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DESCRIPTION OF CHAPTERS 

The second, third, and forth chapter of this dissertation were written as independent 

manuscripts with the intent to submit to peer-reviewed journals. For the dissertation, I 

included a general introduction (Chapter 1) and conclusion (Chapter 5) to tie elements of 

the chapters together into a more complete narrative. Because chapters 2, 3, and 4 were 

written as independent manuscripts, there is some overlap in the information conveyed in 

the introductions as well as the methods and references. Intended co-authors of the 

manuscripts were listed after each chapter title, and the dissertation was written using 

plural nouns to include co-authors.  
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DISSERTATION ABSTRACT 

Restoration of savanna and woodland ecosystems are high priorities for state and federal 

agencies in the Midwest and prescribed fire and mechanical tree thinning are the main 

tools used to restore these communities. Information on how bat species and their insect 

prey respond to restoration is needed to guide management decisions for species of 

conservation concern. There is a heightened urgency to collect demographic data during 

the summer maternity season due to white-nose syndrome (WNS) and other threats to bat 

populations. Our objectives were to: 1) evaluate the performance of the n-mixture model 

for repeated count data and the general multinomial-Poisson model for removal sampling 

(n-mixture model and removal model, respectively) for estimating bat abundance from 

simulated mist-net capture data, 2) determine the relationships between prescribed fire, 

vegetation structure, and site characteristics on insect abundance, and 3) determine the 

effect of restoration, vegetation structure, and landscape factors  on bat species 

abundances across a gradient of savannas, woodlands, and non-managed forest in the 

Ozark Highlands of Missouri.  

 

We fit the n-mixture and removal models in the UNMARKED package in R, and 

simulated datasets that examined how both models would perform based on potential 

study design constraints, various probabilities of detection, and population sizes. We 

simulated 4 scenarios each based on 85 iterations on 1000 randomly generated datasets. 

We calculated relative bias (RB), mean absolute error (MAE), and mean absolute percent 

error (MA%E) from model predictions to evaluate model performance. Relative bias, 

MAE, and MA%E decreased as detection probability and bat abundance increased. 



 

xvii 

Model fit was acceptably low when bat abundance was >70, and detection probability 

was > 0.5 for n-mixture models. The removal model outperformed the n-mixture model 

in all scenarios except when detection probability was 0.05. The removal model correctly 

estimated bat abundance for 50% of simulated scenarios versus the n-mixture model’s 3 

out of 43. Utilization of the removal model using data from repeated mist-net surveys 

may allow resource managers and conservationists to better quantify how resource 

management and landscape composition affect bat species abundance and overall 

populations. We provide managers with evidence of the utility of the removal model to 

estimate bat abundances from repeated mist-net survey data while incorporating 

meaningful habitat, management, and landscape covariates.  Furthermore, documenting 

changes in populations sizes during the summer maternity season will enable improved 

conservation practices for species management. 

 

We sampled insects at 8 plots in 2014, and 4 plots in 2015 and 2016 within 250 m of each 

mist-net sites. We fit generalized linear mixed effects models to evaluate a priori 

hypotheses on the effects of savanna woodland restoration on insect abundances. 

Prescribed fire did affect insect abundances at plots surrounding each mist-net site. Insect 

plots burned 2 or 3 times within the last ten years had higher insect abundances for some 

insect response groups compared to non-managed plot. Year since a plot burned also 

affected insect abundances, with sites burned more recently within 3 years had lower 

insect abundances for some insect response groups and in others – we found no 

relationship. We only evaluated insect Orders and did not examine specific families or 

species richness to understand how management affects diversity of insects. 
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Temperature was the best predictor of insect abundances at plots for most response 

variables, and we found support for site aspect, and tree density by size classes. Managers 

should be mindful that different insect groups had different responses to  prescribed fire, 

therefore a diversity of practices in the landscape will provide for more diverse insect 

prey Overall, restoration practices did not have a lasting negative effect on insect 

abundances, and some positive effects.    

 

We conducted mist-net surveys at 89 sites across the Ozark region of Missouri from 

2014-2016, and collected demographic data on 4 bat species captured: northern long-

eared bat (Myotis septentrionalis), tri-colored bat (Perimyotis subflavus), evening bat 

(Nycticeius humeralis), and eastern red bat (Lasiurus borealis). We fit the removal model 

to evaluate multi-scale a priori hypotheses on the effects of restoration, landscape factors, 

and prey availability at sites that potentially affect either the detection or abundance of 

bats at sites. Top models for all four bat species highlighted the importance of evaluating 

multiple spatial scales in ecological studies. Overall, we found no evidence that 

restoration negatively affected any of the bat species investigated; although, northern 

long-eared bats abundance presented stronger positive relationship to percent forest and 

increased tree densities than to percent savanna-woodlands within 1km. Our study was 

the first to predict abundances from repeated count data from mist-net surveys during the 

summer maternity season and accounting for varying detection probabilities. We did not 

find support for relationships between potential insect prey and bat abundances. Eastern 

red bats, tricolored, and evening bat abundances were positively related to prescribed fire 

and negatively to tree densities or percent canopy and therefore should respond positively 
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to savanna and woodland restoration.  Northern long-eared bat had higher abundances at 

sites with higher tree densities of pole and saw timber and eastern red bat and northern 

long-eared bat abundances was positively related to sites with higher percentage of forest 

and savanna-woodland habitat within 1 km of mist-net sites. Evening bat abundances was 

the greatest at sites that had higher fire frequencies within 1 km of a mist-net site.  We 

suggest managers consider the tradeoffs among species in these abundance relationships 

when planning management and that restoration of savanna and woodlands, when part of 

a larger management goal to create heterogeneity of forest types, will likely promote 

higher abundances of all four bat species.   
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Chapter 1: Introduction 

Hierarchical, multi-scale, habitat selection by animals influences ecological processes 

like dispersal, reproduction, and migration (Hildens 1965, Cushman and McGarigal 

2004). Knowledge of local (small scale) structural and habitat features only answers part 

of the question of what influences habitat selection since species rarely respond to habitat 

at only one spatial scale (Hilden 1965, Hutto 1985, Lawler and Edwards 2006). 

Understanding the spatial scales that influence habitat selection is critical to identifying 

the necessary structural, habitat, and landscape features that affect a species survival 

(Wiens 1989, Saab 1999, Hayes and Loeb 2007). I address multi-scale, hierarchical, 

habitat selection by directly comparing support for relationships between bat abundance 

and environmental features at local, patch, and landscape scales, and by assessing which 

scales most greatly affect species’ abundances. 

 

Identifying proximate and ultimate factors affecting habitat selection is a central theme in 

ecology. Proximate factors are directly linked to site selection by a species. Typically, 

these landscape or habitat measures stimulate the use of a site by an individual due to one 

or more important features (e.g. open versus forested landscape, proximity to water, 

proximity to conspecific individuals; Hilden 1965). Ultimate factors that determine 

habitat selection are the driving cause behind selection; however, these ultimate factors 

are often masked by proximate factors. Typical ultimate factors are food, shelter, and 

species-specific constraints of behavior as well as locomotion strategies. Few studies 

have examined simultaneously proximate and ultimate factors affecting habitat selection 

(Johnson and Sherry 2001, Orians and Wittenberger 1991). My study is unique in that it 

addresses multi-scale habitat attributes as well as proximate and ultimate factors. I 
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directly address the relative importance of food, an ultimate factor, and proximate habitat 

factors— specifically, vegetation structure, landscape composition, and prescribed fire— 

by comparing evidence for relationships between these factors and bat abundance.   

 

Indices of abundance or estimates of site occupancy can be used to address many 

ecological questions for wildlife. However, many conservation questions require 

knowledge of the actual numbers of animals such as those concerning species status or 

viability. Furthermore, indices are often misused because users assume detection 

probability is constant when it is often not (Rosenstock et al. 2000). Occupancy modeling 

provides information on the relative use or importance of sites, but does not directly 

indicate the number of individuals using sites (MacKenzie 2006). Rather, it is a coarse 

metric for examining population variation among habitats. Knowledge of true abundance 

is needed to evaluate species status. Traditional methods to estimate detection-corrected 

abundance are mark-recapture, removal, and distance sampling (Buckland et al. 2001, 

Williams et al. 2002). These methods are labor intensive, and are often unfeasible for 

bats. Most bat survey techniques use presence only data or raw counts (O’Shea and 

Bogan 2003). Newly developed models can use count data to estimate detection 

probability and abundance while incorporating meaningful site, habitat, and landscape 

covariates that influence detection probability and abundance (Royle et al. 2004a, Royle 

et al. 2004b). I investigated the application of n-mixture models for repeated count data, 

and general multinomial-Poisson models using removal sampling, to estimate bat 

abundance at capture sites – something hereto has not been attempted.   
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I investigated broader ecological issues (e.g. multi-scale habitat selection, proximate and 

ultimate factor effects on abundance, and estimate true abundance) while addressing two 

contemporary conservation issues: the restoration of savanna and woodlands and bat 

conservation. Savanna woodland restoration is taking place across the Midwest. 

Prescribed fire removes understory vegetation and small trees creating a more open forest 

understory, and preventing recruitment to the overstory at savanna woodland restoration 

sites. Examining how prescribed fire influences the use of sites by wildlife species can 

provide additional information on drivers of habitat selection. By working across a 

gradient of savanna, woodland, and non-managed forest in the Missouri Ozarks, I address 

concerns about management effects on wildlife while using the variation in structure and 

composition to address broader ecological questions.  

 

Many animals, including bats, eat insects. A potential value of savannas and woodlands 

for bats and other wildlife is increased abundance of insect prey. By evaluating how fire 

frequency, years since burn, vegetation structure and composition changes predict insect 

abundance at sites, I was able to make inferences on how savanna woodland restoration 

influences insect abundance, and therefore, potential site use of wildlife based on 

increased food supply. 

 

I focused on bats not only because they are of great conservation concern, but also 

because they are a good study species to investigate broader ecological principles such as 

important spatial scales, and proximate versus ultimate factors in habitat selection. Due to 

their mobility and the capacity to move between areas that provide adequate resources to 
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meet energetic, shelter, and water requirements, bats serve as a good model to examine 

habitat selection at multiple spatial scales to identify important environmental drivers of 

selection (Hayes and Loeb 2007). 

 

Dissertation Objectives 

In my second chapter, I evaluated the performance of two abundance models for bat 

capture data. I used n-mixture models for repeated count data and general multinomial-

Poisson models using removal sampling to estimate bat abundance from simulated data. 

The goal of this chapter is to validate the performance and sensitivity of these models for 

populations. In my third chapter, I examined the effects of savanna woodland restoration 

by evaluating support for relationships between insect abundance, vegetation structure, 

and prescribed fire in managed savannas and woodlands and non-managed forests. I used 

my results from chapters 2 and 3 to evaluate local, patch, and landscape factors affecting 

bat abundance across a savanna, woodland, and forest gradient in my fourth chapter. I 

utilized an information theoretic approach to examine the relationship between 

abundance of northern long-eared bat (Myotis septentrionalis), tri-colored bat (Perimyotis 

subflavus), evening bat (Nycticeius humeralis), and eastern red bats (Lasiurus borealis) to 

changes in food abundance, prescribed fire, vegetation structure, and landscape 

composition and pattern. 

 

Impacts  

My research has substantial management and conservation implications. The ability to 

estimate the true number of bats using a site based on captures over several nights is a 
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meaningful contribution for bat research and monitoring. The use of both simulated data 

and field data should provide a robust evaluation of the applicability of these models for 

estimating bat abundance.  Information on bat abundance will allow for resource 

managers and conservationists to evaluate management impacts on bats, and the 

applicability of these models for other wildlife species. 

 

By determining how restoration management affects insect abundance, I provide 

important information on the general impacts of fire on insect abundance. I also provide 

insight on how an ultimate factor, insect prey abundance, may affect habitat selection for 

wildlife species based on changes in food availability caused by restoration management.  

 

More generally, understanding how bats respond to multi-scale proximate and ultimate 

factors is essential because bats are of high conservation concern. Besides increasing our 

knowledge of habitat selection for wildlife, my dissertation will improve our (scientists, 

management agencies, and other shareholders) ability to plan conservation management 

strategies at scales most influential to bat populations. My dissertation provides 

abundance estimates that can be extrapolated over spatial and temporal scales, and used 

to create population estimates for species to assess the status, population trends, and 

viability (Thogmartin et al. 2007, Amar et al. 2010). This is especially necessary in light 

of recent population declines of bat species related to landscape conversion, wind energy 

developments, and WNS.  
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ABSTRACT 

The ability to accurately estimate bat abundance is crucial to ecologists, conservationists, 

and area managers to provide insight on species status, population trends, and viability. 

Acoustic detection and occupancy modeling can provide an understanding of resource 

use, but these methods do not estimate how many bats are in an area, or how these 

numbers change over time. In light of white-nose syndrome (WNS) and other threats to 

bat populations, there is a heightened need to estimate bat abundance and trends. We 

evaluated the performance of the n-mixture model for repeated count data, and the 

general multinomial-Poisson model for removal sampling (n-mixture model and removal 

model, respectively) to estimate bat abundance from simulated mist-net capture data. We 

evaluated the performance of both abundance models under varying numbers of sites and 

visits, detection probability, and population size. We simulated 4 scenarios each based on 

85 iterations on 1000 randomly generated datasets. We used the UNMARKED package 

in R to fit the n-mixture model and removal model. We calculated relative bias (RB), 

mean absolute error (MAE), and mean absolute percent error (MA%E) from model 

mailto:kmwhr5@mail.missouri.edu
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predictions to evaluate model performance. Relative bias, MAE, and MA%E decreased 

as detection probability and bat abundance increased. Model fit was acceptably low when 

bat abundance was >70, and detection probability was > 0.5 for n-mixture models. The 

removal model outperformed the n-mixture model in all scenarios except when detection 

probability was 0.05. The removal model correctly estimated bat abundance for 50% of 

simulated scenarios versus the n-mixture model’s 3 out of 43. Utilization of the removal 

model using data from repeated mist-net surveys may allow resource managers and 

conservationists to better quantify how resource management and landscape composition 

affect bat species abundance and overall populations.  

 

1. INTRODUCTION 

Wildlife management often requires estimates of animal abundance. Indices of 

abundance or estimates of site occupancy can be used to address ecological questions for 

wildlife. However, many conservation questions require knowledge of the actual number 

of animals such as those concerning species status. Species of conservation concern 

(SCC), or those federally listed as threatened or endangered, are often the focus of studies 

to estimate abundance because of the need to understand factors driving their population 

numbers. Studies often seek to understand relationships between species abundance and 

specific habitat or landscape characteristics (Royle 2004a), so they can inform 

conservation and management. Abundance estimates collected over time can be used to 

determine if species abundance is decreasing, increasing or stable.  
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Analysis methods used to analyze count data can either generate indices of abundance or 

estimate abundance by correcting for incomplete and variable detectability (Buckland et 

al. 2001, Williams et al. 2002, Johnson 2008, Rosenstock et al. 2002). Analyses of 

relationships between abundance and environmental features can be confounded if 

detection probability varies with the features being considered (Ruiz-Gutiérrez et al. 

2010). Mark-recapture, removal, and distance-sampling methods are common approaches 

for estimating detection probability and abundance (Buckland et al. 2001, Williams et al. 

2002, Farnsworth et al. 2002). Correctly estimating abundance is challenging for rare 

species, species with low detectability, and species that are trap shy or avoid capture even 

if they are common on the landscape and especially if detection probabilities are variable 

or change spatially and temporally. Several methods exist for estimating abundance and 

detectability without individuals being marked or removed from the population, or 

measurements of distance (Kéry et al. 2005). These abundance models have been 

developed to account for rare species by allowing for low numbers of detections per site 

while incorporating meaningful site, habitat, and landscape covariates that influence 

detection probability and abundance (Royle et al. 2004a, Kery et al. 2005, Royle et al. 

2004b). These models have potential utility in bat conservation and management because 

bat detection varies between sites based on habitat and landscape variability as well as 

patchy abundance within populations. 

 

Recent threats to bat populations in the eastern United States (e.g., white-nose syndrome, 

wind turbine fatalities, habitat destruction, etc.) provide heightened demand for 

methodologies that can estimate abundance at sites (Kunz et al. 2007, Walters et al. 2013, 
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Puechmaille et al. 2011, Turner et al. 2011). Bats are difficult to count due to their cryptic 

behavior. Mark-recapture or distance sampling methods are largely not-feasible for bats 

because of low recapture probabilities and it is difficult or impossible to measure 

distances to detections (Kunz and Kurta 1988, Karr 1981, Marques et al. 2013). For these 

reasons and others, bat studies usually have not attempted to measure abundance, and 

focus instead  on site occupancy  (MacKenzie et al. 2002, Amelon 2007). Bat occupancy 

studies often use acoustic detectors to actively or passively record echolocation calls to 

determine the presence or non-detection of a species at a survey location (Marques et al. 

2013, Amelon 2007, Starbuck et al. 2015, Yates and Muzika 2006, Walters et al. 2013).  

Even though abundance and occupancy are often related, bat occupancy studies based on 

acoustic detection can distinguish between species but not individuals within a species 

using a site.    

 

Abundance models that use repeated counts or removal sampling approaches to estimate 

detection probabilities are potentially useful for estimating abundance of bats, but have 

not been tested for this application. Models available in the UNMARKED package in R 

use count data to estimate detection probability and abundance while incorporating 

meaningful site, habitat, and landscape covariates that affect detection probabilities and 

density/ abundance estimates (Royle et al. 2004a, Royle et al. 2004b). Many bird studies 

have used this package to analyze point count data, and were able to predict ecologically-

realistic abundance and density estimates (e.g., Roach 2016, Rigby 2016, Reidy et al. 

2014). We sought to use several of these models to determine their utility in bat ecology. 
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The n-mixture model for repeated counts and general multinomial Poisson model for 

removal sampling (hereafter n-mixture model and removal model, respectively) are 

potentially suitable for estimating abundance of bats from repeated mist-net surveys, and 

do not require distance measurements or mark-recapture to estimate abundance. The n-

mixture model assumes a closed population between repeated visits at a site, and that 

species detectability across visits is independent. The removal model assumes that the 

population is closed, but that each repeated visit is dependent on previous visits. The 

removal function is a common survey protocol when estimating abundances in a closed 

population (Williams et al. 2002, Dorazio and Royle 2003). Removal sampling requires 

that an individual must be removed from all subsequent visits at a site, either by physical 

removal from the population, marking captured individuals to remove from data, or by 

accounting for the reduction in trap-ability due to net avoidance behavior after initial 

capture (Dorazio and Royle 2005, Williams et al. 2002, Royle 2004b, Rigby 2016). The 

assumption that a population is closed between repeated visits should hold true in 

summer bat studies (Menzel et al. 2005, Veilleux and Veilleux 2004), especially if visits 

occur over consecutive nights during the maternity season.  The assumption by the n-

mixture model of independence between visits may be violated because bats exhibit net 

avoidance behavior after capture (Larson et al. 2007, Kunz and Anthony 1977, Berry et 

al. 2004). The removal model is not affected by individuals that exhibit avoidance 

behavior because only the first capture is used to estimate abundance.   

 

Study design constraints (e.g., numbers of visits versus number of sites) and differences 

among species (e.g., rare versus common; high versus low detection probabilities) could 
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also affect the performance of n-mixture and removal models. Summer bat studies are 

often limited to three months (May 15
th

 - August 15
th

) which restricts number of sites 

and/or visits, or increases personnel, and labor expenditures. The evaluation of models 

with simulated data is common in the literature as justification and validation of new 

analytical techniques for different taxa (Royle 2004a, McCaffery et al. 2016, Yamaura et 

al. 2016, Rigby 2016). Our goal is to determine the utility of these two abundance models 

so that future studies might collect population demographic information beyond only 

occupancy data to address the heightened need for population demographic data over 

time to evaluate changes in population size. 

 

We evaluated the application of n-mixture (Royle 2004a) and removal models (Royle 

2004b) to estimate bat abundance from capture data. We simulated data to represent bat 

captures from repeated mist-net surveys with known population sizes (Ń) to determine 

how accurately these models would estimate abundance. We evaluated the sensitivity of 

abundance estimates to the number of sites (Scenario 1), number of visits (Scenario 2), 

various population sizes (Ń) and probabilities of detection (Scenario 3), and the effect of 

net avoidance behavior as represented by decreasing detection probability at a site over 

time (Scenario 4). We designed scenarios to cover the range of values we expected for 

each simulation parameter from a literature review and previous field studies.   
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2  METHODS 

2.1  Model descriptions and assumptions  

We fit n-mixture models and removal models in the UNMARKED package in R using 

the pcount and multinomPois procedures, respectively (version 3.2; Fiske and Chandler 

2011). We did not include any detection or abundance covariates but rather focused on 

elements study design and model assumptions. Both models required repeated visits or 

sampling events at a site, and assume closed population during the time between visits. 

N-mixture models treat each sampling visit as independent events, and use a Poisson 

distribution (Fiske and Chandler 2011). The removal model assumes that repeated visits 

at a site are dependent on previous counts. The removal function within the model 

requires that all individuals captured at a site during previous visit(s) be removed from all 

subsequent sampling events at a site (Fiske and Chandler 2011). This can be done 

physically, or by ignoring recaptures of marked animals. The removal model uses a 

Poisson distribution which is often appropriate for count data with a high frequency of 

zeros (Fiske and Chandler 2011).  

 

2.2  Data simulation 

We created four scenarios within which we varied the number of sites, the number of 

visits, the number of bats and detection probability, or detection probabilities based on 

capture history to simulate net avoidance behavior. We manipulated these parameters 

across a realistic range of expected values for bat species. We generated 1000 random 

data sets for each level of a parameter within a scenario, and fit models to the data. 
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Baseline values of parameters were sites =80, visits =3, Ń =70, and detection probability 

(p) =0.5. 

 

We simulated counts of captures for a given visit at a site using a binomial distribution 

(1= captured or 0= not captured) for each individual based on Ń and probability of 

detection. Captured individuals were totaled by visit for the n-mixture model, but only 

the first capture of an individual at a site was counted for the removal model. We used a 

for loop function in R to repeat this process to generate count data for each visit at a site 

and for all sites, and imported counts into a count matrix. We created an UNMARKED 

data frame from the count matrix, fit the model, and output a matrix that contained the 

model’s abundance estimate and standard error for the simulated data. We used another 

for loop function in R to repeat this process 999 times, resulting in 1000 estimates for 

each level of a parameter in the scenario.  

