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ABSTRACT

THE TECHNOLOGY AND ECOLOGY OF WILDLIFE HABITAT SELECTION RESEARCH

By
Robert A. Montgomery

Habitat selection research is devoted to understanding how organisms make use of their
environment. Moving beyond mere documentation of habitat that organisms use, this field is
defined by striving to understand why an organism selects a particular habitat and to determine
the mechanisms that drive a population of organisms to inhabit certain areas. Assessments of
this type depend on the ability to reliably locate animals in their environment. Two methods for
evaluating the location of animals in space are telemetry technology and discrete animal
locations (e.g., carcasses). In this dissertation | demonstrate how to derive ecological inferences
from data collected by each of these methods. First, | assess the influence of telemetry error on
habitat selection models (Chapters 1 and 2). Results from this research indicate that the accurate
of wildlife habitat selection models is conditional on the interaction of telemetry error, covariate
resolution, and patch size characteristics inherent to the study area. For instance, higher
accuracies are expected in larger patch sizes. However, for imprecise telemetry systems (mean
telemetry error = 174 m, SD = 130 m) complete accuracy (1.00) was not attained until patches
sizes were unusually large (> 450 ha). Large patch sizes (> 200 ha) were also necessary to
achieve complete accuracy for highly resolute telemetry systems (1-5 m telemetry error). These
results articulate that non-point based techniques (e.g., utilization distributions, state space
models) should be employed in habitat selection research. | next provide an overview of habitat
selection research focusing on the methodological techniques employed to understand animal-
habitat associations (Chapter 3). This chapter serves as a guide for conducting habitat selection

research. Finally, I demonstrate the influence of individual body conditions on animal decision-



making using the location of predator-killed animals (Chapters 4 and 5). These two chapters
document that the body condition of the individual, in combination with prevailing abiotic and
biotic factors, affects habitat selection. Furthermore, this effect on prey habitat selection can
generate specific landscape-level patterns in predation which have important ecological
consequences. My research presents a template by which others can evaluate the effect of
telemetry error and individual body conditions on habitat selection. | broadly illustrate the
means by which habitat selection research can inform ecology through analyses of organism-

habitat associations.
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INTRODUCTION

Evidence of human interest in wildlife dates back to 30,000 BC. with Paleolithic cave
drawings depicting predators, prey, and the habitat in which they reside (Kalof 2007). These
paintings in the mountains of southwest France demonstrate a keen interest in animal
observation. One of the most well-known of the early naturalists was Aristotle. Aristotle was a
keen wildlife observer and made many notations of the habitat that various species used
(Morrison et al. 2006). Though artists carefully scrutinized the natural world to capture the
elegance and brutality of animal-habitat associations and human-animal interactions, there is
little evidence of naturalistic observation between Aristotle’s time and the 17th — 18th centuries
(Morrison et al. 2006). It was during the 17th and 18th centuries that naturalistic observation
was dominated by the development of naming conventions and classifications for plants and
animals (Blunt 2004). The period between the middle of the 18th century and the middle of the
19th century was defined by naturalism in its purest form, with a focus on qualitative description,
as eminent naturalists such as Charles Darwin and Alfred Russel Wallace developed the concepts
of speciation and evolution by natural selection (Browne 2010). Since Darwin’s publication of
the Origin of Species (1859) there has been a vast succession of technological innovations to
support ever more complex quantitative assessments of animal behavior, population ecology, and
habitat selection (Kingsland 1995).

One of the most important technological advancements occurred in the middle of the 20th
century when researchers at the University of Minnesota adopted telemetry technology for use in
wildlife research (Benson 2010). Telemetry, which literally translates to remote measurement,

was utilized by the US Government during the Cold War and was retrofitted for animal



observation (Benson 2010). This technique allowed scientists to non-invasively track animals
through the wilderness documenting animal presence at various intervals by relocating the radio
frequencies associated with small tags or collars attached directly to the animal subject. In 1960,
Dwain Warner and John Tester were field testing Very High Frequency (VHF) radio tags on
ruffed grouse (Bonasa umbellus). Shortly thereafter John and Frank Craighead fitted radio
collars to grizzly bears (Ursus horriblis) in the Greater Yellowstone Ecosystem, a feat which
earned notoriety through National Geographic coverage and a CBS documentary (Benson 2010).
The Craighead’s research led to publications in major peer-reviewed journals and a 1979 book
titled Track of the Grizzly. The depth of this research and the attention it garnered propelled
telemetry technology to the forefront of habitat selection research. As a result, telemetry has
developed into one of the main techniques used to study habitat selection. This technology was
an improvement on the animal tracking and habituation efforts which were time consuming and
regularly yielded little to no information due to the wariness of many animals for humans
(Montgomery 2005). However, this unparalleled telemetry technology was not without its
drawbacks.

Animal locations acquired from VHF telemetry technology could be imprecise (errors
from 10’s to 1000’s of meters; White 1985, Nams and Boutin 1991) because of interference
associated with weather, topography, animal movement, technology, and vegetation structure
(Moen et al 1997, Moen et al. 2001, Gantz et al. 2006, Hebblewhite et al. 2007). These
telemetry errors increase the probability of misidentifying wildlife habitat selection (Garton et al.
2001, Kenward 2001). Seminal publications highlighted the importance of quantifying this error
and explicitly incorporating it into the study design (White and Garrott 1990, Saltz 1994).

