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Abstract 
 

Statistical Modeling with Counts of Bats 
By 

Thomas Eugene Ingersoll 
 

Doctor of Philosophy in Environmental Science, Policy and Management 
University of California, Berkeley 

 
Assistant Professor Perry de Valpine, Chair 

 
Count data are often the most available indices for bat abundance. Counts of bats are 
useful for estimating differences in population size, between different habitats, or at 
different times. But such estimates are not without complications. We used pre-existing 
bat count data sets, and simulated bat count data to survey a variety of methods for 
interpreting bat counts. These methods included, evaluation of habitat preferences 
through AIC model selection of generalized linear models, evaluation of differences in 
abundance using hierarchical models, and evaluation of spatially replicated time series 
dynamics using additive mixed-models. All methods proved useful under the special 
circumstances that accommodated model assumptions. Generalized linear models 
required the most restrictive assumptions, while hierarchical and additive models allowed 
many assumptions to be relaxed. We identified several areas where current modeling 
practices might be improved. 
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Chapter 1 
 

Microclimate preferences during swarming and hibernation in the 
Townsend’s big-eared bat, Corynorhinus townsendii 

 
Abstract 

 
Townsend’s big-eared bat (Corynorhinus townsendii) is a North American bat 

that hibernates in caves and mines. These underground habitats are also important roost 
sites during fall swarming, a period during which bats undergo preparation for 
hibernation. During swarming bats are very active at night, rousing frequently several 
times a night to fly within and between roosts. During hibernation nighttime activity is 
suppressed so that bats rouse and move infrequently. Daytime activity is suppressed 
during both periods by daily torpor. Both hibernacula and swarming roosts have 
particular thermal requirements associated with energetic optimization. Swarming roosts 
tend to have a higher minimum temperature than hibernacula, facilitating efficient arousal 
from torpor. Both roost types have low maximum temperatures, facilitating conservation 
of stored body fat resources. We explored and tested preferences of C. townsendii for 
microclimates in these habitats. Our results confirm that C. townsendii prefers habitats 
that are thermally constrained such that temperatures and related microclimate variables 
are optimum for swarming or hibernation activities.  
 

Key words: bat, caves, habitat preference, hibernacula, hibernation, mines, 
swarming   
 

Introduction 
 

Many temperate zone mammals depend on stored body fat in winter when food 
resources are sparse (French 1992). Fall and winter habitat conditions determine rates of 
assimilation and depletion of fat reserves available to mammals for overwintering 
(Ransome 1990). Small mammals have especially severe energy and thermal constraints 
(Bergmann 1847) and thus are restricted to a narrow range of habitats (Humphries et al 
2006; Wunder 1992). Understanding the ecology and energetics associated with habitat 
selection therefore can be fundamental to understanding the distribution of small 
temperate zone mammals. Distributions of temperate zone bats are limited by interactions 
between thermal conditions of roosts and availability of energy resources (McNab, 1982). 
Insectivorous temperate zone bats exhibit two methods for accommodating scarcity of 
forage during winter. They migrate to places where prey are available, or they hibernate 
(Barbour and Davis, 1969). Accumulation of fat reserves in preparation for migration or 
hibernation depends on thermal conditions within roosts (O'Farrell and Studier 1970; 
Ransome 1990). Roost habitat selection during fall and winter is especially important for 
those bats that hibernate, because these bats will experience long periods (up to 200 days) 
with limited or no feeding (Speakman and Thomas 2003). 
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For bat species that hibernate a period exists in the late summer and early fall, 
after the young are volant and maternity colonies have dispersed, when many species 
prepare for hibernation and exhibit a behavior known as swarming (Davis, 1964). 
Swarming was originally defined as “the flights of bats through hibernacula in late 
summer and early fall” (Fenton, 1969).  Swarming bats fly in and out of roosts 
frequently, some engaging in chasing behavior (Fenton, 1969), often with many species 
participating at the same location (Glover and Altringham, 2008; Navo et al. 2002; 
Parsons et al. 2003,),  resulting in high levels of bat activity at mine or cave entrances. It 
frequently is assumed that swarming habitat and hibernacula are the same (Davis 1964; 
Fenton 1969; Thomas et al. 1979; Whitaker and Rissler 1992), but hibernation is not 
always detected at sites where bats swarm (Glover and Altringham 2008). The definition 
of swarming might be expanded to include nonhibernacular transitional roosts that 
exhibit high levels of late summer or fall activity. 
 

For many bat species fall activity during the day is limited by daily torpor, which 
accompanies the relaxation of endothermy, cooling of body temperature, and subsequent 
reduction in metabolism (McNab 1982), but nightly arousal in fall is frequent or 
sustained. During hibernation nightly arousal from torpor is suppressed by low body and 
roost temperatures (Ransome 1990). Arousal from hibernation is infrequent, and torpor is 
sustained. The function of reduced activity during hibernation is clear; body temperature 
and metabolism are lowered to conserve body fat in anticipation of a season of cold 
temperatures and limited forage (Ransome 1990). Several functions have been proposed 
for fall swarming activity. Most authors agree that mating is an important function of 
swarming (Barclay et al 1979; Fenton 1969; Furmankiewicz 2008). High levels of gene 
flow occur at swarming sites, increasing effective population size (Rivers et al. 2005; 
Veith et al 2004). Social explanations of swarming also have been proposed, such as 
familiarization of young with hibernacula (Fenton 1969). However, the physiological 
functions of swarming activity have not been addressed in the literature. 
 

Bats gain up to 25% of their body mass as fat in summer and fall (Baker et al. 
1968), but nowhere is it noted that this period is coincident with swarming. We 
recognized some environmental properties that characterize both swarming sites and 
hibernacula and noted others that distinguish swarming sites from hibernacula, all 
properties that optimize fat assimilation in fall and fat conservation in winter. 
Understanding these properties is important to understanding the ecology of temperate 
zone bats and has particularly important consequences for bat conservation.  
 

We used data provided by the Colorado Division of Wildlife from surveys of 
inactive mines to investigate the relationship between swarming and hibernating sites and 
the habitat characteristics that predict each type of use for Townsend’s big-eared bat, 
Corynorhinus townsendii, in western Colorado. We evaluated roost microclimate 
characteristics such as temperature and airflow as covariates of counts of individual bats. 
We hypothesized that not all sites used during swarming or hibernation are necessarily 
used for both functions. We hypothesized that differences in roost temperature allow 
some sites to be physiologically suitable for swarming while others are suitable for 
hibernation, and sites that are suitable for both will exhibit a change in temperature as 
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winter advances or be spatially heterogeneous enough to provide both sets of conditions 
simultaneously. Specifically, we hypothesized that C. townsendii prefer warm roost 
temperatures that facilitate activity and feeding during swarming and prefer cold roost 
temperatures that suppress activity and lower metabolic costs during hibernation. We 
further hypothesized that male and female bats differ in swarming behavior and hence 
differ in their physiological response to conditions at swarming sites. We found that 
within our study area seasonal abundance of C. townsendii at roosts can be explained by 
observed differences in roost temperature and related microclimate characteristics.  We 
used an information theoretic approach to develop models characterizing the roost 
microclimate of swarming and hibernation sites. 
 

Materials and Methods 
 
 Study area 
 

The survey area included uranium mines located in the Morrison Sandstone, in 
Mesa, Montrose, and San Miguel counties, Colorado. Surveyed mines were along canyon 
rims near the Dolores River and in surrounding uplands. The dominant vegetation type 
was pinyon/juniper woodlands mixed with sagebrush scrub and occasional stands of 
ponderosa pine and Gambel oak. Elevations ranged from 1,700 to 2,500 m. The climate is 
semiarid with 17.8 to 30.5 cm annual precipitation and low humidity (U. S. Department 
of Energy 2007). The average annual maximum daily temperature for nearby Gateway, 
Colorado is 20.2ºC, and the average annual minimum daily temperature is 4.2ºC 
(Western Regional Climate Center 2009).  
 

Townsend’s big-eared bats within the study area are of the nominate subspecies 
C. townsendii townsendii (Piaggio et al, 2009). Other species of bats using the mines in 
the study area included Myotis volans, M. evotis, M. thysanodes, M. lucifugus, M. 
yumanensis, M. californicus, M. ciliolabrum, and Eptesicus fuscus. Most of these 
participate in swarming in Colorado (Navo et al, 2002), although not all were observed 
swarming at the Uravan study area.  
     
Data collection  
 

Data were collected from 1997 until 2002 by the Colorado Bats/Inactive Mines 
Project (Navo et al. 1995). We evaluated microclimate and bat count data collected at 76 
mine sites. We evaluated data from an additional 82 mines, for a total of 158, for fall and 
winter bat counts alone. These data amounted to a census of mine sites in the 
management region and were collected to appraise mines for installation of bat gates. Bat 
captures were under a collection permit issued by the Colorado Division of Wildlife. All 
survey procedures were performed in compliance with protocols established for bat 
research in Colorado (Navo 2001). These procedures were also in compliance with 
guidelines since approved by the American Society of Mammalogists (Gannon et al. 
2007). Although data were not collected through random sampling, censusing allowed 
comparison of sites used and not used by C. townsendii within the region. Despite their 
limitations, data were informative regarding differences between and similarities of 
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swarming and hibernating habitats. Furthermore, evaluation of these existing 
management data eliminated the need for additional disturbance to bat populations.  
 
Survey methods  
 
 Each mine was surveyed for bats at least twice, once during fall swarming (1 
September through 31 October) and once during late hibernation (1 February through 31 
March). Counts of bats were made using two methods. Live trapping with harp traps at 
mine entrances was performed in late summer and fall only. This method allowed 
examination of bats for sex, age class (adult or young of year), reproductive condition, 
and body mass. The second method was direct counts of roosting bats during internal 
surveys of mines. Bats were not handled during internal surveys to minimize disturbance 
to torpid individuals, which precluded determination of sex, age, reproductive condition, 
or body mass. 
  

Each of 76 mines received at least 2 internal microclimate surveys in addition to 
the bat count surveys, once in late winter (1 February through 31 March) and once in 
summer (1 July through 31 August). Although some maternity colonies were encountered 
during summer surveys, it was not our intent to evaluate microclimate in summer roosts 
per se, as they were few and easily disturbed. Instead, summer surveys were used to 
estimate maximum ceiling temperatures and convective airflow during the warmest 
surface conditions. Likewise, winter surveys estimated minimum ceiling temperatures 
and convective airflow under the coldest surface conditions. Mines were relatively 
thermally stable when compared to surface conditions, but some mines were more stable 
than others. Mines that warmed more than other mines in response to warm surface 
temperatures exhibited higher values of summer ceiling temperature. Likewise, mines 
that cooled more than others in response to cold surface temperatures exhibited lower 
winter ceiling temperatures. Summer and winter ceiling temperatures were therefore 
intrinsic properties of a mine’s microclimate and how it responded to extremes of surface 
temperature. A subset of sites also received an internal microclimate survey in fall.  
 

Ceiling substrate temperatures were recorded with a Raytek infrared surface 
thermometer (Raytek – a Fluke Company, Santa Cruz, California) at locations near the 
back of the photic zone. Temperatures were recorded where bats were roosting at those 
sites where bats were present or in comparable locations when bats were not present. 
Convective airflow was measured via displacement of smoke from burning incense at the 
mine entrance. An integer value of 0 to 4 was assigned to each airflow magnitude. 
Airflow direction (in or out of the mine) was assigned as a categorical variable. A 
categorical variable (complex) was recorded if the mine had multiple entrances. Because 
our suite of microclimate variables represented characteristics of areas near entrances, 
and because of the tendency for C. townsendii to roost near entrances, separate sets of 
measurements were collected near each entrance at mine complexes. 
  
Data analysis 
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Models were developed as general or generalized linear models (GLM) as 
follows. Continuous response variables following an approximately normal distribution 
included body mass and roost temperature. These were general linear models with 
categorical predictor variables (Fischer 1925).  For all other models the response variable 
was bat counts, which follow a Poisson distribution. All Poisson models were generalized 
linear models (Nelder and Wedderburn 1972) with log-link functions (see Table 1 for an 
example).  
  

We used an information theoretic approach and Akaike’s information criterion 
(AIC—Akaike 1973) to evaluate and assemble models. We chose the AIC for small 
sample size (AICc—Sugiura 1978) to rank models in these evaluations, due to the large 
number of parameters in certain models. Model terms and standard errors were averaged 
using multimodel methods (Burnham and Anderson 2002) and AICc weights. These 
analyses were performed in the mathematical programming language R, version 2.70 (R 
Development Core Team 2008) using the functions glm and lm. We wrote additional 
functions for the calculation of AICc values, model weights, and model averaging in R. 
 

Results 
 

Coincidence of swarming and hibernation roosts 
 

Fall swarming and hibernation, although frequently occurring at the same 
location, did not always occur together. Overall use by C. townsendii was detected at 88 
(55.7%) of 158 mines. Twenty-seven (17.1%) were used during swarming only, 35 
(22.2%) were used during swarming and hibernation, 26 (16.5%) were used as 
hibernacula only, and 70 (44.3%) had no use detected.  Counts of swarming bats were 
found to predict counts of hibernating bats (Tables 1, 2). For example, in a case where 3 
swarming bats were counted, exp (-1.059 + 0.706*3) = 2.9 hibernating bats would be 
expected. 
 
Comparisons of detectability between fall trapping and internal survey 
 

We used a count GLM to compare fall counts obtained by trapping to fall counts 
obtained by internal survey. Trapping resulted in a detection rate of 96% of the internal 
survey, allowing an assumption that trapping and internal counts were similar enough to 
be pooled. C. townsendii roost openly by clinging to the cave or mine ceiling surface 
(Barbour and Davis, 1969), and thus are highly detectable as compared to crevice-
roosting bats. In our case, roosting by C. townsendii was always near the back of the 
photic zone and never deep in the mine. 
 
