(ba), p(ba, nr, nm) 8 479.04 1.20 0.56 
 

ψ(nw), p(ba, nr, nm) 8 479.11 1.30 0.54 
 

ψ(nr), p(ba, nr, ns, nm) 7 479.45 1.33 0.46 
 

ψ(nw), p(ba, nm) 7 479.52 1.48 0.44 
 

ψ(nr), p(ba, nm) 9 479.12 1.52 0.22 
 

ψ(ba), p(ba, nm) 7 479.43 1.63 0.19 
 

ψ(nr), p(ba, nr, nm, nus) 9 479.70 1.91 0.16 

2017 ψ(ba), p(ba, nr, nus) 9 460.86 0.00 0.30 
 

ψ(ba), p(ba, nr, ns, nus) 8 461.62 0.77 0.21 
 

ψ(ba, nr), p(ba, nr) 9 461.76 0.90 0.19 
 

ψ(ba, nr), p(ba, nr, nus) 8 462.22 1.36 0.15 
 

ψ(ba, nr), p(ba, nr, nm, nus) 10 462.33 1.47 0.14 

ψ1: ba = basal area, nr = nearest road, nw = nearest waterhole. 

p2: ba = basal area, nr = nearest road, nw = nearest water, nm = density of mid-story 

trees, nu = density of understory stems, ns = snag density.  
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Table 12. Top occupancy models (∆AICc <2) for silver-haired bat (Lasionycteris 

noctivagans; LANO) site-occupancy in south-central Indiana from May-August 2016 and 

2017. We present modelsa and competing predictors for site-occupancy1 (ψ) and 

detection2 probability (p). We include model parameters (K), Akaike’s Information 

Criterion corrected for small sample size (AICc), and AICc weight (ωᵗ) for our top 

models in both seasons. 
 

Modela K AICc ∆AICc ωᵗ 

2016 ψ1(nr), p2(ba, nr, nm) 8 210.31 0.00 0.31 
 

ψ(ba), p(ba, nm) 7 210.91 0.00 0.19 
 

ψ(nr), p(ba, nr, nm, nus) 9 210.86 0.55 0.24 
 

ψ(ba), p(ba, nm) 7 211.55 0.64 0.14 
 

ψ(ba), p(ba, ns) 7 211.60 0.68 0.14 
 

ψ(nr), p(ba, nus) 8 211.89 0.97 0.12 
 

ψ(ba), p(ba, nw) 9 212.00 1.08 0.11 
 

ψ(ba, nr), p(ba, nus) 8 212.03 1.11 0.11 
 

ψ(ba), p(ba, ns, nm) 7 211.46 1.16 0.18 
 

ψ(ba, nr), p(ba, nr, nm) 8 211.89 1.58 0.14 

2017 ψ(ba, nr), p(nw, nr, ns) 10 226.61 0.00 0.32 
 

ψ(ba, nr), p(nw, nr, ns, nm) 11 227.50 0.89 0.20 
 

ψ(ba, nr), p(nw, nr, ns, nm) 11 227.87 1.26 0.17 
 

ψ(ba, nr), p(nw, nr, ns, nm, nus) 10 227.91 1.30 0.17 
 

ψ(ba, nw, nr), p(nw, nr, ns, nm) 9 228.13 1.52 0.15 

ψ1: ba = basal area, nr = nearest road, nw = nearest waterhole. 

p2: ba = basal area, nr = nearest road, nw = nearest water, nm = density of mid-story 

trees, nu = density of understory stems, ns = snag density.  
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Table 13. Top occupancy models (∆AICc <2) for hoary bat (Lasiurus cinereus; LACI) 

site-occupancy in south-central Indiana from May-August 2016 and 2017. We present 

competing modelsa and predictors for site-occupancy1 (ψ) and detection2 probability (p). 

We include model parameters (K), Akaike’s Information Criterion corrected for small 

sample size (AICc), and AICc weight (ωᵗ) for our top models in both seasons. 
 