 

We simulated 50, 60, 80, 90, and 120 sites, and held other parameters at baseline values 

in scenario 1 (Table 1). Previous experience suggested the potential for suitable weather 

on 60 nights from May 15
th

 - August 15
th

, and we assumed a minimum of 3 visits which 

means one team of field researcher could survey 20 sites per year. Another constraint is 

the number of federally permitted biologists available to conduct surveys; however, 

studies can occur over multiple years to offset this constraint. Given these constraints, we 

thought 50 to 120 sites was a reasonable range of sites to consider for a multiple year 

study.    
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We simulated surveys based on 3, 4, and 5 visits to a site with other parameters at 

baseline values in scenario 2 (Table 1). Since there is a tradeoff between the number of 

visits and the number of sites that can be visited for a given level of effort, we thought 3-

5 visits was a realistic and relevant number of visits to consider.   

 

We varied p 0.05-0.90 and Ń 35-150 in scenario 3 (Table 1). We chose values of p and Ń 

based on literature on p and maternity colony size estimates from emergence counts at 

roost locations within our study region (Careres and Barclay 2000, Schwartz and 

Schwartz 2001, Amelon 2007, Starbuck et al. 2015).  We chose Ń to represent rare 

(Ń=35) to very abundant species (Ń=150; Table 1). Maternity roosts for northern long-

eared bats generally have < 60 individuals (Careres and Barclay 2000). Tri-colored bats 

maternity colonies range from 24-50 individuals (Schwartz and Schwartz 2001). Males 

for all species are either solitary or form small bachelor colonies during summer 

(Schwartz and Schwartz 2001, Careres and Barclay 2000). We chose 150 as our largest Ń 

because several maternity colonies could utilize the same mist net site for foraging or a 

water source.  

 

We simulated learned net avoidance behavior in scenario 4 by using p = 0.5 for an 

individual until it was captured, and then p = 0.1 for all subsequent visits at a site. This 

scenario violated the assumption for the n-mixture model that repeated counts were 

independent at a site. We compared these results to results with constant p=0.5 and 

Ń=70. 
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2.3  Model performance  

We evaluated model performance by calculating mean relative bias (RB), mean absolute 

error (MAE), and mean absolute percent error (MA%E) across the 1,000 simulated data 

sets for each parameter level within a scenario as:  

RB= Ń/ N – 1                             (Formula 1) 

MAE = (∑|yi-ỳi|)/n                     (Formula 2) 

MA%E = 100[∑|yi-ỳi|/yi)/n]      (Formula 3) 

(Legates and McCabe 1999, Mayer and Butler 1993, Efford and Dawson 2009).  Relative 

bias is a measure of variation between the predicted value and the expected value (Efford 

and Dawson 2009).  Mean relative biases that differ from zero indicated a bias in the 

model estimate. Low values of MAE and MA%E indicate model predications have low 

deviance from the true value, and are a better model in estimating abundance. 

 

3  RESULTS 

We generated 85,000 simulated datasets to evaluate both models. The removal model 

performed consistently better than the n-mixture model for all four scenarios except when 

probability of detection was low (p = 0.05). The removal model outperformed the n-

mixture model in estimating abundances with generally low RB and high accuracy in all 

scenarios.  

 

3.1  Scenario 1 

The n-mixture model over estimated abundance (Ń =70) for the range of site numbers 

simulated (Table 2 and Figure 1). The lowest number of sites (50) resulted in the 
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abundance estimate closest to the true abundance (N50 =100.12; Table 2). Relative bias 

ranged from 0.43 - 0.51, MAE ranged from 31.26 - 35.69, and MA%E ranged from 44.65 

- 50.09 (Table 2). The removal model, on average, estimated abundance correctly (Ń 

=70) across all sample sizes with approximately zero relative bias (-0.0005 - 0.0005) for 

all levels of sample size (Figure 1 and Table 2).  

 

3.2  Scenario 2 

The n-mixture model overestimated abundance for all number of visits simulated (Figure 

2 and Table 3). Sites simulated as visited 5 times had the closest abundance estimate to Ń 

(Figure 2 and Table 3). For the n-mixture model, the relative bias decreased by 6% 

between 3 and 4 visits, and further decreased by 10% between 4 and 5 visits (Table 3). 

The removal model, on average, correctly estimated site abundance (N =70; Figure 2) for 

3 and 5 visits per site with relative bias 0.0039 and -0.0007; respectively (Table 3). The 

results for 4 visits per site underestimated the abundance, on average, by 2 individuals (N 

=68; Figure 2 and Table 3), and had a relative bias of -0.169 (Table 3).  

 

3.3  Scenario 3 

N-mixture models for Ń=35, Ń=70, and Ń=110 showed low RB, MAE, and MA%E 

when probabilities of detection were high, p = 0.75 and 0.9 (Figure 3 and Table 4). The 

n-mixture model correctly estimated abundance, on average, when p =0.9 when Ń =35, 

70, 110 (Table 4).  When Ń =150, the n-mixture model estimated population abundance 

with the lowest RB, MAE, and MA%E when p was 40% (Figure 3 and Table 4). The n-

mixture model did not converge to generate abundance estimates when the known 
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population was 150 and p =0.9. The removal model did not converge when the 

probability of detection was 0.05 for all levels of Ń (Figure 3 and Table 4); however, this 

model correctly estimated abundance, on average, for Ń=35 and Ń =150 when p was ≥ 

0.25 (Figure 3 and Table 4). When Ń = 70, the removal model correctly estimated 

abundance, on average, when p ≥ 0.2 (Figure 3 and Table 4). The removal model 

correctly estimated abundances, on average, when p ≥ 0.4 when Ń =150 (Figure 3 and 

Table 4).   

 

3.4  Scenario 4 

The n-mixture model produced more accurate abundance estimates (N =74) when p 

changed from 0.5 to 0.1 after the first visit than it did for the baseline scenario with 

constant p (N =104; Figure 4 and Table 5). Never-the-less the removal model 

outperformed both n-mixture models results and correctly estimated abundance, on 

average, (N=70; Figure 4 and Table 5).  

 

4  DISCUSSION 

Recent population threats to bats have resulted in renewed interest in developing and 

validating methodologies to estimate abundances, and relating them to environmental 

factors (Kunz et al. 2007, Puechmaille et al. 2011, Turner et al. 2011). We evaluated two 

hierarchical abundance models that account for species detectability and allow habitat 

and landscape covariates to be incorporated in both the detection and abundance portion 

of the model (Friske and Chandler 2011). We provided evidence to evaluate the 

effectiveness of the n-mixture model and removal model to estimate abundance correctly 
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(or without bias) from simulated count data. The ability to estimate abundance is a 

fundamental attribute of populations that provides insight into species status, habitat use, 

population trends, and viability. Other common approaches, such as acoustic detection 

and occupancy models, provide insight into resource use, but cannot be utilized to 

estimate how many bats use an area, or how numbers change over time. In light of WNS, 

wind energy, and anthropogenic changes to the landscape, we sought to provide guidance 

in examining the performance of new analytical tools for bat studies seeking to estimate 

species abundance. 

 

The n-mixture model over-estimated abundance for most simulated scenarios. Our results 

were consistent with Rigby (2016) who examined the n-mixture model in the 

UNMARKED package for utility in estimating black throated blue warblers in 

Minnesota. Rigby (2016) found n-mixture model results were highly inflated for most 

simulation years, and were not correlated to true densities. The n-mixture model only 

correctly estimated abundances when p = 0.9. In bat ecology, a p of 90% for an 

individual is unlikely from mist net captures. Our results are consistent with other studies 

indicating that when p is high the n-mixture model can correctly estimate abundance 

(Yamaura et al. 2016, McIntyre et al. 2012, Yamaura 2013, Rigby 2016). Bats are cryptic 

species, and are not likely to have counts close to the actual population abundance or p = 

0.9 due to net avoidance behavior (Larson et al. 2007, Berry et al. 2004, Kunz and Kurta 

1988). Yamaura et al. (2016) suggests modifying the study design for species with low p 

by increasing sampling locations or otherwise increase the chance of detecting 

individuals (e.g., increase sampling time at a site) which should improve the n-mixture 
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model performance (Drapeau et al. 1999). Our results contradict this suggestion as we 

had the lowest bias when the number of sites was the lowest (50). We found that the n-

mixture model performed better when we violated the assumption of independence and p 

declined between repeated visits, which is consistent with the idea that the model was 

underestimating p and overestimating N to begin with. We do not recommend use of the 

the n-mixture model for field studies of bats that are similar to the conditions we 

simulated given its low accuracy and high bias for most conditions simulated. 

 

In contrast to the n-mixture model, the removal model had small errors and biases in all 

scenarios. Rigby (2016) similarly found that the removal model produced better estimates 

than the n-mixture model and the multinomial Poisson model for double observer 

sampling when applied to simulated bird point counts. Another study estimating 

abundances for a darter species found the removal model correctly estimated abundances 

by testing model performance on simulated data that fit the ecology of this species 

(Dorazio and Royle 2005). The removal model correctly estimated abundances, on 

average, for all numbers of sites suggesting that unless sample size is extremely small, it 

does not affect abundance estimates for this model.  The removal model correctly 

estimated abundance even with as few as 3 visits to a site.  Fewer visits allows more sites 

to be sampled within the summer maternity season thus increasing sample size. Our 

findings were consistent with Rigby’s (2016) suggestion that high numbers of repeated 

visits to a site are less critical when using the removal sampling method to adjust count 

data. We found that the removal model estimated abundances correctly, on average, and  

with low relative bias for all p except for p= 0.05. The removal model failed to converge 
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for any variation of Ń when p= 0.05. Our results are consistent with Rigby (2016) who 

found this model had difficultly when p was low; but otherwise, this model outperformed 

the n-mixture model.   

 

We suggest the use of the removal model in bat ecology as probabilities of detection for 

individuals is likely <0.75. We caution the use of this model for bat species with 

extremely low p (0.05) as this model will likely fail to converge.  The model performed 

well with moderate sample size (50) and with only 3 repeated visits. The removal 

model’s assumption of dependence between visits is consistent with bat behavior and 

known net avoidance by individuals that have been previously captured (Larson et al. 

2007, Kunz and Anthony 1977, Berry et al. 2004). We suggest that researcher should be 

thoughtful in ensuring that the removal models assumption of a closed population is 

fulfilled between visits to a site. This can be accomplished by conducting surveys during 

the maternity season when site fidelity is high and keeping visits close together in time. 

We agree with Rigby’s (2016) recommendation when designing a study to try to reduce 

forms of potential biases in count data that should increase confidence in abundance 

estimates, and any relationship found between habitat or landscape covariates.  
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Table 1. Model scenarios and parameters used to generate simulated datasets to evaluate 

the performance of n-mixture and removal models fit in the UNMARKED package. We 

varied the number of sites, number of visits to a site, the known population size (Ń) and 

the probability of detection (p) to create four scenarios 

Model Scenarios Sites Visits Ń p 

0 - Baseline Values 80 3 70 0.50 

1 - Manipulation of Site Number 50 3 70 0.50 

60 3 70 0.5 

80 3 70 0.5 

90 3 70 0.5 

120 3 70 0.5 

2 - Manipulation of Visit Number 80 3 70 0.50 

80 4 70 0.50 

80 5 70 0.50 

3 - Manipulation of  Ń and P 80 3 35 0.05 

  80 3 35 0.1 

  80 3 35 0.15 

  80 3 35 0.2 

  80 3 35 0.25 

  80 3 35 0.4 

  80 3 35 0.5 

  80 3 35 0.75 

  80 3 35 0.9 

  80 3 70 0.05 

  80 3 70 0.1 

  80 3 70 0.15 

  80 3 70 0.2 
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Model Scenarios Sites Visits Ń p 

  80 3 70 0.25 

  80 3 70 0.4 

  80 3 70 0.5 

  80 3 70 0.75 

  80 3 70 0.9 

  80 3 110 0.05 

  80 3 110 0.1 

  80 3 110 0.15 

  80 3 110 0.2 

  80 3 110 0.25 

  80 3 110 0.4 

  80 3 110 0.5 

  80 3 110 0.75 

  80 3 110 0.9 

  80 3 150 0.05 

  80 3 150 0.1 

  80 3 150 0.15 

  80 3 150 0.2 

  80 3 150 0.25 

  80 3 150 0.4 

  80 3 150 0.5 

  80 3 150 0.75 

  80 3 150 0.9 

4 - Variation in capture P once 

captured
3 

80 3 70 0.5, 0.1 
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Table 2.  Mean estimated abundance (N), standard error (SE), relative bias (RB), mean 

absolute error (MAE) and mean absolute percent error (MA%E) in abundance estimates 

by the n-mixture and removal model from simulated data for different numbers of sites 

and known population=70, detection probability=0.5, and 3 visits to a site. 

Model   Sites N SE RB MAE MA%E 

N-mixture 50 100 20.46 0.43 31.26 44.65 

60 102 19.45 0.46 32.91 47.02 

80 104 17.85 0.49 34.57 49.39 

90 103 17.48 0.48 33.56 47.94 

120 106 16.17 0.51 35.69 50.99 

Removal 50 70 1.47 -0.0005 0.70 1.00 

60 70 1.34 0.0001 0.64 0.91 

80 70 1.16 0.0004 0.54 0.78 

90 70 1.10 0.0005 0.51 0.72 

120 70 0.95 0.0005 0.44 0.63 
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Table 3. Mean estimated abundance (N), standard error (SE), relative bias (RB), mean 

absolute error (MAE) and mean absolute percent error (MA%E) in abundance estimates 

by the n-mixture and removal model from simulated data for different numbers of visits 

and known population=70, detection probability=0.5, and 80 sites. 

Model Visits N SE RB MAE MA%E 

N-Mixture  3 104 17.85 0.49 34.57 49.39 

4 100 17.04 0.43 30.25 43.21 

5 93 14.64 0.33 23.37 33.38 

Removal 3 70 1.16 0.0004 0.54 0.78 

4 68 0.87 -0.1690 0.22 1.99 

5 70 0.96 -0.0001 0.17 1.24 

 

 

  



 

31 

Table 4. Mean estimated abundance (N), standard error (SE), relative bias (RB), mean 

absolute error (MAE) and mean absolute percent error (MA%E) in abundance estimates 

by the n-mixture and removal model from simulated data for different known population 

sizes and detection probabilities and 3 visits to a site. 

   N-Mixture  Removal 

Ń
1
 p

2
 

 
N SE RB MAE MA%E 

 
N SE RB MAE MA%E 

35 0.05  59 35.1 0.7 29.6 84.7  - - - - -  

 0.1  68 26.8 0.9 34.3 98.1  43 22.6 0.2 7.0 12.0  

 0.15  74 21.3 1.1 39.7 113.5  37 7.7 0.0 5.6 16.1  

 0.2  78 20.5 1.2 43.0 123.0  35 4.2 0.0 3.2 9.3  

 0.25  81 18.1 1.3 45.9 131.3  35 2.6 0.0 2.0 5.6  

 0.4  81 20.6 1.3 45.8 130.8  35 1.1 0.0 0.7 2.0  

 0.5  68 19.8 0.9 33.0 94.4  35 0.8 0.0 0.4 1.1  

 0.75  36 1.9 0.0 1.8 5.1  35 0.7 0.0 0.1 0.2  

 0.9  35 0.8 0.0 0.4 1.0  35 0.7 0.0 0.0 0.0  

70 0.05  68 25.7 0.0 12.5 17.9  - - - - -  

 0.10  81 16.9 0.2 13.9 19.9  77 24.7 0.1 6.6 11.6  

 0.15  88 13.3 0.3 19.0 27.1  71 9.7 0.0 6.2 10.1  

 0.20  93 11.7 0.3 23.8 33.9  70 5.5 0.0 4.2 6.0  

 0.25  98 10.9 0.4 28.6 40.8  70 3.7 0.0 2.8 4.0  

 0.40  107 13.7 0.5 36.9 52.7  70 1.6 0.0 1.0 1.4  

 0.50  104 18.3 0.5 34.4 49.2  70 1.2 0.0 0.5 0.8  

 0.75  73 3.7 0.0 3.4 4.8  70 0.9 0.0 0.1 0.2  

 0.90  70 1.3 0.0 0.7 1.1  70 0.9 0.0 0.0 0.0  

 0.05  77 19.5 -0.3 33.1 30.1  - - - - -  

 0.10  90 11.7 -0.2 20.1 18.3  117 28.0 0.1 5.1 9.6  

 0.15  99 9.4 -0.1 11.4 10.4  112 12.0 0.0 9.3 8.4  
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   N-Mixture  Removal 

Ń
1
 p

2
 

 
N SE RB MAE MA%E 

 
N SE RB MAE MA%E 

 0.20 
 

106 8.5 0.0 4.1 3.7 
 

111 6.9 0.0 5.4 4.9  

 0.25  113 8.2 0.0 3.6 3.2  110 4.6 0.0 1.5 1.6  

 0.40  130 9.3 0.2 20.6 18.7  110 2.0 0.0 1.3 1.2  

 0.50  137 12.8 0.2 27.1 24.7  110 1.5 0.0 0.7 0.6  

 0.75  114 5.8 0.0 5.4 4.9  110 1.2 0.0 0.1 0.1  

 0.90  110 1.9 0.0 1.2 1.1  110 1.2 0.0 0.0 0.0  

150 0.05  83 15.6 -0.4 67.2 44.8  - - - - -  

 0.1  97 9.6 -0.4 53.3 35.6  158 31.2 0.2 7.0 12.1  

 
0.15 

 
108 7.6 -0.3 42.4 28.3 

 
152 13.7 0.0 10.6 .0  

 0.2  117 6.9 -0.2 32.8 21.9  151 8.0 0.0 6.4 4.3  

 0.25  126 6.6 -0.2 23.9 15.9  150 5.3 0.0 1.3 1.2  

 0.4  151 6.9 0.0 2.5 1.7  150 2.3 0.0 1.4 0.9  

 0.5  163 9.2 0.1 14.6 9.7  150 1.7 0.0 0.1 0.7  

 0.75  156 7.8 0.0 7.2 4.8  150 1.4 0.0 0.2 0.1  

  0.9  - - - - -  150 1.4 0.0 0.0 0.0  
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Table 5. Mean estimated abundance (N), standard error (SE), relative bias (RB), mean 

absolute error (MAE) and mean absolute percent error (MA%E) in abundance estimates 

by the n-mixture and removal model from simulated when detection probability changed 

from 0.5 to 0.1 after individuals first capture (p, p1) and known population =70, number 

of sites=80, and 3 visits to a site. 

Model N SE p p1 RB MAE MA%E 

N-mixture 104 17.85 0.5 - 0.49 34.57 49.39 

73.98 10.03 0.5 0.1 0.06 36.86 52.66 

Removal 70 1.16 0.5 - 0.0004 0.54 0.78 
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Figure 1. Abundance estimates by the removal and the n-mixture models fit in the 

package UNMARKED based on simulated count data and different numbers of sites and 

a known population size=70.   

  

Removal models N-mixture models 
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Figure 2. Abundance estimates by the removal and n-mixture models fit in the package 

UNMARKED with simulated data for 3, 4, or 5 visits to a site and known population 

size=70.   
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Figure 4. Abundance estimates by the removal and n-mixture models fit in the package 

UNMARKED for the removal model and n-mixture model with constant detection 

probability (baseline) and with detection probability changing from 0.5 to 0.1 after an 

individual’s first capture to simulate net avoidance behavior and known population 

size=70.  Results do not change for the removal model since it only uses an individual’s 

first capture.  
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ABSTRACT 

Savannas and woodlands lost due to landscape conversion and fire suppression in the 

Midwest are being restored using prescribed fire and mechanical tree thinning. 

Information is needed on the effects of restoration practices on bat species site use and 

their insect prey to inform management decisions for species of conservation concern. 

Our objective was to understand the relationships between prescribed fire and vegetation 

structure on insect abundance across a gradient of savannas, woodlands, and non-

managed forests in the Ozark Highlands in Missouri. We sampled insects at active and 

passive plots within 250 m of bat mist-net sites during summer 2014-2016. We used light 

trapping, malaise, panel, and pitfall traps to collect insect representative of the prey 

community potentially available to bats. We identified insects to Order, and evaluated 

multiple insect response variables for active and passive plots using generalized linear 

mixed models. We fit models to evaluate our a priori hypotheses, and used site as a 

random effect in all models. We found support for the effects of microclimate, fire 

frequency, years since burned, stand structure, and environmental covariates on insect 

abundance. Insect abundances were negatively related to dry and hot microclimates 

mailto:kmwhr5@mail.missouri.edu
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(aspects 135-315°) at passive plots. Insect abundance was highest at plots burned 2 or 3 

times compared to four times or non-managed within the last 10 years for two insect 

response variables. Stand overstory structure influenced insect abundances at passive 

plots while temperature was positively related to insect abundances at active plots. We 

found no relationship between understory vegetation classes and insect abundance, likely 

a result of the type of vegetation data collected in our study. We found evidence of 

positive, negative, and no relationship of restoration management on abundance of 

various insect species groups dependent on plot type and insect response variable. 

Managers can consider the response of targeted species or group of species to better 

understand how they may respond to savanna woodland restoration practices, however, 

temperature and plot aspect influenced more of our insect response variables than did fire 

and vegetation structure. We suggest savanna and woodland restoration results in similar 

or slightly greater potential insect prey abundances for bats than non-managed forest. Fire 

intensity and seasonality likely influence insect abundances in addition to the factors we 

considered 

 

1  INTRODUCTION 

Savannas and woodlands in the Midwest United States are transitional ecosystems 

between tall grass prairies to the west, and dense forest to the east (Braun 1950, Taft 

1997, Abrams 1992, Reidy et al. 2014). The number and area of these ecosystems on the 

Midwest landscape have drastically decreased over the last two centuries due to 

anthropogenic landscape conversion and fire suppression (Taft 1997, Abrams 1992). 