Techniques for incorporating telemetry error include 1) ignoring the error, 2) rescaling covariate



surfaces to exceed the error, 3) mean sampling within the mean error buffer around each
locations, 4) majority sampling within a mean error buffer, and 5) bivariate-weighted sampling
within the maximum error buffer. While each of these techniques was based on sound logic, the
ability of these techniques to accurately incorporate error was never evaluated. Chapter 1 of my
dissertation explores this topic. In this chapter I create virtual environments and simulate animal
locations, typical of those captured from VHF telemetry, within these environments. | induce
these locations with error, evaluate the ability of each technique to incorporate that error, and
examine the consequences of that error for ecological inference. | also apply an assessment of
data from a ‘real environment’ with actual VHF telemetry locations collected on elk in Custer
State Park, South Dakota, USA.

By the late 20th century the field of habitat selection research advanced once again with
the development of Global Positioning System (GPS) technology. This new technology is more
precise than VHF with telemetry errors commonly less than 12 m (Cargnelutti et al. 2007).
Because these errors were often considered minor in comparison to those associated with VHF
telemetry, researchers would regularly ignore the error altogether and continue with their study
design. The second chapter of my dissertation assesses the consequences of ignoring telemetry
errors typical of GPS technology. | simulate a range of telemetry errors consistent with GPS
telemetry technology and reveal the effects of ignoring such errors on ecological inference.

While the first two chapters of my dissertation explore the influence of technology on
habitat selection research, the third chapter acts as a bridge between technology and ecology.
There are many other techniques, much apart from those that relate to telemetry technology, used
to study wildlife habitat selection. These include direct visual observation, visual or auditory

surveys, trapping (both physical and camera), and other evidence of occurrence including animal



tracks, scat, and carcass locations. Moreover, there are a number of models developed to
describe animal-habitat associations. In Chapter 3, | perform a thorough review of techniques
used to collect and analyze locations of animals in space. | frame the importance of these
techniques in their ability to make valid ecological inferences. | also discuss some of the
limitations on inference that relate to technological and methodological issues.

In the final two chapters of my dissertation | focus my efforts on the interactions of
wolves (Canis lupus) and moose (Alces alces) in Isle Royale National Park, Lake Superior, USA.
My research aimed to reveal the importance of individual body conditions on animal decision-
making, expressed through habitat selection. The wolf-moose research on Isle Royale has been
one of the longest running studies of predator-prey dynamics anywhere in the world (Wilmers et
al. 2006). As such, | accessed an extensive dataset describing the location of wolf-killed moose
on the island over 50 years (1959-2008). The objectives of this analysis were to assess the
relative influence of individual body conditions (age category, sex, and incidence of pathology)
and environmental factors (moose density, predation risk, and winter severity in both year t and
t-1) on the habitat selection of moose.

In Chapter 5, | evaluate whether specific landscape-level patterns are associated with
areas where wolves kill moose with differing individual condition. | modeled a broad set of
environmental features associated with areas where wolves killed moose at two spatial scales;
scale 1 = scale typical of a moose home range, scale 2 = scale typical of daily within home range
moose habitat selection. My motivation was to assess whether moose with certain individual
body conditions (i.e., senescent-associated pathology or not) would select a specific set of

environmental features directly before dying from wolf predation. My interest also extended to



whether wolves were capable of successfully hunting moose with differing individual body
conditions in environmental space.

The results of my dissertation have relevance to the entire discipline of habitat selection
research. They speak to both the technological and ecological sides of this research area and
make an important contribution to the understanding of error and individual body conditions in
habitat selection research. In particular, my dissertation makes specific implications for the
arenas of management and ecology. Managers can use the methods and results presented in
Chapters 1 and 2 to identify the ramifications of telemetry error. This process could yield more
accurate habitat selection models, or at the very least, models that carefully present their
ecological inferences in relation to the prevailing telemetry error. The review of methodological
considerations associated with habitat selection research presented in Chapter 3 should be of
broad interest to students and professionals alike. Chapters 4 and 5 should help ecologists
recognize the importance of conditions specific to the individual in habitat selection research.
Consideration of conditions such as senescence and senescence-associated pathology may
account for important sources of variation in habitat selection research. It is my hope that
researchers across the broad spectrum of animal behavior and habitat selection research will find

my dissertation of direct utility to their work.