Gender differences in preparation for winter 
 

We produced a linear model of the response of body mass to date, sex, and age 
class for bats during swarming season (Tables 3, 4; Fig. 1) to assess body mass gain. In 
general, bats were shown to accumulate body mass (0.053 g/day) as the fall season 
progressed. An interaction between sex and date showed that females gained 0.051 g 
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more per day than males so that seasonal body mass gain was entirely attributable to 
females. On average, females exhibited a 32% body mass gain during swarming, and 
males exhibited a 3% body mass loss. Body masses at the beginning of swarming 
averaged 8.37 g for males and 8.74 g for females. Body masses at the end of swarming 
averaged 8.13 g for males and 11.54 g for females. Juveniles gained 0.006 g/day less 
body mass than adults. Roost temperature preferences were similar between males and 
females during swarming (Tables 5, 6). 
     
Winter feeding 
 

Flying moths were observed on the study area and activity of C. townsendii, 
including both males and females, at temperatures as low as 4 ⁰C.  Feeding detritus 
accumulated at 6 of 6 tarps left beneath hibernacula in 6 separate mines over the period 
from 20 October 2000 to 10 February 2001. This detritus included bat scats and insect 
parts. The insect parts were mostly wings of small moths but also contained beetle elytra. 
Although E. fuscus, M. Ciliolabrum, and M. californicus were observed co-occupying 
nearby hibernacula with C. townsendii, no other species were observed hibernating at 
mines where detritus was collected. We noted that night roost detritus, especially moth 
wings, accumulated beneath swarming roosts and hibernacula. 
     
Roost microclimate in fall and winter 
 

Fall and winter bat surveys, and winter and summer microclimate surveys were 
conducted at 76 mines. Fifty-one C. townsendii were captured, and an additional 396 C. 
townsendii were observed roosting. We selected a multivariate model for bat counts in 
response to mine microclimate conditions and season, fall or winter (Table 7; Figs. 2, 3). 
Model weights were such that only 4 of 22 models contributed significantly to model 
averaging. The sum of weights for the other 18 models was essentially 0. Effect sizes for 
the averaged microclimate model ( β i) and associated standard errors (SEs) are reported 
in Table 8. 
 

The model’s back-transformed intercept term was very close to zero. In this case 
the intercept represented expected counts for C. townsendii in fall at noncomplexes, with 
no winter or summer convection and with winter and summer ceiling temperatures of 
0�C. Complex had a negative main effect but interacted with winter ceiling temperature 
so that at typical temperatures the effect of complex was positive on bat counts. Of the 76 
mines in the microclimate survey, 52 (68%) were complexes. Of those mines used by 
bats, 88% were complexes as opposed to 33% complexes among those sites not used by 
bats. 
 

Counts of C. townsendii at individual sites increased during hibernation as 
compared to swarming, as indicated by the positive season term of the model. Swarming 
sites averaged 0.92 bats per survey, and hibernacula averaged 2.27 bats per survey. 
 

Winter convection had a positive main effect but had a negative interaction with 
winter ceiling temperature so that at higher roost temperatures the effect of winter 
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convection was to suppress bat counts. Summer convection had a small positive effect, 
indicating that bat counts were higher when airflow increased with high surface 
temperatures.  
 

The overall positive effect of winter ceiling temperature was mitigated at high 
values by the negative quadratic term, although no maximum existed in the range of data 
observed in the study area. Season and winter ceiling temperature were not independent 
so their role in the model must be interpreted jointly. Bats swarmed at mines with higher 
winter ceiling temperatures (mean = 10.74 ºC) than the average for all sites (8.09 ºC), but 
the mean temperature for hibernacula was lower than the average (7.15 ºC). Thus, bat 
abundance was a function of winter ceiling temperature and its interaction with season. 
We observed that swarming roosts used later as hibernacula were 3.1 ºC cooler in winter 
than swarming roosts that were not used as hibernacula. Summer ceiling temperature had 
a negative main effect on bat counts. Bat roosts had summer temperatures averaging 
12.24 ºC, and nonroosts had summer temperatures averaging 14.79 ºC. 
 

Discussion 
 

For C. townsendii research has typically focused on either the maternity season 
from late spring into summer or the hibernation season from fall into early spring 
(Barbour and Davis 1969; Humphrey and Kunz 1976; Kunz and Martin 1982; Pearson et 
al. 1952). Our data suggested that the transitional season of fall also was important. 
During this season small numbers of C. townsendii participate in multispecies swarming 
activity at caves in Colorado with >5 species of Myotis bats (Navo et al. 2002), 
concordant with the classic definition of swarming as flights of bats within hibernacula 
during late summer (Fenton. 1969). Similar patterns of swarming behavior were observed 
in our study area. However, we found that the traditional definition of swarming did not 
describe the full breadth of swarming activity. We concur with Parsons et al. (2003) that 
the definition of swarming should be generalized as high levels of flight activity by bats 
in and around underground roost sites during late summer and fall, underground sites that 
include both transitional roosts and hibernacula. We suggest that this activity has 
functions in addition to mating and genetic flow functions established in the literature 
(Barclay et al 1979; Fenton, 1969; Furmankiewicz, 2008; Rivers et al. 2005; Veith et al, 
2004), functions associated with preparation for hibernation. These additional functions 
could differ between species so that all temperate zone hibernating bat species might not 
exhibit identical patterns of swarming. Although large numbers of bats often are observed 
when certain Myotis species swarm (Fenton1969; Navo et al. 2002; Parsons et al. 2003), 
many of these are species that form large roosting colonies (Barbour and Davis 1969). 
Swarming behavior does not always imply large numbers of bats in those species, like 
Plecotus auritus, that are characterized by smaller roosting colonies (Furmankiewicz 
2008). Swarming does imply that those bats present are in a high state of activity at night. 
 

Fall habitat should facilitate both nighttime activity and body mass gain during 
the swarming season. Optimization of fat reserves for overwintering should be strongly 
adaptive for bats (Speakman and Thomas 2003). Although few direct tests of the 
association between fall fat levels and fitness of bats in general are presented in the 
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literature, winter survival is lower in juveniles who have accumulated less body fat than 
other juveniles prior to hibernation (Tuttle 1976). Fat accumulation can occur at a rapid 
rate that is facilitated by daily torpor (Ewing et al 1970), and torpor is facilitated by cool 
temperatures (Humphries et al. 2006). Bats can feed and then roost at locations with low 
temperatures, such as caves, where metabolism falls, allowing the bulk of the meal to be 
assimilated as fat (Krzanowski 1961; Twente, 1955). This suggests that fall roost 
selection could favor cool temperatures that optimize efficient assimilation, but arousal 
consumes large amounts of stored energy to bring body temperature back to active levels 
(Ransome 1990). Nightly arousal can be facilitated by passive rewarming at warm roosts, 
resulting in lower energy expenditure (Geiser 2006). When surface temperatures are cold 
at night, mines and caves provide locations with comparatively warm nighttime 
temperatures for night roosting, allowing bats to arouse frequently for feeding (and 
seeking mates). 

 
 The balance between optimal temperatures for fat assimilation and optimal 

temperatures for arousal suggests that roost temperatures are constrained during 
swarming, cool enough for efficient assimilation but warm enough for efficient arousal. 
Thermally constrained swarming roosts are what were observed at mines in our study 
area, which were cooler than average daytime high temperatures on the surface outside 
the mine, but C. townsendii were most abundant during swarming season at mines with 
higher winter temperatures than nearby hibernacula. These warmer temperatures would 
facilitate nightly arousal, feeding, and mating. Note that this may differ in C. townsendii 
from other species that tend to swarm at colder sites (Parsons et al 2003).  
 

Feeding and assimilation were components of the high levels of activity we 
observed during swarming season and, as such, provided a physiological basis for 
swarming behavior. The evidence for this function of swarming activity included both 
body mass gain of female bats and accumulation of feeding detritus below swarming 
roosts. Distinctions between swarming roosts and fall night roosts can be vague, at least 
when applied to C. townsendii. We suggest that high the levels of activity we observed 
during swarming season could be explained if females underwent repeated cycles of 
leaving to feed, then re-entering the roost to digest and assimilate. Meanwhile, males 
might be preoccupied with mating. 
 

Male and female bats differed in swarming behavior, as is evident in the gender 
differences in body mass gain. Female body mass gain during fall is not attributable to 
pregnancy, as fertilization is delayed until spring (Pearson et al. 1952). Females and 
males exhibited comparable roost temperature preferences (0.06 ºC cooler for females at 
the start of the season; Table 6). Adaptive pressures should be different for males and 
females. Females must feed heavily and assimilate fat during swarming to gain the 32% 
increase in body mass we observed. Because females bear only one young per year and 
are highly likely to be inseminated by males (Pearson et al. 1952), a female can maximize 
fitness by insuring her own winter survival through accumulation of fat resources. 
Meanwhile, males perform the active reproductive functions of swarming. During fall, 
males seek mates, court them, and initiate copulation (Pearson et al. 1952). This would 
require that males rouse often and fly among locations where females might be found. 
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Male fitness might be more a function of the number of females with which he mates 
than the amount of prehibernation fat he can assimilate. Furthermore, males are not 
recovering from the energetic demands of gestation and lactation earlier in summer so are 
free to invest in mating rather than feeding. Male Myotis daubentonii suppress daily 
torpor, and so reduce fat conservation, during late summer, presumably to encourage 
spermatogenesis (Dietz and Kalko 2006). We suggest that the high level of activity we 
observed in C. townsendii during swarming had a reproductive function for males and a 
physiological function for females, both aimed at optimizing fitness.  
 

Most hibernating bats prefer sites with a relatively narrow range in microclimate, 
sheltered from extremes of winter weather, as hibernacula (Ransome 1990). Especially in 
winter and within harsh environments, C. townsendii roosts occur almost exclusively in 
the relatively stable environments of caves and abandoned mines (Barbour and Davis 
1969). During hibernation bats alternate between long periods of energy-conserving deep 
torpor and brief periods of energy-consuming arousal (Lyman et al. 1982; Nedergaard 
and Cannon 1990). The frequency and duration of arousal, and thus energy consumption 
during hibernation, is a function of roost temperature (Humphries et al. 2006). Torpor 
duration is longer at colder sites as long as the temperature remains above freezing. We 
suggest that bats such as C. townsendii that are periodically active and known to move 
between hibernacula in winter (Bosworth 1994; Humphries and Kunz 1976; Pearson et 
al. 1952) will accumulate in sites where torpor duration is lengthened, due to low 
temperatures.  
 

For many hibernating bats energy use reaches a minimum at body temperatures 
just above freezing, at approximately 0 – 8 ⁰C (O’ Farrell and Studier 1970; Ransome 
1990). Cave bats prefer hibernacula close to this minimal activity temperature, thereby 
conserving energy (Ransome 1990). When roost temperatures approach freezing, cave 
bats thermoregulate and rouse (Henshaw and Folk 1966; Hock 1951). We observed no 
mines in this study area with temperatures close to freezing. We did observe average 
winter temperatures at hibernacula at the high extreme of the 0 – 8 ºC cited above 
(7.1ºC). These relatively high hibernacula temperatures might reflect the limited range of 
temperatures within our geographically restricted study area. C. townsendii were in larger 
numbers at hibernacula with colder temperatures than other nearby mines. The net effect 
of winter ceiling temperature was negative for hibernating bats as indicated by the 
negative interaction term between winter ceiling temperature and season. 
 

We suggest that care should be taken when attempting to extend inference from 
our study to regions outside our limited study area. We surveyed a region where high 
levels of fall and winter bat activity were expected. The survey area did not include mines 
at low or very high elevations and so did not represent the full climatic range for this 
species. Roosting preferences could differ in regions where climate is more extreme.   
 

To summarize, not all swarming sites in the study were hibernacula, and not all 
hibernacula were swarming sites. Physiological functions of swarming roosts and 
hibernacula were distinct, and thermal conditions enhancing these functions were distinct. 
Swarming sites used by C. townsendii supported active preparation for hibernation, and 
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hibernacula supported energy conservation. Warm roost temperatures facilitate arousal, 
activity, and feeding (Geiser 2006; Ransome 1990) and so are suitable during swarming 
as long as they are not too warm to interfere with daily torpor and fat assimilation. 
Therefore C. townsendii was more abundant at warmer swarming sites. Cold roost 
temperatures suppress activity and increase duration of torpor (Dann 1970; Twente et al. 
1985) and thus are suitable for hibernacula; therefore C. townsendii was more abundant at 
cold mines during hibernation. Those dual-use swarming sites that later became 
hibernacula cooled more during winter than sites used for swarming alone. Many of the 
dual-use sites were complexes with convective airflow strong enough to facilitate 
changes in temperature, and our microclimate model for predicting log(bat counts) 
contained an  interaction term between winter ceiling temperature and complex that had a 
positive value. 
 

The distinct properties of swarming roosts and hibernacula have important 
consequences for management of C. townsendii and other bat populations. Trapping 
surveys undertaken during fall swarming cannot be relied upon to identify all 
hibernacula. Likewise, internal surveys for hibernating bats cannot be relied upon to 
identify all swarming sites. Definitions of swarming could be generalized to include 
differences in swarming activity for all swarming species. Both swarming and 
hibernation are important components of the annual cycle of C. townsendii, and so both 
habitats should be conserved, along with those maternity habitats not covered here, to 
insure the survival of the population. Swarming roosts provide the ideal conditions to 
facilitate preparation for hibernation, which makes these sites vital for populations of C. 
townsendii and other swarming bats.  
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Table 1. Selection of a model predicting log(hibernating bat count) for C. townsendii. 
AICc values indicate that the model including both intercept (INT) and swarming count 
(SWCO) is the minimum adequate model. This is a generalized linear model with log-
link function. Model weights (wi) of 0.00 indicate an actual model weight of <0.001. The 
number of parameters, including the intercept and variance, are indicated by K. Δi is the 
difference in AICc between the top-ranked and listed model. Log-lik is the model log 
likelihood. 
 