Grasses are the dominate ground cover in savannas and forbs and tree canopy cover range 
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25–50% (Anderson et al. 1999, Taft 1997). Woodlands have up to 80% canopy cover and 

an understory that is a dynamic mixture of grasses, forbs, woody shrubs, and seedlings 

(Taft 1997). Savannas and woodlands are disturbed systems requiring reoccurring fire to 

maintain their structure and dynamic understory vegetation. Forest succession leads to 

changes in the microclimate and composition of the understory. Savannas and woodlands 

develop into closed canopy forests in the absence of disturbance and the understory 

composition of woody shrubs and small trees changes. The recruitment of shade 

intolerant species such as oaks, a dominate canopy tree in savanna and woodland 

systems, is low without disturbances that create gaps in the canopy to allow for light 

penetration to the understory (Johnson et al. 2009). Restoration efforts to create and 

maintain these disturbance-dependent systems usually consists of prescribed fire and 

mechanical tree thinning to reduce canopy cover and tree densities. These tools can 

change the species composition, stand structure, and vegetation of managed stands 

(Jacobs and Nix. 2015, Pitt et al. 2014). Understanding how wildlife, especially species 

of conservation concern, are affected by restoration practices compared to sites with no 

restoration is critical in order to ensure sound management of these species.  

 

Linking restoration and wildlife use of these areas has become a focus of many ecological 

studies. For example, songbird species that require early-successional habitats and 

species that use woodlands are positively associated with structural changes found within 

restored savannas and woodlands in Missouri (Reidy et al. 2014). Similarly, early-

successional and generalist songbird species have greater densities, and forest-interior 

species lower densities at sites managed with prescribed fire or mechanical tree thinning 
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at restored pine woodland sites compared to non-managed forests in Missouri, Oklahoma, 

and Arkansas (Roach 2016). Reduced tree densities and increased fire frequencies is 

positively related to site occupancy of evening bats in the Ozarks of Missouri (Starbuck 

et al. 2015). Site occupancy of eastern red bats and tri-colored bats is negatively related 

to higher basal areas while occupancy of eastern red bats and tri-colored bats are 

positively related to increased canopy (Yates and Muzika 2006). Roosting habitat 

increased for evening bats after prescribed fire was used to restore savanna and woodland 

habitats in Taney County, Missouri (Boyles and Aubrey 2006). Most wildlife studies 

assume habitat selection is based on potential roost, den, or nest sites, or based on 

reduced energy costs by avoiding vegetation clutter; however, species may also select 

these restored habitats due to greater food availability. Relatively few studies make the 

link from prescribed-fire effects on wildlife and the relationship to increases in potential 

insect prey availability. Northern long-eared bats, a known forest interior species, has 

increased acoustic activity at burned sites having greater insect abundances than 

unburned sites in Kentucky (Lacki et al. 2009). Understanding this link between insects 

and wildlife is imperative as changes in habitat association found in studies may not be 

driven by habitat structure, but rather by changes in prey abundances. Understanding how 

prescribed fire as a restoration tool affects food availability for wildlife will also provide 

a clearer picture of the potential ultimate factors affecting resource selection and site use 

to help guide management decisions. 

 

Insect responses to prescribed fire vary among studies, between sites within the same 

treatment, and within and between insect Orders (Niwa and Peck 2002, Seimann et al. 
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1997). Litter arthropod abundance varies by species initially at burned sites compared to 

unburned sites but over time, the differences decrease due to recolonization and 

vegetation responses post fire in Oregon (Niwa and Peck 2002). Hemipterans abundances 

and species richness are greater in unburned than burned tall-grass prairies for 2 years 

following a burn, but there is no difference between sites burned every 3-5 years 

compared to unburned sites in Illinois (Wallner et al. 2012). Conversely, captures of 

Coleopterans, Dipterans, and total insects increase at sites managed with prescribed fire 

compared to unmanaged sites in Kentucky (Lacki et al. 2009). Arthropod abundance is 

higher at burned sites than thinned or unmanaged pine plantations in the southeastern 

United States (Zebehazy 2002). These studies suggest that fire may cause an increase in 

certain plant species or vegetation structure that provides better resources for arthropod 

communities. However, burning has little effect on the arthropod species richness and 

abundance in oak savannas compared to non-managed sites in Minnesota (Siemann et al. 

1997). With time, oak savanna sites managed with prescribed fire became more similar in 

vegetation structure resulting in similar arthropod communities (Siemann et al. 1997). 

Generally sites with diverse vegetation communities and structure generally have higher 

arthropod abundances. 

 

Fire not only directly affects insect abundances through mortality, but also indirectly by 

causing changes to the vegetation. Nevertheless, fire is not the only factor that affects 

insect abundances; site characteristics can also affect arthropods. Ground beetle species 

richness differs within treatment groups with similar vegetation structure in Illinois 

(Willand et al. 2011). Differences in Coleopteran species richness are linked to 
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microclimate factors associated with site aspect; the southerly site had lower Coleopteran 

richness compared to easterly facing sites (Willand et al. 2011). 

   

 We used multiple trap types to survey the volant insect and leaf litter communities to 

have a comprehensive view of potential insect prey for wildlife species, but with a focus 

on Missouri’s bat community. Additionally, we sought to understand the differences in 

insect abundance based on savanna woodland restoration sites managed mainly with 

prescribed fire compared to non-managed sites. We evaluated a priori hypotheses for 

relationships of vegetation structure, prescribed fire, and other environmental factors with 

insect abundance across a gradient of restoration, and non-managed forests in the Ozark 

Highlands of Missouri. Ferrenberg (2006) found that arthropod abundance increased with 

understory heterogeneity, therefore, we hypothesized that insect abundance should 

increase with percent forb and herbaceous cover at sites (Table 1). Insect abundance can 

also be lower at sites with a southerly aspect and lower humidity (Willard 2011) so we 

evaluated the hypothesis that insect abundances would be lower at plots with more 

southerly aspects (Table 1).  Wallner (et al. 2012) found that arthropod abundances are 

lower at sites burned every 1 to 2 years and that sites burned once every 3-5 years have 

high insect abundances. We hypothesized insect abundance should have a negative 

quadratic relationship with number of fires at plots within the last 10 years and plots 

burned 2 or 3 should have the highest insect abundances (Table 1). Insect abundances are 

generally greater at burned sites than non-managed sites locations (Lacki et al. 2009, 

Zabehazy 2002), however, these sites did not evaluate the time since the site burned. Fire 

decreased ground insect abundances, but increased diversity in mixed-conifer forests in 
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California (Ferrenberg et al. 2006). Our fourth hypothesis was that insect abundances 

should be lower at sites recently burned (0-3 years), and increase as insects recolonized 

burned plots (Table 1). Ground Coleopteran abundance was lower at sites at 1 year since 

burned compared to sites burned 2 or 3 years previously, and unburned sites (Willard et 

al. 2011). Our fifth hypothesis was that insect abundances will be higher at sites with 

lower tree densities for all size classes, and at plots with decreased percent canopy cover 

(Table 1). Sites with greater age diversity and heterogeneity in vegetation supported more 

arthropods due to increased food resources (Stamps and Linit 1998, Ferrenberg et al. 

2006, Hahn and Orrock 2015), and that a reduction in canopy cover increased understory 

vegetation diversity and insect abundance compared to closed canopy sites (Lacki et al. 

2009). Our sixth hypothesis was that insect abundances should increase as temperature 

and barometric pressure increase at plots (Table 1). We also hypothesized that insect 

abundances will be inversely related to the number of lunar light hours at plots (Table 1). 

Previous works document the positive correlation between temperature and insect activity 

(Womack 2008, Womack 2011). Barometric pressure also affects insect activity and 

abundances because low-pressure systems cause a reduction in overall insect activity 

(Pellegrino et al. 2013, Womack 2008). Nocturnal insect activity is negatively related to 

increased moonlight (Lang et al. 2006, Womack 2008). Finally, our seventh a priori 

hypothesis was that insect abundances should increase at plots with greater amounts of 

leaf litter (Table 1).  Leaf litter was positively related to ground dwelling arthropod 

abundances due to the creation of microhabitats for shelter and foraging (Willard et al. 

2011).   
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2  METHODS 

2.1  Study areas 

Our study sites were in the Ozarks of Missouri, and predominantly the Ozark Highland 

ecological section. The Ozark Highlands is divided into sixteen ecological subsections 

based on differences in lithology, landform, soils, and vegetation (Nigh and Schroeder 

2002). The Ozarks have many karst features due to the characteristic carbonate bedrock 

in this region (Nigh and Schroeder 2002). Soils are generally rocky, and have historically 

supported mainly oak and oak-pine savannas, woodlands, and forests. The Ozarks are 

dominated by oak-hickory, pine-oak, and mixed-oak woodland, and forest communities 

(Nelson 2012). Common upland tree species include post oak (Quercus stellata), 

blackjack oak (Q. marilandica), white oak (Q. alba), northern red oak (Q. rubra), hickory 

(Carya spp.), shortleaf pine (Pinus echinata), and flowering dogwood (Cornus florida) 

with open woodlands and savannas containing bluestem grasses (Andropogon gerardii, 

Schizachyrium scoparium), sedges (Cyperaceae spp.), woody shrubs such as fragrant 

sumac (Rhus aromatic) and blackberry (Rubus spp.), and saplings (Nelson 2012). Most 

streams in the area are spring-fed and clear. This region has high biological diversity and 

endemism (Ethridge 2009).  

 

Due to the regional scale of this study, we sampled study areas that would allow for 

multiple survey locations with suitable mist-net sites, and that were at least 2 km apart to 

prevent pseudo-replication. Study sites were located in: Caney Mountain Conservation 

Area (538 ha), Peck Ranch Conservation Area (9,616 ha), Drury-Mincy Conservation 

Area (1,655 ha), and Little Black Conservation Area (1,201 ha) managed by the Missouri 
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Department of Conservation (MDC);  Roaring River State Park (1,657 ha), Ha Ha Tonka 

State Park (1,501 ha), Lake of the Ozarks State Parks (7,133 ha), and Knob Noster State 

Park (1,592 ha) managed by the Missouri Department of Natural Resources; and the 

Salem, Ava/Willow Springs/Cassville, Houston/Rolla, and Poplar Bluff districts of Mark 

Twain National Forest (MTNF; 607,029 ha). 

 

2.2  Study design 

Our study was part of a larger project that included nightly mist-net surveys of bats to 

determine multi-scale factors that affected bat abundance at sites undergoing restoration 

management compared to non-burned forests throughout the Ozark Highlands of 

Missouri from May 15th –August 15th in 2014 –2016 (Figure 1). We designed study sites 

to have a central mist-net location (i.e., pond, creek, or road rut) with corresponding 

insect plots within 250 m from the mist-net site. We measured insect abundance and 

vegetation on 8 (2014) or 4 (2015 and 2016) sampling plots associated with a central bat 

mist-net location. We treated each insect plot as an independent survey location for our 

study.  

 

We located plots by creating a donut-shaped buffer around each mist-net site with the 

inner boundary 50 m, and the outer bounder 250 m from mist-net location. We randomly 

generated 8 or 4 points within this buffer area making sure that each point was at least 50 

m from all other points to prevent pseudo replication, and bias between active and 

passive traps. We programed plot locations using universal transverse Mercator 

coordinate systems (UTM) into handheld Garmin eTrex 10 global positioning system 
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(GPS) units (St. Louis, Missouri) to navigate to plot locations. Half of our plots were 

randomly assigned to be either “active” or “passive” plot locations. We used a random 

number table with random azimuths and distances between 50 – 250 m to locate plots for 

any mist-net locations that were modified in the field due to unsuitable conditions at the 

planned mist-net location.    

 

2.3  Insect surveys 

 We used a variety of traps to obtain a broad measure of insect abundance which could be 

affected by trap biases, and different targeted arthropod Orders for each trap (Brigham 

and Saunders 1990, Sleep and Brigham 2003, Whitaker 1994). We sampled insects at our 

passive plots with 1 malaise trap (Bioquip Product # 2875A; Rancho Dominguez, CA), 1 

cross vane panel trap (panel trap; Forestry Distributing; Boulder, CO), and 5 pitfall traps. 

We placed either quart or gallon plastic zip-lock bags with approximately 15–30 mL of 

anhydrous reagent ethanol (Carolina Scientific; Burlington, NC) inside the malaise and 

panel kill jars, respectively. Pitfall traps were pint sized (approximately 747.3 mL) 

restaurant plastic to-go containers that buried such that the container’s top edge was flush 

with the ground surface. We used approximately 70 mL of polypropylene glycol in each 

pitfall trap. We placed a plastic reusable plate over each pitfall trap to prevent water and 

non-targeted species take (e.g., amphibians and small mammals). We set up passive plots 

with a central pitfall location, and 4 pitfall traps at 9 m from the plot center in each 

cardinal direction. Malaise and panel intercept traps were placed approximately 6 m from 

the center plot northwest (315°) or southeast (135°; Figure 2).  
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We sampled insects at our active plots with a single 12W DC universal black-light trap 

with bucket set located at the center of the active plot (light trap; Bioquip Products 

2851U and 2851A). We used approximately 30–45 mL of anhydrous reagent ethanol in 

gallon zip lock bags placed within the kill jars of our light trap. We powered light traps 

with 12 V 18AH AJC Panasonic Sealed Lead Acid Batteries (www.amazon.com). We 

sampled insects for three consecutive days in conjunction with mist-net surveys at the 

site. We collected light, malaise, and panel trap samples daily (mid-day on day 2, day 3, 

and day 4). Once collected, we froze insect samples until further processing in the lab. 

We collected pitfall traps once on day 4 at sites after the conclusion of our 3
rd

 night of 

mist-net sampling. We combined all five pitfall traps into one container per plot. Pitfall 

samples were stored in one of the pint to-go containers with a lid in a cool and dark 

location within our lab until further processing. 

 

2.4  Insect processing protocol 

We dried insect samples collected from light, malaise, and panel traps in a soil-drying 

oven at 60°C for 24 hours after each field season. We placed samples directly into the 

drying ovens from freezer storage. We identified all insects into Order categories: 

Coleopteran, Lepidopteran, Dipteran, Tricopteran, and an “other” group using diagnostic 

keys and handheld magnifying glasses. We divided each Order into prey size groups 

relevant to Missouri bat species (see Chapter 4 for more details); however, for our study 

we did not subdivide Orders. We counted the number of insects within each Order or 

group from each trap type at a plot. We created an additional column that totaled all 

individuals captured for each trap (Total).We did not dry samples from pitfall traps and 



 

49 

counted the total number of insects for each sample. We stored processed samples in a 

cool, dark place. 

 

2.5  Vegetation and management covariates 

We measured vegetation in 11.3-m fixed radius plot. We visually estimated the percent 

cover within a 5-m radius of the plot center of woody or herbaceous shrubs (SHRUB), 

forbs (FORB), leaf litter (LEAF), and bare ground (BARE; Table 2) with a total percent 

equaling 100. We determined aspect (ASPECT) using a compass and later transformed it 

to reach a maximum value at southwest (225°) because this aspect represents the hottest 

and driest conditions. We measured the diameter at breast height (DBH) of all stems > 1 

in DBH and calculated tree densities of seedlings and saplings (DBH < 6 in; TPHs), pole 

timber (6 < DBH > 11 in; TPH5), and saw timber (DBH > 11; TPH11). We measured 

percent canopy cover using a spherical densiometer. We visually estimated the percent 

mid-story and understory. We used a clinometer to estimate slope and height of the 

canopy, mid-story, and understory. We measured the leaf-litter depth at 2 m from plot 

center using a compass and a metric ruler. We measured litter depth in the four cardinal 

directions, and estimated mean leaf litter to be used in our analysis (LITTER; Table 2). 

We obtained the years a site was burned in the last 10 years from area managers. 

 

2.6  Environmental and temporal covariates 

We collected barometric pressure, wind speed, and temperature at sites using a Kestrel 

2500 Pocket Weather Meter (AllKestrel.com, Downingtown, PA) at the beginning, 

middle, and end of each nightly mist-net survey. We noted cloud cover and moon phase 
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on our datasheets on a nightly basis. We used the closest National Climatic Data Center 

(NCDC) weather station to verify our minimum nightly temperatures collected at our 

mist-net sites, and recorded lunar hours for each survey night. We calculated the 

following climatic covariates for use in our analyses: mean minimum nightly temperature 

(mnTEMP), mean barometric pressure (Pressure), and mean lunar light hours (LUNAR) 

over the 3 survey nights (Table 2). We included temporal covariates Julian date (JUL), 

and year (YR; Table 2) as fixed effects in candidate models to account for annual 

variation and variation over the summer on insect abundance at plots (Table 1).  

 

2.7 Data analysis 

We used an information theoretic approach (Burnham and Anderson 2002) to evaluate 

our a priori hypotheses represented by candidate models that potentially predicted insect 

abundances at plots (Table 2). We fit generalized linear mixed models using GLMER 

within the LMe4 package in R (version 3.2).  We used site as a random effect in all 

models to account for potential correlated responses at plots in the same site. We scaled 

numeric covariates using the SCALE function in R. Our candidate models included 

combinations of our fixed effects covariates, JUL and YR, and a NULL model. We 

considered four response variables based on captures at active plots over our 3-night 

sampling period: mean total captures, mean Lepidopteran, mean Coleopteran, and mean 

Tricopteran (Figure 2). We considered three response variables based on captures in 

malaise and panel traps over our 3-day survey period: mean total captures, mean 

Coleopterans, and mean Dipterans (Figure 3). We evaluated total pitfall captured over our 

3-day sampling period at a plot (Figure 4).  
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We used a multi-step approach to fit models. We first determined if a Poisson or negative 

binominal distribution was the most appropriate distribution for our generalized mixed 

linear models by evaluating the over dispersion parameter estimates for our top model 

from our active and passive datasets using the mean total response variable (a.Total and 

p.Total).  We also simultaneously tested for multicollinearity between model covariates 

by testing tolerance using the CORR package in R. Next, we used the supported 

distribution, the negative binomial distribution, to fit our eight candidate models and 

ranked them using Akaike’s Information Criterion for small sample size (AICc). If 

multiple models were supported for a response variable, we created meaningful post-hoc 

models by combining the top model with one or more additional covariates that had 95% 

confidence intervals that did not overlap zero in other models that ranked higher than the 

NULL. We model averaged coefficients from supported models with a Δ AICc value < 2, 

and ranked higher than our NULL model to account for model selection uncertainty 

(Burnham and Anderson 2002). We generated model-averaged predictions of our model 

results based on supported covariates while holding other model-averaged covariates at 

their mean. We validated our top models using a k-fold approach (Boyce et al. 2002). We 

randomly removed 20% of our sites, and fit our top model with the remaining data, and 

calculated the correlation between predicted and observed values for the reserved data; 

we repeated this five times and report the mean correlation.  
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3  RESULTS 

We processed 179 active plots and 174 passive plots collected across a gradient of 

savanna, woodlands, and non-managed forests in summers 2014-2016. We averaged 

insects collected at each plot over the 3-day sampling period. We combined insects from 

our panel and malaise traps at our passive plots. We collected pitfall samples at 174 

passive plots. We calculated descriptive statistics of our model covariates for active 

(Table 4) and passive plots (Table 5), and histograms of our capture frequencies at each 

plot for all insect response variables (Figures 2, 3, and 4). 

 

3.1  Active plots 

The top model for mean total insect abundance included the effect of environmental 

covariates, mnTemp, Pressure, and LUNAR and had an AIC weight (wi) = 0.887 (Table 

6). The mean k-fold correlation between predicted and observed values was 0.77 

indicating a reasonable model fit. Total insect abundance was positively related to 

increases in mnTemp, and confidence intervals did not overlap zero (Table 8). We 

predicted on average, 77 individuals at an active plot when mnTemp was 6.5°C and 153 

when mnTemp was 26°C (Figure 5). The next highest model was the Null model (Table 

6). The NULL model was the top model with wi = 0.306 for mean Lepidopteran 

abundance indicating no support for any covariates (Table 6). The top model for mean 

Coleopteran abundance included the effect of environmental covariates on insect 

abundances, and had a wi = 0.945 (Table 6). The mean k-fold correlation between 

predicted and observed values was 0.70 indicating a reasonable model fit.  Coleopteran 

abundance was positively related to mnTemp at active plots, and confidence intervals did 
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not overlap zero (Table 8). We predicted 21 individuals at an active plot when mnTemp 

was 6.5°C and 153 Coleopterans when mnTemp was 26°C (Figure 6). The next highest 

model was the Null model (Table 6). 

 

The top model for mean Tricopteran abundance was the environmental covariate model, 

and had a wi = 0.701 (Table 6). Three additional models were ranked above the Null and 

included additional covariates with 95% confidence intervals that did overlap zero.  We 

we created four post-hoc models by adding these covariates to the top model: three 

examined our top model and each additional model, and our fourth model combined all 

models ranked above the Null. We ranked the post hoc models with our 8 a priori 

candidate models using AIC (Table 7). The top model was now the  post hoc model that 

combined all top model covariates with the addition of all vegetation and fire, and had a 

wi =0.36 (Table 7). The mean k-fold correlation between predicted and observed values 

was 0.64 indicating a reasonable model fit. Tricopteran abundance was positively related 

to mnTemp, and confidence intervals did not overlap zero (Table 8). LUNAR and 

YRburned were negatively related in Tricopteran abundances at active plots, and 

confidence intervals did not overlap zero (Table 8). We found a negative quadratic 

relationship for FireFreq at plots, and confidence intervals did not overlap zero (Table 8). 

Pressure, YR2, and YR3 were negatively related to Tricopteran abundances, and 

confidence intervals did overlap zero (Table 8). JUL and Aspect were positively related 

to Tricopteran abundances, and confidence intervals did overlap zero (Table 8). Our 

original top model was second best, and was within Δ AICc value < 2, and had wi = 0.28. 

We model averaged predictions, and predicted 1 individual at passive plots when 
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mnTemp was 6.5°C, and 10 when mnTemp was 26°C (Figure 7). We predicted 23 

individuals at active plots when LUNAR was 0 hr, and 19 Tricopterans when LUNAR 

was 10 hr (Figure 7). We predicted 3 individuals at active plots when Aspect was 225°, 

and 5 when Aspect was 40° (Figure 7). We predicted 3 individuals at active plots when 

FireFreq was 0, 7 Tricopterans when FireFreq was 2 at plots, and 6 individuals when 

FireFreq was 4 or greater at plots (Figure 7). We predicted 32 individuals at active plots 

at non-managed sites, 9 individuals at plots burned 7-10 years ago, 4 individuals at plots 

burned 4-6 years ago, and 3 individuals at sites burned 0-3 years ago (Figure 7). 