CHAPTER 1
CAN WE ACCURATELY CHARACTERIZE WILDLIFE RESOURCES USE WHEN
TELEMETRY DATA ARE IMPRECISE?
ABSTRACT
Telemetry data have been widely used to quantify wildlife habitat relationships despite

the fact that these data are inherently imprecise. All telemetry data have positional error and
failure to account for that error can lead to incorrect predictions of wildlife resource use. Several
techniques have been used to account for positional error in wildlife studies. These techniques
have been described in the literature, but their ability to accurately characterize wildlife resource
use has never been tested. | evaluated the performance of techniques commonly used for
incorporating telemetry error into studies of wildlife resource use. This evaluation was based on
imprecise telemetry data (mean telemetry error = 174 m, SD = 130 m) typical of field-based
studies. | tested 5 techniques in 10 virtual environments and in one real-world environment for
categorical (i.e., habitat types) and continuous (i.e., distances or elevations) rasters. Technique
accuracy varied by patch size for the categorical rasters, with higher accuracy as patch size
increased. At the smallest patch size (1 ha), the technique that ignores error performed best on
categorical data (0.31 and 0.30 accuracy for virtual and real data, respectively), however as patch
size increased the bivariate-weighted technique performed better (0.56 accuracy at patch sizes
>31 ha) and achieved complete accuracy (i.e., 1.00 accuracy) at smaller patch sizes (472 ha and
1,522 ha for virtual and real data, respectively) than any other technique. | quantified the
accuracy of the continuous covariates using the mean absolute difference (MAD) in covariate
value between true and estimated locations. | found that average MAD varied between 104 m

(ignore telemetry error) and 140 m (rescale the covariate data) for the continuous covariate



surfaces across virtual and real data sets. Techniques that rescale continuous covariate data or
use a zonal mean on values within a telemetry error polygon were significantly less accurate than
other techniques. Although the technique that ignored telemetry error performed best on
categorical rasters with smaller average patch sizes (i.e., <31 ha) and on continuous rasters in my
study, accuracy was so low that the utility of using point-based approaches for quantifying
resource use is questionable when telemetry data are imprecise, particularly for small-patch

habitat relationships.

INTRODUCTION

Telemetry data are widely used to locate wildlife in spatial and temporal dimensions.
These data enable scientists to detect animal carcasses (Mech 1967), locate bird nests and
mammal dens (Craighead and Craighead 1970), and conduct population assessments (White and
Shenk 2001). Wildlife telemetry has also advanced our understanding of animal behavior
(Cooper and Millspaugh 1999), animal movement paths (Pace 2001), and wildlife resource use
(Johnson et al. 2008a). Models for wildlife resource selection typically compare environmental
features that intersect estimated wildlife locations to those that are available (Johnson 1980,
Manly et al. 2002, Christ et al. 2008). Some have questioned whether telemetry data can reliably
inform these models because inherent telemetric error often masks true animal locations (Heezen
and Tester 1967, Saltz 1994, White and Garrott 1990). Locations estimated from Global
Positioning Systems (GPS) can be tens to hundreds of meters in error of true animal locations
(s et al. 1986; Moen et al. 1996, 1997). Very high frequency (VHF) systems may have
locational error that exceeds thousands of meters (Mech 1983, White 1985, Chu et al. 1989,
Nams and Boutin 1991). These positional errors can be caused by canopy cover (Chu et al. 1989,

Rempel et al. 1995, Dussault et al. 1999), topography (Mech 1983, Gantz et al. 2006),



technological differences (Saltz and Alkon 1985, Carrel et al. 1997, Hebblewnhite et al. 2007),
user error (Hoskinson 1976, Kenward 2001), animal movements (Schmutz and White 1990,
Moen et al. 1996, 2001), and weather (Hupp and Ratti 1983, Moen et al. 1997). Failure to
recognize and incorporate positional error of telemetry data decreases the power of statistical
tests (White and Garrott 1986) and increases the potential for incorrectly predicting resource use
(Samuel and Kenow 1992, Garton et al. 2001, Kenward 2001).

Accuracy was rarely evaluated during the early years of telemetry use (Nams 1989).
More recently the importance of error quantification has been highlighted (Lee et al. 1985, Saltz
1994). Estimates of positional accuracy are produced by locating geo-referenced transmitters in
conditions that emulate field data collection. The geo-referenced, or known location, is
compared to the location acquired using the telemetry system and an offset distance is
determined. The process is repeated over time under various field conditions resulting in a mean
accuracy for the telemetry system and corresponding study design (White 1985, Garrott et al.
1986, White and Garrott 1990). Therefore, telemetry accuracy is often portrayed as the mean
distance between estimated and true locations (Rempel et al. 1995, Withey et al. 2001). The
accuracy assessment thus provides a method to explicitly quantify and incorporate positional
error into subsequent analyses to reduce the chances of Type | statistical errors (Saltz 1994,
Johnson and Gillingham 2008).

Generally 5 techniques are used to address positional telemetry error in wildlife resource
use studies. The first technique (ignore) is to neglect the error and assume that the estimated
telemetry location is the best approximation (Robel et al. 1970, Wallestad 1971). The ignore
technique was widely used during the inception of telemetry studies and less so thereafter (Hupp

and Ratti 1983), although it continues to be a common approach. The second technique (rescale)