Model K Log-lik AICc Δi wi
INT SWCO 3 -86.45 177.06 0 1.00
INT  2 -344.79 691.68 514.62 0.00
 
 
 
 
 
Table 2. Model terms predicting log(Hibernating bat count) for C. townsendii. 
Log(Hibernating count) = β0 + β1 * Swarming count + ε 
 
Term Estimate (βi)  SE
Intercept (β0) -1.059 0.203
Swarming count 0.706 0.100
 
 
 
 
 
Table 3.  Selection of a model predicting fall body mass of C. townsendii. This is a linear 
model. Model weights (wi) of 0.00 indicate an actual model weight of <0.001. Model 
abbreviations are as follows: intercept (INT), days from beginning of swarming count 
(DAY), sex of captured bat (SEX), and age class as young of year or adult (AGE). 
Interaction terms are indicated by “:”.The number of parameters, including the intercept 
and variance, are indicated by K. Δi is the difference in AICc between the top-ranked and 
listed model. Log-lik is the model log likelihood. 
 
Model K Log-lik AICc Δi wi
INT DAY SEX DAY:SEX 5 -72.21 155.75 0 0.571
INT DAY SEX AGE DAY:SEX 6 -72.08 158.08 2.33 0.178
INT DAY SEX AGE DAY:SEX DAY:AGE 7 -71.40 159.41 3.66 0.092
INT DAY SEX AGE DAY:SEX SEX:AGE 7 -72.08 160.76 5.01 0.047
INT DAY SEX AGE DAY:AGE  6 -73.53 160.97 5.22 0.042
INT DAY SEX AGE  5 -75.16 161.65 5.90 0.030
INT DAY SEX AGE DAY:SEX DAY:AGE SEX:AGE 8 -71.40 162.23 6.48 0.022
INT DAY SEX AGE DAY:AGE SEX:AGE 7 -73.53 163.66 7.91 0.010
INT DAY SEX AGE SEX:AGE 6 -75.15 164.21 8.46 0.008
INT 2 -89.01 182.26 26.51 0.000
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Table 4. Terms of a model predicting fall body mass of C. townsendii. Intercept terms for 
AGE and SEX are young of year and female. Parameter values and SEs are calculated by 
multimodel averaging accounting for model weights (Burnham and Anderson, 2002). 
Mass = β0 + β1 * Day + β2 * Sex(M) + β3 * Age class(A) + β4 * Day : Sex(M) + β5 * Day 
: Age class (A) + β6 * Sex : Age class (M, A) + ε 
 
Term Estimate (βi)  SE
Intercept (β0) 8.7476  0.4337
Day 0.0526 0.0165
Sex (M) -0.5005 0.6798
Age class (A) 0.0934 0.2474
Day : Sex(M) -0.0513 0.0219
Day : Age class (A) -0.0055 0.0043
Sex : Age class (M, A)      -0.0025 0.0554
 
 
 
Table 5. Selection of a model predicting roost temperature for C. townsendii. This is a 
linear model. Model weights (wi) of 0.00 indicate an actual model weight of <0.001. 
Model abbreviations are as follows: intercept (INT), days from beginning of swarming 
count (DAY), and sex of captured bat (SEX). Interaction terms are indicated by “:”. Log-
lik is the model log likelihood, and Δi is the difference in AICc between the top-ranked 
and listed model. 
Model K Log-lik AICc Δi wi 
INT 2 -50.20 104.96 0 0.578 
INT DAY 3 -49.98 107.17 2.20 0.192 
INT SEX 3 -50.12 107.45 2.49 0.167 
INT DAY SEX 4 -49.88 109.87 4.91 0.050 
INT DAY SEX DAY:SEX 5 -49.57 112.47 7.50 0.014 
 
 
 
Table 6. Terms of a model predicting roost temperature for C. townsendii. This is a linear 
model. Parameters values are calculated by multimodel averaging accounting for model 
weights (Burnham and Anderson 2003). The intercept value for sex is that for females.  
Swarming roost temperature = β0 + β1 * Day + β2 * Sex(M) + β3 * Day : Sex(M) + ε 
 
Term Estimate (βi)  SE
Intercept (β0) 7.110 3.826
Day 0.008 0.012
Sex(M) 0.062 1.236
Day : Sex(M)      0.001 0.001
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Table 7. Microclimate model selection for a model predicting log(bat counts) for C. 
townsendii. Models are listed in order of rank. Model weights (Wi) of 0.00 indicate an 
actual model weight of <0.001. Model abbreviations are as follows: intercept (INT), 
complex (COM; see “Materials and Methods” for explanation), season swarming or 
hibernating (SEAS), winter convection (WC), winter temperature (WT), winter 
temperature squared (WT2), summer convection (SC), summer convection out (SCO), 
and summer temperature (ST). Interaction terms are indicated by “:”. The number of 
parameters, including the intercept and variance, are indicated by K. Δi is the difference 
in AICc between the top-ranked and listed model. Log-lik is the model log likelihood. 
 
Model  K Log-lik AICc Δi wi
INT COM SEAS WC WT WT2 ST COM:WT 
SEAS:WT WC:WT 

11 -71.67 167.47 0 0.272

INT COM SEAS WC WT ST COM:WT 
SEAS:WT WC:WT 

10 -73.07 167.53 0.05 0.265

INT COM SEAS WC WT SC ST COM:WT 
SEAS:WT WC:WT 

11 -71.80 167.73 0.26 0.240

INT COM SEAS WC WT WT2 SC ST 
COM:WT SEAS:WT WC:WT 

12 -70.47 167.88 0.41 0.223

INT COM WC WT ST COM:WT WC:WT 8 -64.11 179.70 12.23 0.000
INT COM SEAS WC WT ST COM:WT 
WC:WT 

9 -63.70 181.79 14.31 0.000

INT COM SEAS WC WT COM:WT 
SEAS:WT WC:WT 

9 -68.30 182.67 15.20 0.000

INT COM SEAS WT ST COM:WT 
SEAS:WT  

8 -62.98 183.03 15.56 0.000

INT COM SEAS WC WT ST COM:SEAS 
COM:WC COM:WT COM:ST SEAS:WC 
SEAS:WT SEAS:ST WC:WT WC:ST WT:ST

17 -70.91 184.36 16.89 0.000

INT COM SEAS WC WT COM:SEAS 
COM:WC COM:WT SEAS:WC SEAS:WT 
WC:WT  

12 -81.29 189.54 22.07 0.000

INT COM SEAS WT SC SCO ST 
COM:SEAS COM:WT COM:SC COM:SCO 
COM:ST SEAS:WT SEAS:SC SEAS:SCO 
SEAS:ST WT:SC WT:SCO WT:ST SC:SCO 
SSC:ST SCO:ST 

23 -67.39 200.02 32.54 0.000

INT COM SEAS WC WT SC SCO 
COM:SEAS COM:WC COM:WT COM:SC 
COM:SCO SEAS:WC SEAS:WT SEAS:SC 
SEAS:SCO WC:WT WC:SC WC:SCO 
WT:SC WT:SCO SC:SCO  

23 -71.32 207.87 40.39 0.000

INT SEAS WC WT ST SEAS:WT WC:WT 8 -96.40 208.94 41.46 0.000
INT SEAS WC WT SC SCO ST SEAS:WC 
SEAS:WT SEAS:SC SEAS:SCO SEAS:ST 
WC:WT WC:SC WC:SCO WC:ST WT:SC 

23 -73.35 211.94 44.46 0.000
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WT:SCO WT:ST SC:SCO SSC:ST SCO:ST 
INT COM WC WT SC SCO ST COM:WC 
COM:WT COM:SC COM:SCO COM:ST 
WC:WT WC:SC WC:SCO WC:ST WT:SC 
WT:SCO WT:ST SC:SCO SSC:ST SCO:ST 

23 -73.70 212.63 45.15 0.000

INT COM SEAS WC WT SC SCO ST 
COM:WC COM:WT COM:SC COM:SCO 
COM:ST WC:WT WC:SC WC:SCO WC:ST 
WT:SC WT:SCO WT:ST SC:SCO SSC:ST 
SCO:ST 

24 -73.64 216.81 49.33 0.000

INT COM SEAS WC ST  6   -106.98 225.18 57.70 0.000
INT COM SEAS WC WT WT2 SC SCO ST 
COM:SEAS COM:WC COM:WT COM:SC 
COM:SCO COM:ST SEAS:WC SEAS:WT 
SEAS:SC SEAS:SCO SEAS:ST WC:WT 
WC:SC WC:SCO WC:ST WT:SC WT:SCO 
WT:ST SC:SCO SSC:ST SCO:ST 

31 -61.02 227.13 59.66 0.000

INT COM SEAS WC SC SCO ST 
COM:SEAS COM:WC COM:SC COM:SCO 
COM:ST SEAS:WC SEAS:SC SEAS:SCO 
SEAS:ST WC:SC WC:SCO WC:ST SC:SCO 
SSC:ST SCO:ST 

23   -85.76 236.75   69.27 0.000

INT 2 -146.91 295.99 128.51 0.000
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Table 8. Terms of a microclimate model selection predicting log(bat counts) for C. 
townsendii. Parameter values are calculated by multimodel averaging accounting for 
model weights (Burnham and Anderson 2002), using the 4 top-ranked models (Table 7); 
the sum of all other model weights is <0.001. The intercept value for the categorical 
variables complex and season are noncomplex and hibernation. 
Log(Bat counts) = β0 + β1 *Complex + β3 * Season + β4 * Winter convection + β5 * 
Winter ceiling temperature + β6 * Winter ceiling temperature2 + β7 * Summer convection 
+ β8 * Summer ceiling temperature + β9 * Complex : Winter ceiling temperature + β10 *   
Season : Winter ceiling temperature + β11 * Winter convection : Winter ceiling 
temperature +  ε 
 
Term Estimate (βi) SE 
Intercept (β0) -18.72 6.14 
Complex -0.56 1.50 
Season 15.33 5.13 
Winter convection 2.57 0.69 
Winter ceiling temperature 2.17 0.59 
Winter ceiling temperature2 -0.04 0.03 
Summer convection 0.10 0.07 
Summer ceiling temperature -0.09 0.03 
Complex : Winter ceiling temperature 0.53 0.24 
Season : Winter ceiling temperature -1.59 0.511 
Winter convection : Winter ceiling temperature -0.41 0.11 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

18



Figures  
 

 
Figure 1. Change in fall body mass for male and female C. townsendii.     
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Figure 2. Swarming and hibernating counts of C. townsendii with winter ceiling 
temperature, season, and convection. Increasing intensity of winter convection is 
indicated by numeric levels 1-4. Winter ceiling temperature, season, convection, and their 
interactions are included in the modeled lines. All other microclimate model terms (Table 
8) are set to their means (or probabilities for categorical variables) for graphing purposes.  
Winter ceiling temperature had a strong negative interaction with season, so that the 
effects of temperature reversed between hibernation and swarming.  
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Figure 3. Swarming and hibernating counts of C. townsendii with summer ceiling 
temperature and convection interactions shared by swarming roosts and hibernacula. 
Increasing intensity of summer convection is indicated by numeric levels 0-4. Summer 
ceiling temperature and convection are included in the modeled lines.  All other 
microclimate model terms (Table 8) are set to their means for graphing purposes.  
Summer ceiling temperature has no interaction with season in the top ranked models, so 
that its effect is indistinguishable between hibernation and swarming.  
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Chapter 2 
 
 

Animal activity affects performance of mixture models for relative 
abundance 

 
 

Abstract 
 

We investigated the effects of two sources of sampling error due to animal 
activity, on performance of count and incidence models when estimating relative 
abundance. Data were imperfectly observed, spatially replicated, and temporally repeated 
point counts. Models included three types of hierarchical mixture models (occupancy, 
abundance-dependent occupancy, and N-mixture models), as well as two types of 
generalized mixed-effects models (count, and logistic GLMM). We used a simulation 
approach, so that true population values would be known. Simulations of two populations 
of different sizes were compared with each of the five models, and relative abundance of 
the two populations was estimated from effect sizes. We then compared estimated 
relative abundance to true relative abundance. Additionally, models containing a 
categorical term for the separate populations were compared to null models using 
Akaike’s Information Criterion for model selection. 

 
We compared the effects of two sources of variance, other than imperfect 

detection, across a range of differences in population sizes, from no difference to 
complete extinction in one of the populations. Variance sources included site population 
density, and multiple counting of individuals. Site population capacity referred to the 
maximum number of individuals that could occur at a sample location, while site 
population saturation referred to the degree to which this capacity was filled with 
individuals. Together, capacity and saturation determined the expected density of 
individuals at a sample location. Multiple counting of individuals, where each individual 
was expected to be counted more than once within a single survey period, was simulated, 
and compared to samples with no multiple counts. Effects of density and multiplicity of 
counts on model performance interacted so that different model types exhibited 
optimized performance under different combinations of these variance sources. Of all 
models tested, N-mixture models proved the least biased when estimating relative 
abundance across the widest possible combination of variance levels, but exhibited a high 
percentage of type 1 error. Occupancy models maintained relatively low bias, high 
precision, and intermediate power for model selection throughout the simulation.   

 
Introduction 

 
Point counts are often used as expedient indices of animal abundance. Such 

counts include visual or acoustic counts by stationary observers such as the North 
American Breeding Bird Survey (Robbins et al 1986), trapping (Anderson et al 1983), 
and a variety of automated methods such as camera trapping (Karanth and Nichols 1998) 
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or acoustic recordings(Yates and Muzika 2006). Point counts, are the most widely used 
method for counting birds (Thomson et al 1998) and are applied to many other free 
ranging vertebrates, such as bats (Ingersoll et al in press), and bowhead whales (Zeh 
1999). Yet, point counts do not directly estimate abundance when individual detection 
probabilities are unknown or are unequal between individuals, such as when individual 
detection probability is a function of activity level. Activity levels further confound 
estimation of abundance when variable numbers of animals move unpredictably through 
the sample location, and individuals can’t be recognized. Such conditions can violate 
assumptions of current abundance models (Royle and Dorazio 2008; Williams et al 
2002), straining the relationship between incidence, counts, and abundance. With 
spatially replicated temporal series, multiple sampling locations are selected and each is 
surveyed multiple times. Royle and Dorazio (2008) describe mixture models for spatially 
replicated and temporally repeated point counts as of two types: explicit process models, 
such as occupancy or N-mixture models, and implicit process models such as generalized 
mixed-effects models. Explicit process models include stages for modeling observation 
and process, in our case, a stage for detection probability and a stage for incidence or 
abundance. Implicit process models include modeling incidence or counts along with 
correlated random variation. Given many assumptions, explicit process models can 
estimate absolute abundance. Implicit process models are restricted to estimating relative 
abundance, a function of the ratio between two population sizes, because the relation 
between observation (count) and process (abundance) is ambiguous when detection is 
imperfect (MacKenzie et al 2002; Anderson 2001). However, in many cases, such as 
when estimating per-capita population growth, or proportional differences in population 
size between locations, knowledge of relative rather than absolute abundance is adequate 
for answering ecologically relevant questions. Relative abundance can be defined as an 
ordinal scale categorical variable (MacKenzie et al 2009). For our purposes, we preferred 
to define relative abundance as the natural log of the abundance ratio between 
populations. 