 

3.2  Passive plots 

The top model for mean total insect abundance included Aspect, and had a wi = 0.239 

(Table 9).  Two additional models were ranked above the Null and included covariates 

with 95% confidence intervals that did not overlap zero (Table 9). We evaluated three 

post hoc models that included two-way combinations with the top model, and the other 

supported model covariates, and a combination model that included all supported 

covariates. We ranked the post hoc models with our eight a priori candidate models using 

AIC (Table 10). Our new top model for mean total insect abundance included Aspect, 

TPH11, TPH5, and TPHs, and had a wi = 0.303 (Table 10). The mean k-fold correlation 

between predicted and observed values was 0.60 indicating a reasonable model fit. 

Aspect was negatively related to total insect abundance at passive plots, and confidence 

intervals did not overlap zero (Table 11). TPH5 was positively related to total insect 

abundances at passive plots, and confidence intervals did not overlap zero (Table 11). 

TPH11 and YR2 were positively related to mean total insect abundance at passive plots 
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and, confidence intervals did overlap zero (Table 11). TPHs, YR3, and JUL were 

negatively related to mean total abundance, and confidence intervals did overlap zero 

(Table 11). The two additional post hoc models were ranked within Δ AICc value < 2; 

however, our post hoc 1 model was uninformative as it ranked below our combination 

post hoc model (Burnham and Anderson 2002). We model averaged predictions for our 

two top models. We predicted 17 individuals at passive plots when Aspect was 225° and 

33 when Aspect was 40° (Figure 8). We predicted 19 individuals at passive plots when 

THP5 was 0 and 54 when TPH5 was 32 trees/ha (Figure 8). We predicted 21 individuals 

at active plots when FireFreq was 0, 27 Tricopterans when FireFreq was 2 at plots, and 

27 individuals when FireFreq was 4 or greater at plots (Figure 8). The NULL model was 

the top model with wi = 0.563 for mean Coleopteran, indicating no support for any 

covariates (Table 9). The NULL model was the top model with wi = 0.317 for mean 

Dipteran indicating no support for any covariates (Table 9). 

 

3.3  Pitfall traps 

None of our candidate models would converge in GLMER with either Poisson or 

negative binomial distributions, even with extended model iterations because of low 

counts (Figure 4). Counts of total insects captured at sites across the Ozarks in summers 

2014-2016 were highly skewed toward zero (Figure 4).  

 

4  DISCUSSION 

We successfully fit models for seven out of eight response variables. Only our pitfall 

insect abundance response variable failed to converge using generalized linear mixed 
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models. Our 7 candidate models represented six a priori hypotheses addressing insect 

abundance at active, passive, or both plots – the effect of  understory vegetation, 

microclimate, quadratic effect of number of burns at plots, effect of year since burned, 

effect of stand structure, and effect of environmental covariates (Table 1). We found at 

least some support for each hypothesis for one or more response variables and trap types, 

except for the effect of understory vegetation.   

 

We found no support for any hypotheses concerning Lepidopteran abundance at active 

plots, and Coleoptera and Diptera abundance at passive plots, nor for effects of 

understory vegetation or percent canopy cover on any insect response variable.  We could 

not evaluate our seventh hypothesis because models would not converge with our pitfall 

trap data. We felt that insects captured in pitfall traps were not likely to be potential prey 

for our bat species because all species aerially hawk prey. The northern long-eared bat 

was our only focal species that has been shown to glean insects off vegetation; however, 

these cases appear to be rare among individuals (Faure et al. 1993).  

 

Mean total insects at passive plots was negatively related to Aspect, which indicated 

warmer and drier aspects had lower insect abundance. Similarly, Willard et al. (2011) 

found lower ground beetle diversity and species richness at a an oak forest plot with a 

more southernly aspect compared to two other oak forest plots with easternly aspects 

suggesting that microclimate conditions at the southernly plot were likely drier, and not 

as favorable conditions for ground Coleopterans. Mean Tricopteran abundance at active 

plots had a weak positive relationship with site aspect.  
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We found support for effects of prescribed fire on insect abundances at active and passive 

plots. Mean total abundance at passive plots had a weak positive relationship to sites with 

one or more fires due to model uncertainty while mean Tricopteran abundance at active 

plots increased as the number of fires increased to 3 prescribed burns within the last 10 

years compared to non-managed plots (Hypothesis 3). We found a decrease in 

Trichopteran abundances at plots when the number of fires was greater than 4 fires within 

the last 10 years compared to non-managed plots (Hypothesis 3). Captures of nocturnal 

volant insects were similarly greater at burned than non-managed sites in Kentucky 

(Lacki et al. 2009). Zebehazy (2002) also found arthropod abundances were greater at 

burned sites than sites managed only with thinning or no management, consistent with 

our results. We found support for a negative relationship between mean Tricopteran 

abundances at active plots recently burned 0–3 years, 4-6 years, and 7-10 years ago 

compared to non-managed active plots. Similar to YRburned, and contradictory to our 

FireFreq results, Hemiptera species richness was negatively related to sites recently 

burned, or with high burn frequencies in tall grass prairies in Illinios (Wallner et al. 

2012).  Fire response varies by species for ground dwelling arthropods with species 

richness increasing as time since fire increases, likely resulting from recolonization,  

changes to the vegetation structure, and communities becoming more similar to non-

managed sites (Niwa and Peck 2002, Swengel 2014).  Similar to our other 5 insect 

response variables, prescribed fire did not directly affect insect abundances in a savanna 

restoration study in the upper Midwest (Siemann et al. 1997). The mixed response we 

observed to fire are consistent with the literature; studies have found positive, negative, 
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or neutral relationships for prescribed fire on insect abundances (Niwa and Peck 2002, 

Siemann et al. 1997, Jacobs and Nix 2015, Heikkala et al. 2015, Hahn and Orrock 2015).  

  

We found support for relationships between abundance and vegetation structure for mean 

total insects captured at passive plots. Insect abundance was negatively related to 

sawtimber and sapling tree density; whereas, insect abundance was positively related to 

pole timber densities. Insect abundance is often positively related to high vegetation 

diversity and structure (Ferrenberg et al. 2006, Stamps and Linit 1998, Hahn and Orrock 

2015, Jacobs and Nix 2015); however, we did not find any effect for our understory 

vegetation covariates SHRUB, FORB, LEAF, and BARE. We suspect our assessment of 

these covariates were too coarse.  More detailed measurements including species 

composition, and more quantitative measures of vegetation density or cover may have 

performed better. Many insect species require host plants for foraging, various 

developmental stages, and reproduction (Summerville and Crist 2008, Vehviläinen et al. 

2008).   

 

We found support for relationships between abundance and environmental covariates  for 

3 insect response variables. Mean total and mean Coleopteran abundance at active plots 

was positively related to mnTemp measured at mist-net sites within 250 m of each plot at 

a site. Mean Tricopteran abundance at active plots had a weaker positive relationship 

with minimum temperature due to model uncertainty. Temperature had a positive effect 

on Coleoptera captures in Brazil, but not on other insect Orders (Pinheiro et al. 2002). 

Nightly insect biomass had a positive relationship with increases in temperature in red 
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pine forests in Michigan which supports our findings (Tibbels and Kurta 2003). Although 

most insect studies do not directly measure the effect of temperature on insect 

abundances, it is assumed that seasonal and annual variation in insect abundances is often 

thought to be driven by climatic conditions, especially temperature and rainfall events in 

temperate regions (Willard et al. 2011, Highland et al. 2013).  

 

Our null model was the most supported model for multiple insect response variables. This 

may be a result of our overall project goal, the resulting study design, and spatial extent 

of our study. Our overall goal was to understand multi-scaled factors that affect bat 

species abundances across savannas, woodlands, and non-managed forests. We examined 

insect abundances to determine if bat abundances at sites were driven by potential food 

availability, or the structural changes caused by restoration management, and secondarily, 

to understand factors affecting insect abundances. Thus, the spatial extent and grain of 

our study was perhaps more appropriate for understanding multi-scaled factors that 

influence bat species compared to insects which we only evaluated at the plot spatial 

scale. We likely did not collect enough fine-scale detailed measurements at our active and 

passive plots (e.g., identify and count understory plant species) that are likely driving 

insect abundances at sites. Nevertheless, we did find restoration effects, climatic, and 

microclimate effects for several insect response groups.  

 

Our study design focused on obtaining the largest sample size possible by surveying as 

many mist-net sites over the 3 survey years. Due to model constraints, we did not revisit 

sites after the one time, 3-day sampling event; although, we did revisit study areas and 
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ecological sub-regions. Nevertheless, most insect studies repeatedly sampled at the same 

plots over an extended period, and sought to compare sites that were relatively close 

together (within 43 km or less) (Summerville et al. 2005, Summerville et al. 2007, 

Dietötter et al. 2007, Womack 2008). We used vegetation measures that are appropriate 

for bats and bird studies, but potentially not detailed enough for insects, especially our 

understory vegetation measures. Studies have shown various species within Orders 

respond differently to prescribed fire, and these variations may be driven by trophic level 

differences between species or Families (Niwa and Peck 2002, Tscharntke and Brandl 

2004).  

 

In conclusion, we found that both prescribed fire and structural changes in tree densities 

by size class caused by restoration practices influenced insect abundances at plots. 

Temperature and plot aspect also affected insect abundances at plots. We did not find 

support for understory vegetation on insect abundances likely a result of the type of 

understory vegetation data collected. We suggest that future work investigating how 

forest management, habitat, landscape, and potential prey availability affects bat species 

should consider a study design that allows for repeated sampling at sites over a summer 

and over years following burns. This would allow for a more comprehensive 

understanding of the effects of restoration practices on bats and insect communities by 

eliminating uncertainties between sites. By focusing on fewer sites, more detailed 

vegetation can be collected within each sampling period to understand how vegetation 

communities change, especially understory vegetation, over a single growing season, and 

between years at burned and non-managed sites.. We found evidence of positive, 
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negative, and no relationship of restoration management on insect abundance dependent 

on plot type and insect response variable being analyzed.  The same response variable, 

mean Tricopteran abundances at active plots had complex relationships to prescribed fire. 

While Tricopterans had lowered abundances 0-3 years’ post-fire, abundances increased 

as years since burn increased (4 -10 years). Whereas, plots burned 2 to 3 times in the last 

10 years had higher Tricopteran abundances compared to non-managed plots.  Overall, 

restoration practices did not have a lasting negative effect on insect abundances, and 

some positive effects. Mangers should be mindful that abiotic factors will influence 

insect abundances at both restoration and non-managed sites. Managers should also be 

cognizant that effects of restoration practices on insect abundances will likely be 

temporally dependent on when a site has been last burned and the number of fires within 

the last 10 years.  
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Table 1. Hypotheses and candidate models used for effects on insect response variables 

based on passive and active plot surveys across a gradient of savannas, woodlands, and 

non-managed forests in the Ozarks of Missouri, 2014-2016. Site was used as a random 

effect and year (YR) and Julian date (JUL) were included as fixed effects in all models.  

Trap types Hypotheses Model name Model structure
1
 

All 1: Effect of understory 

vegetation 
1 β0 + β1(XHerb) + β2(XGrass) 

All 2: Effect of 

microclimate 
2 β0 + β1(XAsp)  

All 3: Quadratic effect of 

fire frequency  

3 β0 + β1(XFireFreq) +  β2(XFireFreq)
2 

All 4: Effect of year since 

burned 
4 β0 + β1(XYRburn) 

All 5: Effect of stand 

structure  

5.1 β0 + β1(XTPH11) + β2(XTPH5) + 

β3(XTPHs) 

All  5.2 β0 + β1(XCanopy) 

Active 6: Effect of 

environmental 

covariates 

6.a β0 + β1(XMxtemp) + β2(XPr)+ 

β3(XLUNAR)  

Passive  6.p β0 + β1(XMxtemp) + β2(XPr) 

Pitfall  7: Effect of leaf litter 7.pit β0 + β1(XLeaf) 
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Table 2. Descriptions of model covariates used in generalized linear mixed models with a 

negative binomial distribution to predict abundances of insects across a gradient of 

actively managed savanna-woodlands and non-managed forests in the Ozark Highlands 

of Missouri, 2014-2016.  

Covariate type Covariate Covariate description Code 

Habitat Leaf litter 

(%) 
Percent leaf litter within 5 m of plot 

center. Percent leaf litter, forb, 

herbaceous/shrub, and bare ground total 

100% at each plot. Percent bare ground is 

the reference covariate in candidate 

models. 

LEAF 

 Forb (%) Percent forbs within 5 m of plot center. 

Percent leaf litter, forb, herbaceous/shrub, 

and bare ground total 100% at each plot. 

Percent bare ground is the reference 

covariate in candidate models. 

FORB 

 Herbaceous/ 

woody 

shrubs (%) 

Percent herbaceous or woody plants (<0.5 

m tall and DHB< 1 in) within 5 m of plot 

center. Percent leaf litter, forb, 

herbaceous/shrub, and bare ground total 

100% at each plot. Percent bare ground is 

the reference covariate in candidate 

models. 

SHRUB 

 Bare ground 

(%) 
Percent bare ground (dirt or rocks) within 

5 m of plot center. Percent leaf litter, forb, 

herbaceous/shrub, and bare ground total 

100% at each plot. Percent bare ground is 

the reference covariate in candidate 

models. 

BARE 

 Canopy 

cover (%) 
Mean percent of canopy cover calculated 

using a densiometer at each plot. 
Canopy 
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Covariate type Covariate Covariate description Code 

 Saw timber 

tree density  
Mean tree density (trees per hectare; 

TPH) calculated for all trees with DBH 

<11 within 11.3 m of each plot center. We 

kept all tree density covariates together in 

our candidate models (TPH11, TPH5, and 

TPHs). 

TPH11 

 Pole timber 

tree density 
Mean tree density (TPH) calculated for 

trees with DBH>5 in and DBH<11 in 

within 11.3 m of each plot center. We 

kept all tree density covariates together in 

our candidate models (TPH11, TPH5, and 

TPHs). 

TPH5 

 Sapling/ 

seedling tree 

density  

Mean tree density (TPH) calculated for 

trees with DBH<4.9 within 11.3 m of 

each plot center. We kept all tree density 

covariates together in our candidate 

models (TPH11, TPH5, and TPHs). 

TPHs 

Microclimate Aspect We measure aspect to represent 

microclimate conditions at plots. We used 

transformed aspect to reach a maximum 

value at southwest (225°) because this 

aspect represents plots with the hottest 

and driest conditions. 

ASPECT 

Management Year since 

plot burned 
The year since the mist-net site was 

burned within the last 10 years. Plots 

burned in the past 0-3 years = 4, 4-6 = 3, 

7-10 years = 2, and non-managed or 10+ 

years since burned =1  

YRburn 

 Fire 

frequency 

The number of fires at a plot within the 

last 10 years. Non-managed plots = 0. 

Plots burned once = 1, twice = 2, three 

times = 3, four or more times = 4. 

FireFreq 

Environmental Lunar light Mean number of lunar hours over our 

three-day survey period. *Only used for 

active data.  

LUNAR 
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Covariate type Covariate Covariate description Code 

 Barometric 

pressure 
Mean barometric pressure (inHg) 

measured at associated mist-net location 

within 250 m of each plot location and 

from the closest National Climatic Data 

Center (NCDC) weather station over our 

three-day survey period. 

Pressure 

 Minimum 

Temperature 
Mean minimum temperature collected at 

associated mist-net location within 250 m 

of each plot location over our three-day 

survey period. 

mnTemp 

Temporal
1
 Year Survey years 2014 – 2016. 2014 is the 

reference year in all models.  
YR 

 Julian date Julian date. JUL 

 
1
The temporal covariates were fixed effects in all candidate models to account for 

variation in insect abundance base on Julian date and annual variability. 

  



 

70 

Table 3. Response variables used in generalized linear mixed models with a negative 

binomial distribution examining the effects of restoration management, habitat, and 

climate covariates on insect abundance across a gradient of savanna, woodland, and 

forests in the Ozarks of Missouri, 2014-2016. Response variables represent the mean 

captures at plots over the 3 survey days. We combined malaise and panel trap yields for 

each plot for analysis.  

Trap type Plot type Code Insect response variable description 

Light  Active a.Total  Mean total number of insects captured at a plot. 

 a.Lep Mean number of Lepidopterans captured at a plot. 

 a.Tri Mean number of Tricopteran captured at a plot. 

 a.Coleo Mean number of Coleopterans captured at a plot. 

Malaise/ 

panel 

intercept 

Passive p.Total Mean total number of insects captured at a plot. 

 p.Coleo Mean number of Coleopterans captured at a plot.  

 p.Dip Mean number of Dipterans captured at a plot.  

Pitfall Passive pit.Total Total number of insects captured over the 3-day 

survey.  

All five pitfall traps were combined into one 

sample at a plot. 
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Table 4. Descriptive statistics for covariates measured at plots where active methods 

were used to sample insects in  a study of relationships between insect abundances and 

savanna woodland restoration in the Ozarks of Missouri, 2014-2016.  

Covariate Code Mean Min Max SD 

Percent leaf litter LEAF 51.06 0 96 28.82 

Percent forb FORB 16.4 0 90 19.21 

Percent herbaceous/woody 

shrubs SHRUB 22.83 0 95 19.7 

Percent bare ground BARE 10.1 0 85 18.74 

Percent canopy cover Canopy 58.47 2 97 24.1 

Saw timber tree density TPH11 100.4 0 679 88.42 

Pole timber tree density TPH5 7.22 0 37.48 6.87 

Sapling tree density TPHs 0.75 0 7.02 1.07 

Aspect ASPECT 158 0 360 105 

Year since burned Yrburn 2.23 1 4 1.235 

Fire Frequency FireFreq 1.15 0 5 1.23 

Lunar Light LUNAR 4.95 0 10 2.63 

Barometric Pressure Pressure 28.99 28.43 30.19 0.34 

Minimum Temperature mnTemp 19.63 6.39 26.33 3.88 

Year YR 2 1 3 0.77 

Julian Date JUL 175.12 135 225 29.2 
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Table 5. Descriptive statistics for covariates measured at plots where passive methods 

were used to sample insects in a study of relationships between insect abundances and 

savanna woodland restoration in the Ozarks of Missouri, 2014-2016. 

Covariate Code Mean Min Max SD 

Percent leaf litter LEAF 49.98 0 98 28.3 

Percent forb FORB 15.32 0 95 17.52 

Percent herbaceous/woody 

shrubs SHRUB 23.91 0 85 21.15 

Percent bare ground BARE 10.03 0 70 16.57 

Percent canopy cover Canopy 55.1 0 100 24.15 

Saw timber tree density TPH11 115.15 1.96 668 118.91 

Pole timber tree density TPH5 6.79 0 32.18 5.7 

Sapling tree density TPHs 0.73 0 5.95 1.05 

Aspect ASPECT 170.7 0 360 107.47 

Year since burned Yrburn 2.27 1 4 1.2 

Fire Frequency FireFreq 1.22 0 5 1.21 

Lunar Light LUNAR 5.3 0 10 2.75 

Barometric Pressure Pressure 29.02 28.39 30.07 0.35 

Minimum Temperature mnTemp 19.78 9.39 25.94 3.86 

Year YR 1.55 1 3 0.77 

Julian Date JUL 175 135 223 30 
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Table 6. Support for generalized linear mixed models of different insect responses 

including the number of model parameters (k), log likelihood (LogLik), Akaike’s 

Information Criterion for small sample size (AICc), delta AICc (∆AICc), and AICc 

weight (wi).  Models were fit to data from 179 active plots collected across a gradient of 

savanna, woodland, and forest in the Missouri Ozarks in summers, 2014-2016.  

Insect response 

variable, Model 

name 

Model covariates k LogLik AICc ∆AICc wi 

Total       

 
6.a 

PRESSURE + mnTemp 

+ LUNAR + JUL + YR 
9 -1182.93 2384.9 0 0.887 

 
NULL JUL + YEAR 6 -1189.33 2391.2 6.23 0.039 

 
3 

FireFreq +FireFreq
2 

+ 

JUL + YR 
8 -1187.66 2392.2 7.24 0.024 

 
2 ASPECT + JUL + YR 7 -1189.07 2392.8 7.86 0.017 

 
5.2 Canopy + JUL + YR 7 -1189.31 2393.3 8.34 0.014 

 
4 Yrburn + JUL + YR 7 -1189.33 2393.3 8.39 0.013 

 
1 

SHRUB + LEAF + 

FORB + JUL + YR 
9 -1188.61 2396.3 11.36 0.003 

 
5.1 

THP11 + THP5 + TPHs 

+ JUL + YR 
9 -1188.88 2396.8 11.9 0.002 

Lepidopterans       

 

NULL 
JUL + YEAR 6 -975.25 1963 0 0.306 

 

5.2 
Canopy + JUL + YR 7 -974.61 1963.9 0.89 0.196 
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Insect response 

variable, Model 

name 

Model covariates k LogLik AICc ∆AICc wi 

 

4 
Yrburn + JUL + YR 7 -974.96 1964.6 1.6 0.137 

 

2 
ASPECT + JUL + YR 7 -975.13 1964.9 1.94 0.116 

 

6.a PRESSURE + mnTemp 

+ LUNAR + JUL + YR 
9 -973.03 1965.1 2.14 0.105 

 

3 FireFreq +FireFreq
2 

+ 

JUL + YR 
8 -974.40 1965.6 2.66 0.081 

 

5.1 THP11 + THP5 + TPHs 

+ JUL + YR 
9 -974.03 1967.1 4.14 0.039 

 

1 SHRUB + LEAF + 

FORB + JUL + YR 
9 -974.64 1968.3 5.37 0.021 

Coleopterans       

 

6.a PRESSURE + mnTemp 

+ LUNAR + JUL + YR 
9 -1018.09 2055.2 0 0.945 

 

NULL 
JUL + YEAR 6 -1025.46 2063.4 8.16 0.016 

 

3 FireFreq +FireFreq
2 

+ 

JUL + YR 
8 -1023.29 2063.4 8.18 0.016 

 

4 
Yrburn + JUL + YR 7 -1025.17 2065 9.74 0.007 

 

2 
ASPECT + JUL + YR 7 -1025.26 2065.2 9.92 0.007 

 

5.2 
Canopy + JUL + YR 7 -1025.43 2065.5 10.27 0.006 

 

1 SHRUB + LEAF + 

FORB + JUL + YR 
9 -1024.05 2067.2 11.92 0.002 

 

5.1 THP11 + THP5 + TPHs 

+ JUL + YR 
9 -1024.78 2068.6 13.37 0.001 

Tricopterans       
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Insect response 

variable, Model 

name 

Model covariates k LogLik AICc ∆AICc wi 

 

6.a PRESSURE + mnTemp 

+ LUNAR + JUL + YR 
9 -685.478 1390 0 0.701 

 

3 FireFreq +FireFreq
2 

+ 

JUL + YR 
8 -688.677 1394.2 4.18 0.087 

 

4 
Yrburn + JUL + YR 7 -690.076 1394.8 4.79 0.064 

 

2 
ASPECT + JUL + YR 7 -690.103 1394.9 4.84 0.062 

 

NULL 
JUL + YEAR 7 -690.122 1394.9 4.88 0.061 

 

5.1 THP11 + THP5 + TPHs 

+ JUL + YR 
9 -688.973 1397 6.99 0.021 

  

1 SHRUB + LEAF + 

FORB + JUL + YR 
10 -689.834 1401 10.96 0.003 
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Table 7. Support for post hoc and a priori candidate generalized linear mixed models for 

mean Tricopteran response variable including the number of model parameters (k), log 

likelihood (LogLik), Akaike’s Information Criterion for small sample size (AICc), delta 

AICc (∆AICc), and AICc weight (wi). Models were fit to data from 179 active plots 

collected across a gradient of savanna, woodland, and forest in the Missouri Ozarks in 

summers, 2014-2016. 