Modela K AICc ∆AICc ωᵗ 

2016 ψ1(ba), p2(ba, nus) 8 261.05 0.00 0.15 
 

ψ(ba), p(ns, nus) 9 261.62 0.57 0.11 
 

ψ(ba), p(ba, nw, nus) 8 261.79 0.74 0.10 
 

ψ(ba), p(ba, nm, nus) 7 261.81 0.75 0.10 
 

ψ(ba), p(nr, nm, nus) 7 261.85 0.79 0.10 
 

ψ(ba), p(ba, nr, nm, nus) 9 262.17 1.12 0.08 
 

ψ(ba), p(nw, nr, nm, nus) 8 262.27 1.21 0.08 
 

ψ(ba, nw), p(ba, nus) 8 262.31 1.25 0.08 
 

ψ(ba, nw), p(ns, nus) 9 262.52 1.47 0.07 
 

ψ(ba, nw), p(nr, nm, nus) 10 262.81 1.76 0.06 
 

ψ(ba, nw), p(ba, nr, nm, nus) 8 262.88 1.83 0.06 

2017 ψ(nw), p(ba, nw) 7 244.63 0.00 0.49 
 

ψ(nr), p(ba, nw) 7 244.89 0.10 1.00 
 

ψ(ba, nw), p(ba, nw) 8 245.60 0.30 0.46 
 

ψ(ba), p(ba, nw, nus) 8 245.90 0.97 0.30 
 

ψ(nw), p(ba, nw, nm) 8 246.24 1.62 0.22 

ψ1: ba = basal area, nr = nearest road, nw = nearest waterhole. 

p2: ba = basal area, nr = nearest road, nw = nearest water, nm = density of mid-story 

trees, nu = density of understory stems, ns = snag density. 
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Table 14. Number of bat calls identified to species by Bat Call ID (BCID v. 2.7d) and 

Echoclass (V. 3.1) in south-central Indiana from May-August in 2016 and 2017. 

“Unknown” identifications were administered when the automated ID software detected 

at least one bat call, but there was not enough information present to warrant a species 

level identification 
 

2016 2017 

Frequency Group  BCID ECHOCLASS BCID ECHOCLASS 

Myotis 1,441 2,402 720 1,097 

Mid-Frequency  5,298 7,335 4,262 5,774 

Low-Frequency  1,804 2,057 519 8,413 

Unknown 960 10,290 431 7,962 
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Table 15. Top occupancy models (∆AICc <2) for Myotis bat site-occupancy in south-

central Indiana from May-August 2016 and 2017. We present competing modelsa and 

predictors for site-occupancy1 (ψ) and detection2 probability (p). We include model 

parameters (K), Akaike’s Information Criterion corrected for small sample size (AICc), 

and AICc weight (ωᵗ) for our top models in both seasons. 
 

Modela K AICc ∆AICc ωᵗ 

2016 ψ1(nw), p2(nm, nus) 7 546.51 0.00 0.36 
 

ψ(nw), p(nw, nm, nus) 8 547.01 0.50 0.28 
 

ψ(nw), p(nr, nm, nus) 8 547.58 1.06 0.21 
 

ψ(nw), p(ns, nm, nus) 8 548.27 1.75 0.15 

2017 ψ(nr), p(ns, nm) 7 456.16 0.00 0.18 
 

ψ(nw, nr), p(ns, nm) 8 456.38 0.22 0.16 
 

ψ(nr), p(ba, ns) 7 457.09 0.93 0.11 
 

ψ(nw), p(ns, nm, nus) 7 457.12 0.74 0.17 
 

ψ(nr), p(ns, nm, nus) 6 457.16 1.01 0.11 
 

ψ(nw, nr), p(ns, nm, nus) 8 457.25 1.09 0.10 
 

ψ(nw, nr), p(ns, nm, nus) 7 457.26 1.10 0.10 
 

ψ(nw), p(ns, nm, nus) 7 457.26 0.88 0.16 
 

ψ(ba, nr), p(ns, nm) 8 457.79 1.63 0.08 
 

ψ(nw), p(ns) 6 457.81 1.43 0.12 
 

ψ(nr), p(ns, nm, nus) 8 457.86 1.71 0.08 
 

ψ(nr), p(ns, nus) 7 458.09 1.94 0.07 

ψ1: ba = basal area, nr = nearest road, nw = nearest waterhole. 