 
Efforts to draw reasonable inference about animal abundance from point counts 

have drawn considerable attention in recent years (Williams et al 2002; Nichols et al 
2000; MacKenzie et al 2009; Royle 2004; Kéry et al 2005), and are not without 
controversy (Anderson 2001). Many of these efforts are motivated by the need to remove 
sources of bias in the estimation of abundance related parameters, and particular attention 
has been paid to controlling bias attributable to imperfect detection (Royle and Nichols 
2003; Moilanen 2002; Pellet and Schmidt 2004; Wintle et al 2004). This has given rise to 
explicit process models for abundance (Royle 2004) and occupancy (MacKenzie et al 
2002). Occupancy models, like logistic generalized linear models (logistic GLMM), are 
special cases of mixture models, where counts have been reduced to records of incidence, 
but abundance models include modeling of actual counts. Power, precision and bias 
associated with detection probability, population density, spatial relations, replication, 
and temporal repetition have been thoroughly investigated in simulation studies for 
mixture models (Latimer et al 2006; Strayer 1999; Pollock 2005; Joseph et al 2006; 
Royle and Nichols 2003, Royle 2004, MacKenzie et al 2009), but there are other 
potential considerations that could affect power and errors. Measured effects of multiple 

23



counting on model performance did not appear in our examination of the literature, 
particularly in interaction with site population density. 

 
Multiple counting can occur when animals repeatedly move during the sampling 

period (Bibby et al 1992). Movements can occur in and out of the detection range, the 
space where animals may be seen, sensed, or counted by an observer or device. Multiple 
counting is possible, for example, when visually counting deer moving through 
woodlands as individuals emerge from and pass into cover. Other examples include bats 
flying through the range of ultrasonic recording devices, and bobcats passing before 
automated cameras. When individuals are unmarked or otherwise indistinguishable, 
individuals can be recorded multiple times. We will refer to events where individuals 
pass through a detection range as passes. We would expect the number of passes recorded 
for an individual to be function of individual activity level; that is, the more active an 
individual, the more times the individual is counted. Point count sampling protocols may 
be designed so as to limit multiple counting by restricting the duration of sampling at a 
particular location (Bibby et al 1992; Robbins et al 1986), or otherwise excluding 
portions of the detection range (Zeh 1999). 

 
Assumptions about equality of detection probability (MacKenzie et al 2006; 

Royle, and Dorazio 2008) and population closure (Rota et al 2009; Borchers et al 2002) 
have been discussed frequently in the literature, and it was not our intent to renew this 
debate here. Rather, we intended to investigate other potential sources of bias. When 
populations are closed, and when detection probabilities and individual rates of activity 
are equivalently distributed across population categories, imperfect activity-dependent 
counts of passes might be expected to give reliable estimates of the relative abundance 
between categories, provided samples are large enough. We do not claim that these 
conditions of equivalent distribution are generally realistic, but that this equivalence 
might be established in special cases. If we assume that under particular circumstances 
replicated counts of passes could allow adequate estimates of relative abundance, our 
problem then becomes one of selecting an appropriate modeling method which properly 
accommodates the random variation introduced by multiple counting. Such a method 
should provide precise estimates of relative abundance between times or locations along 
with some measurement of confidence in the estimate, without requiring prohibitive 
sample sizes or unrealistic assumptions. While it seems possible to develop specialized 
models which account explicitly for multiple counting, here we investigate the robustness 
of existing methods to these scenarios. 

 
We measured the effect of site population capacity, and multiple counting on 

model selection, precision, and bias for estimating relative abundance with five model 
types using simulated point counts. We included two implicit process model types, which 
were logistic and count generalized linear mixed models (logistic GLMM, and count 
GLMM- McCulloch and Searle 2001). We also included three explicit process model 
types, which were occupancy models (MacKenzie et al, 2002), abundance-dependent 
occupancy models (Royle and Nichols, 2003), and abundance models (N-mixture - Royle 
2004).  
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Methods 
 

A list of terms can be found in Table 1. We began by simulating two populations, 
each sampled at 30 replicate sites. The total population size for category k, was 
represented by where k took values a or b, simulating populations at two separate 
times or in two separate habitats. Populations at each of 30 sites were represented as , 

where the total categorical population for all 30 sites was . Each site 

population in category a was simulated by drawing from a binomial distribution, 

kN

ikN

∑
=

=
30

1i
ikk NN

),(~ max india SBinN ψ , where was the maximum possible site population, and maxS

indψ was the site population saturation, the probability that any randomly selected 
individual space of  total spaces within the site was populated. Values of were 
1, and 10, while 

maxS maxS

indψ was fixed at an intermediate level of 0.4. We then simulated a 
corresponding site population in category b with a lower probability parameter than that 
for category a by drawing from a binomial distribution, ))1(,(~ max δψ −indib SBinN , 
where δ was the true effect size. Nine true effect sizes, from 0 to 1 by eighths were used. 
Thus, site population tended to be smaller than the corresponding  when ibN iaN δ was 

greater than 0. This produced the true abundance ratio
a

b

N
N , which tended to be, but was 

not always, smaller than 1. could be equal to 0, especially in cases whereibN δ equaled 1, 
but we excluded the trivial cases where the sum  = 0 in order to avoid division by 0. 

We defined the relative abundance as

aN

⎟⎟
⎠

⎞
⎜⎜
⎝

⎛

a

b

N
N

ln , using the natural logarithm of the 

abundance ratio so that the magnitude of proportionally larger or smaller populations 
would be scaled equally.  

 
We then simulated population counts with imperfect detection during repeated 

surveys at each site without multiple counting, while assuming that site populations 
remained closed. Counts were represented as , where i was the site (of 30 replicate 
sites), j was the time (of 10 repetitions) and k the population category (a or b). Imperfect 
detection was simulated by drawing each count from a binomial distribution, 

, where  was the site population and 

ijkY

),(~ rNBinY ikijk ikN r was the per-pass detection 
probability. We chose a fixed value of 0.4 for r in all simulations, representing an 
intermediate and equal level of detection. Incidence values were also produced from the 
counts, so that each incidence value 0=ijkI if 0=ijkY , otherwise 1=ijkI . 

 
Counts with imperfect detection and multiple counting were simulated as follows. 

The number of passes at site i, time j, and category k, was represented by , the true 
activity level. Each true activity level was drawn from a Poisson distribution so that 

ijkA
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)*(~ ijkmultijk NPoisA λ , where multλ was the expected number of passes per individual. 
We chose values of 1,10, and 30 for multλ , when evaluating power, bias and precision in 
estimating relative abundance with multiple counting, and let multλ vary between 1 and 20 
for evaluating the effect of multiple counting on estimates of the individual detection 

probability, , and effects on standard deviations of random intercept terms, bi. The true 
value for individual detection probability, 

∧

p
p , was related to the per-pass detection 

probability, r , according to the formula . Counts with imperfect detection, 
, were simulated from the activity level by drawing from a binomial distribution so 

that , with r fixed at 0.4. Incidence values were produced so that 
if , otherwise .  

multrep λ−−=1

ijkY
),(~ rABinY ijkijk

0=ijkI 0=ijkY 1=ijkI
 
We generated 800 replicate populations at each of nine effect size levels, and at 

each combination of  and maxS multλ , including a level with no multiple counting. An 
additional 800 replicates at nine levels of multλ , and two levels of max were simulated to 
evaluate effects of multiple counting on estimated detection probabilities and variance of 
random intercept terms. In total, 72,000 populations were simulated and 648,000 
individual models were evaluated. 

S

 
All functions for the explicit process models, occupancy, abundance-dependent 

occupancy, and N-mixture, were adapted from Royle and Dorazio (Web supplement – 
2008), and written for the mathematical programming language R (R core development 
team 2009). Maximum likelihood estimation of terms from explicit process models was 
implemented using function nlm from the stats package in R (R Core Development Team 
2009). We used function glmer from the lme4 package (Bates et al 2008) to fit logistic 
and count GLMMs, using the default maximum likelihood estimates, and using sample 
sites as grouping factors for random intercept terms. Logistic models were fit with 
binomial distributions, while count models were fit with Poisson distributions. Estimated 

population values ( ) were obtained from model regression formulae, and Akaike’s 
information criterion (AIC – Akaike 1973) was calculated from model likelihoods. 

Population estimates were then used to calculate estimated abundance ratios, 

∧

kN

∧

∧

a

b

N

N
. In the 

case of occupancy, abundance ratios were inferred from the ratio of occupancy 

probabilities, ∧

∧

b

a

ψ

ψ
. For GLMMs, estimated population values included an average of 

1000 draws of the random effects from a normal distribution with mean 0 and variance 
extracted from the function glmer output. Simulation and modeling order of operations, 
regression formulae, and formulae for estimated abundance ratios are given in Figure 1. 
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AIC values were compared between two nested models: a null model with 
intercepts only, and a model including both intercepts and the covariate term. While AIC 
provides no evaluation of significance per se, a difference in AIC value (ΔAIC) between 
nested models of 2 is used as a benchmark for designating a lack of “substantial” support 
for the inforamtiveness of the lower scoring model (Burnham and Anderson 2003). 
Power, as the probability of achieving ΔAIC > 2, was compared between occupancy, RN 
occupancy, N-mixture, logistic and count GLMM, and evaluated graphically in response 
to true effect size, , and maxS multλ .  

 
We estimated bias as the difference between true and estimated relative 

abundance (the discrepancy, D ) according to the formula D  = 
⎟⎟
⎟

⎠

⎞

⎜⎜
⎜

⎝

⎛
−⎟⎟

⎠

⎞
⎜⎜
⎝

⎛
∧

∧

a

b

a

b

N

N
N
N

lnln , and 

evaluated these graphically in response to and maxS multλ . Because computing means of 
samples containing values of was problematic, and because we considered these 

cases trivial, instances where estimated population values equaled zero were excluded 
from the evaluation of bias, though these populations were included in evaluation of 
power. Standard deviation of the discrepancy, which was used as a measurement of 
imprecision, the effects of multiple counting on estimated individual detection 

probabilities ( ) and on the standard deviation of random intercept terms ( ) were also 
evaluated graphically.  

)0ln(
∧

bN

∧

p ib

 
Results 

 
Model classes exhibited differences in performance that were affected by 

interactions between , and maxS multλ  (Figure 2). Of all models, power to detect 
differences in relative abundance was most stable in occupancy models with increasing 
site population densities, and increasing multλ . Power in abundance-dependent occupancy 
was approximately that of occupancy in small populations, where = 1. Power in 
abundance-dependent occupancy exceeded that of occupancy in larger populations, 
where = 10, but converged on the power of occupancy at higher levels of 

maxS

maxS multλ . 
Power in N-mixture models was generally high, and increased with both , and maxS multλ . 
However, multiple counting induced type 1 errors in N-mixture models, which became 
more frequent with increasing multλ . In these cases of type 1 error, AIC model selection 
for N-mixture models favored the full model, including the categorical term, even when 
the true abundance ratio was equal to 1. Both logistic and count GLMM had low power 
when was equal to 1, power which generally decreased with increasing maxS multλ . When 

= 10, count GLMM had stable power, higher than occupancy and with no tendency 
towards type 1 errors at all levels of 

maxS

multλ . Power in logistic GLMM for populations when 
= 10 decreased with increasing maxS multλ . 
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Bias in estimating relative abundance was undetectable in occupancy, abundance-
dependent occupancy, and N-mixture models when = 1 (Figure 3). Bias in logistic 
GLMM was low when 

maxS

multλ =1 and = 1, but became moderately negative at higher 
levels of 

maxS

multλ . Bias in count GLMM fluctuated when = 1 at all values of maxS multλ , and 
increased strongly with effect size when multiple counting was excluded. Interestingly, 
both count and logistic GLMM exhibited more bias at high effect size when no multiple 
counting was possible, than was exhibited when multλ = 1. Bias was low in all models 
when = 10 and when there was no multiple counting, but increased moderately with 
effect size in occupancy, count, and logistic GLMMs. The tendency towards negative 
bias in occupancy at = 10 with increasing effect size was unaffected by 

maxS

maxS multλ . Bias 
remained undetectable in N-mixture models at all levels of multλ when = 10. 
Abundance-dependent occupancy exhibited bias that increased with 

maxS

multλ at intermediate 
and high effect sizes. Count GLMM showed a moderate increase in bias with increasing 

multλ , but only at the highest effect sizes. Bias in logistic GLMM at = 10 tended 
towards moderate negativity with increasing 

maxS

multλ , and increasing effect size.  
 
Imprecision was generally low, with some important exceptions (Figure 4). 

Logistic and count GLMMs were less precise when = 1, the tendency towards 
imprecision increasing strongly in count GLMM with increasing 

maxS

multλ . Count GLMM 
became less precise with increasing effect size when = 10 and maxS multλ > 1. Abundance 
dependent occupancy was less precise at all effect sizes when = 10 and maxS multλ > 1. 

 
Estimated detection probabilities in small populations, where max = 1, were very 

close to  expected values for the individual detection probability (
S

p ) under multiple 
counting in both occupancy and abundance-dependent occupancy models (Figure 5). 
These values rapidly converged on 1 (perfect detection) as multλ increased. Abundance-
dependent occupancy detection estimates were unaffected by values of max , while 
occupancy detection probabilities became overestimated when max =10.  Estimated 
detection probabilities in N-mixture models increased far more slowly with mult

S
S

λ than 
those of occupancy models, and remained close to the level of the true value for the pass 
detection probability ( r ) , which was fixed at 0.4. 