Model name Model covariates k LogLik AICc ∆AICc wi 

Post Hoc 4 PRESSURE + mnTemp + 

FireFreq + FireFreq
2
  + 

Yrburned + ASPECT + 

LUNAR + JUL + YR 

13 -679.015 1386.2 0 0.36 

6.a PRESSURE + mnTemp + 

LUNAR + JUL + YR 

9 -683.838 1386.7 0.5 0.28 

Post Hoc 3 PRESSURE + mnTemp + 

FireFreq + FireFreq2  + 

LUNAR + JUL + YR 

11 -682.478 1388.5 2.3 0.12 

Post  Hoc 2 PRESSURE + mnTemp + 

LUNAR  + YRburned + JUL 

+ YR 

10 -683.669 1388.6 2.4 0.11 

Post Hoc 1 PRESSURE + mnTemp + 

LUNAR + ASPECT + JUL + 

YR 

10 -683.767 1388.8 2.6 0.1 

3 FireFreq + FireFreq
2 

+ JUL + 

YR 

8 -688.218 1393.3 7.1 0.01 

4 Yrburned + JUL + YR 7 -690.076 1393.4 7.2 0.06 

2 ASPECT + JUL + YR 7 -689.59 1393.8 7.6 0.01 

NULL JUL + YEAR 7 -690.122 1394.9 8.7 0.06 
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Model name Model covariates k LogLik AICc ∆AICc wi 

5.2 Caonpy + JUL + YR 7 -689.624 1396 9.8 0.01 

5.1 THP11 + THP5 + TPHs + 

JUL + YR 
9 -688.973 1397 10.8 0.02 

1 SHRUB + LEAF + FORB + 

JUL + YR 
10 -689.834 1401 14.8 0 
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Table 8. Parameter estimates (β), standard errors (SE), and 95% confidence limits (LCL, 

UCL) for parameters in our top model for mean total insects, Coleopterans, and 

Tricopterans captured at 179 active plots during bat mist-net surveys at 89 sites across a 

gradient of savanna, woodland, and forest in the Ozark Highlands of Missouri, 2014–

2016. Reference covariates are YR1 (2014). We did not include mean Lepidopterans, as 

the NULL model was the top model for this response variable. 

Insect response variable, Model parameter β SE LCL UCL 

Total 

Intercept 5.388 0.189 5.018 5.759 

Pressure -0.049 0.103 -0.251 0.152 

MnTemp 0.317 0.097 0.127 0.507 

LUNAR -0.085 0.127 -0.334 0.163 

YR2 0.192 0.321 -0.437 0.820 

YR3 -0.617 0.324 -1.251 0.018 

JUL -0.024 0.150 -0.318 0.270 

Coleopterans 

Intercept 4.209 0.235 3.748 4.671 

Pressure -0.106 0.128 -0.357 0.145 

MnTemp 0.356 0.115 0.131 0.580 

LUNAR -0.270 0.154 -0.573 0.032 

YR2 0.437 0.396 -0.338 1.213 

YR3 -0.267 0.400 -1.051 0.516 

JUL -0.042 0.187 -0.408 0.323 

Tricopterans 

Intercept 2.951 0.398 2.170 3.732 

Pressure -0.171 0.197 -0.558 0.216 
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Insect response variable, Model parameter β SE LCL UCL 

MnTemp 0.430 0.163 0.112 0.749 

LUNAR -0.447 0.214 -0.866 -0.029 

YR2 -0.953 0.532 -1.997 0.090 

YR3 -0.323 0.545 -1.391 0.744 

JUL 0.394 0.246 -0.088 0.877 

firefreq 1.991 0.722 0.577 3.406 

firefreq
2
 -0.704 0.230 -1.155 -0.253 

Aspect 0.062 0.153 -0.239 0.362 

Yrburned -1.650 0.622 -2.869 -0.431 
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Table 9. Support for generalized linear mixed models of different insect responses 

variable including the number of model parameters (k), log likelihood (LogLik), 

Akaike’s Information Criterion for small sample size (AICc), delta AICc (∆AICc), and 

AICc weight (wi).  Models were fit to data from 174 passive plots collected across a 

gradient of savanna, woodland, and forest in the Missouri Ozarks in summers, 2014-

2016. 

Insect response 

variable, Model 

name 

Model Covariates k LogLik AICc ∆AICc wi 

Total  

2 ASPECT + JUL + YR 7 -709.36 1433.4 0 0.239 

3 FireFreq +FireFreq
2 

+ JUL 

+ YR 
8 -708.42 1433.7 0.33 0.203 

5.1 THP11 + THP5 + TPHs + 

JUL + YR 

9 -707.43 1434 0.57 0.180 

NULL JUL + YEAR 6 -710.83 1434.2 0.78 0.162 

4 Yrburn + JUL + YR 9 -708.15 1435.4 2 0.088 

5.2 Canopy + JUL + YR 7 -710.56 1435.8 2.4 0.072 

6.p PRESSURE + mnTemp + 

JUL + YR 
8 -710.04 1437 3.56 0.040 

1 SHRUB + LEAF + FORB 

+ JUL + YR 
9 -709.89 1438.9 5.49 0.015 

Coleopterans  

NULL JUL + YEAR 4 -446.52 901.3 0 0.563 

1 SHRUB + LEAF + FORB 

+ JUL + YR 

10 -441.36 904.1 2.79 0.139 

6.p PRESSURE + mnTemp + 

JUL + YR 
9 -443.22 905.5 4.26 0.067 
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Insect response 

variable, Model 

name 

Model Covariates k LogLik AICc ∆AICc wi 

4 Yrburn + JUL + YR 10 -442.15 905.7 4.38 0.063 

2 ASPECT + JUL + YR 8 -444.42 905.7 4.44 0.061 

5.2 Canopy + JUL + YR 8 -444.69 906.3 4.99 0.047 

5.1 THP11 + THP5 + TPHs + 

JUL + YR 
10 -442.48 906.3 5.04 0.045 

3 FireFreq +FireFreq
2 

+ JUL 

+ YR 
9 -444.73 908.5 7.28 0.015 

Dipterans  

NULL JUL + YEAR 4 -571.99 1152.2 0 0.317 

5.1 THP11 + THP5 + TPHs + 

JUL + YR 
10 -565.70 1152.8 0.54 0.242 

5.2 Canopy + JUL + YR 8 -568.23 1153.3 1.12 0.181 

2 ASPECT + JUL + YR 8 -568.65 1154.2 1.96 0.119 

6.p PRESSURE + mnTemp + 

JUL + YR 

9 -568.20 1155.5 3.28 0.061 

3 FireFreq +FireFreq
2 

+ JUL 

+ YR 
9 -568.34 1155.8 3.56 0.053 

4 Yrburn + JUL + YR 10 -568.40 1158.1 5.93 0.016 

1 SHRUB + LEAF + FORB 

+ JUL + YR 
10 -569.00 1159.3 7.12 0.009 
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Table 10. Support for post hoc and a priori candidate generalized linear mixed models of 

different mean total insect response variable including the number of model parameters 

(k), log likelihood (LogLik), Akaike’s Information Criterion for small sample size 

(AICc), delta AICc (∆AICc), and AICc weight (wi). Models were fit to data from 174 

passive plots collected across a gradient of savanna, woodland, and forest in the Missouri 

Ozarks in summers, 2014-2016. 

Model name Model covariates k LogLik AICc ∆AICc wi  

Post Hoc 2 Aspect + TPH11 + TPH5 

+ TPHs + JUL + YR 
10 -704.83 1431 0 0.303  

Post Hoc 3 Aspect + TPH11 + TPH5 

+ TPHs + FireFreq + 

FireFreq
2
 + JUL + YR 

12 -703.02 1432 0.98 0.186  

Post Hoc 1 Aspect + FireFreq + 

FireFreq2 + JUL + YR 
9 -706.85 1432.8 1.79 0.124  

2 ASPECT + JUL + YR 7 -709.35 1433.4 2.38 0.092  

3 FireFreq + FireFreq
2 

+ 

JUL + YR 
8 -708.42 1433.7 2.7 0.078  

5.1 THP11 + THP5 + TPHs + 

JUL + YR 
9 -707.43 1434 2.95 0.069  

NULL JUL + YEAR 6 -710.83 1434.2 3.15 0.063  

4 Yrburn + JUL + YR 9 -708.14 1435.4 4.38 0.034  

5.2 Canopy + JUL + YR 7 -710.55 1435.8 4.78 0.028  

6 PRESSURE + mnTemp + 

JUL + YR 
8 -710.04 1437 5.94 0.016  

1 SHRUB + LEAF + FORB 

+ JUL + YR 
9 -709.89 1438.9 7.87 0.006  
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Table 11. Parameter estimates (β), standard errors (SE), and 95% confidence limits 

(LCL, UCL) for parameters in our top model for mean total insect captured at 174 

passive plots during bat mist-net surveys at 89 sites across a gradient of savanna, 

woodland, and forest in the Ozark Highlands of Missouri, 2014–2016.  Reference 

covariates are YR1 (2014). We did not include mean Coleopterans or Dipterans as the 

NULL model was the top model. 

Insect response variable, Model 

parameter 
β SE LCL UCL 

 

Total       

Intercept 3.049 0.181 2.694 3.404  

Aspect 
-0.180 0.078 -0.334 -0.027 

 

TPH11 
0.006 0.111 -0.211 0.223 

 

TPH5 0.215 0.071 0.075 0.355  

THPs 
-0.099 0.092 -0.280 0.081 

 

YR2 
0.303 0.316 -0.317 0.924 

 

YR3 
-0.018 0.309 -0.624 0.588 

 

JUL -0.130 0.116 -0.358 0.098 
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Figure 1. Mist-net site locations (dark magenta circles) with either 8 insect plots (2014) 

or 4 insect plots (2015-2016) surveyed within 250 m of sites across a gradient of savanna, 

woodlands, and non-managed forests on state and federal lands within the Ozarks of 

Missouri between May 15
th

-August 15
th

, 2014-2016.  
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Figure 2. Frequency of captures expressed as mean total, Lepidopteran, Tricopterans, 

Coleopterans insects captured per active trap (N=179) across a gradient of savanna, 

woodlands, and non-managed forests in the Ozarks of Missouri, 2014-2016.  
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Figure 3. Frequency of captures expressed as mean total, Dipterans, Coleopterans insects 

captured per passive trap (N= 174) across a gradient of savanna, woodlands, and non-

managed forests in the Ozarks of Missouri, 2014-2016.  
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Figure 4. Frequency of captures expressed as mean total insects captured in pitfall traps 

at 174 passive plots across a gradient of savanna, woodlands, and non-managed forests in 

the Ozarks of Missouri, 2014-2016.  
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Figure 5. Predicted abundance and 95% confidence limits for mean total insects at active 

plots across ranges of supported restoration, habitat, and environmental covariates in the 

Ozarks of Missouri, 2014-2016. 
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Figure 6. Predicted abundance and 95% confidence limits for mean Coleopterans 

captured at active plots across ranges of supported restoration, habitat, and environmental 

covariates in the Ozarks of Missouri, 2014-2016. 
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Figure 7. Predicted abundance and 95% confidence limits for mean Trichopterans 

captured at active plots across ranges of supported restoration, habitat, and environmental 

covariates in the Ozarks of Missouri, 2014-2016. Non-managed are sites either never 

burned or sites not burned within the last 10 years. 
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Figure 8. Predicted abundance and 95% confidence limits for mean total insects captured 

at passive plots across ranges of supported restoration, habitat, and environmental 

covariates in the Ozarks of Missouri, 2014-2016. Non-managed are sites either never 

burned or sites not burned within the last 10 years. 

  

4+ 
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CHAPTER 4. Bat abundance in relationship to prescribed fire, vegetation, and 

landscape composition across savannas, woodlands, and forests in the Missouri 
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ABSTRACT 

Savanna and woodland ecosystems were common throughout the Midwest, but fire 

suppression and land use changes dramatically reduced these systems to isolated remnant 

patches. These ecosystems are now being restored across the Midwest. There is also 

heightened concern for bat populations in the region and a need to collect demographic 

data during the summer maternity season because of white-nose syndrome (WNS) and 

other threats. We evaluated the effect of restoration and other habitat factors at multiple 

spatial scales on bat species abundances across a gradient of savannas, woodlands, and 

forest. We conducted mist-net surveys at 89 sites across the Ozark region of Missouri in 

2014-2016, and collected demographic data on 4 bat species captured: northern long-

eared bat (Myotis septentrionalis), tri-colored bat (Perimyotis subflavus), evening bat 

(Nycticeius humeralis), and eastern red bat (Lasiurus borealis). We used general 

multinomial Poisson models with removal sampling to evaluate multi-scale a priori 

hypotheses on the effects of savanna and woodland restoration as well as other landscape 

mailto:kmwhr5@mail.missouri.edu
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factors and prey availability at sites that potentially affect either the detection or 

abundance of bats at sites. Northern long-eared bat abundance was positively related to 

saw- and pole-timber tree densities at our site scale and percent cover of forest, and 

savanna-woodland within 1 km of mist-net sites at the patch scale. Tri-colored bat 

abundance was positively related to sites that were recently burned (1-3 years). Evening 

bats abundance was positively related to sites burned 4-6 years ago, and increased fire 

frequency within a 1-km radius. Eastern red bat abundance was negatively related to 

percent canopy cover and tree densities, and positively related to percent forest within 

1km and percent urban within 16 km of mist-net sites. Abundance of northern long-eared 

bat and tri-colored bat were lower in 2015 and 2016, respectively, compared to 2014. 

Eastern red bat abundance was greater in 2015 and 2016 compared to 2014. Overall, we 

found no evidence that savanna-woodland restoration negatively affected any of these bat 

species; although, northern long-eared bat abundance was more strongly positively 

related to percent forest cover and tree densities than to percent savanna-woodland cover 

within 1km. Our study is the first to predict abundances from repeated count data from 

mist-net surveys and we successfully used these models to identify factors at multiple 

scales that were important for bat species in the Ozark Region of Missouri during the 

maternity season. We suggest general multinomial Poisson models with removal 

sampling is a better approach to understanding factor affecting abundance than use of 

uncorrected counts.    

 

1  INTRODUCTION 

State and federal agencies in Missouri are restoring savanna and woodland habitats to 

conserve historic fragments and restore these systems and their characteristic species. 
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Savannas and woodlands were maintained historically by frequent wild and 

anthropogenic fire as well as grazing by large herbivores (Nelson 2012). The Ozarks of 

Missouri had approximately 11–13 million hectares of oak savannas that bordered the tall 

grass prairies before European settlement (Taft 1997). Fire suppression, anthropogenic 

landscape conversion, and fragmentation led to the loss of most savannas and woodlands 

in this region (Nowacki and Abrams 2008, Abrams 1992). Fire suppression resulted in 

succession to closed canopy forest that changed the microclimate and composition of the 

understory (Nowacki and Abrams 2008). The recruitment of shade-intolerant species 

such as oaks, one of the dominant trees in savannas and woodlands, is low without 

disturbances that create gaps in the canopy (Johnson et al. 2009). Prescribed fire and 

mechanical thinning are the primary silvicultural practices used to restore these 

ecosystems. Given the growing interest in restoring savanna and woodland, it is 

important to understand how restoration affects wildlife and especially species of 

conservation concern (SCC). In addition, incorporating a hierarchical, multi-scale 

approach to evaluate habitat use at multiple spatial scales provides a more comprehensive 

understanding in species resource needs as species rarely respond to habitat features at 

only one spatial scale (Hilden 1965, Hutto 1985, Lawler and Edwards 2006).  

 

Savanna and woodlands are important for many wildlife species, and have been the focus 

of recent studies. Many early successional and woodland songbird species select savanna 

and woodland habitats over non-managed forests. Songbirds are affected by restoration at 

multiple spatial scales from site to landscape including the amount of forest cover within 

10 km (Reidy et al. 2014). Reptile captures in western Arkansas are higher at restoration 

locations compared to non-managed forests with several reptile species only captured in 
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restored woodlands (Perry et al. 2009). Knowledge on how bat abundance related to 

savanna-woodland restoration can provide additional information on drivers of habitat 

selection. We worked across a gradient of savanna, woodland, and non-managed forest in 

the Missouri Ozark highlands to address concerns about how management affects 

abundance for four Missouri bat species. We used a hierarchical multi-scale approach to 

determine how restoration practices (i.e., prescribed fire) and other habitat covariates 

affect bat abundance at multiple spatial scales.  

 

Restoration management utilizing prescribed fire is generally thought to improve bat 

habitat due to the creation of snags (potential roosts), reduction of structural clutter in the 

mid and understory, and increase in prey abundance and diversity (Lacki et al. 2009, 

Dickinson et al. 2009, Dodd et al. 2012). However, there are conflicting results among 

some studies. No difference in tri-color bat activity was found between managed and 

non-managed forests in Ohio (Titchell et al. 2001); whereas, structural changes 

associated with restoration management are related to increased site occupancy of red, 

tri-colored, and evening bats, but not northern-long eared bats in the Ozarks of Missouri 

(Starbuck et al. 2015). Roosting habitat increases after prescribed burns for evening bats 

in Taney County, Missouri, likely because of a reduction in canopy cover that allowed 

light to penetrate to roosting locations (Boyles and Aubrey 2006). Most studies assume 

bats select habitat based on roost sites or reduced vegetation clutter for easier flight and 

foraging; however, bats may select for habitats that have greater foraging potential (Lacki 

et al. 2009). Forests treated by prescribed fire have greater insect abundance and bat 

activity than unburned forests in Kentucky (Lacki et al 2009). Pine plantations treated by 
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prescribed fire also have greater arthropod abundances than non-managed stands 

(Zebehazy 2002). 

 

Anthropogenic environmental stressors affecting bats include landscape conversion, 

infectious disease, and wind energy (Kasso and Balakrishnan 2013). White-nose 

syndrome (WNS) is an infectious disease that has caused over 5.5 million deaths of seven 

hibernating bat species in the Eastern United States (USFWS 2012).  WNS affects three 

federally-listed species found in Missouri including the northern long-eared bat, which 

was listed as threatened in 2015 due to population declines attributed to WNS (USFWS 

2015). Our study species include two WNS affected species: the northern long-eared and 

tri-colored bat, and two unaffected WNS species: the evening bat and eastern red bat. 

Although the eastern red bat is unaffected by WNS, this species has seen population 

declines linked to wind energy over the past 15 years (Cryan et al. 2014). Wind turbines 

occur along known migratory routes for birds and bats resulting in massive mortality 

events for migrating bat species during spring and fall migration events (Cryan et al. 

2014, Kunz et al. 2007). Both WNS and wind energy affect bat populations at unknown 

rates during critical life stages; therefore, questions related to population viability are 

warranted to understand the rates of declines during key life stages to provide vital 

information for conservation efforts.  

 

Abundance estimates collected over time can be used to determine if species abundance 

increases, decreases, or stabilizes. Recent threats to bat populations in the eastern United 

States provide an increased demand for methodologies that can estimate abundance at 
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sites (Kunz et al. 2007, Walters et al. 2013, Puechmaille et al. 2011, Turner et al. 2011).  

Traditional abundance methods are labor intensive, and are often unfeasible for bats; 

however, recent analytical advances provide potential models that may allow for 

ecologically meaningful abundance estimates (Royle 2004a, Royle 2004b, Fiske and 

Chandler 2011). For example, Womack (chapter 2) demonstrated that the general 

multinomial Poisson model with removal sampling could correctly estimate abundance 

based on simulated bat capture data, and performed much better than the n-mixture model 

with repeated visits.  

 

We used the general multinomial Poisson model with removal sampling to determine 

relationships between multi-scale landscape and habitat factors on abundance using mist-

net data collected with repeated surveys at sites throughout the Ozarks. We focused on 

four bat species: the northern long-eared bat (Myotis septentrionalis), tri-colored bat 

(Perimyotis subflavus), evening bat (Nycticeius humeralis), and eastern red bat (Lasiurus 

borealis).  We sought to determine abundance relationships during the summer maternity 

season throughout the Ozark region of Missouri for species affected by WNS (northern 

long-eared and tri-colored bat) and wind energy(eastern red bat) along with the evening 

bat which has not been documented to be affected by either population threat. Our 

objective was to determine relationships between landscape composition and pattern, 

habitat structure, prescribed fire, and insect availability on bat abundance in a continuum 

of savanna, woodland, and unmanaged forests in the Ozarks of Missouri. We used a 

hierarchical approach to evaluate a priori hypotheses on relationships between bat 

abundances and site, patch, landscape, and multi-scaled factors. We evaluated support for 
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relationships between bat abundance and prey availability, lunar light, stand structure, 

and prescribed fire at the site level, which we defined as within 250 m of a mist-net 

location. We evaluated support for relationships between bat abundance and percent 

forest, savanna-woodlands, and non-forest and prescribed fire within 1 km (patch scale), 

as well as percent forests, percent urban, and percent other land cover and forest-edge 

density within 16 km (landscape scale).  We evaluated our multi-scale hypotheses by 

combining our top models at each spatial scale to understand multi-scaled effects for each 

bat species.  