alters the resolution of covariate data to align with the mean telemetry error (Koehler and
Hornocker 1989, Servheen and Lyon 1989, Telesco and VVan Manen 2006). The rescale
technique explicitly incorporates telemetry error into the resource use analysis, but the covariate
data are generalized and as such important fine scale habitat relationships may go undetected
(Roloff et al. 2009). The third technique (zonal mean) recognizes that the error around telemetry
locations can be portrayed as polygons (e.g., Heezen and Tester 1967). The zonal mean
technique uses an average of the covariate data that intersects with the error polygon (Dickson
and Beier 2002). The fourth technique (zonal majority) is also based on the error polygon, but in
this case the most frequently occurring covariate value is assigned to the telemetry location
(Mace et al. 1996, 1999). The fifth technique (bivariate-weighted) utilizes a half-normal decay
function to weight covariate values intersecting the error polygon (e.g., McKelvey and Noon
2001, Findholt et al. 2002, Copeland et al. 2007). The half-normal decay results in a weighted
covariate value, with weighting based on proximity to the estimated telemetry location.
Covariate values closer to the estimated location are weighted heavier than those farther away
and a mean of these weighted covariates is assigned to the telemetry location. Despite the
availability of each technique, no evaluation has examined the efficacy of these techniques for
incorporating positional error of wildlife telemetry data.

White and Garrott (1990:200) stated that wildlife resource use models “require a precise
estimate of an animal’s location so that it can be correctly placed in a habitat type.” This
contention is logical but assessments of telemetry precision and subsequent impacts to resource
use remain untested, likely because of our inability to know true animal locations from telemetry
data (Heezen and Tester 1967). My objectives were to evaluate the accuracy and precision of

commonly used techniques for incorporating telemetry error into wildlife resource use studies. |



conducted this evaluation by constructing virtual environments and generating categorical and
continuous covariate rasters with patchiness and continuity that emulated realistic conditions. |
then simulated true wildlife locations, added error to create estimated wildlife locations, and
tested the ability of each technique to accurately characterize resource use across the virtual
environments. | also applied this process to real data using elk (Cervus elephus) telemetry and

covariate data from Custer State Park, South Dakota.

METHODS

I reviewed 100 scientific studies of terrestrial wildlife resource use that utilized telemetry
data to guide the selection of a virtual study area size. These articles were published in 15 peer-
reviewed journals since 1995 with most from the Journal of Wildlife Management (n = 75).
Median study area size (560 km2) from this review defined the extent of my virtual
environments (Figure 1a). | generated 10 virtual environments to serve as replicates in my
analysis. | subsequently generated categorical (Figure 1b) and continuous (Figure 1c) rasters at a

commonly used spatial resolution (30 m) within each virtual environment.
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(a)

40 km

Figure 1. A virtual environment (1 of 10) created for evaluating effects of telemetry error on
assigning covariate values to telemetry locations. (a) Outline of the virtual environment with a
study area size of 560 km2 (b) Categorical covariate raster simulating habitat type (c)
Continuous covariate raster representing distance to a linear feature.

Covariate Rasters

| generated covariate rasters to portray predictor variables commonly used in wildlife
resource modeling. | intended the categorical rasters to represent landcover types. | generated
categorical rasters of differing patch sizes to assess the influence of patch size on accuracy of the
telemetry error techniques. | intended the continuous raster to represent any continuously
depicted environmental variable like distance or elevation.

| developed a process in ArcGIS 9.2 to create the categorical (landcover) rasters (n = 10).
The first step in this process was the creation of a random raster using a Poisson distribution
function with a mean range of 35 to 100. | next used a series of boundary cleaning tools (no sort,
descend, and ascend) and filters (majority and expand) from the Spatial Analyst extension to
aggregate cells into patchy rasters (e.g., Figure 1b). | iterated this process to produce 10 unique

rasters with 7 to10 landcover categories each. These 10 categorical rasters contained patches

that varied in number (count) and size (min., max., X, and SD; Table 1).
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| developed continuous covariate rasters (n = 10) representing distance to a linear feature
(e.g., Figure 1c). To randomize the nature of the linear features | randomly generated 50 points
inside the study area boundary for each virtual environment and used a random number generator
to assign a unique identification value to each point. | then converted these points to lines by
sequentially connecting their identification values and calculated Euclidean distance to line

rasters.

Table 1. Patch size statistics for the virtual categorical landcover rasters. Count refers to the
number of patches per raster, whereas the minimum, maximum, X, and SD values are patch size
statistics measured in hectares (ha). Consistency among minimum patch size values was a
byproduct of the spatial resolution, 30 m (0.09 ha), of the rasters.

Categorical raster  Count Min. Max. X SD
1 1,875 0.09 741.78 30.55 60.70
2 3,367 0.09 1,393.38 17.01 51.66
3 6,438 0.09 3,066.84 8.90 78.50
4 9,097 0.09 1,452.60 6.30 36.86
5 8,939 0.09 700.56 6.41 18.20
6 8,006 0.09 857.25 7.16 25.82
7 7,514 0.09 7,042.86 7.62 92.55
8 8,140 0.09 413.82 7.04 15.38
9 3,190 0.09 8,347.23 17.96 153.60
10 3,468 0.09 1,369.89 16.52 55.95

True and Estimated Animal Locations

| randomly generated 1,000 points per virtual environment that represented true animal
locations. | assigned categorical and continuous covariate values to each true location using the
Intersect Point Tool in Hawth’s Analysis Tools (Beyer 2004).