 
The effect of multλ on standard deviation of random intercept terms, i , differed 

dramatically between logistic and count GLMMs (Figure 6). These standard deviations 
increased rapidly with mult

b

λ in logistic GLMM, and this effect accelerated in larger 
populations, when max = 10. Increases in the standard deviation of i with multS b λ , were 
lower in count GLMM than for logistic GLMM when = 1, and were barely 
perceptible in count GLMM when = 10. 

maxS

maxS
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Discussion 
 

Implicit or explicit process? 
 

The choice between GLMMs and explicit process models should be based on 
compliance with detection probability assumptions and the need to estimate relative or 
absolute abundance. GLMMs simply do not estimate absolute abundance. Even when 
estimates of relative abundance are adequate, conditions that preclude assumption of 
equivalent detection probabilities should favor explicit process models, while conditions 
that preclude closure or equilibrium assumptions should favor GLMMs. These 
considerations are covered in detail in the explicit process model literature (Royle and 
Dorazio 2008; MacKenzie et al 2003). We considered power and sources of discrepancy 
between true and estimated relative abundance that persist even when closure and 
detection probability are fixed, sources that contribute to the relative magnitudes of the 
counts when animals are in motion. We found that the choice between GLMMs and 
explicit process models was affected by site population size interacting with multiple 
counting. In small, atomic populations, where =1, site populations were exclusively 
one or zero. This represented the case of strongly territorial animals, where sample site 
dimensions may be chosen to be small enough so that site populations tend to be one 
individual, or one reproductive group. For example, this is the case with nesting 
songbirds (Bibby et al 1992), and bears (Mace and Waller 1997). At the moderate 
saturation (

maxS

indψ ), and detection probabilities levels we used (both 0.4), counts from 
populations where = 1 were predominately zero. Performance in logistic, and 
especially in count GLMM was adversely affected by the sparseness of these data, 
especially with increasing 

maxS

multλ . Performance in explicit process models was not 
adversely affected by sparseness of counts when =1. Generation of type 1 errors in 
N-mixture models when = 1 was associated with multiple counting (Figure 2), not 
population size. Occupancy and abundance-dependent occupancy models would 
therefore be the most recommended model types for estimates of relative abundance 
when counts are sparse in populations of strongly territorial animals, whenever multiple 
counting occurs, provided other model assumptions hold, and adequate samples can be 
obtained. 

maxS

maxS

 
We also found that the choice between GLMMs and explicit process models was 

affected by the expected effect size δ in larger populations, where = 10. This case 
represented non-territorial animals that form groups, where abundance may be high or 
low on occupied sites. Examples include foraging bats (Yates and Muzika 2006), and 
migrating whales (Zeh 1999). In such situations we would expect count data to be more 
informative than incidence data, however, incidence data might better accommodate 
errors introduced by multiple counting. Power was generally higher in count models for 
larger site populations where = 10 (Figure 2). However, because N-mixture models 
exhibited type 1 errors with multiple counting, of the count models, only count GLMM 
would be recommended for model selection in these larger populations when multiple 

maxS

maxS
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counting is possible. Count GLMM exhibited higher power than occupancy when = 
10, and only exhibited higher bias and imprecision than occupancy at the highest effect 
sizes (Figure 3; Figure 4). Therefore, given assumptions of equivalent detection, count 
GLMM would be recommended for larger site populations where = 10, when effect 
sizes are low or moderate and multiple counting occurs. Occupancy might be 
recommended at high effect sizes, where power is less of a consideration. 

maxS

maxS

 
Occupancy or count models? 
 

It can be reasoned that non-compliance with count model assumptions, 
particularly multiple counting, is cause to transform count data to incidence data 
(MacKenzie et al 2006). For example, suppose we count two animals, but have no way of 
knowing if these are two different individuals, or if we have counted the same individual 
twice. While we can’t be certain that two individuals are present, we remain certain that 
the site is occupied; therefore we might safely transform the count to a record of 
incidence. Differences in the probability of site occupancy ( kψ ) between two populations 
might then reflect a difference in size of the two populations, provided counts are 
adequately replicated. We found that the transformation of counts to incidence data, when 
multiple counting was possible, was justified for use in occupancy models, when 
populations were small. In larger populations, the tendency towards negative bias should 
be accounted for in occupancy models (Figure 3), which might be achieved since 
precision remained high in occupancy models (Figure 4). We found that with multiple 
counting, occupancy and abundance-dependent occupancy produced better estimates of 
individual detection probability than those produced by N-mixture models (Figure 5). N-
mixture models produced better estimates of per-pass detectability. Therefore N-mixture 
might be preferred to model activity levels, rather than relative abundance, when multiple 
counting occurs. 

 
Transformation from counts to incidence data was justified for use in logistic 

GLMM, only in cases where multiple counting was excluded. In all other cases, Logistic 
GLMM was less able to properly accommodate variation introduced by multiple counting 
than was occupancy, or count GLMM except at the highest effect sizes. Multiple 
counting created high levels of variation in random terms in logistic GLMM (Figure 6), 
which was not the case in count GLMM. 

 
Conclusions 
 

When multiple counting is avoided, most model types tended to be less biased, 
more precise, and in general, more reliable. Multiple counting can be avoided when 
counting stationary or slow moving animals, such as salamanders (Bailey et al 2004) or 
hibernating bats (Ingersoll et al in press). Multiple counting can also be avoided when 
individuals are recognizable, such as when camera trapping tigers (Karanth and Nichols 
1998). Multiple counting can be minimized when counting animals traveling in a fixed 
direction, such as counting whales during parts of their migration (Zeh 1999), as long as 
the detection range is restricted. All these cases involve some ability to distinguish 
individuals based on appearance or location. In these cases, where multiple counting is 
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avoided, all explicit process models performed consistently well, while GLMM 
performance required adequate population density. But when many individuals are 
present on the sample site, animals are indistinguishable as individuals, and passing 
repeatedly through the detection range, multiple counting could become unavoidable. 
Such counts include, for example, ultrasonic recordings of foraging bats (Yates and 
Muzika 2006) and call surveys of frogs (Pellet and Schmidt 2004). Out of all models 
tested for such data, count GLMM, occupancy, and abundance-dependent occupancy 
models provided reliable model selection, N-mixture provided consistently unbiased 
relative abundance estimates, and N-mixture, occupancy and logistic regression provided 
precise relative abundance estimates.  

 
We expect that multi-stage explicit process models which incorporate multiple 

counting might be developed. Development of these models is beyond the scope of this 
paper, though we hope we have demonstrated the need. Approaches to new models that 
accommodate added variance due to multiple counting could include adjusting count 
models for overdispersion. Until such a time as these models are further developed, 
multiple counting, potential sources of interaction, expected effect sizes, and study goals 
should be carefully considered when choosing the appropriate model for point count data.  
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Table 1. List of notation. 
 
Model term Description 
 

ikN  The population size at site i and category k. 
maxS  The site population capacity. 
indψ  The site population saturation. 

δ  The true effect size. 

a

b

N
N  

The true abundance ratio. 
ijkA  The true number of passes at site i, time j, and category k. 
multλ  The average number of passes per individual. 
ijkY  The observed count at site i, time j, and category k. 

r  The per-pass detection probability. 
ijkI  The observed incidence condition at site i, time j, and category k. 
kψ  The probability of site occupancy in category k. 
∧

kN  The estimated population size in category k. 

∧

∧

a

b

N

N
 

The estimated abundance ratio. 

∧

∧

b

a

ψ

ψ
 

The estimated occupancy probability ratio. 

⎟⎟
⎠

⎞
⎜⎜
⎝

⎛

b

a

N
N

ln  
The true relative abundance. 

⎟⎟
⎟

⎠

⎞

⎜⎜
⎜

⎝

⎛
−⎟⎟

⎠

⎞
⎜⎜
⎝

⎛
∧

∧

b

a

b

a

N

N
N
N

lnln  
The discrepancy between true and estimated relative abundance. 

∧

p  The estimated per-individual detection probability. 
ib  The random effects intercept term at site i. 
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Figures         

 
Figure 1. Equations for simulating and modeling relative abundance. Notation is defined 
in Table1. Beginning with simulation of patch populations ( ), populations with no 
multiple counting were transformed into counts (Y ) through imperfect detection. 
Populations with multiple counting were transformed into activity levels ( ), and then 
into counts (Y ) through imperfect detection. Counts were used directly in count GLMM 
and N-mixture models, or were transformed into records of incidence ( )  for use in 
occupancy, abundance-dependent occupancy, and logistic GLMM. 

ikN

ijk

ijkA

ijk

ijkI
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Figure 2. Power to distinguish relative abundance. Smax indicates maximum site 
population. multλ  indicates average passes per individual. The probability that DAIC > 2 
is, for each value of δ , the proportion of 800 simulations for which AIC favored the full 
model, including the term for unequal population sizes, by a difference of at least 2 
compared to the AIC of the intercept only model. 
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Figure 3. Bias and expected effect size. indicates maximum site population. maxS multλ  
indicates average passes per individual. The mean discrepancy of relative abundance is, 
for each value of δ , the average over 800 simulations of the difference between the log 
of the true abundance ratio, and the log of the estimated abundance ratio, 

mean
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Figure 4. Precision and true effect size when multiple counting is possible. Smax indicates 
maximum site population. multλ  indicates average passes per individual. The standard 
deviation of the discrepancy is, for each value of δ , the standard deviation over 800 
simulations of the difference between the log of the true abundance ratio, and the log of 

the estimated abundance ratio, ..DS
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Figure 5. Average estimated individual detection probability vs. average passes per 

individual in explicit process models. For each value of multλ , is the average over 800 
simulations of the estimated per-individual probability of detection. True individual 
detection is the actual probability that each individual is detected at least once, as given in 
the methods section. 

∧

p
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Figure 6. Average estimate of the standard deviation of random intercepts vs. average 
passes per individual in GLMMs. For each value of multλ , the vertical axis shows the 
average over 800 simulations of the estimated standard deviation of the random effects in 
the logistic and count GLMMs. 
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Chapter 3 
 
 

Accounting for seasonal effects  
with additive mixed models for counts of bat activity   

 
 

Abstract 
 

We investigated the practicality of modeling the response of animal activity to the 
effects of season and a categorical covariate within an environment of random site effects 
and autocorrelated temporal errors. Specifically, we modeled spatially replicated time 
series of acoustic counts of bats in response to date, and two habitat categories, meadows 
and forest edges. Data for our analysis were digitally recorded counts of bat passes 
provided by the National Park Service and its associated researchers. These data were 
collected with twelve fixed-position bat detectors, one in each habitat type, paired at six 
locations, over a continuous period of 236 nights at Yosemite National Park, California, 
USA. Ten species and acoustic clades of bats had been identified and counted in the 
recordings, across a broad range of abundances and detection probabilities. These data 
presented substantial modeling challenges of non-linear response to date, interactions 
between date and habitat, non-normality of errors, serial temporal correlation of errors, 
and random site effects associated with repeated measures. Additive and generalized 
additive mixed models implemented in the mathematical language R were found to 
adequately represent seasonal activity patterns in most species, and were favored over 
linear models, and linear mixed models by AIC model selection. While bats may 
represent an extreme case of seasonal effects, correlated errors, and overdispersed counts, 
these modeling approaches may be applicable to activity-dependent counts of other 
animal taxa. 

 
Key words: bat activity, mixed effects model, serial autocorrelation, 

overdispersion, acoustic survey, count model, GAMM, Anabat. 
 

Introduction 
 

  Statistical modeling of relative differences in animal use between different 
locations, or between different times, presents several challenges. Activity measured by 
counts may not conform to typical statistical modeling assumptions of approximate 
normality or independent sampling. Covariates of counts may interact with time and 
location which should then be considered in models. The temporal pattern of counts may 
be non-linear, particularly when activity follows seasonal cycles. Model errors may be 
temporally autocorrelated and non-independent of sampling site. While well established 
modeling techniques such as generalized linear models, mixed models, and non-
parametric regression can correct any one of these complications individually 
(McCullagh and Nelder, 1989; Pinhiero and Bates, 2004; Wood, 2006), simultaneous 
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combinations of these corrections strain the limits of current statistical methods and 
software (Zuur et al, 2009). Yet, these are precisely the sorts of unwieldy data animal 
ecologists would like to model and understand.  

 
Counting wild animals, and modeling with counts, has a long and varied history 

in ecology, and especially in wildlife management (Leopold 1933; Otis et al 1978; 
Buckland et al 1993; Williams et al 2001). The goal of such study is often to characterize 
spatial differences or temporal change in counts (Thomson et al 1998; Morris and Doak 
2002). Linear models are sometimes used to characterize population trends (Bart et al 
2003), but such models are not without criticism (Sauer et al 2003). A potential criticism 
of linear trend models is that they overlook local extrema, necessitating a distinction 
between trend and trajectory models (James et al 1996). Trajectory models are well 
developed for counts of birds. Polynomial trajectory models demonstrate the existence of 
local extrema in count models for birds (Link and Sauer 1997). Generalized additive 
models (GAMs) allow non-linear complexity, in the response of bird counts to time, to be 
balanced against model smoothing in an objective, systematic, and parsimonious fashion 
(Fewster et al 2000). Current trajectory studies generally represent analyses of long-term 
trends, but non-linear trajectory models might also be applied to measurements of activity 
that are seasonally cyclic, as with counts of animals that migrate or hibernate.  

 
We examined the practicality of accommodating time dependence, non-linear 

response, non-independent error terms, and departure from normality of errors in  bat 
(Chiroptera) activity data, using the mgcv (Wood, 2008), and lme4 packages (Bates and 
Maechler 2009), in the mathematical programming language R (R Core Development 
Team, 2009). Our goal was to accommodate the cyclic effects of season while estimating 
differences in activity between 2 habitats, using models that summarized these 
trajectories while separating the many sources of noise in the data. To accomplish this 
goal, we evaluated a range of relevant statistical methods and identified several 
limitations of software designed for this task. We compared linear models, polynomial 
models, GAMs and semi-parametric generalized additive mixed models (GAMMs). 
GAMMs add random effects to GAM, allowing the model to include non-independent 
sampling such as site effects and temporal autocorrelation of errors in data from spatially 
replicated time series (Wood 2006). Our GAMMs included temporal effects as non-
parametric smoothed functions, while habitat categories were included as parametric 
fixed effects. Random terms grouped data by site and proximity in time. Models were 
generalized in order to accommodate non-normality of errors, particularly non-normality 
associated with overdispersed counts and temporal autocorrelation. GAMMs are implicit 
process hierarchical models which estimate relative differences in response (Royle and 
Dorazio, 2009).  