p2: ba = basal area, nr = nearest road, nw = nearest water, nm = density of mid-story 

trees, nu = density of understory stems, ns = snag density. 
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Table 16. Estimates of bat occupancy for three bat frequency groups in south-central 

Indiana from May-August in 2016 and 2017. Model averaged predictions are based on 

average basal area measurements in four  harvest types including intact forests, single-

tree selection harvests, shelterwood harvests, and clearcut harvests. 
 

Frequency 

Group 

Control Single-Tree Shelterwood Clearcut 

2016 Myotis 0.66 (SE=0.06) 0.65 (SE=0.05) 0.65 (SE=0.06) 0.66 (SE=0.06) 
 

Mid-frequency 0.66 (SE=0.06) 0.83 (SE=0.05) 0.84 (0SE=0.05) 0.97 (SE=0.02) 
 

Low-frequency  0.25 (SE=0.06) 0.44 (SE=0.07) 0.44 (SE=0.07) 0.89 (SE=0.06) 

2017 Myotis 0.54 (SE=0.05) 0.54 (SE=0.05) 0.54 (SE=0.05) 0.54 (SE=0.06) 
 

Mid-frequency 0.59 (SE=0.07) 0.69 (SE=0.06) 0.69 (SE=0.06) 0.90 (SE=0.07)  
 

Low-frequency  0.30 (SE=0.08) 0.44 (SE=0.08) 0.44 (SE=0.07) 0.79 (SE=0.09) 
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Table 17. Model averaged predictions for three bat frequency groups in south-central 

Indiana from May-August in 2016 and 2017. We report estimates for detection 

probability, false-positive detection errors, and certain detections. Detection estimates are 

based on average predictors in our top detection models. False-positive and certain 

detection rates are based on intercept only models. 
 

Frequency Group  Detection False-positive Certain 

2016 Myotis  0.79 (SE=0.04) 0.18 (SE=0.04) 0.82 (SE=0.03) 
 

Mid-frequency 0.98 (SE=0.01) 0.15 (SE=0.04) 0.93 (SE=0.02) 
 

Low-frequency  0.87 (SE=0.05) 0.16 (SE=0.03) 0.75 (SE=0.05) 

2017 Myotis 0.90 (SE=0.03) 0.04 (SE=0.02) 0.82 (SE=0.03) 
 

Mid-frequency 0.99 (SE=0.01) 0.14 (SE=0.04) 0.84 (SE=0.03) 
 

Low-frequency 0.39 (SE=0.07) 0.15 (SE=0.03) 0.71 (SE=0.06) 
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Table 18. Top occupancy models (∆AICc <2) for mid-frequency bat site-occupancy in 

south-central Indiana from May-August 2016 and 2017. We present competing modelsa 

and predictors for site-occupancy1 (ψ) and detection2 probability (p). We include model 

parameters (K), Akaike’s Information Criterion corrected for small sample size (AICc), 

and AICc weight (ωᵗ) for our top models in both seasons. 
 

Modela K AICc ∆AICc ωᵗ 

2016 ψ1(ba), p2(nm, nus) 7 372.35 0.00 0.30 
 

ψ(ba), p(nr, nm, nus) 8 373.90 1.55 0.14 
 

ψ(ba, nw), p(nm, nus) 8 373.62 1.27 0.16 
 

ψ(ba), p(nw, nm, nus) 8 373.99 1.63 0.13 
 

ψ(ba), p(ns, nm, nus) 8 373.80 1.45 0.14 
 

ψ(ba, nr), p(nm, nus) 8 373.98 1.63 0.13 

2017 ψ(ba), p(nw, nm, nus) 8 444.21 0.00 0.26 
 

ψ(ba), p(nw, nr, nm, nus) 9 444.36 0.16 0.24 
 

ψ(ba), p(nw, ns, nm, nus) 9 445.29 1.08 0.15 
 

ψ(ba), p(nw, nr, ns, nm, nus) 10 445.41 1.21 0.14 
 

ψ(ba, nw), p(nw, nm, nus) 9 446.01 1.80 0.11 
 

ψ(ba, nw), p(nw, ns, nm, nus) 10 446.02 1.81 0.10 

ψ1: ba = basal area, nr = nearest road, nw = nearest waterhole. 