| added error to true animal locations to generate estimated locations. These estimated

locations were analogous to data collected during typical telemetry studies. | used this sample of
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100 published telemetry studies to calculate a mean positional error. Telemetry error is
traditionally under-reported (Saltz and Alkon 1985, Saltz 1994, Withey et al. 2001) and,
consistent with that observation, only 50 of the studies in my sample reported positional
accuracy around the telemetry location. These values were reported as a mean (n = 28), median
(n =2), range (n = 9) and upper error range (n = 2), and area (n = 8) and upper error area (n = 1).
In cases where range was provided, | used the upper end of the error range in this analysis and
when telemetry error was expressed as an area, | calculated the corresponding radius. From
these studies | generated a mean error radius of 174 m (SD = 130 m) for use in this analysis.
With the telemetry error identified, | needed to determine whether a half-normal or
exponential model better fit the distribution of these data (mean telemetry error =174 m, SD =

130 m). I let a random variable X be distributed as a normal distribution with mean zero and

variance 52; X ~ N (0,52). | then obtained the half-normal by taking Y = |X|, (a special case of

a folded normal distribution, Johnson et al. [1994:170]), and the mean of Y is

u=E(Y) =842/ 7, and the standard deviation of Y is o = \/var(Y) =51-2/7 . Given these
calculations, I can use the mean and standard deviation of the telemetric error to get 2 estimates
of ¢ in the half-normal. First, I can solve

174=6\2/ 7 = 5 = 2180767
Alternatively, I can solve

130=6V1-2/ 7 = 6 =215.6566
These values are similar, implying that the half-normal is a reasonable model for these data. For

an exponential distribution for Y with parameter &, the mean of Y is = E(Y) =6 and the

standard deviation of Y isa =,/var(Y) =8. The magnitude of difference in 8 (X =174 and
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SD 8 =130) demonstrates that the half-normal is a better model for the error distribution in my
data. I might also consider 2-parameter models, such as the weibull and gamma distributions,
but given the solutions for the single parameter model using the half-normal are similar, |
selected the simpler model (half-normal) which is consistent with the expected distribution of
telemetry error (Springer 1979). 1 used 0 =217 as the parameter estimate, drew from a N(O,
217) normal distribution, and took the absolute value to simulate the radius of the telemetry
error. | then randomly selected a bearing angle and generated a point at the radial distance from
the true point.

The orientation and shape of a VHF error polygon is influenced by triangulation method,
azimuth angle, equipment type, and distance to the animal (Mech 1983). Similarly, the shape of
GPS error (though variable by GPS unit and satellite fix; Moen et al. 1997) is generally circular
(s et al. 1986). Thus, my assumption that a circle radius can be used to portray the shape of an
error polygon is reasonable (e.g., Nams 1989, Rettie and McLoughlin 1999, Visscher 2006),

though 1 acknowledge that telemetry error may exhibit directional bias in some studies.

Error Techniques

The ignore technique neglects the inherent telemetric positional error. 1 used the Intersect
Point Tool to assign categorical and continuous covariate values to the estimated locations for
the ignore technique.

| utilized the majority function in the Resample Tool of ArcGIS to rescale the categorical
and continuous rasters from a spatial resolution of 30 m to 174 m, matching the mean telemetry
error in my study. Once | rescaled the covariate data | again assigned covariate values using the

Intersect Point Tool.
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Zonal mean is based on the average of covariate values that intersect with the error
polygon. The zonal majority is based on the most frequently occurring covariate value within
the error polygon. | buffered each estimated location by the mean error of 174 m and calculated
these zonal statistics for the covariate values within the error polygons.

Several techniques have been developed to weight covariate data within the error polygon
by the half-normal decay. The half-normal decay translates to a higher probability of the true
animal location being towards the center of the error polygon than to its periphery. The
periphery of the error distribution used in this analysis was at 714 m, corresponding to the
distance that contains 99.9% of the error distribution. | buffered the estimated locations by 714
m to create an error polygon. | populated the error polygon with an array of points spaced 30 m
apart (matching the spatial resolution of the covariate data) using the Point Sampling Tool in
Hawth’s Analysis Tools. | calculated the distance (d) of these points from the polygon center
and converted these distances to probabilities based on the half-normal distribution using the

following equation.

| assigned covariate data for categorical rasters by calculating cumulative totals of the
weights by category within the error polygon and selecting the category with the largest value. |
created the bivariate-weighted value for the continuous rasters by weighting covariate values

with the half-normal distribution and calculating a weighted mean.

Parameter Averaging
I modeled the effect of patch size by first evaluating the relationship between patch size

(abscissa) and proportion correct (ordinate) using scatterplots. | used a logarithmic function
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(general form y = g + /f1 * Logl0(Patch Size)]) to represent these relationships for all 10

virtual environments and the elk data. | averaged the beta coefficients to generate a mean
logarithmic function of technique performance. | subsequently used these average logarithmic
functions to compare error technique performance across patch sizes that varied from 1 to 10,001

ha.