 
We found the flexibility of GAMMs to be indispensable for modeling the intricate 

modality of bat counts in response to time interacting with location and habitat. GAMMs 
allowed us to pose the following questions. Can we measure changes in relative habitat 
preference associated with season? What is the timing and modality of seasonal habitat 
use? Are differences between habitats estimated by linear models realistic, or do these 
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models incorrectly attribute variance associated with date, or location to habitat 
categories?  

 
Methods 

 
Bat vocalizations were digitally recorded using Anabat II bat detectors with zero 

crossing analysis interface modules (Titley Electronics, Ballina, NSW, Australia). Raw 
recordings were temporarily stored on flash memory cards and transferred periodically to 
a personal computer for analysis with AnalookW software (Corben 2007). Analook 
allows assignment of individual vocalizations to species or acoustic clades (which are 
groups of species that are difficult to distinguish acoustically) by matching characteristics 
of sound spectra and duration to those known for particular species. Our version of 
Analook incorporated filtering programs written by C. Corben especially for 10 local 
species and acoustic clades within our study area.  

 
Twelve Anabat detectors were deployed simultaneously at six locations in 

Yosemite National Park, California, USA. At each location, one detector was placed at 
the center of a meadow and another was placed at the forest edge, to evaluate bat habitat 
preferences. Detectors were equipped with rechargeable batteries and solar cells so that 
they ran continuously from March 29 through November 19, 2008.  

 
Fixed explanatory variables included day, habitat category, location, habitat by 

location (LocHab), interactions between day and habitat, and interactions between day 
and location. In the linear models, bat count trends with day were unmodeled, linear, or 
quadratic. In the GAMMs, count fluctuations with day were modeled as smoothed curves 
or splines, thus counts were modeled as trajectories, rather than trends. Fixed habitat and 
location terms interacted with the non-parametric splines in our most complex models, 
creating semi-parametric GAMMs. Habitat category was meadow or forest edge. Values 
for day were the count of days from the beginning of the survey. Day was divided by the 
total count of days (236), so that the normalized day value was bounded by zero and one 
(Zuur 2009). The response variables were counts of minutes where a species was 
recognized to be present. A count of total minutes present for each species was then 
recorded every night.  

 
We followed a process of stepwise increments of increasing model complexity for 

exploring the data. We began with linear models (LM) for each species, using a log 
transform of counts (log (y+1)), to approximate normality in the count data. One was 
added to each count prior to log transformation in order to avoid computational problems 
involving log(0). For LMs, we used the glm function from the stats package in R (R Core 
Development Team 2009), and Gaussian errors. We used maximum likelihood methods 
and Akaike’s information criterion (AIC, Akaike 1973, Burnham and Anderson 2003) 
with a forward stepping model selection process to compare models, beginning with an 
intercept only model, then adding habitat, followed by day, then the habitat by day 
interaction (Appendix Tables A1-A10). We then added a polynomial term (day2) to allow 
the model to exhibit a mid-season maximum. Random group terms for location, and day 
within location were then added resulting in linear mixed models (LMM) implemented in 
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the lme4 package (Bates and Maechler 2009). Additive mixed models (AMM) of log 
transformed counts in response to smoothed day by habitat, by location, and by habitat 
within location were produced in package mgcv (Wood 2008), with Gaussian errors to 
allow maximum likelihood methods and AIC comparisons to the simpler LMMs and 
LMs. Calculating smoothed terms by each fixed term in package mgcv, such as smoothed 
day by habitat, incorporates the interaction between the smoothed and fixed terms (Zuur 
et al, 2009). AMMs including autocorrelated errors with respect to day, were compared to 
AMMs without these terms, using AIC and function acf from the stats package (R Core 
Development Team, 2009) to produce plots of residual serial temporal correlation within 
each detector station (Appendix Figures D1 – D10). Because our data were temporally 
continuous, a first order autoregressive structure (AR1) was appropriate for temporal 
correlation of errors (Zuur et al, 2009). 

 
Non-Gaussian errors require that GAMMs be fit using penalized quasi- likelihood 

methods (PQL) in package mgcv (Wood, 2008), and these methods don’t allow AIC 
model selection. AIC model selection was needed to facilitate selection of fixed terms 
(Appendix Tables A1-A10), and selection of an adequate basis dimension (k) for 
smoothed terms. The value of k determines the maximum estimated degrees of freedom 
for each smoothed term (Woods, 2006), thus places a ceiling on the complexity of 
smoothed term curvature. It is necessary that k is sufficiently large that it allows the 
smoothness parameter to constrain the complexity of the curve. We estimated the 
minimum adequate value of k by calculating AIC values for Gaussian AMMs with 
smoothed day interacting with LocHab, with and without autocorrelated errors, across 
levels of k from 10 – 80 (Appendix figures C1-C10). Basis values were deemed to be 
adequate when AICs approached their asymptotic values, thus AIC was instrumental in 
picking smoothed terms of appropriate complexity.  While other R packages such as 
gamm4 (Wood 2009) would allow integrated mixed model likelihoods for generalized 
models and AIC, these packages don’t incorporate autocorrelated errors. Therefore, we 
used Gaussian models in package mgcv for AIC ranking and selection of models for each 
species.  

 
We examined normalization of Gaussian models using the sample/theoretic 

quantile (q-qnorm) plot of deviance residuals (Appendix Figures B1 – B10). In cases 
where these models were inadequately normalized by the log transform, we used the 
terms from the highest ranked Gaussian models to build GAMMs with negative-binomial 
errors. Negative binomial models required that dispersion coefficients be first estimated 
in GAMs, and these values were substituted into the GAMMs (Zuur 2009). In cases 
where negative binomial models would not converge, we attempted to fit models with 
quasi-Poisson errors. Predicted values and confidence intervals for all AMMs and 
GAMMs were graphed for each species (Appendix Figures A1-A10, E2, E5, and E7) 

 
Results 

 
An examination of summary statistics from the simpler linear models suggested 

that differences in mean activity by habitat category were generally small, relative to 
standard deviations. However, because independence assumption violations were not 
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accounted for in the simplest models, our LMs misestimated habitat significance. AIC 
model selection indicated that more complex models were generally favored. In the 
simplest LMs, where day was ignored in the analysis, AIC model selection favored 
inclusion of habitat, over models including the intercept only, in eight of ten species 
(Appendix Tables A1-A10). However, increments in model complexity revealed that the 
informativeness of the habitat category free of its interactions was misleading. Inclusion 
of a day term was favored by AIC in seven of ten species, and inclusion of a quadratic 
day term was favored in all ten cases, indicating that counts for all species exhibited a 
non-linear seasonal maximum. In all species, AIC model selection favored inclusion of a 
random site effect, which accounted for spatial non-independence. For all species but 
one, AIC favored inclusion of a random day effect, nested within the site effect. AMMs 
were favored over linear models, including those with quadratic terms, in all species, 
suggesting that non-linear complexity was required to adequately model the response to 
day. Furthermore, AMMs with serial temporal autocorrelation were favored by AIC over 
AMMs lacking temporal autocorrelation in all species. AMMs for seven of ten species 
favored the inclusion of location by habitat interacting with smoothed day terms, 
suggesting that habitat effects tended to be confounded by differences between locations 
and days, or absent in the minority of cases. AIC model selection for the remaining two 
species favored inclusion of smoothed day alone, without habitat or location effects. 

 
Non-independence of counts between proximal days was clearly predominant in 

our data. Individual detector based additive models (AMs), tended to have strongly 
serially autocorrelated residuals across days (Appendix Figures D1-D10). Accounting for 
this temporal autocorrelation resulted in smoother models, and in some cases, a small but 
perceptible reduction in the breadth of confidence intervals as compared to models 
without autocorrelated errors. Models including autocorrelated errors required les 
complexity of curvature than those models without autocorrelated errors (Appendix 
Figures C1-C10), accounting for the increase in smoothness.  

 
Examination of the q-qnorm plots for Gaussian models indicated that log 

transformation was only marginally adequate, or inadequate at normalizing errors in 
some cases (Appendix Figures B2, B3, B5, B6, and B7). In these cases, quasi-Poisson or 
negative binomial models might adjust overdispersion, increasing plausibility of model 
results (Appendix Figures E2, E5, and E7). Generalization was able to improve normality 
of deviance residuals in one model (Appendix Figures B5, and F5). Generalization 
appeared to decrease normality of deviance residuals in one model (Appendix Figures 
B2, and F2). Most aberrations from normality of Gaussian models involved more than 
simple overdispersion (Appendix Figures B3, B5, B6, and B7). In these cases generalized 
models either failed to converge (M. thysanodes, M. evotis ), or were unable to achieve 
compliance with normality assumptions (Appendix Figures F5, F6, and F7).  In cases 
where normalization of errors in Gaussian models was deemed fully adequate (Appendix 
Figures B1, B4, B8, B9, B10) quasi-Poisson and negative binomial models were not 
undertaken. 
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Discussion 
 

Distinguishing differences in animal counts, between times or locations, is of 
primary interest to ecologists (Thomson et al 1998), though certain common inferences 
from counts may be problematic (Anderson 2001). We suggest that acoustic counts of 
bats measure activity level more closely than such counts measure abundance. 
Problematic as this may be, measurements of activity may, in cases such as foraging bats, 
be the best available proxies for abundance or habitat use. Our investigation of foraging 
bats revealed the following characters of their relative activity counts. Activity responded 
to day in a complex non-linear fashion, residuals were correlated within sample site, 
residuals were serially autocorrelated by day, and activity model errors were not normally 
distributed, even on a log scale for some species. In particular, error terms followed 
overdispersed discrete distributions. We expect that similar complicating patterns exist in 
activity records for other animal taxa. Success in accounting for these complications 
using AMMs and GAMMs was mixed, with useful and informative results in most cases 
but also suggesting instances where software awaits improvement. Shortcomings were 
minor, associated with species with very low encounter rates or low detection 
probabilities, and due largely to PQL estimation methods for non-Gaussian models. 
Incomplete implementation of the negative binomial distribution for GAMMs was also 
problematic, and probably responsible for errors such as the loss of relative normalization 
witnessed between Figures B2 and F2. 

 
Shortcomings due to implementation of PQL methods could generally be 

overcome by using log (y + 1) Gaussian models, allowing maximum likelihood 
estimation methods and AIC model selection. Substituting model terms from selected 
Gaussian models into non-Gaussian models remained problematic, as there was no 
guarantee that AIC would have selected the same terms for the non-Gaussian models. But 
since maximum likelihood techniques, and therefore AIC, is unavailable for non-
Gaussian models in package mgcv (Wood 2008), Gaussian models were our only avenue 
for model selection. Because temporal autocorrelation of errors was observed for every 
species in our study (Appendix Figure D1-D10), and since including temporal 
autocorrelation improved both model likelihood, and parsimony (Appendix Table 1-10), 
we opted for inclusion of this important term, rather than using the otherwise preferable 
package gamm4. Despite these shortcomings, we found that R had many advantages. 
Mixed-effects implementation was particularly thorough in R. Fitting additive models in 
R remains our method of choice for modeling with temporal activity data. 

 
Traditional methods of estimating differences in habitat use for bats include LMs 

and GLMs which may ignore spatial and temporal effects (Morris et al 2010, Rogers et al 
2006). While such models are useful in special cases, general application is problematic 
because these models ignore the effect of interactions between habitat categories, 
locations, and season, and do not account for non-independence of samples taken at the 
same location, or at times that are close together (Zuur 2009). Composition of bat 
assemblages can change with season (Kuenzi and Morrison 2003; Aurelio and Mello 
2009), which appeared in our models an interaction between location and smoothed day 
terms. Once the day by habitat interaction was introduced, predicted activity differences 

46



between habitats were free to vary across the season. Inclusion of non-linear smoothed 
day terms interacting with habitat and location had three important consequences. It 
revealed complex temporal patterns in relative activity of interest to bat ecologists, it 
explained important sources of variation within the data, thus reducing overdispersion, 
and it indicated that the informativeness of habitat categories tested was confounded by 
interactions between habitat, day, and location (Appendix Tables A1-A10).  

 
Our problem also included accommodating model assumptions. Models allowing 

a correlated error structure, including serial autocorrelation for temporal error and site 
effects, were in closer compliance with the data than models without these random 
effects. AIC values for Gaussian models indicated that relaxation of independence 
assumptions improved fit for the AMMs (Appendix Table A1-A10). However, 
comparing serially correlated non-Gaussian GAMMs with AIC is not currently 
implemented in R (Zuur et al, 2009) due to the PQL estimation methods used for 
generalized models in package mgcv, which uses package MASS for the PQL step. In the 
absence of contrary evidence, we consider the need to accommodate site effects and 
temporal autocorrelation axiomatic for spatially replicated time series of bat activity. 

 
Perhaps our most daunting complication was the accommodation of non-normally 

distributed errors. However, methods of overdispersion control, including quasi-Poisson 
GAMMs, GAMMs with negative binomial error distributions, and log (y + 1) AMMs 
with Gaussian errors, met with success when other distribution irregularities did not 
prevail. Data where normalization remained problematic after all our corrections 
occurred in M. thysanodes, M40, M. evotis, and Parastrellus hesperus. These problems 
were likely due to preponderance of zeroes in low counts, or unrecognized and 
unmodeled covariates. All methods tended to be more effective in species where counts 
were high. 