 

2  METHODS 

2.1  Study area 

Our study sites were in the Ozarks of Missouri, mainly the Ozark Highland ecological 

section. The Ozark Highlands is divided into sixteen ecological subsections based on 

differences in lithology, landform, soils and vegetation (Nigh and Schroeder 2002).  The 

Ozarks have many karst features due to the characteristic carbonate bedrock in this region 

(Nigh and Schroeder 2002). Soils are typically rocky and historically supported mainly 

oak and oak-pine savannas, woodlands, and forests. Oak-hickory, pine-oak, and mixed-

oak woodland and forest communities (Nelson 2012) dominate the Ozarks currently. 

Common upland tree species include post oak (Quercus stellata), blackjack oak (Q. 

marilandica), white oak (Q. alba), northern red oak (Q. rubra), hickory (Carya spp.), 

shortleaf pine (Pinus echinata), and flowering dogwood (Cornus florida) with open 

woodland and savanna containing bluestem grasses (Andropogon gerardii, 

Schizachyrium scoparium), sedges (Cyperaceae spp.), woody shrubs such as fragrant 

sumac (Rhus aromatic) and blackberry (Rubus spp.), and saplings (Nelson 2012). Most 
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streams in the area are spring-fed and clear. This region has high biological diversity and 

endemism (Ethridge 2009).  

 

Due to the regional scale of this study, we sampled study areas that would allow for 

multiple survey locations with suitable mist-net sites and that were at least 2 km apart to 

prevent pseudo-replication. Study sites were located in: Caney Mountain Conservation 

Area (538 ha), Peck Ranch Conservation Area (9,616 ha), Drury-Mincy Conservation 

Area (1,655 ha), and Little Black Conservation Area (1,201 ha) managed by the Missouri 

Department of Conservation (MDC);  Roaring River State Park (1,657 ha), Ha Ha Tonka 

State Park (1,501 ha), Lake of the Ozarks State Parks (7,133 ha), and Knob Noster State 

Park (1,592 ha) managed by the Missouri Department of Natural Resources; and the 

Salem, Ava/Willow Springs/Cassville, Houston/Rolla, and Poplar Bluff districts of Mark 

Twain National Forest (MTNF; 607,029 ha; Figure 1). 

 

2.2  Experimental design  

We captured bats over water using mist-nets from May 15-August 15 in 2014-2016. We 

determined mist-net sites by randomly stratifying suitable trappable locations over the 

gradient of savannas, woodlands, and forests within study areas. We used a nested plot 

design to evaluate site, patch, and landscape scale relationships defined as within 250 m, 

1 km, and 16 km of the plot center (mist-net site), respectively. We assumed bats 

captured in the mist-nets were using a greater area around the nets. We surveyed insects 

and sampled vegetation at our site scale by identifying 8 random plots in 2014, and 

reduced the number of plots to 4 for sampling in 2015 and 2016. We randomly located 
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plots > 50 m and < 250 m from the mist-net site and > 50 m from each other. Half the 

points were randomly selected for active insect sampling and half for passive sampling 

(see chapter 3). We used a 1 km radius to define the patch scale because it encompasses 

the 50% home range size for the northern long-eared bat and another similarly sized 

Myotis spp. (Elmore et al. 2005, Walters et al. 2007, Owen et al. 2005, Womack et al. 

2013). Evening and tri-colored bats have no recorded home range size in the literature; 

however, body size and wing morphology suggests that home ranges should be similar to 

known Myotis spp. We chose a 16 km radius for the landscape scale because previous 

studies examining species occupancy find support for landscape variables at this scale 

(Amelon 2007, Starbuck et al. 2015). 

 

2.3  Mist-net survey and bat capture protocol  

We set up mist-nets over wildlife ponds, perennial creeks, and large road ruts that held 

water for at least to 1-2 weeks. For a site to be suitable, it required open water (no surface 

vegetation); however, we did trap sites with some surface vegetation to help funnel bats 

into our mist-nets placed over open water.  We standardized our mist-net effort to consist 

of 1 triple high mist-net setup (10 m) and 2-3 single high mist-nets at a site (2-3m). Mist-

net lengths varied from 6 m–15 m, depending on what size was needed to cover the width 

of the water source. Most sites required 9 and 12 m mist-nets. We placed mist-nets 

approximately 20-cm above the water surface to prevent bats captured in the lowest bag 

from getting wet. Mist-nets were placed over water sources in various designs dependent 

on the size and shape of the water source with the goal to funnel bats into mist-nets, and 

prevent water access to bats without being captured. We surveyed each site for 3 

consecutive nights for 5 hours nightly starting at sunset. We followed the most recent 
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WNS decontamination protocols issued by USFWS, and held bats in sterile cotton bags 

until they were processed. We identified all bats to species, recorded sex, reproductive 

condition, weight (g), forearm length (mm), noted the net number, and the capture time. 

We recorded WNS wing score for WNS affected species, and collected wing biopsies and 

swabbed for WNS on select species as part of another on-going project. No bat was held 

longer than 30 minutes before being released. We completed this study under University 

of Missouri Animal Care Quality Assurance Office protocol 8144. We mist-netted under 

several different USFWS Federal Permits, dependent on the mist-net leader’s affiliations: 

either the University of Missouri or USDA U.S. Forest Service, permits: TE98063A-

1(Womack) or TE06809A-3(Amelon). Each mist-net site leader applied for their own 

MDC wildlife collectors permit in 2014-2016 (16003 (Womack), 16004 (Starbuck), 

16403 (Womack), 16835 (Womack)) along with Missouri Department of Natural 

Resources State Park permits (Amelon and Womack). Insect collections were under 

Womacks MDC wildlife collector’s annual permit 16003, 16403, and 16835.     

 

2.4  Site scale measurements and covariates 

We collected site-specific vegetation data using 11.3 m fixed radius plots at our 8 insect 

survey plots in 2014 and our 4 in 2015 and 2016. At each plot, we measured the diameter 

at breast height (DBH) and species of all stems >1 in, and noted if the tree was a potential 

bat roost. We measured percent canopy cover using a densiometer, and visually estimated 

the percent mid-story and understory. We used a clinometer to estimate canopy height 

and slope. We estimated mid-story and understory height relative to the measured canopy 

height. We used a compass to record plot aspect. We visually estimated the percent cover 

within a 5-m radius of the center into the following categories: percent woody or 



 

102 

herbaceous shrubs, forbs, leaf litter, and bare ground or rock cover. The total percent 

equals 100. We measured the leaf litter depth at 2 m from plot center using a compass 

and a metric ruler; we measured litter depth in the four cardinal directions. We evaluated 

our hypothesis on the effects of stand structure by calculating tree densities of for 

different size classes: sapling/seedling (DBH < 6 in.; TPHs); pole timber (6 >DBH < 11 

in., TPH5); and saw timber (DBH > 11 in., TPH11) and measuring percent canopy cover 

(Canopy; Table 1).  

 

We sampled insects at half the plots with malaise, panel-intercept, and pitfall traps 

(passive traps), and the other half with a UV black light trap (active trap). We determined 

total insect abundance collected from malaise and panel-intercept traps and active traps 

based on prey size class. We defined prey size-classes that covered the range of potential 

prey size for Missouri bats (Fenton and Barclay 1980, Barclay 1985). We defined small, 

medium, and large insect classes as 3–10 mm, 10.1–15.0 mm, and 15.1–27 mm, 

respectively. We assumed tri-colored and northern long-eared bats were limited to the 

small size class due to similar skull size and shape of little brown bats (Fenton and 

Barclay 1980). Evening bats have longer and wider skulls (Schwartz and Schwartz 2001) 

than little brown bats, and would likely consume both small and medium sized prey. 

Eastern red bats prey size generally range from 10.1–27 mm (Feldhamer et al. 1995, Ross 

1961), so we combined the medium and large size class to get the potential insect 

abundance for this species. We examined our a priori hypothesis on the effects of 

potential prey (PREY) by summing the number of insects within the predicted size class 

for each bat species across all insect traps at a mist-net location for each survey night 

(Table 1).  
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We collected nightly climate data (barometric pressure, wind speed, and temperature) at 

mist-net sites using a Kestrel 2500 Pocket Weather Meter (AllKestrel.com, 

Downingtown, PA). We collected data at the beginning and end of the survey and at least 

once during the 5-hour mist-net (hour 2-4) survey. We noted cloud cover and total hours 

of lunar light (LUNAR) on our datasheets nightly. We also utilized data collected from 

the nearest National Climatic Data Center for the stations closest to each site which 

include Rolla, Kaiser Lake Ozark, West Plains, Springfield, and Poplar Bluff to correct/ 

verify our measurements, and to document the total number of LUNAR on a given night 

based on sunset and sunrise times. The following climatic covariates and temporal 

covariates were used in our detection probability models: Julian date (JUL), year (YR), 

minimum nightly temperature (mnTEMP), barometric pressure (PRESSURE), wind 

speed (WIND), and LUNAR (Table 2). Summer 2014 was our reference class for our YR 

variable in all detection and abundance models. We also evaluated an abundance 

hypothesis that determined the effect of LUNAR on bat abundance (Table 1). 

 

We obtained information on the year(s) a site was burned or harvested within the last 10 

years from area managers. We evaluated our hypothesis on the effect of prescribed fire 

by examining how the number years since burned (YRburned) affected bat abundance 

(Table 1). We created four YRburned classes: 0-3, 4-6, 7-10, and greater than 10 years or 

non-managed (referred to as non-managed hereafter). Our reference category was our 

non-managed class. 
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2.5  Patch scale covariates 

We calculated the percent forest, savanna-woodland forest, and non-forest using 2011 

National Landcover Dataset (NLCD)’s canopy cover data layer in ArcMap (version 

10.2.1; ESRI). We classified pixels as forest, savanna-woodland, or non-forest if canopy 

cover was > 70%, 1–70%, or 0%, respectively.  We calculated the percent forest 

(%FOR1km), savanna-woodland (%SW1km), and non-forest (%NON1km) in a 1-km 

buffer around each site using Geospatial Modeling Environment (GME; Beyer 2014; 

Table 1). We used %NON1km as our reference covariate for candidate models, 

examining the patch scale effect of %FOR1km and %SW1km. We obtained fire history 

data from each managing agency for the last 10 years, and within 1 km of each mist-net 

site. We also used the USDA Forest Service’s region 9 historic fire database along with 

Mark Twain National Forest’s District records to determine fire histories for mist-net 

locations on national forests. We calculated fire frequency (FireFreq1km) as the number 

of fires within 1 km of each mist-net site over 10 years (Table 1). We estimated the 

percent of area burned (%Burned) within 1 km using GME (Beyer 2014) to determine the 

proportion of the 1 km area burned during the last 10 years (Table 1). 

 

2.6  Landscape scale covariates  

We determined the percent forest (For16km), percent urban (Urban16km), and percent 

other (Other16km) within 16 km of each mist-net site using 2011 NLCD (Table 1). We 

reclassified NLCD land covers into 3 categories: urban, forest, and other. All land classes 

that had any level of development were placed within our urban group which represents 

anthropogenic development to the natural landscape. Urban land cover was mostly 
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farmsteads and small rural towns. All forest types were grouped within our forest 

category, and all other categories were put into our other land cover group.  We used 

GME (Beyer 2014) to calculate the proportion of each reclassified land cover type within 

a 16-km buffer of our landscape buffer. We used Other16km as our reference class for all 

candidate models evaluating the landscape effect of For16km and Urban16km. We used 

2011 NLCD canopy cover data to determine the forest edge density (Edge) in GME 

within 16 km radius for each site (Beyer 2014). We calculated Edge as the edge between 

non-forest, NLCD 2011 canopy cover = 0 to forest, NLCD 2011 canopy cover >0 (Table 

1).   

 

2.7  Data analysis  

We fit hierarchical abundance models using general multinomial-Poisson models for 

removal sampling in the UNMARKED package in R (version 3.2; Fiske and Chandler 

2011).  This model requires counts of individuals from repeated visits to a site. The 

model assumes a population is closed over the sampling period. The removal sampling 

function of the model requires captured individuals are removed from all subsequent 

visits to a site which we accomplished by marking individuals. The UNMARKED 

package provides a toolbox to evaluate abundance models by first estimating detection 

probabilities, and then evaluating model covariates that likely affect abundance for a 

given species (Fiske and Chandler 2011).  

 

We used a multi-step information theoretic approach to evaluate a priori hypotheses, and 

ranked models plus a null model (Table 3 and Table 4) based on Akaike's Information 

Criterion (AIC; Burnham and Anderson 2002). We first evaluated relationships of abiotic 
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factors (mnTemp, LUNAR, PRESSURE, and WIND; Table 1) and temporal factors (JUL 

and YR; Table 1) on detection probability. We examined 9 detection models with 

covariates that influence bat activity (Ciechanowski et al. 2007, Hayes 1997, Lang et al. 

2006, Womack 2013; Table 3). Next, we used the top detection model for each bat 

species in all 12 single-scale candidate abundance models for that species (site, patch, 

and landscape; Table 4).  Year (YR) was a fixed effect in all our abundance models to 

account for annual variability in abundance. Our final step incorporated our top model for 

each spatial scale, and examined all combinations of these models to evaluate multi-

scaled effects on bat abundance. This process created 4 additional models that we ranked 

together with our single scale models. We tested the top model(s) for each bat species for 

goodness of fit with the Freeman-Tukey test, and used parametric bootstrapping to run 

1000 iterations (parboot; Fiske and Chandler 2011). We model averaged predictions from 

all models within ∆AIC<2 resulting in additional informative parameters (Anderson and 

Burnham 2002). We plotted model predictions across the range of a supported covariate 

while holding all other covariates at their mean, except for covariates measured as 

percentages, which were held at 0. We calculated the 95% confidence intervals for 

covariates included in our top model, and primarily interpreted covariates whose 

confidence limits did not overlap 0.  We also report descriptive statistics for all detection 

and abundance model covariates (Table 5). 

 

3  RESULTS 

We surveyed 89 mist-net sites during 2014 – 2016 (35, 32, and 22; respectively), which 

represented 267 trap nights and 1335 hours of mist netting. We did not catch any bats on 

37 trap nights. We caught 1516 individuals comprising 11 species: eastern red bat 
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(Lasiurus borealis), northern long-eared bat (Myotis septentrionalis), evening bat 

(Nycticeius humeralis), gray bat (Myotis grisescens), tri-colored (Perimyotis subflavus), 

big brown bat (Eptesicus fuscus), hoary bat (Lasiurus cinereus), silver-haired bat 

(Lasionycteris noctivagans), Indiana bat (Myotis sodalis), little brown bat (Myotis 

lucifugus), and southeastern Myotis (Myotis austroriparius). We recaptured only 10 

individuals at the same mist-net site over this study. The number of recaptures was 

consistent with banding data that indicates recapture events are rare for bats in our study 

region (Amelon, unpublished data). 

 

3.1  Northern long-eared bat (Myotis septentrionalis) 

The top detection model was the global model (Table 6). Detectability was negatively 

related to JUL and PRESSURE, and confidence intervals did not overlap zero (Table 7). 

The best-supported abundance model was a multi-scaled model that included site and 

patch covariates, tree densities by size class at our site scale, percent forest and percent 

savanna-woodland habitat within 1km of each mist-net site, and had an AIC weight (wi) 

of 0.68 (Table 8). There was no evidence of lack of fit (Freeman-Tukey test, P = 0.662). 

TPH11, TPH5, %For1km, and %SW1km were positively related to abundance, and 

confidence intervals did not overlap zero. Abundance was negatively related to TPHs but 

confidence intervals did overlap with zero (Table 9). Abundance was negatively related 

to YR2 (2015) and YR3 (2016) compared to 2014, and confidence intervals did not 

overlap zero (Table 9). The next model combined all three spatial scales, and had a ∆AIC 

of 1.54 (Figure 2; Table 8). Abundance was negatively related to For16km and 

Urban16km, but confidence intervals did overlap zero. We model averaged predictions 

from the top two models to address model uncertainty. We predicted there were 4, 0, and 
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0 individuals at a site in 2014, 2015, and 2016, respectively, when %For1km was 22%, 

and 40, 5, and 7 individuals, respectively, when %For1km was 87% (Figure 2). There 

were 1, 0, and 0 individuals at a site in 2014, 2015, and 2016, respectively, when 

%SW1km was 20%, and 5, 1, and 1 individuals, respectively, when %SW1km was 97% 

(Figure 2). There were 6, 1, and 1 individuals at a site in 2014, 2015, and 2016, 

respectively, at sites with 68 tree/ha of saw timber, and 102, 14, and 17 individuals, 

respectively, at sites with 405 tree/ha of saw timber (Figure 2). There were 5, 1, and 1 

individuals at a site in 2014, 2015, and 2016, respectively, at sites with 4 tree/ha of pole 

timber, and 82, 11, and 14 individuals, respectively, at sites with 27 tree/ha of pole timber 

(Figure 2). 

 

3.2  Tri-colored bat (Perimyotis subflavus) 

The top detection model was the barometric pressure model (Table 6). Detectability was 

negatively related PRESSURE, and confidence intervals did not overlap zero (Table 7). 

The best-supported abundance model was a multi-scaled model that included site and 

patch covariates, YRburned, %SW1km, and % and had an AIC weight (wi) of 0.82 

(Table 10). There was no evidence of lack of fit (Freeman-Tukey test, P = 0.618). 

Abundance was positively related to sites burned within the last 3 years (YRBurned4) 

compared to sites not burned with the last 10 or more years, and confidence intervals did 

not overlap zero. Abundance was negatively related to YR3 (2016) compared to 2014, 

and confidence intervals did not overlap zero (Table 11). The next model combined the 

top model with the top landscape scale model but had a ∆AIC of 3.12, so we did not 

model average (Figure 3; Table 10). We predicted there were 2, 3, and 0 individuals at 



 

109 

sites burned within the last 3 years in 2014, 2015, and 2016, respectively, compared to 1, 

1, and 0 individuals at sites not burned within the last 10 years (Figure 3). 

 

3.3  Evening bat (Nycticeius humeralis) 

The top detection model was the barometric pressure model (Table 6). Detectability was 

positively related to PRESSURE, and confidence intervals did overlap zero (Table 7). 

The best-supported abundance model was a multi-scaled model that included YRburned 

and FireFreq1km, and had an AIC weight (wi) of 0.38 (Table 12). There was no evidence 

of lack of fit (Freeman-Tukey test, P = 0.578). Abundance was positively related to sites 

burned within the last 4-6 years compared to sites not burned, and confidence intervals 

did not overlap zero (Table 13). Abundance was positively related to sites burned within 

the last 1-3 years, and confidence intervals did overlap zero (Table 13). Abundance was 

negatively related to YR2 and YR3 (2015 and 2016; respectfully) compared to 2014, and 

confidence intervals did not overlap zero (Table 13).  The next best model was our top 

patch scale model with FireFreq1km and had a ∆AIC of 0.98 (Table 12). The combined 

model weight for the top 2 models was 0.61 (Table 12). There were two additional multi-

scaled models within a ∆AIC of 2; however, both models only added uninformative 

parameters to the higher ranked models (Table 12; Anderson and Burnham 2002, Arnold 

2010), so we model averaged predictions from the top two models. We predicted there 

were 5, 3, and 4 individuals in 2014, 2015, and 2016, respectively, at sites that were 

burned within the last 4-6 years compared to 4, 2, and 3 individuals, respectively, at sites 

not burned within the last 10 years (Figure 4). There were 13, 7, and 9 individuals in 

2014, 2015, and 2016, respectively, at sites with >10 burns within 1 km; 6, 3, and 4 
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individuals, respectively, at sites with 5 fires, and 3, 1, and 2 individuals, respectively, at 

sites with no fires (Figure 4).   

 

3.4   Eastern Red Bat (Lasiurus borealis) 

The top detection model was the climate model (Table 6); detectability was negatively 

related to mnTEMP and positively related to PRESSURE and LUNAR (Table 7). 

However, confidence intervals for all detection covariates overlapped zero (Table 7). The 

best-supported abundance model was our combined multi-scaled model (site, patch, and 

landscape); covariates included tree densities by size class and canopy cover at site level, 

percent forest, and percent savanna-woodland habitat within 1km of each mist-net site, 

and percent urban and forested landcover within 16 km. Our top model AIC weight was 

approximately 1 so there were no competing models or need to model average (Table 

14). There was no evidence of lack of fit (Freeman-Tukey test, P = 0.555). Abundance 

was negatively related to TPH11, TPH5, TPHs, and Canopy and confidence intervals did 

not overlap zero (Table 15). Abundance was positively related to %For1km and 

Urban16km and confidence intervals did not overlap zero (Table 15). Abundance was 

positively related to YR2 (2015) and YR3 (2016) compared to 2014, and confidence 

intervals did not overlap zero (Table 15). The next best model included site and patch 

covariates and had a ∆AIC of 23.91 (Table 14). We predicted there were 9, 12, and 12 

individuals at a site in 2014, 2015, and 2016, respectively, at sites with 68 tree/ha of saw 

timber, and 4, 5, and 5 individuals, respectively, at sites with 405 tree/ha of saw timber 

(Figure 5). There were 8, 11, and 12 individuals in 2014, 2015, and 2016, respectively, at 

sites with 4 tree/ha of pole timber, and 5, 6, and 6 individuals, respectively, at sites with 

27 tree/ha of pole timber (Figure 5). There were 9, 12, and 12 individuals in 2014, 2015, 
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and 2016, respectively, at sites with 0 tree/ha of sapling, and 4, 5, and 5 individuals, 

respectively, at sites with 7 tree/ha of sapling (Figure 5). There were 11, 15, and 15 

individuals in 2014, 2015, and 2016, respectively, at sites with 23% canopy cover, and 5, 

7, and 7 individuals, respectively, at sites with 97% canopy cover (Figure 5). There were 

3, 4, and 4 individuals at a site in 2014, 2015, and 2016, respectively, when %For1km 

was 22%, and 5, 6, and 6 individuals, when %For1km was 87% (Figure 5). There were 4, 

5, and 5 individuals at sites with Urban16km was 2% in 2014, 2015, and 2016, 

respectively, and 5, 6, and 6 individuals when Urban16km was 9% (Figure 5).  