Elk Data

| used telemetry data collected on 21 females and 7 male adult elk in Custer State Park,
South Dakota (Figure 2a). Millspaugh et al. (1995) detailed the methods used for capture,
anesthetizing, and collaring elk. Each elk was fitted with a mortality-sensing Lotek VHF
radiocollar. Elk were located several times weekly by triangulation and visual observation.
Surveys were conducted throughout the day and during all seasons using surface triangulation
methods (Mech 1983). Observations were collected >28 hours apart to minimize temporal
autocorrelation (Swihart and Slade 1985a,b). The resultant dataset included >12,000 elk
locations, but I limited the dataset to 10,000 as some locations were beyond the extent of the
covariate rasters. | treated these 10,000 elk locations as true and induced positional error to
create estimated locations using the aforementioned process. For comparative purposes to the
virtual analysis, | assumed a mean telemetry error of 174 m with a standard deviation of 130 m.
The mean telemetry error estimate was comparable to mean error measured during the elk study
(176 m; Roloff et al. 2001a).

| used a 30-m land cover raster (Figure 2b) that included classes such as deciduous trees,
ponderosa pine (Pinus ponderosa), low cover grassland, and others (Roloff et al. 2001a). Patch
sizes ranged from 0.09 - 6038 ha. For a continuous covariate raster (Figure 2c¢) | generated a

distance to primary road raster. Custer State Park has 103 km of primary road and | created a
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Euclidean raster by calculating distance to these linear features. | assigned covariate values for

each error technique using the same methodologies as previously described.

30 km

Figure 2. Data from Custer State Park, South Dakota. (a) Outline of the park, which is 286 km2
(b) Categorical covariate raster depicting landcover classes as derived from photo interpretation
(Roloff et al. 2001) (c) Continuous covariate raster portraying distance to primary road.

Statistics

Statistics for my analysis varied by covariate raster. For categorical rasters | compared

the true (Tj) to the estimated (Ej) values by calculating the proportion correctly identified. For

continuous rasters, | calculated the mean absolute difference (MAD) between true values for the

ith location (Ti) and estimated values for the ith location (E;):
1 n
MAD == »|E. T |
n. | |
=1
where n = total number of locations. Mean absolute difference ranges from zero (no errors) to

infinity, with the magnitude of the statistic corresponding to magnitude of the error in map units.
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RESULTS
Categorical Data

Accuracy of the techniques for incorporating telemetry error varied by virtual
environment and this variability appeared to associate with mean patch size of each environment
(Figure 3). Although performance of telemetry error techniques varied among the virtual
environments (ranging from 0.42 to 0.66 proportion correct), for any single environment
performance was consistently within 0.10 for all techniques (Figure 3). These results indicate
that performance of any telemetry error technique is influenced by raster patch properties.
Average logarithmic functions indicated that the ignore technique had the highest accuracy
(0.31) at the smallest patch size (1 ha; Figure 4a) but accuracy for ignore at larger patch sizes
was lowest among the techniques evaluated (Figure 4b). In contrast, the bivariate-weighted
technique performed worst (0.00 accuracy) at the smallest patch size (Figure 4a), but
outperformed all other techniques as patch size increased (Figure 4b). Bivariate-weighted
became a better technique than ignore in my simulated environments as patch sizes exceeded 31
ha (Figure 4a). Coefficient averaging suggests that the bivariate-weighted technique is
completely accurate (i.e., 1.00 accuracy) at patch sizes >471 ha, whereas the ignore technique
did not reach 1.00 accuracy (max. = 0.95) at any of the patch sizes | evaluated (1-10,001 ha;
Figure 4b). The zonal majority and rescale techniques performed comparably, with zonal
majority slightly more accurate (Figure 4b), but neither technique was completely accurate for
the range of patch sizes | evaluated. My results for categorical covariates indicate that
techniques for incorporating telemetry error into wildlife resource use models are only

completely accurate for large (i.e., >471 ha) patch sizes.
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Figure 3. Proportion of estimated locations correctly classified across categorical covariates for
each technique of incorporating telemetry error by virtual environment. Mean patch size of each
virtual environment is portrayed as a second y-axis.

Similar to the virtual environments, patch size influenced performance in the elk data. At
the smallest patch size (1 ha), ignore (0.30 accuracy) outperformed the other error techniques
(0.10 to 0.28 accuracy; Figure 4c). Consistent with the results from the virtual environments, the
bivariate-weighted technique outperformed other techniques as patch size increased (Figure 4d).
Specifically, bivariate-weighted produced higher accuracy estimates than the other techniques
when patches sizes were >39 ha (Figure 4c). Logarithmic modeling for the bivariate-weighted
technique indicated that this approach was accurate (1.00) at patch sizes >1,521 ha (Figure 4d).
My results for the elk data verify the trends in technique performance observed from the virtual
environments, i.e., that none of the error techniques are accurate at patch sizes that are

commonly used to map habitat classes.
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Figure 4 Trends in accuracy with increasing patch size for the categorical covariates as
represented by averaged logarithmic models for virtual environment (n = 10) patch sizes (a) 1-
201 ha and (b) 1-10,001 ha, and as represented by the logarithmic model for Custer State Park
elk data for patch sizes (¢) 1-201 ha and (d) 1-10,001 ha.
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Continuous Data