 
The question remains, which method to choose for modeling activity? Modeling 

with negative binomial errors is, perhaps, the most natural choice for overdispersed count 
response variables. However, full implementation of these models in R remains 
problematic in two respects. Package mgcv requires the dispersion coefficient (θ) as input 
for fitting negative binomial GAMMs (Wood 2008). The researcher must estimate θ 
using a GAM, since automated estimation is not implemented for GAMMs at this time. 
We found that for our data, negative binomial models were relatively insensitive to small 
differences in θ, so that its estimation might not require precision. Additionally, because 
negative binomial models are generalized, their mixed effects models require PQL 
methods in package mgcv (Wood, 2008; Zuur et al, 2009) so that application of AIC is 
unavailable. The Gaussian models did not require generalization so that maximum 
likelihood (ML) methods and AIC could be applied in current versions of mgcv.  AIC 
was advantageous for comparing model elaborations (Appendix Table A1-A10), 
estimating the minimally adequate smoothed term basis  (Appendix Figures D1-D10) and 
would be advantageous for researchers selecting from many explanatory variables. 

 
Log transformed AMMs and GAMMs provided worthwhile tools for modeling 

our bat activity data in those cases where data were adequate, that is, those cases where 
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counts were not too low, or otherwise not irregularly distributed. Current software readily 
accommodated non-linearity of response, non-normality of counts, overdispersion, non-
spatial independence, and serial temporal correlation in those cases where Gaussian 
AMMs could be used (that is, cases where errors were approximately log-normal). 
Software for GAMMs develops at an encouraging pace. Improvements should include 
accommodation of zero inflation in mixed models, dispersion coefficient estimation for 
negative binomial GAMMs, and support for AIC in serially correlated generalized 
mixed-models. When the negative binomial distribution becomes fully implemented with 
maximum-likelihood estimation for GAMMs in R, these methods will often be the best 
choice for spatially replicated time series of animal counts. We look forward to these 
software improvements which will make activity modeling more reliable. Until then, 
ecologists should be careful to recognize software limitations, while maximizing 
compliance with model assumptions. 
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Appendix 1 
 

Lasiurus_cinereus 

Fixed terms Random terms Correlation k log-Lik DF AIC 

s(Day) LocHab=~Day Day  -2703.49 8 5422.98 
s(Day) LocHab=~1 Day 80 -2706.08 6 5424.17 
s(Day, by=LocHab) 
+ LocHab  Day|LocHab 80 -2685.63 32 5435.27 
s(Day, by=Habitat) + 
Habitat LocHab=~Day Day 10 -2712.49 11 5446.98 
s(Day, by=Habitat) + 
Habitat LocHab=~1 Day 80 -2715.52 9 5449.04 
s(Day, by=LocHab) 
+ LocHab    -2914.14 31 5890.27 
s(Day) LocHab=~1  80 -3233.07 5 6476.14 
s(Day, by=Habitat) + 
Habitat LocHab=~1  80 -3294.82 8 6605.63 
s(Day) Location=~1  10 -3483.1 5 6976.21 
s(Day, by=Habitat) + 
Habitat Location=~1  10 -3485.41 8 6986.81 
Habitat*(Day+Day2) Location/Day   -3530.49 9 7079 
Habitat*(Day+Day2) Location   -3671.23 8 7358 
Habitat*(Day+Day2)    -3716.46 7 7446.92 
Habitat + Day    -4093.39 4 8194.78 
Habitat * Day    -4093.29 5 8196.58 
Habitat    -4109.19 3 8224.38 
Intercept only    -4138.54 2 8281.09 
 

Table A1. AIC model selection for L. cinereus favored the model with smoothed 
day and no interactions, with temporal autocorrelation. Inclusion of the random term 
LocHab~Day indicated that variation of random intercept terms differed by day, within 
location.  
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Fig A1. Seasonal activity in L. cinereus. Activity was bimodal with peaks in July 

and late September, which might be expected in this migratory species (Barbour and 
Davis 1969). 
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Fig B1. The sample quantile vs. normal quantile plot for the Gaussian model 

suggested that this model was adequately normalized.  
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Fig C1. Selection of the minimally adequate basis dimension for smoothed terms 

(k). AIC values for models with autocorrelated errors were lower, and approached 
asymptote more quickly with increasing k, than did AIC for models with non-
autocorrelated errors. The mgcv default value of k = 10 produced the minimally adequate 
autocorrelated error model in this case. 
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Fig D1. The temporal autocorrelation series for L. cinereus data indicated 

moderately autocorrelated errors that were consistent across locations.  
 
Note that no generalized models were required for data on this species, which 

produced an adequately normal Gaussian model. Therefore, no Figures E1 and F1 were 
prepared. 
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Appendix 2 
 

M50 

Fixed terms Random terms Correlation k LogLik DF AIC 

s(Day, by=LocHab) 
+ LocHab  Day|LocHab 10 -2842.16 38 5760.33 
s(Day) LocHab=~1 Day 10 -2886.04 6 5784.08 
s(Day) LocHab=~Day Day 10 -2884.98 8 5785.96 
s(Day, by=Habitat) + 
Habitat LocHab=~1 Day 10 -2887.52 9 5793.03 
s(Day, by=Habitat) + 
Habitat LocHab=~Day Day 10 -2885.84 11 5793.67 
s(Day, by=LocHab) 
+ LocHab   80 -3084.31 37 6242.62 
s(Day) LocHab=~1  80 -3448.36 5 6906.72 
s(Day, by=Habitat) + 
Habitat LocHab=~1  80 -3475.67 8 6967.33 
s(Day, by=Habitat) + 
Habitat Location=~1  80 -3570.57 8 7157.14 
s(Day) Location=~1  80 -3639.01 5 7288.02 
Habitat*(Day+Day2) Location/Day   -3672.55 9 7363 
Habitat*(Day+Day2) Location   -3748.35 8 7513 
Habitat*(Day+Day2)    -3881.77 7 7777.53 
Habitat * Day    -4197.57 5 8405.13 
Habitat + Day    -4200.03 4 8408.06 
Habitat    -4203.64 3 8413.32 
Intercept only    -4261.17 2 8526.34 
 

Table A2. AIC model selection for the acoustic clade M50 favored the model with 
smoothed day terms interacting with habitat within location (LocHab), with temporal 
autocorrelation. Random intercepts on LocHab are implicit within the smoothed term 
interaction.  

 

55



 
 
Fig A2. Seasonal activity in M50, which consists of Myotis yumanensis and 

Myotis californicus. Most local counts were unimodal with a late summer maximum. M. 
yumanensis are abundant in the study area, but are expected to forage over streams, rather 
than meadows or edges (Barbour and Davis 1969) so that the moderately low numbers 
observed may have been a consequence of surveying the wrong habitat. 
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Fig B2. The sample quantile vs. normal quantile plot for the Gaussian model 

suggested that this model was nearly adequately normalized, with a slight tendency 
towards overdispersion.  
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Fig C2. Selection of the minimally adequate basis dimension for smoothed terms 

(k). AIC values for models with autocorrelated errors were lower, and approached 
asymptote more quickly with increasing k, than did AIC for models with non-
autocorrelated errors. The mgcv default value of k = 10 produced the minimally adequate 
autocorrelated error model in this case. 
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Fig D2. The temporal autocorrelation series for M50 data indicated strong and 

moderately autocorrelated errors that were inconsistent across locations. 
 
 
 
 
 

59



 
 
Fig E2. The negative binomial GAMM for M50 indicated that most local counts 

were unimodal with a late summer maximum. Difficulties in fitting the clearly bimodal 
pattern of the data for Waski edge may reflect inadequacy of this model.  

 
 
 

60



 
Fig F2. The sample quantile vs. normal quantile plot for the negative binomial 

GAMM suggests that compliance with normalization of residuals decreased through 
generalization, over that of the Gaussian model.  
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Appendix 3  
 

Myotis_thysanodes 

Fixed terms Random terms Correlation k LogLik DF AIC 

s(Day, by=LocHab) 
+ LocHab  Day|LocHab 40 -253.48 38 582.97 
s(Day, by=LocHab) 
+ LocHab   80 -255.86 37 585.71 
s(Day) LocHab=~Day Day 40 -334.85 8 685.7 
s(Day, by=Habitat) + 
Habitat LocHab=~Day Day 40 -333.85 11 689.69 
s(Day) LocHab=~1 Day 40 -338.89 6 689.79 
s(Day, by=Habitat) + 
Habitat LocHab=~1 Day 40 -338.03 9 694.06 
s(Day) LocHab=~1  80 -373.75 5 757.51 
s(Day, by=Habitat) + 
Habitat LocHab=~1  80 -374.35 8 764.7 
Habitat*(Day+Day2) Location   -414.63 8 845.3 
Habitat*(Day+Day2) Location/Day   -413.96 9 845.9 
s(Day, by=Habitat) + 
Habitat Location=~1  80 -420.29 8 856.57 
s(Day) Location=~1  80 -423.3 5 856.61 
Habitat*(Day+Day2)    -438.48 7 890.95 
Habitat * Day    -465.93 5 941.87 
Habitat + Day    -467.68 4 943.37 
Habitat    -475.17 3 956.34 
Intercept only    -477.67 2 959.35 
 

Table A3. AIC model selection for M. thysanodes favored the model with 
smoothed day terms interacting with habitat within location (LocHab), with temporal 
autocorrelation. Random intercepts on LocHab are implicit within the smoothed term 
interaction.  
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Fig A3. Seasonal activity in the difficult to detect species M. thysanodes. Counts 

for this species were low and erratic.  
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Fig B3. The sample quantile vs. normal quantile plot for the Gaussian model 

suggested that this model was inadequately normalized.  
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Fig C3. Selection of the minimally adequate basis dimension for smoothed terms 

(k). AIC values for models with autocorrelated errors were lower, and approached 
asymptote more quickly with increasing k, than did AIC for models with non-
autocorrelated errors. A value of k = 40 produced the minimally adequate autocorrelated 
error model in this case. Gaps in trace for non-autocorrelated error models indicate non-
convergence errors. 
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Fig D3. The temporal autocorrelation series for M. thysanodes data indicated 

weak autocorrelation of errors.   
 
Note that generalized models failed to converge for M. thysanodes, which had low 

counts. Therefore, no Figures E3 and F3 were prepared.  
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Appendix 4 
  

Q25 

Fixed terms Random terms Correlation k LogLik DF AIC 

s(Day) LocHab=~Day Day 10 -3430.37 8 6876.75 
s(Day) LocHab=~1 Day 10 -3437.44 6 6886.87 
s(Day, by=Habitat) + 
Habitat LocHab=~Day Day 10 -3434.97 11 6891.94 
s(Day, by=Habitat) + 
Habitat LocHab=~1 Day 10 -3441.68 9 6901.35 
s(Day, by=LocHab) 
+ LocHab  Day|LocHab 10 -3429.15 38 6934.3 
s(Day, by=LocHab) 
+ LocHab   80 -3908.31 37 7890.62 
s(Day) LocHab=~1  80 -3946.41 5 7902.83 
s(Day, by=Habitat) + 
Habitat LocHab=~1  80 -4013.52 8 8043.03 
s(Day) Location=~1  80 -4142.83 5 8295.67 
s(Day, by=Habitat) + 
Habitat Location=~1  80 -4213.45 8 8442.9 
Habitat*(Day+Day2) Location/Day   -4469.5 9 8957 
Habitat*(Day+Day2) Location   -4652.55 8 9321 
Habitat*(Day+Day2)    -4694.28 7 9402.55 
Habitat * Day    -5174.46 5 10358.9 
Habitat + Day    -5178.7 4 10365.4 
Intercept only    -5181.14 2 10366.3 
Habitat    -5180.7 3 10367.4 

 
Table A4. AIC model selection for Q25 favored the model with smoothed day and 

no interactions, with temporal autocorrelation. Inclusion of the random term 
LocHab~Day indicated that variation of random intercept terms differed by day, within 
location.  
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Fig A4. Seasonal activity in the acoustic clade Q25, which consists of Tadarida 

brasiliensis, Eptesicus fuscus, Lasionycteris noctivagans, small numbers of L. cinereus, 
and small numbers of Antrozous pallidus (W. Rainey, pers. Com). Local counts were 
unimodal with a late summer maximum. 
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Fig B4. The sample quantile vs. normal quantile plot for the Gaussian model 

suggested that this model was adequately normalized.  
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Fig C4. Selection of the minimally adequate basis dimension for smoothed terms 

(k). AIC values for models with autocorrelated errors were lower, and approached 
asymptote more quickly with increasing k, than did AIC for models with non-
autocorrelated errors. The mgcv default value of k = 10 produced the minimally adequate 
autocorrelated error model in this case. 
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Fig D4. The temporal autocorrelation series for Q25 data indicated highly 

autocorrelated errors that were consistent across locations.   
 