p2: ba = basal area, nr = nearest road, nw = nearest water, nm = density of mid-story 

trees, nu = density of understory stems, ns = snag density.
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Table 19. Top occupancy models (∆AICc <2) for low-frequency bat site-occupancy in 

south-central Indiana from May-August 2016 and 2017. We present competing modelsa 

and predictors for site-occupancy1 (ψ) and detection2 probability (p). We include model 

parameters (K), Akaike’s Information Criterion corrected for small sample size (AICc), 

and AICc weight (ωᵗ) for our top models in both seasons. 

  
Modela K AICc ∆AICc ωᵗ 

2016 ψ1(ba, nw), p2(nr, ns) 8 458.65 0.00 0.10 
 

ψ(nw), p(nr, ns) 8 460.06 0.00 0.56 
 

ψ(ba, nw), p(ns) 9 460.57 0.50 0.44 
 

ψ(ba, nw), p(nr, ns, nus) 9 459.26 0.61 0.07 
 

ψ(ba), p(nr, ns) 7 459.27 0.62 0.07 
 

ψ(ba, nw), p(nr, nus) 7 459.29 0.64 0.05 
 

ψ(ba, nw), p(ns, nus) 9 459.31 0.66 0.07 
 

ψ(ba, nw), p(nw, nr, ns) 8 459.36 0.71 0.07 
 

ψ(nw), p(ns) 8 459.37 0.72 0.07 
 

ψ(nw), p(ns, nus) 6 459.48 0.83 0.05 
 

ψ(ba, nw), p(nw, nr) 8 459.73 1.08 0.06 
 

ψ(ba), p(nr, nus) 8 459.92 1.27 0.05 
 

ψ(nw), p(nw, nr, ns) 7 459.96 1.31 0.05 
 

ψ(nw), p(ns, nus) 8 459.97 1.32 0.05 
 

ψ(ba, nw), p(nw, nr) 8 460.00 1.35 0.04 
 

ψ(ba, nw), p(nr, nus) 8 460.03 1.35 0.04 
 

ψ(nw), p(nw, nr, ns) 7 460.09 1.44 0.05 
 

ψ(ba, nw), p(nr, ns, nus) 7 460.11 1.46 0.04 
 

ψ(nw, nr), p(ba, nr) 7 460.12 1.47 0.05 
 

ψ(ba), p(nw, ns) 6 460.23 1.58 0.04 
 

ψ(nw), p(nr, nus) 7 460.43 1.78 0.04 
 

ψ(ba), p(nr) 8 460.46 1.81 0.04 
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ψ(nw), p(nr, ns) 7 460.49 1.84 0.03 

 
ψ(nw), p(nw, nr) 7 460.50 1.85 0.03 

 
ψ(ba, nw), p(nus) 7 460.52 1.87 0.04 

 
ψ(ba, nw), p(nr, nm) 7 460.54 1.87 0.03 

 
ψ(ba, nw), p(nw) 9 460.56 1.91 0.04 

 
ψ(ba, nw, nr), p(nr, ns) 9 461.10 1.91 0.03 

2017 ψ(ba), p(ns, nm, nus) 8 471.75 0.00 0.37 
 

ψ(ba), p(nw, ns, nm, nus) 9 472.74 0.98 0.23 
 

ψ(ba), p(nr, ns, nm , nus) 9 472.99 1.24 0.20 
 

ψ(ba), p(ns, nm, nus) 9 473.05 1.30 0.20 

ψ1: ba = basal area, nr = nearest road, nw = nearest waterhole. 

p2: ba = basal area, nr = nearest road, nw = nearest water, nm = density of mid-story 

trees, nus = density of understory stems, ns = snag density. 

 