The best performing techniques for addressing positional error on continuous data across
the virtual environments were ignore (MAD = 104 m) and zonal mean (MAD = 105 m),
followed by bivariate-weighted (MAD = 107 m), zonal majority (MAD = 130 m), and rescale
(MAD =140 m; Table 2). The environment was less influential on the average accuracy of
telemetry error technique (Figure 5) than | observed for categorical data (Figure 3), indicating
that spatial characteristics (e.g., gradients in distance measures) of the individual virtual
environments had less influence on technique performance. My analysis indicated that
continuous covariate value assignment was >104 m in error of the true covariate value across the
virtual environments. In Custer State Park the ignore technique was again the top performer with
105 m of error, followed by bivariate-weighted (MAD = 108 m), then zonal mean (MAD = 126

m). Zonal majority and rescale were tied with 139 m of error.

Table 2. Descriptive statistics of the mean absolute difference (MAD) between true and
estimated values for the virtual continuous covariates (representing distance in [m] in my
analysis) and the elk data collected in Custer State Park. | present SD values and 95%
confidence intervals for the replicated virtual environments (n = 10).

Virtual environments n = 10 Elk data
Technique MAD SD 95% CI MAD
Ignore 104 3.3 102.0-106.0 105
Rescale 140 5.0 137.1-143.3 139
Zonal majority 130 4.8 127.3-133.3 139
Zonal mean 105 3.5 102.7-107.1 126
Bivariate-weighted 107 3.1 105.3-109.1 108
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Figure 5. Mean absolute differences (MAD) among telemetry error techniques between true
values and estimated values for continuous covariates by virtual environment.

DISCUSSION

Variation in environmental patchiness can substantially influence resource use studies
that rely on telemetry data (Samuel and Fuller 1994). Consistent with my findings, smaller
patches increase the likelihood of misidentification (Findholt et al. 1996). When analyzed across
multiple patch sizes, the ignore technique performed best at smaller patch sizes. In my study,
patch sizes needed to be substantially larger (50x virtual landscape, 160x for elk landscape) than
the mean error polygon to be completely accurate. Due to inherent error associated with

telemetry data, it is doubtful that resource use studies can be accurate except in situations where
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patches consistently encapsulate the telemetry error polygon (Saltz 1994, Rettie and McLoughlin
1999). However, this generality overlooks the tendency of some wildlife species to purposefully
position themselves near patch edges. My results indicate that patch sizes must be large and
blocky enough so that the potential for inclusion of multiple landcover categories within the error
polygon is low. | caution that my simulated patch shapes tended to be blocky and thus poor
representations of cover types that are long and linear (e.g., riparian areas). However, | expect
accuracy to be lower in less blocky patches and my results likely portray optimistic accuracy
estimates.

Continuous covariate data are commonly used in wildlife resource use modeling (e.g.,
Mladenoff et al. 1995, Ager et al. 2003). My analysis demonstrated that when telemetry data are
imprecise the best technique was ignore (Table 2). | showed that the commonly used techniques
for incorporating telemetry error into wildlife resource use models do not produce accurate
results when telemetry error was approximately 6x the size of my continuous covariate
resolution (mean telemetry error = 174 m, spatial resolution = 30 m). | hypothesize that the ratio
between telemetry error and covariate resolution has direct implications for defining the spatial
bounds of inference for telemetry-based wildlife resource use studies. For example, in the virtual
simulations inference on biological processes operating <104 m from a linear feature would not
be appropriate. | contend that telemetry studies with imprecise telemetry data relative to
continuous covariate data resolution cannot accurately detect small scale wildlife responses
(Roloff et al. 2009).

Our inability to reliably characterize wildlife resource use when telemetry data are
imprecise leads us to question how best to evaluate wildlife resource use with telemetry data.

Some have suggested removing locations with unacceptable error from the analysis (Saltz and
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Alkon 1985, Kenward 1987, White and Garrott 1990). This approach decreases model power
(Nams 1989, McKelvey and Noon 2001) and potentially biases the analysis in favor of those
areas or landscape locations that tend to produce low telemetry error (e.g., unvegetated areas, flat
areas; Rettie and McLoughlin 1999). | have identified 2 methods that show promise for using
imprecise telemetry data to characterize wildlife-habitat relationships. The first method is a
hierarchical model, or state-space model (Cressie et al. 2009), that does not try to attach
covariate values but rather works directly with a likelihood that includes measurement error.
This approach has been used by Johnson et al. (2008b) for pure movement models but has not
yet been adapted to handle covariates. The second method incorporates telemetry error into a
utilization distribution (UD) or kernel home range (Quinn 1995, Cox et al. 2006, Hebblewhite
and Merrill 2007, Land et al. 2008, Rittenhouse et al. 2008). The UDs map the probability of an
animal occurrence in space (Kernohan et al. 2001, Millspaugh et al. 2006). Moser and Garton
(2007) found that when sample sizes are large, telemetry error is not likely to have a negative
effect on fixed kernel density estimates. After a UD is generated, covariate assignment to
locations is based on all raster cells that intersect the UD for species with smaller home ranges
(e.g., Marzluff et al. 2004) or a random or systematic sample for species with large home ranges.
Researchers should strive to use the maximum number of cells encompassed by the UD, but

processing times for species with large home ranges may warrant a sampling approach.