Note that no generalized models were required for data on this clade, which 

produced an adequately normal Gaussian model. Therefore, no Figures E4 and F4 were 
prepared. 
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Appendix 5 
 

M40 

Fixed terms Random terms Correlation k LogLik DF AIC 

s(Day, by=LocHab) 
+ LocHab  Day|LocHab 10 -1264.06 38 2604.11 
s(Day, by=Habitat) + 
Habitat LocHab=~Day Day 10 -1360.29 11 2742.58 
s(Day, by=Habitat) + 
Habitat LocHab=~1 Day 10 -1363.29 9 2744.57 
s(Day, by=LocHab) 
+ LocHab   80 -1340.41 37 2754.82 
s(Day) LocHab=~1 Day 10 -1372.19 6 2756.37 
s(Day) LocHab=~Day Day 10 -1370.47 8 2756.95 
Habitat*(Day+Day2) Location/Day   -1547.53 9 3113 
s(Day) LocHab=~1  80 -1560.97 5 3131.95 
s(Day, by=Habitat) + 
Habitat LocHab=~1  80 -1572.2 8 3160.4 
s(Day, by=Habitat) + 
Habitat Location=~1  80 -1585.37 8 3186.75 
Habitat*(Day+Day2) Location   -1596.7 8 3209 
s(Day) Location=~1  80 -1625.57 5 3261.13 
Habitat*(Day+Day2)    -1679.81 7 3373.63 
Habitat * Day    -1847.82 5 3705.65 
Habitat + Day    -1849.33 4 3706.67 
Habitat    -1855.46 3 3716.92 
Intercept only    -1896.21 2 3796.42 

 
Table A5. AIC model selection for the acoustic clade M40 favored the model with 

smoothed day terms interacting with habitat within location (LocHab), with temporal 
autocorrelation. Random intercepts on LocHab are implicit within the smoothed term 
interaction.  
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Fig A5. Seasonal activity in M40, which consists of M. volans, M. lucifugus, and 

M. ciliolabrum. Local counts were low and unimodal with a summer maximum. 
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 Fig B5. The sample quantile vs. normal quantile plot for the Gaussian model 

suggested that this model was inadequately normalized.  
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Fig C5. Selection of the minimally adequate basis dimension for smoothed terms 

(k). AIC values for models with autocorrelated errors were lower, and approached 
asymptote more quickly with increasing k, than did AIC for models with non-
autocorrelated errors. The mgcv default value of k = 10 produced the minimally adequate 
autocorrelated error model in this case. Gaps in the trace for non-autocorrelated error 
models indicate convergence failure errors.  
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Fig D5. The temporal autocorrelation series for M40 data indicated moderate or 

weakly autocorrelated errors that were inconsistent across locations.   
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Fig E5. The negative binomial GAMM for M40 indicated that local counts were 

low and unimodal with a summer maximum. 
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Fig F5. The sample quantile vs. normal quantile plot for the negative binomial 

GAMM indicates a slight improvement over the Gaussian model, in compliance with 
normalization of residuals.  
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Appendix 6 
 

Myotis_evotis 

Fixed terms Random terms Correlation k LogLik DF AIC 

s(Day, by=LocHab) 
+ LocHab  Day|LocHab 20 112.89 38 -149.77 
s(Day, by=LocHab) 
+ LocHab   80 107.11 37 -140.23 
s(Day, by=Habitat) + 
Habitat LocHab=~1 Day 20 52.64 9 -87.28 
s(Day, by=Habitat) + 
Habitat LocHab=~Day Day 20 54.14 11 -86.29 
s(Day) LocHab=~1 Day 20 45.35 6 -78.7 
s(Day, by=Habitat) + 
Habitat LocHab=~1  80 28.15 8 -40.29 
s(Day) LocHab=~1  80 17.45 5 -24.89 
s(Day, by=Habitat) + 
Habitat Location=~1  80 19.55 8 -23.11 
Habitat*(Day+Day2) Location/Day   17.81 9 -17.62 
Habitat*(Day+Day2) Location   14.61 8 -13.22 
s(Day) Location=~1  80 -7.66 5 25.31 
Habitat*(Day+Day2)    -8.89 7 31.79 
Habitat + Day    -77.16 4 162.32 
Habitat * Day    -76.52 5 163.04 
Habitat    -78.8 3 163.6 
Intercept only    -96.01 2 196.03 
s(Day) LocHab=~Day Day 20     NA 8      NA 
 

Table A6. AIC model selection for M. evotis favored the model with smoothed 
day terms interacting with habitat within location (LocHab), with temporal 
autocorrelation. Random intercepts on LocHab are implicit within the smoothed term 
interaction. NAs in log likelihood and AIC values indicate models that failed to converge. 
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Fig A6. Seasonal activity in the difficult to detect species M. evotis.  Local counts 

were low, some with a late summer maximum. 
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Fig B6. The sample quantile vs. normal quantile plot for the Gaussian model 

suggested that this model was inadequately normalized.  
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Fig C6. Selection of the minimally adequate basis dimension for smoothed terms 

(k). AIC values for models with autocorrelated errors were lower, and approached 
asymptote more quickly with increasing k, than did AIC for models with non-
autocorrelated errors. A value of k = 20 produced the minimally adequate autocorrelated 
error model in this case. 
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Fig D6. The temporal autocorrelation series for M. evotis data indicated weakly 

autocorrelated errors.   
 
Note that generalized models failed to converge for M evotis, which had low 

counts. Therefore, no Figures E6 and F6 were prepared. 
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Appendix 7 
 

Parastrellus_hesperus 

Fixed terms Random terms Correlation k LogLik DF AIC 

s(Day, by=LocHab) 
+ LocHab  Day|LocHab 50 -1962.39 38 4000.78 
s(Day, by=LocHab) 
+ LocHab   80 -2000.59 37 4075.19 
s(Day, by=Habitat) + 
Habitat LocHab=~1 Day 50 -2281.8 9 4581.59 
s(Day) LocHab=~1 Day 50 -2293.04 6 4598.08 
s(Day, by=Habitat) + 
Habitat LocHab=~1  80 -2873.89 8 5763.78 
s(Day) LocHab=~1  80 -2947.02 5 5904.04 
s(Day, by=Habitat) + 
Habitat Location=~1  80 -2960.74 8 5937.48 
Habitat*(Day+Day2) Location/Day   -3036.68 9 6091 
s(Day) Location=~1  80 -3046.32 5 6102.63 
Habitat*(Day+Day2) Location   -3125.88 8 6268 
Habitat*(Day+Day2)    -3620.29 7 7254.58 
Habitat * Day    -3899.97 5 7809.93 
Habitat + Day    -3903.56 4 7815.1 
Habitat    -3910.35 3 7826.7 
Intercept only    -3919.97 2 7843.94 
s(Day) LocHab=~Day Day 50       NA 8      NA 
s(Day, by=Habitat) + 
Habitat LocHab=~Day Day 50       NA 11      NA 

 
Table A7. AIC model selection for P. hesperus favored the model with smoothed 

day terms interacting with habitat within location (LocHab), with temporal 
autocorrelation. Random intercepts on LocHab are implicit within the smoothed term 
interaction.  
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Fig A7. Seasonal activity in P. hesperus. Local counts were highly variable, about 

half unimodal with a late summer maximum. 
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Fig B7. The sample quantile vs. normal quantile plot for the Gaussian model 

suggested that this model was inadequately normalized.  
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Fig C7. Selection of the minimally adequate basis dimension for smoothed terms 

(k). AIC values for models with autocorrelated errors were lower, and approached 
asymptote more quickly with increasing k, than did AIC for models with non-
autocorrelated errors. The mgcv default value of k = 50 produced the minimally adequate 
autocorrelated error model in this case. 

 
 
 
 
 

87



 
Fig D7. The temporal autocorrelation series for P. hesperus data indicated 

moderately or weakly autocorrelated errors that were inconsistent across locations.   
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Fig E7. The quasi-Poisson GAMM for P. hesperus indicated local counts were 

highly variable, about half unimodal with a late summer maximum. 
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 Fig F7. The sample quantile vs. normal quantile plot for the quasi-Poisson 

GAMM indicated a slight improvement over the Gaussian model, in compliance with 
normalization of residuals.  
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Appendix 8 
 

Tadarida_brasiliensis 

Fixed terms Random terms Correlation k LogLik DF AIC 

s(Day) LocHab=~1 Day 10 -3200.42 6 6412.84 
s(Day, by=Habitat) + 
Habitat LocHab=~1 Day 10 -3204.74 9 6427.49 
s(Day, by=LocHab) 
+ LocHab  Day|LocHab 10 -3193.8 38 6463.6 
s(Day, by=LocHab) 
+ LocHab   80 -3446.34 37 6966.68 
s(Day) LocHab=~1  80 -3996.71 5 8003.42 
s(Day, by=Habitat) + 
Habitat LocHab=~1  80 -4014.37 8 8044.73 
s(Day, by=Habitat) + 
Habitat Location=~1  80 -4231.21 8 8478.42 
s(Day) Location=~1  80 -4258.48 5 8526.95 
Habitat*(Day+Day2) Location/Day   -4506.87 9 9032 
Habitat*(Day+Day2) Location   -4655 8 9326 
Habitat*(Day+Day2)    -4907.02 7 9828.04 
Habitat * Day    -5518.3 5 11046.6 
Habitat + Day    -5523.66 4 11055.3 
Habitat    -5583.14 3 11172.3 
Intercept only    -5600.9 2 11205.8 
s(Day) LocHab=~Day Day 10       NA 8      NA 
s(Day, by=Habitat) + 
Habitat LocHab=~Day Day 10       NA 11      NA 
 

Table A8. AIC model selection for T. brasiliensis favored the model with 
smoothed day and no interactions, with temporal autocorrelation. Inclusion of the random 
term LocHab~1 indicated that variation of random intercept terms differed by location. 
NAs in log likelihood and AIC values indicate models that failed to converge. 
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Fig A8. Seasonal activity in the abundant colonial bat T. brasiliensis. Models 

exhibited a simple and plausible pattern, reaching a single maximum in mid-summer. 
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Fig B8. The sample quantile vs. normal quantile plot for the Gaussian model 

suggested that this model was almost adequately normalized, with a slight tendency 
towards underdispersion.  
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Fig C8. Selection of the minimally adequate basis dimension for smoothed terms 

(k). AIC values for models with autocorrelated errors were lower, and approached 
asymptote more quickly with increasing k, than did AIC for models with non-
autocorrelated errors. The mgcv default value of k = 10 produced the minimally adequate 
autocorrelated error model in this case. 
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Fig D8. The temporal autocorrelation series for T. brasiliensis data indicated 

strong to moderately autocorrelated errors that were inconsistent across locations. 
 
Note that no generalized models were required for data on T. brasiliensis, which 

produced an adequately normal Gaussian model. Therefore, no Figures E8 and F8 were 
prepared. 

 
 
 
 
 
 

95



Appendix 9 
 

Euderma_maculatum 

Fixed terms Random terms Correlation k LogLik DF AIC 

s(Day, by=LocHab) 
+ LocHab  Day|LocHab 30 -3427.31 38 6930.61 
s(Day) LocHab=~Day Day 30 -3531.98 8 7079.97 
s(Day) LocHab=~1 Day 30 -3538.41 6 7088.81 
s(Day, by=Habitat) + 
Habitat LocHab=~Day Day 30 -3535.72 11 7093.44 
s(Day, by=Habitat) + 
Habitat LocHab=~1 Day 30 -3542.63 9 7103.25 
s(Day, by=LocHab) 
+ LocHab   80 -3540.1 37 7154.21 
s(Day, by=Habitat) + 
Habitat LocHab=~1  80 -4284.39 8 8584.78 
s(Day) LocHab=~1  80 -4327.59 5 8665.18 
s(Day, by=Habitat) + 
Habitat Location=~1  80 -4429.73 8 8875.46 
s(Day) Location=~1  80 -4468.44 5 8946.88 
Habitat*(Day+Day2) Location/Day   -4545.95 9 9110 
Habitat*(Day+Day2) Location   -4615.27 8 9247 
Habitat*(Day+Day2)    -5010.1 7 10034.2 
Habitat + Day    -5603.72 4 11215.4 
Habitat * Day    -5603.49 5 11217 
Habitat    -5605.74 3 11217.5 
Intercept only    -5607.32 2 11218.6 
 

Table A9. AIC model selection for E. maculatum favored the model with 
smoothed day terms interacting with habitat within location (LocHab), with temporal 
autocorrelation. Random intercepts on LocHab are implicit within the smoothed term 
interaction.  
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Fig A9. Seasonal activity in the abundant bat E. maculatum. Counts differed 

strongly by location, and in some cases were erratic. 
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Fig B9. The sample quantile vs. normal quantile plot for the Gaussian model 

suggested that this model was adequately normalized.  
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Fig C9. Selection of the minimally adequate basis dimension for smoothed terms 

(k). AIC values for models with autocorrelated errors were lower, and approached 
asymptote more quickly with increasing k, than did AIC for models with non-
autocorrelated errors. A value of k = 30 produced the minimally adequate autocorrelated 
error model in this case. 
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Fig D9. The temporal autocorrelation series for E. maculatum data indicated 

moderately autocorrelated errors that were consistent across locations.  
 
Note that no generalized models were required for data on E. maculatum, which 

produced an adequately normal Gaussian model. Therefore, no Figures E9 and F9 were 
prepared. 
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Appendix 10 
 

Eumops_perotis 

Fixed terms Random terms Correlation k LogLik DF AIC 

s(Day, by=LocHab) 
+ LocHab  Day|LocHab 20 -3758.91 38 7593.81 
s(Day) LocHab=~Day Day 20 -3791.19 8 7598.39 
s(Day) LocHab=~1 Day 20 -3796.05 6 7604.09 
s(Day, by=Habitat) + 
Habitat LocHab=~Day Day 20 -3804.2 11 7630.4 
s(Day, by=Habitat) + 
Habitat LocHab=~1 Day 20 -3809.06 9 7636.11 
s(Day, by=LocHab) 
+ LocHab   80 -3889.28 37 7852.56 
Habitat*(Day+Day2) Location/Day   -4699.54 9 9417 
s(Day) LocHab=~1  80 -4786.66 5 9583.33 
s(Day, by=Habitat) + 
Habitat LocHab=~1  80 -4793.8 8 9603.59 
s(Day, by=Habitat) + 
Habitat Location=~1  80 -4805.32 8 9626.64 
s(Day) Location=~1  80 -4840.53 5 9691.07 
Habitat*(Day+Day2) Location   -5123.14 8 10262 
Habitat*(Day+Day2)    -5688.78 7 11391.6 
Habitat    -6068.89 3 12143.8 
Habitat * Day    -6067.39 5 12144.8 
Habitat + Day    -6068.8 4 12145.6 
Intercept only    -6085.37 2 12174.7 

 
Table A10. AIC model selection for E. perotis favored the model with smoothed 

day terms interacting with habitat within location (LocHab), with temporal 
autocorrelation. Random intercepts on LocHab are implicit within the smoothed term 
interaction.  
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Fig A10. Seasonal activity in the abundant and easy to detect bat E. perotis. 

Counts varied strongly by location. 
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Fig B10. The sample quantile vs. normal quantile plot for the Gaussian model 

suggested that this model was adequately normalized.  
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Fig C10. Selection of the minimally adequate basis dimension for smoothed terms 

(k). AIC values for models with autocorrelated errors were lower, and approached 
asymptote more quickly with increasing k, than did AIC for models with non-
autocorrelated errors. A value of k = 20 produced the minimally adequate autocorrelated 
error model in this case. 
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Fig D10. The temporal autocorrelation series for E. perotis data indicated highly 

autocorrelated errors that were consistent across locations and persistent for many days. 
 
Note that no generalized models were required for data on E. perotis, which 

produced an adequately normal Gaussian model. Therefore, no Figures E10 and F10 were 
prepared. 
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