 

4  DISCUSSION 

We successfully fitted detection and abundance models for northern long-eared, tri-

colored, evening, and eastern red bats from mist net data collected from repeated surveys 

throughout the Ozark region of Missouri. No published study has fit hierarchical 

abundance models for bats from repeated mist net surveys in the summer. Low recapture 

rates reduce the feasibility for mark-recapture to estimate abundance or density of bats 

(Kunz and Kurta 1988); therefore, bat studies have focused instead on site occupancy 

(MacKenzie et al. 2002, Amelon 2007). Occupancy studies often use acoustic detectors 

to record echolocation calls to determine the presence or non-detection of a species at a 

survey location, and can estimate species detection probability based on habitat and 

environmental covariates (Marques et al. 2013, Amelon 2007, Starbuck et al. 2015, Yates 

and Muzika 2006). While abundance and occupancy are related, abundance can provide 

more detail on habitat quality or population status. Several studies use relative bat activity 

for species between habitats, or management classes as indices of abundance (Loeb and 

O’Keefe 2006, Womack 2008). Indices are useful, but do not incorporate detection 
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probabilities beyond whether a species is present or absent at a site. Our methods 

estimated abundance by using repeated visits at mist-net sites to quantify detection 

probability, and simultaneously examining multi-scaled factors that affect bat abundance 

at sites across the Ozark region of Missouri. We found the general multinomial-Poisson 

model for removal sampling had high accuracy for predicting abundance in our 

simulation study (Chapter 2), and there was no evidence for lack of fit for these models in 

this study with field data based on the Freeman-Tukey test with parametric bootstrapping 

and 1000 iterations. Furthermore, our results are ecologically reasonable for our study 

species within our region. We provide an example of how abundance models with 

removal sampling from repeated mist-net surveys can successfully estimate abundance 

and habitat relationships for multiple bat species.  

 

We found varying support for relationships between bat species detectability and 

environmental and temporal covariates. Barometric pressure was supported for all species 

which suggests the importance of low-pressure systems in bat activity. Bats can likely 

sense atmospheric pressure changes, and vary their behavior based on weather 

conditions. Barometric pressure directly affected bat activity in Canada, but there were 

conflicting results among species (Baerwald and Barclay 2011). Barometric pressure and 

temperature affected activity of the same species in Virginia (Womack 2008). Barometric 

pressure and temperature also influenced insect availability (Womack 2011, Womack 

2008). In fact, climatic covariates have important effects on bat activity worldwide 

(Turbill 2008, Seidman and Zabel 2001, Meyer et al. 2004, Kunz et al. 2007, Starbuck et 

al. 2015). We observed a negative trend between lunar light and probability of capturing 

individuals for two bat species: the eastern red bat and northern long-eared bat. Baerwald 
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and Barclay (2011) found a negative relationship between lunar light and bat activity 

using acoustic detectors in Canada consistent with our findings. Other bat studies have 

determined lunar light, or a correlated lunar covariate, to be insightful in understanding 

changes in bat activity and detection probability with increase lunar light decreasing bat 

detection probabilities and activity (Kunz et al. 2007, Womack 2008, Lang et al. 2006). 

Julian date had a significantly negative effect in detection probability for northern long-

eared bats which conflicts with previous knowledge on how bat activity changes 

throughout the maternity season (Womack 2011). Typically, as the maternity season 

progresses, there are more individuals on the landscape as the young of the year become 

volant in mid-July. This negative effect of Julian date is likely due to WNS, and the 

disease progression in northern long-eared bats during the summer (Francl et al. 2012). 

Consistent with our findings, capture rates of northern long-eared bats decreased over the 

summer field season in West Virginia; this is likely linked to lower body condition that 

decreased reproduction success and WNS wing damage post-hibernation (Francl et al. 

2012).  

 

Site-scale relationship hypotheses were supported in models for all four bat species. 

Eastern red bat and northern long-eared bat abundance was related to habitat structure, 

specifically saw, pole, and sapling tree densities. Northern long-eared bat abundance was 

positively related to tree density while eastern red bat abundance was negatively related 

to tree density and canopy cover. Our results are consistent with studies examining 

species occupancy. Eastern red bats have higher occupancy at open forests sites with 

reduced vegetation clutter (Loeb and Waldrop 2008, Loeb and O’Keefe 2006, Starbuck et 

al. 2015, Morris et al. 2010). Northern long-eared bats have higher activity in forest 
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interior sites compared to forest edge in North Carolina forests (Morris et al. 2010). 

Northern long-eared bat site occupancy is positively related to forest, but negatively 

related to immature forests, or those with high sapling tree densities (Starbuck et al. 2015, 

Amelon 2007).  Evening and tri-colored bat abundances were positively related to sites 

that were burned (YRburned). Loeb and Waldrop (2008) similarly found tri-color and 

evening bat activity is greater in thinned or burned stands than non-managed stands in 

South Carolina. Evening bat occupancy is also negatively related to increased tree 

densities in the Ozarks (Starbuck et al. 2015). Starbuck et al. (2015) also found a positive 

relationship between site occupancy and fire frequency, but the confidence interval 

overlapped zero. We found no support for our insect prey hypothesis, likely caused by 

various factors. We were trapping over water sources so individuals may have only used 

the area for drinking. Also, we measured available insects as the total number of insect 

within size classes reasonable for each bat species to consume, not based on actual prey 

species or Orders that are consumed by our four bat species. This was due to lack of diet 

information and multiple papers suggesting that most bats are opportunistic in their 

dietary strategy (Fenton and Morris 1976, Kunz et al. 2011).  

 

We also found support for patch-level hypotheses. Abundance of eastern red bats and 

northern long-eared bats was positively related to %For1km. Brooks and Fords (2005) 

similarly found northern long-eared bats have the greatest occupancy in dense forest 

interior sites near water sources in Massachusetts. Northern long-eared bat site occupancy 

also increases with percent forest within 16km in the Ozarks (Starbuck et al. 2015, 

Amelon 2007); these found support for forest cover at a 16-km scale compared to our 1 

km patch scale.  Site occupancy of eastern red bats is positively related to percent forest 
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within 16 km in Missouri (Starbuck et al. 2015) while we only found support for this 

effect at our patch-level.) Eastern red bats occupancy is higher when forests had greater 

numbers of gaps or openings at smaller spatial scales (<4km; Amelon 2007). Abundance 

of evening bats was positively related to FireFreq1km.  Boyles and Aubrey (2006) 

similarly found higher roost potential and activity for evening bats at sites recently 

burned and Evening bat site occupancy is positively related to number of fires in the 

Ozarks (Starbuck et al. (2015).  

 

We found support for landscape-level hypotheses. Eastern red bat abundance was 

positively related to Urban16km; Starbuck et al. (2015) similarly found Eastern red bat 

site occupancy was positively related to percent urban landcover within 16 km. However, 

Amelon (2007) found site occupancy was positively related to percent forest cover and 

not urban area at a 16-km scale, but she grouped urban and non-forest habitats into the 

same class.  Foraging eastern red bats also avoid urban landcover in the Ozark region 

(Amelon et al. 2014) which is also contradictory to our results.  Contradictory findings 

are likely a result of the type of data being collected and the level of detail each collection 

method gathers (occupancy vs. abundances vs. radio telemetry). We suggest this may be 

due to the fundamental differences between occupancy and abundance data. Both are 

correlated with occupancy being the coarser metric, and therefore, potentially limited in 

evaluating more fine scale site or patch environmental factors that influence abundance 

when examining multiple spatial scales. 

 

The importance of multiple spatial scales to habitat section and species abundance is a 

fundamental concept in ecology (Hilden 1965, Hutto 1985). We found multi-scale 
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models to be the top supported models for all bat species. Northern long-eared, tri-

colored, and evening bats had site and patch covariates in their top abundance model 

while eastern red bats had all three spatial scale covariates in the top model.  Most 

previous studies of our focal species examine only one spatial scale (Morris et al. 2010, 

Loeb and O’Keefe 2006); however, Lacki et al. (2009) suggests that northern long-eared 

bats are more tolerant of prescribed fire in the broader landscape, and utilize these areas 

for foraging. Northern long-eared bat activity was not negatively related to prescribe fire 

in Kentucky (Lacki et al.2009) which is consistent with our results.  Determining which 

spatial scales are important for a species is crucial because it allows for better 

conservation of species by ensuring management addresses features at scales that affect a 

species (Wiens 1989, Saab 1999).  

  

We documented a significant effect of year for all bat species. Our WNS-affected species 

had a negative effect of 2016 on abundance compared to 2014. Northern long-eared bats 

had a negative effect of 2015, while tri-colored bats had a positive effect of 2015 

compared to 2014. Our findings for tri-colored bat support suggestions that abundance of 

this WNS affected species may be highest the summer after the first mass mortality 

events at hibernacula; several states have documented a spike in captures for this species 

during the first summer after mass mortality events were reported within the state (Elliott, 

personal communication). The working hypothesis is that tri-colored bats may be the 

super spreaders of WNS and are on the leading edge of the disease range as it spreads. 

MDC documented the first mass mortality event in spring 2015 at hibernacula near 

Hannibal, Missouri. The red bat, which is potentially affected by wind energy 

development during spring and fall migration, had significantly positive changes in 
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abundances in summer 2015 and 2016 compared to 2014, suggesting summer populations 

may be increasing in the Ozark region. This trend may be linked to newly implemented 

changes in wind energy protocols that lock down turbines during low wind periods and 

during key migration periods (Cryan et al. 2014), or unmeasured population shifts from 

other factors such as climate change or normal annual variation. Understanding multi-

scaled factors that affect species abundance is critical for sound management which 

includes ensuring adequate habitat and habitat composition is available for surviving 

individuals within these species. Continued monitoring using repeated mist-net surveys 

across the region will allow for additional knowledge of the post-mass mortality effects 

of WNS on the entire bat community as a whole, and if affected species numbers 

continue to decline or slowly stabilize and increase over time.   

 

5  MANAGEMENT IMPLICATIONS 

The ability to estimate abundance of bats using counts from repeated surveys rather than 

capture/recapture methods is a meaningful contribution for bat research and conservation. 

Savanna woodland restoration practices that reduce tree densities of all size classes and 

percent canopy cover resulted in increased abundances for eastern red bats; however, 

abundances of northern long-eared bats was greatest at sites with high tree densities of 

pole and saw timber. Managers wanting to create habitat for the entire bat community 

should be aware of the tradeoff between sites managed to create savanna and woodlands 

ecosystems should increase abundance for evening, tri-colored, and eastern red bats, but 

may have a negative impact on northern long-eared bats at the site scale. However, at the 

patch scale of 1 km we found that percent forest and savanna woodlands had higher 

abundances for eastern red bats and northern long-eared bats compared to non-forest 
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landscapes. This suggests that creating a forest matrices with stands managed as savanna 

and woodlands communities while still managing non-managed forests within 1 km will 

likely not have a negative impact on northern long-eared bats. In addition, northern long-

eared and tri-colored bat abundances will likely keep decreasing as a result of WNS; 

however, we urge managers to collect and estimated abundances for bat species using 

repeated mist-net capture data to document the changes in population size for these two 

species and the overall bat community.   
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Table 1. Habitat covariates at four spatial scales used in hierarchical abundance models 

for four bat species across a gradient of savanna, woodland, and forest in the Ozark 

Highlands of Missouri.  

Spatial Scale Covariate Covariate Description Code 

Site  (250 m) Canopy cover (%) Mean percent of canopy cover 

calculated at the insect/vegetation 

plots within 250 m of a site. 

Canopy  

Saw timber tree 

density (trees/ha) 

Mean tree density (trees per 

hectare; TPH) calculated for all 

trees with DBH <11 in collected at 

insect/vegetation plots within 250 

m of a site. 

TPH11  

Pole timber tree 

density (trees/ha) 

Mean tree density (TPH) 

calculated for trees with DBH>5 

in and DBH<11 in collected at 

insect/vegetation plots within 250 

m of a site. 

TPH5  

Sapling/seedling 

tree density 

(trees/ha) 

Mean tree density (TPH) 

calculated for trees with DBH<4.9 

in collected at insect/vegetation 

plots within 250 m of a site.  

TPHs  

Insect abundance  Sum of nightly insect prey 

abundance within a bat species 

prey size class range collected 

across insect traps within 250 m of 

a site. PREY was calculated for 

each bat species based on skull 

morphology and literature review 

of bat species diet.  

PREY  

Lunar light (hr) The number of lunar hours on a 

survey night.  

LUNAR  

Year since site 

burned 

The years since the mist-net site 

was burned within the last 10 

years. If the site has never been 

burned 11 was assigned to the site 

for this covariate.  

YRburned  
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Spatial Scale Covariate Covariate Description Code 

Patch (1km) Percent forest (%) Percent forest calculated from 

2011 NLCD canopy cover data 

layer. Forest with canopy cover 

>71%. 

%FOR1km  

 Percent savanna 

woodland (%) 

Percent savanna-woodland was 

calculated using 2011 NLCD 

canopy cover data with savanna-

woodland = canopy cover <70%. 

%SW1km  

 Percent non-forest 

(%) 

Percent non-forest calculated from 

2011 NLCD canopy cover data 

with non-forest when percent 

canopy = 0%. within 1 km of a 

site. Reference covariate.  

%NON1km  

 Fire frequency The number of fires within the last 

10 years within 1 km of the mist-

net site. 

FireFreq1km  

 Percent burned (%) Percentage of area burned (in the 

last 10 years) within 1 km of a 

site.  

%burned  

Landscape 

(16km) 

Forest edge density 

(m/ha) 

Forest edge density is the amount 

of edge calculated from 2011 

NLCD canopy cover data within 

16 km of a site 

Edge  

 Percent forest (%) Percent forest landcover classes 

reclassified from 2011 NLCD data 

within 16 km of a mist-net site. 

For16km  

 Percent urban (%) Percent urban landcover classes 

from 2011 NLCD data within 16 

km of a mist-net site. 

Urban16km  

 Percent open (%) Percent other landcover classes 

reclassified from 2011 NLCD data 

(fields, pastures, water, etc.) 

within 16 km of a mist-net site. 

Reference covariate.  

Other16km  
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Table 2. Covariates evaluated for relationships with detection probabilities of four bat 

species in hierarchical abundance models based on mist-net surveys s across a gradient of 

savanna, woodland, and forest in the Ozark Highlands of Missouri, 2014–2016. 

Classification Covariate Covariate Description Code 

Abiotic
1
 Lunar light (hr) The number of lunar hours on a 

sampling night at a site. 

LUNAR 

Barometric 

pressure (inHg) 

Mean nightly barometric pressure 

measured at each mist-net site. 

PRESSURE 

Minimum nightly 

temperature (°C) 

Minimum nightly temperature 

collected at each mist-net site. 

MnTemp 

Wind speed 

(m/sec) 

Average wind speed at mist-net 

trapping site. Broken down into 4 

categories: 0 mph, 1-3 mph, 4-6 

mph, 6-8 mph. Mist-netting bats 

cannot occur at wind speeds greater 

than 8 mph.  

WIND 

Temporal
2
 Year Survey year. Summer 2014 was the 

reference year for this categorical 

covariate.  

YR 

Julian date Julian date JUL 
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Table 3. Candidate detection models used to estimate detection probabilities of four bat 

species in hierarchical abundance models based on mist-net surveys across a gradient of 

savanna, woodland, and forest in the Ozark Highlands of Missouri, 2014–2016.  

Detection Model Model Structure 

Global Ơ(mnTEMP + LUNAR + WIND + PRESSURE + JUL + YR) 

Climate Ơ(mnTEMP + LUNAR + WIND + PRESSURE) 

Temporal Ơ(JUL + YR) 

Climate 1 Ơ(mnTEMP + PRESSURE) 

Climate 2 Ơ(mnTEMP + WIND + PRESSURE) 

Climate 3 Ơ(mnTEMP + LUNAR + PRESSURE) 

Temperature Ơ(mnTEMP) 

Barometric pressure Ơ(PRESSURE) 
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Table 4. Candidate abundance models used for four bat species based on mist-net 

surveys across a gradient of savanna, woodland, and forest in the Ozark Highlands of 

Missouri, 2014–2016. We used the general multinomial-Poisson model for removal 

sampling in the UNMARKED package. Year was included as a fixed effect in all 

abundance models.  

Spatial Scale Hypotheses Model Structure 

Local (250 m) 1 ƛ(PREY + YR) 

2 ƛ(LUNAR + YR) 

3 ƛ(TPH11 + TPH5 +  TPHs + Canopy + YR) 

3.1 ƛ(TPH11 + TPH5 +  TPHs + YR) 

3.2 ƛ(Canopy + YR) 

4 ƛ(YRsinceBurned + YR) 

Patch (1 km) 5
1
 ƛ(For1km

1
 + SW1km

1
 + YR) 

6 ƛ(FireFreq1km + %burned1km + YR) 

6.1 ƛ(FireFreq1km + YR) 

6.2 ƛ(%burned1km + YR) 

Landscape (16 km) 7 ƛ(Edge + YR ) 

8
2
 ƛ(For16km

2
 + Urban16km

2
 + YR) 

 

 
1
 The reference class was the percent non-forest within 1 km.  

2 
The reference class was the percent of other land cover within 16 km.  
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Table 5. Descriptive statistics for detection and abundance covariates measured at mist 

net sites for a study of relationships between bat detection probability and abundance and 

savanna woodland restoration in the Ozarks of Missouri, 2014-2016. 

Covariate Code Mean Min Max SD 

Lunar light (hr) LUNAR 4.78 0 10 2.50 

Barometric pressure (inHg) PRESSURE 28.97 27.98 30.19 0.42 

Minimum nightly 

temperature (°C) 

MnTemp 20.17 6.39 27.83 4.03 

Wind speed (m/sec) WIND 0.59 0 3 0.91 

Year YR 1.85 1 3 0.79 

Julian date JUL 176.02 135 225 29.18 

Canopy cover (%) Canopy 56.43 7.5 97 16.86 

Saw timber tree density 

(trees/ha) 

TPH11 114.83 1.80 405.98 98.83 

Pole timber tree density 

(trees/ha) 

TPH5 7.24 1.34 26.73 4.55 

Sapling/seedling tree 

density (trees/ha) 

TPHs 0.93 0 7.02 1.26 

Insect abundance for 

northern long-eared bats 

MYSEPREY 99 0 905 150 

Insect abundance for tri-

colored bats 

PESUPREY 99 0 905 150 

Insect abundance for 

evening bats 

NYHUPREY 113 0 950 161 

Insect abundance for 

eastern red bats 

LABOPREY 120 0 964 166 

Year since site burned YRburned 2.33 1 4 1.25 

Percent forest in 1 km 

radius (%) 

%FOR1km 29.71 0.20 87.40 25.68 
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Covariate Code Mean Min Max SD 

Percent savanna woodland 

in1 km radius (%) 

%SW1km 61.04 11.20 97.30 26.36 

Percent non-forest in 1 km 

radius (%) 

%NON1km 9.24 0 55.00 9.67 

Fire frequency FireFreq1km 1.92 0 11 1.83 

Percent Burned (%) %burned 43.02 0 100 34.51 

Forest edge density (m/ha) Edge 48.70 25.27 66.61 9.34 

Percent forest in 16 km 

radius (%) 

For16km 74.43 21.80 92.10 12.36 

Percent urban in 16 km 

radius (%) 

Urban16km 4.63 2.20 9.40 1.56 

Percent open in 16 km 

radius (%) 

Other16km 20.95 5.70 68.90 11.32 
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Table 6. Support for detection probability (Ơ) models based on  the  number of model 

parameters (k), Akaike Information Criterion (AIC),  delta AIC (∆AIC), and AIC weight 

(wi) for four bat species based on mist-net surveys s across a gradient of savanna, 

woodland, and forest in the Ozark Highlands of Missouri, 2014–2016.  

Bat Species Detection Models k AIC ∆AIC wi 

Northern long-

eared bats 

(Myotis 

septentrionalis) 

Ơ(mnTEMP + LUNAR + 

WIND + PRESSURE + JUL 

+ YR) 

9 1085.2 0 1.00 

Ơ(JUL + YR) 5 1101.0 15.83 3.7E-04 

Ơ(mnTEMP + LUNAR + 

WIND + PRESSURE) 

6 1138.1 52.91 3.2E-12 

Ơ(mnTEMP + WIND + 

PRESSURE) 

5 1140.0 54.78 1.3E-12 

Ơ(mnTEMP + LUNAR + 

PRESSURE) 

5 1140.5 55.34 9.6E-13 

Ơ(mnTEMP + PRESSURE) 4 1140.5 55.36 9.5E-13 

Ơ(PRESSURE) 3 1144.4 59.21 1.4E-13 

Ơ(mnTEMP) 3 1150.7 65.55 5.8E-15 

NULL 2 1153.6 68.44 1.4E-15 

Tri-colored bats 

(Perimyotis 

subflavus) 

Ơ(PRESSURE) 3 461.4 0 0.45 

Ơ(mnTEMP + PRESSURE) 4 463.4 2 0.166 

Ơ(mnTEMP + WIND + 

PRESSURE) 

5 464.3 2.94 0.103 

Ơ(mnTEMP + LUNAR + 

PRESSURE) 

5 465.1 3.7 0.071 

Ơ(mnTEMP + LUNAR + 

WIND + PRESSURE + JUL 

+ YR) 

9 465.4 3.96 0.062 

Ơ(mnTEMP + LUNAR + 

WIND + PRESSURE) 

6 466.3 4.87 0.039 
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Bat Species Detection Models k AIC ∆AIC wi 

NULL 2 466.3 4.9 0.039 

Ơ(JUL + YR) 5 466.6 5.2 0.033 

Ơ(mnTEMP) 3 468.3 6.89 0.014 

Evening bats 

(Nycticeius 

humeralis) 

Ơ(PRESSURE) 3 686.1 0 0.188 

Ơ(mnTEMP + LUNAR + 

WIND + PRESSURE + JUL 

+ YR) 

9 686.5 0.41 0.153 

Ơ(mnTEMP + LUNAR + 

PRESSURE) 

5 686.9 0.84 0.124 

NULL 2 687.0 0.94 0.117 

Ơ(mnTEMP + PRESSURE) 4 687.5 1.37 0.095 

Ơ(JUL + YR) 5 687.8 1.71 0.08 

Ơ(mnTEMP) 3 688.2 2.1 0.066 

Ơ(mnTEMP + LUNAR + 

WIND + PRESSURE) 

6 688.8 2.66 0.05 

Ơ(mnTEMP + WIND + 

PRESSURE) 

5 689.5 3.36 0.035 

Eastern red bats 

(Lasiurus 

borealis) 

Ơ(mnTEMP + LUNAR + 

PRESSURE) 

5 1586.0 0 0.2948 

Ơ(mnTEMP + PRESSURE) 4 1586.9 0.9 0.1879 

Ơ(mnTEMP + LUNAR + 

WIND + PRESSURE) 

6 1586.9 0.91 0.1875 

Ơ(mnTEMP + WIND + 

PRESSURE) 

5 1587.1 1.07 0.173 

Ơ(PRESSURE) 3 1589.2 3.21 0.0593 

Ơ(mnTEMP) 3 1589.4 3.4 0.0539 

Ơ(mnTEMP + LUNAR + 

WIND + PRESSURE + JUL 

+ YR) 

9 1590.3 4.26 0.0349 

NULL 2 1593.6 7.55 0.0068 

Ơ(JUL + YR) 5 1596.2 10.19 0.0018 
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Table 7. Parameter estimates (β), standard errors (SE), and 95% confidence limits (LCL, 

UCL) for parameters in our top detection models for four bat species based on  

hierarchical abundance models and mist-net surveys at 89 sites across a gradient of 

savanna, woodland, and forest in the Ozark Highlands of Missouri, 2014–2016.  

Bat Species Model Parameter β SE LCL UCL 

Northern long-eared bats 

(Myotis septentrionalis) 
Intercept -1.33 0.39 -2.10 -0.55 

mnTEMP -0.10 0.10 -0.30 0.10 

WIND 0.12 0.09 -0.05 0.29 

JUL -0.33 0.10 -0.53 -0.14 

PRESSURE -0.46 0.14 -0.72 -0.19 

LUNAR 0.00 0.08 -0.16 0.17 

YR2 0.15 0.23 -0.31 0.60 

YR3 -0.58 0.38 -1.33 0.17 

Tri-colored bats 

(Perimyotis subflavus) 
Intercept -0.16 0.261 -0.68 0.35 

PRESSURE -0.46 0.023 -0.5 -0.41 

Evening bats (Nycticeius 

humeralis) Intercept -1 0.343 -1.68 -0.33 

 PRESSURE 0.094 0.117 -0.14 0.32 

Eastern red bats 

(Lasiurus borealis) Intercept -0.72 0.158 -1.02 -0.41 

 
mnTEMP -0.1 0.06 -0.22 0.01 

 
PRESSURE 0.184 0.072 0.043 0.33 

  LUNAR 0.082 0.059 -0.03 0.2 
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Table 8. Support for abundance (ƛ) models for the northern long-eared bat (Myotis 

septentrionalis) including the number of model parameters (k), Akaike’s Information 

Criterion (AIC), delta AICc (∆AICc), and AICc weight (wi). Models were fit with the 

general multinomial Poisson model for removal sampling using the UNMARKED 

package and data from mist-net surveys at 89 sites across a gradient of savanna, 

woodland, and forest in the Ozark Highlands of Missouri, 2014-2016. All models include 

the top ranked detection model Ơ(minTEMP + WIND + PRESSURE + LUNAR + JUL + 

YR).  

Spatial Scale Model k AIC ∆AIC wi 

Multi-scale TPH11 + TPH5 + TPHs + 

SW1km + For1km + YR 

16 781.54 0 0.68 

Multi-scale TPH11 + TPH5 + TPHs + 

SW1km + For1km + Urban16km 

+ For16km + YR 

18 783.08 1.54 0.32 

Multi-scale TPH11 + TPH5 + TPHs + 

Urban16km + For16km + YR 

16 895.85 114.31 1.0E-25 

Multi-scale SW1km + For1km + Urban16km 

+ For16km + YR 

15 905.05 123.51 1.0E-27 

Patch SW1km + For1km + YR 13 907.52 125.97 3.0E-28 

Site TPH11 + TPH5 + TPHs + YR 14 932.74 151.2 1.0E-33 

Site TPH11 + TPH5 + TPHs + 

canopy + YR 

15 934.7 153.16 3.8E-34 

Site Lunar + YR 14 964.9 183.35 1.0E-40 

Site YrSinceBurned + YR 14 1013.22 231.68 3.4E-51 

Landscape Urban16km + For16km + YR 13 1018.77 237.23 2.1E-52 

Patch FireFreq1km + pBurned1km + 

YR 

13 1028.26 246.72 1.8E-54 

Patch FireFreq1km + YR 12 1028.62 247.08 1.5E-54 
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Spatial Scale Model k AIC ∆AIC wi 

Patch pBurned1km + YR  12 1036.27 254.73 3.3E-56 

Landscape Edge + YR 12 1037.71 256.16 1.6E-56 

Site canopy + YR 12 1044.06 262.52 6.8E-58 

Site MysePrey + YR 12 1048.71 267.16 6.6E-59 

  NULL 9 1085.18 303.63 8.0E-67 
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Table 9. Parameter estimates (β), standard errors (SE), and 95% confidence limits (LCL, 

UCL) for parameters in our top hierarchical abundance model for northern long-eared bat 

(Myotis septentrionalis) captured during mist-net surveys at 89 sites across a gradient of 

savanna, woodland, and forest in the Ozark Highlands of Missouri, 2014–2016. 

Reference covariates are YR1 (2014) and %NON1km. 

Model Parameter β SE LCL UCL 

Intercept 2.095 0.150 1.800 2.390 

%SW1km 0.642 0.252 0.149 1.135 

%For1km 1.267 0.237 0.803 1.731 

TPH11 0.641 0.098 0.450 0.832 

TPH5 0.541 0.063 0.417 0.665 

TPHs -0.046 0.089 -0.221 0.129 

YR2 -2.011 0.242 -2.485 -1.536 

YR3 -1.739 0.282 -2.290 -1.187 
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Table 10. Support for abundance (ƛ) models for the tri-colored bat (Perimyotis subflavus) 

including the number of model parameters (k), Akaike’s Information Criterion (AIC), 

delta AICc (∆AICc), and AICc weight (wi). Models were fit with the general multinomial 

Poisson model for removal sampling using the UNMARKED package and data from 

mist-net surveys at 89 sites across a gradient of savanna, woodland, and forest in the 

Ozark Highlands of Missouri, 2014-2016. All models include the top ranked detection 

model Ơ(PRESSURE).  

Spatial Scale Model k AIC ∆AIC wi 

Multi-scale YrSinceBurned + SW1km + 

For1km + YR 

10 400.96 0 0.82 

Multi-scale YrSinceBurned + SW1km + 

For1km + Urban16km + For16km 

+ YR 

12 404.08 3.12 0.17 

Patch SW1km + For1km + YR 7 410.37 9.41 7.4E-03 

Multi-scale SW1km + For1km + Urban16km 

+ For16km + YR 

9 414.17 13.2 1.1E-03 

Multi-scale YrSinceBurned + Urban16km + 

For16km + YR 

10 423.02 22.05 1.3E-05 

Site YrSinceBurned + YR 8 432.28 31.32 1.3E-07 

Site Lunar + YR 8 432.86 31.9 9.7E-08 

Landscape Urban16km + For16km + YR 7 440.66 39.7 2.0E-09 

Site PesuPrey + YR 6 444.34 43.38 3.1E-10 

Site TPH11 + TPH5 + TPHs + YR 8 444.69 43.73 2.6E-10 

Site TPH11 + TPH5 + TPHs + Canopy 

+ YR 

9 444.76 43.8 2.5E-10 

Landscape Edge + YR 6 445.3 44.34 1.9E-10 

Site Canopy + YR 6 445.61 44.64 1.7E-10 

Patch %Burned1km + YR 6 445.84 44.88 1.5E-10 
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Spatial Scale Model k AIC ∆AIC wi 

Patch FireFreq1km + YR 6 446.13 45.17 1.3E-10 

Patch FireFreq1km + %Burned1km + 

YR 

7 447.63 46.67 6.0E-11 

  NULL 3 461.39 60.43 6.2E-14 
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Table 11. Parameter estimates (β), standard errors (SE), and 95% confidence limits 

(LCL, UCL) for parameters in our top hierarchical abundance model for tri-colored bats 

(Perimyotis subflavus) captured during mist-net surveys at 89 sites across a gradient of 

savanna, woodland, and forest in the Ozark Highlands of Missouri, 2014–2016.  

Reference covariates are YR1 (2014), YRburned = 0 or non-managed and Non-Forest 

within 1km. 

 

Model Parameter β SE LCL UCL 

Intercept 0.000 0.231 -0.453 0.453 

%SW1km 0.111 0.370 -0.614 0.836 

%For1km 0.673 0.357 -0.027 1.373 

YRburned2 -0.392 0.733 -1.829 1.045 

YRburned3 -0.063 0.267 -0.587 0.460 

YRburned4 0.739 0.230 0.288 1.190 

YR2 0.184 0.212 -0.232 0.600 

YR3 -0.917 0.369 -1.640 -0.194 
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Table 12. Support for abundance (ƛ) models for evening bats (Nycticeius humeralis) 

including the number of model parameters (k), Akaike’s Information Criterion (AIC), 

delta AICc (∆AICc), and AICc weight (wi). Models were fit with the general multinomial 

Poisson model for removal sampling using the UNMARKED package and data from 

mist-net surveys at 89 sites across a gradient of savanna, woodland, and forest in the 

Ozark Highlands of Missouri, 2014–2016. All models include the top ranked detection 

model Ơ(PRESSURE).  

Spatial Scale Model k AIC ∆AIC wi 

Multi-scale YrSinceBurned + FireFreq1km + 

YR 

9 659.39 0 0.29 

Patch FireFreq1km + YR 6 659.9 0.51 0.22 

Multi-scale YrSinceBurned + FireFreq1km + 

Edge + YR 

10 659.99 0.6 0.21 

Multi-scale FireFreq1km + Edge + YR 7 660.4 1.01 0.17 

Patch FireFreq1km + %Burned1km + 

YR 

7 661.56 2.17 0.10 

Patch SW1km + For1km + YR 7 667.38 7.99 0.01 

Multi-scale YrSinceBurned + Edge + YR 9 669.06 9.67 2.3E-03 

Site YrSinceBurned + YR 8 669.93 10.54 1.5E-03 

Patch %Burned1km + YR 6 673.37 13.99 2.6E-04 

Site NyhuPrey + YR 6 673.56 14.17 2.4E-04 

Site Lunar + YR 8 674.89 15.5 1.2E-04 

Landscape Edge + YR 6 677.29 17.91 3.7E-05 

Site TPH11 + TPH5 + TPHs + YR 8 679.11 19.72 1.5E-05 

Site Canopy + YR 6 679.55 20.16 1.2E-05 

Landscape Urban16km + For16km + YR 7 679.87 20.48 1.0E-05 
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Spatial Scale Model k AIC ∆AIC wi 

Site TPH11 + TPH5 + TPHs + 

Canopy + YR 

9 681.04 21.66 5.7E-06 

 NULL 3 686.1 26.71 4.5E-07 
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Table 13. Parameter estimates (β), standard errors (SE), and 95% confidence limits 

(LCL, UCL) for parameters in our top hierarchical abundance model for evening bats 

(Nycticeius humeralis) captured during mist-net surveys at 89 sites across a gradient of 

savanna, woodland, and forest in the Ozark Highlands of Missouri, 2014–2016.  

Reference covariates are YR1 (2014) and YRburned = 0 or non-managed. 

 

Model Parameter β SE LCL UCL 

Intercept 1.322 0.233 0.866 1.778 

FireFreq1km 0.234 0.062 0.113 0.355 

YRburned2 -0.250 0.402 -1.037 0.537 

YRburned3 0.416 0.190 0.045 0.787 

YRburned4 0.125 0.208 -0.283 0.533 

YR2 -0.691 0.194 -1.071 -0.311 

YR3 -0.399 0.194 -0.780 -0.018 
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Table 14. Support for abundance (ƛ) models for eastern red bats (Lasiurus borealis) 

including the number of model parameters (k), Akaike’s Information Criterion (AIC), 

delta AICc (∆AICc), and AICc weight (wi). Models were fit with the general multinomial 

Poisson model for removal sampling using the UNMARKED package and data from 

mist-net surveys at 89 sites across a gradient of savanna, woodland, and forest in the 

Ozark Highlands of Missouri, 2014–2016. All models include the top ranked detection 

model Ơ(mnTEMP + LUNAR + PRESSURE).  

Spatial Scale Model k AIC ∆AIC wi 

Multi-Scale TPH11 + TPH5 + TPHs + 

Canopy + SW1km + For1km 

+ Urban16km + For16km + 

YR 

15 1499.51 0 1.00 

Multi-Scale TPH11 + TPH5 + TPHs + 

Canopy + SW1km + For1km 

+ YR 

13 1523.42 23.91 6.4E-06 

Multi-Scale TPH11 + TPH5 + TPHs + 

Canopy + Urban16km + 

For16km + YR 

13 1529.09 29.58 3.8E-07 

Multi-Scale Urban16km + For16km + 

SW1km + For1km + YR 

11 1542.17 42.66 5.4E-10 

Site TPH11 + TPH5 + TPHs + 

Canopy +  YR 

11 1551.3 51.79 5.7E-12 

Site Canopy + YR 8 1560.02 60.52 7.2E-14 

Patch SW1km + For1km + YR 9 1563.16 63.65 1.5E-14 

Landscape Urban16km + For16km + YR 9 1566.84 67.34 2.4E-15 

Patch FireFreq1km + %Burned1km 

+ YR 

9 1570.72 71.21 3.4E-16 

Site TPH11 + TPH5 + TPHs + YR 10 1572.68 73.17 1.3E-16 

Site LaboPrey + YR 8 1573.96 74.45 6.8E-17 
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Spatial Scale Model k AIC ∆AIC wi 

Patch %Burned1km + YR 8 1580.2 80.69 3.0E-18 

Site Lunar + YR 10 1580.44 80.94 2.7E-18 

Landscape Edge + YR 8 1585.16 85.65 2.5E-19 

Patch FireFreq1km + YR 8 1585.43 85.92 2.2E-19 

 NULL 5 1586.04 86.53 1.6E-19 

Site YrSinceBurned + YR 10 1588.18 88.67 5.6E-20 
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Table 15. Parameter estimates (β), standard errors (SE), and 95% confidence limits 

(LCL, UCL) for parameters in our top hierarchical abundance model for eastern red bats 

(Lasiurus borealis) captured during mist-net surveys at 89 sites across a gradient of 

savanna, woodland, and forest in the Ozark Highlands of Missouri, 2014–2016. 

Reference covariates are YR1 (2014), %NON1km, and Other16km. 

 

Model Parameter β SE LCL UCL 

Intercept 2.053 0.099 1.859 2.248 

Urban16km 0.269 0.053 0.166 0.373 

For16km 0.067 0.069 -0.069 0.202 

%SW1km 0.529 0.157 0.222 0.836 

%For1km 0.209 0.145 -0.076 0.493 

TPH11 -0.184 0.064 -0.308 -0.059 

TPH5 -0.116 0.054 -0.222 -0.009 

TPHs -0.163 0.055 -0.271 -0.054 

Canopy -0.178 0.041 -0.259 -0.097 

YR2 0.299 0.115 0.073 0.525 

YR3 0.313 0.136 0.046 0.580 
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Figure 1. Bat mist-net capture site locations (dark magenta circles) surveyed across a 

gradient of savanna, woodlands, and non-managed forests on state and federal lands 

within the Ozarks of Missouri between May 15
th

-August 15
th

, 2014-2016. 

. 
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Figure 2. Predicted abundance and 95% confidence limits for northern long-eared bats 

(Myotis septentrionalis) from model supported site, patch, and landscape factors in the 

Ozarks of Missouri, 2014-2016. 
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Figure 3. Predicted abundance and 95% confidence limits for tri-colored bats (Perimyotis 

subflavus) from model supported site, patch, and landscape factors in the Ozarks of 

Missouri, 2014-2016. Non-managed are sites either never burned or sites not burned 

within the last 10 years. 
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Figure 4. Predicted abundance and 95% confidence limits for evening bats (Nycticeius 

humeralis) from model supported site, patch, and landscape factors in the Ozarks of 

Missouri, 2014-2016. Non-managed are sites either never burned or sites not burned 

within the last 10 years.  



 

151 

 
 

Figure 5. Predicted abundance and 95% confidence limits for eastern red bats (Lasiurus 

borealis) from model supported site, patch, and landscape factors in the Ozarks of 

Missouri, 2014-2016. 
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CHAPTER 5: Conclusion 

Restoring savanna and woodland ecosystems is a priority for many state and federal 

agencies in the Midwest as these systems provide a critical habitat for many wildlife 

species, including species of conservation concern. Prescribed fire and mechanical tree 

thinning are the most common tools used to restore these disturbance dependent systems. 

Numerous studies have examined the effect of restoration on wildlife species; however, 

few studies have linked restoration management and potential prey abundances to 

wildlife abundances at restoration sites compared to non-managed forests.  Due to recent 

population threats to bat populations— white nose syndrome (WNS), wind energy, and 

landscape conversion— there is a heightened need to quantify changes in population 

demographics during critical life stages. Abundance data can be used to determine if 

populations are stable, declining, or increasing over time. My dissertation focused on four 

bat species: northern long-eared bat (Myotis septentrionalis), tri-colored bat (Perimyotis 

subflavus), evening bat (Nycticeius humeralis), and eastern red bat (Lasiurus borealis), 

and their insect prey across a gradient of savannas, woodlands, and non-managed forests 

throughout the Ozark Highlands of Missouri. I estimated abundances during the 

maternity season during summers 2014-2016 – something that has not been done before 

in bat ecology.  

 

My study has substantial management and conservation impacts. First, I evaluated 

abundance models using simulated datasets to determine their utility in bat ecological 

studies. I provided evidence that the general multinomial Poisson model with removal 

sampling can correctly estimate bat abundance from simulated repeated mist net surveys, 

and that the n-mixture model always produced less accurate and often very biased.  The 
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ability to correctly estimate abundance for a variety of bat species is increasingly 

important due to ever-present population threats. Accurate estimates of abundance will 

provide higher resolution estimates needed for population viability and trend 

assessments. The ability to have increased confidence in abundance estimates and factors 

that affect species abundances will enable improved conservation practices for species 

management.  

 

Second, I determined how insect prey abundances were affected by restoration 

management practices, and habitat changes at sites. I evaluated the effect of savanna 

woodland restoration (i.e., prescribed fire), habitat, and environmental factors on insect 

abundances across a gradient of savannas, woodlands, and non-managed forests in my 

third dissertation chapter. Few studies have made the link from prescribed-fire effects on 

wildlife, and changes in potential insect prey availability. I found evidence that 

restoration directly (e.g. prescribed fire) and indirectly (e.g. tree densities by size class) 

affects insect abundances. Managers planning restoration activities can consider some of 

the relationships we report if they are concerned about effects on insects.  For example, 

sites burned recently had the lowest Tricopteran abundances, and slowly increased 

overtime. However, sites with 1 or more fires had greater total insect abundances than 

those with no fires. Overall, restoration practices did not have lasting negative effects on 

insects as abundances were temporally dependent on when a site was last burned.  

Mangers should be mindful that abiotic factors and plot characteristics had more impact 

in predicting insect abundances at plots compared to a priori restoration hypotheses.  
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Finally, I successfully fit abundance models for four bat species using repeated mist-net 

capture data which has never been done during the maternity season. My dissertation 

meaningfully contributes to bat conservation and management by providing a tested tool 

to successfully estimate bat abundances from repeated count data. Accurate estimates of 

abundance will provide higher resolution estimates needed for population viability and 

trend assessments. The ability to have increased confidence in abundance estimates and 

factors that affect species abundances will enable improved conservation practices for 

species management. In addition, I utilized a hierarchical multi-scale approach to identify 

factors affecting bat species abundances at sites that emphasizes the importance in 

understanding how species view the landscape, and the need to use multiple scales in 

ecological studies. Because bats are species of concern, knowledge of the spatial scales 

that species are using to select habitat is directly relevant, and ultimately crucial, to 

species management and conservation plans. My estimated abundances are ecologically 

reasonable for my geographical region, and highlight the effectiveness of the removal 

model in bat ecological studies. My supported model covariates for bat abundances can 

be used as expert knowledge in landscape abundance models, and in models trying to 

predict how bat species might respond to various climate change scenarios to further 

inform management and conservation of species. This is especially important for 

Federally listed species (i.e., the northern long-eared bat). Due to WNS and other threats 

to bat populations, I recommend studies use my bat capture methods and generate 

estimates of abundances for species to understand population changes over time, not just 

for WNS affected species, but for the entire bat community.  
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Overall, we found that savanna woodland restoration to positively affect the abundances 

of eastern red, tri-color, and evening bats in the Ozark region. Eastern red bats had higher 

abundances at sites with reduced tree densities for all size classes and percent canopy 

cover, which is a result of savanna and woodland restoration. Evening and tri-colored bat 

abundances increased at sites burned within the last 6 years compared to non-managed 

sites or those not burned within 10 years – another management strategy used to restore 

savanna woodland ecosystems. However, northern long-eared bat abundances at sites was 

the greatest at sites with high pole and saw timber densities. At the 1 km spatial scale 

(patch scale), we found that eastern red and northern-long eared bat abundances were 

positively related to sites with highest percent forests and percent savanna woodlands 

compared to non-forest landscape types. Suggesting that managers wanting to maintain 

bat diversity should consider creating a forested matrix with a mix of non-managed forest 

stands with high tree densities of larger tree size classes among stands managed for 

savanna and woodland communities would likely result in a balance in creating habitat 

for all four focal species of our study.    
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