MANAGEMENT IMPLICATIONS

| caution that my results are unique to the telemetry precision, patch spatial
characteristics, and data resolution used to inform my analysis. My work demonstrates the
importance of understanding the interaction between telemetry error and how habitat covariates

are classified and mapped. When telemetry data are imprecise, models derived from covariates
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assigned to animal locations are suspect. Most telemetric-based wildlife studies are designed to
minimize locational error but field conditions often result in errors ranging from tens to hundreds
of meters (both VHF and GPS systems; Ills et al. 1986; Moen et al. 1996, 1997; Coulombe et al.
2006). As such, researchers must incorporate locational imprecision into resource use analyses.
For categorical data, the ignore technique outperformed other error techniques at smaller patch
sizes (i.e., <40 ha). However, I caution the use of ignore (and the other error techniques) because
accuracy is low for small patches. Similarly, accurate assignment of continuous covariate data
values is difficult when telemetry data are imprecise and | caution researchers against inferring
fine scale ecological relationships without understanding data reliability. The importance of
collecting precise telemetry data and quantifying telemetry error in support of wildlife resource
use studies cannot be overstated. | recommend that researchers and managers evaluate their
telemetry and covariate data using the methods I described to better understand limitations on

inference.
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CHAPTER 2
IMPLICATIONS OF IGNORNING TELEMETRY ERROR ON INFERENCE IN
WILDLIFE RESOURCE USE MODELS

ABSTRACT

Global Positioning System (GPS) and very high frequency (VHF) telemetry data
redefined the examination of wildlife resource use. Researchers collar animals, relocate those
animals over time, and utilize the estimated locations to infer resource use and build predictive
models. Precision of these estimated wildlife locations, however, influences the reliability of
point-based models with accuracy depending on the interaction between mean telemetry error
and how habitat characteristics are mapped (categorical raster resolution and patch size).
Telemetry data often foster the assumption that locational error can be ignored without biasing
study results. | evaluated the effects of mean telemetry error and categorical raster resolution on
the correct characterization of patch use when locational error is ignored. | found that the ability
to accurately attribute patch type to an estimated telemetry location improved non-linearly as
patch size increased and mean telemetry error decreased. Furthermore, the exact shape of these
relationships was directly influenced by categorical raster resolution. Accuracy ranged from
100% (200-ha patch size, 1-5-m telemetry error) to 46% (0.5-ha patch size, 56—60-m telemetry
error) for 10-m resolution rasters. Accuracy ranged from 99% (200-ha patch size, 1-5-m
telemetry error) to 57% (0.5-ha patch size, 56—60-m telemetry error) for 30-m resolution rasters.
When covariate rasters were less resolute (30-m vs 10-m) estimates for the ignore technique
were more accurate at smaller patch sizes. Hence, both fine resolution (10-m) covariate rasters
and small patch sizes increased probability of patch misidentification. My results help frame the

scope of ecological inference made from point-based wildlife resource use models. For instance,
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to make ecological inferences with 90% accuracy at small patch sizes (<5 ha) mean telemetry
error <5 m is required for 10-m resolution categorical rasters. To achieve the same inference on
30-m resolution categorical rasters, mean telemetry error <10 m is required. | encourage wildlife
professionals creating point-based models to assess whether reasonable estimates of resource use

can be expected given their telemetry error, covariate raster resolution, and range of patch sizes.

INTRODUCTION

Technological advancements in telemetry systems and remote sensing have increased the
spatial and temporal resolution of ecological data and theoretically improved our ability to infer
wildlife habitat relationships (Cagnacci et al. 2010). Point-based models, which can rely upon
the intersection of telemetry data and remotely sensed categorical covariate data, often provide
the basis for constructing wildlife resource selection functions (e.g., Atwood et al. 2009,
Chetkiewicz and Boyce 2009, Long et al. 2009, Houle et al. 2010). These functions use
estimated wildlife locations to portray animal behavior, animal movement, and resource use
(Frair et al. 2005, Hebblewhite and Haydon 2010, Merrill et al. 2010, Morales et al. 2010).
There is an expectation that greater spatial and temporal resolution of telemetry and covariate
data should translate into improved resource selection functions, however, telemetry and
covariate error can substantially affect the probability of correctly assigning a covariate value to
an estimated wildlife location (Goodchild 2003, Stehman et al. 2003, Montgomery et al. 2010).
As such, using imprecise telemetry data as the basis for resource selection functions can negate
benefits derived from utilization of more resolute covariate data.

Telemetry data are subject to variations in precision as a result of topography (Gantz et
al. 2006), weather (Hupp and Ratti 1983, Moen et al. 1997), animal movement (Schmutz and

White 1990, Moen et al. 2001), technology (Carrel et al. 1997, Hebblewhite et al. 2007), and
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canopy cover (Dussault et al. 1999). Telemetry error is expressed through spatial differentiation
of the estimated wildlife location and the true wildlife location (Heezen and Tester 1967). This
difference between estimated and true can be tens to thousands of meters in the case of very high
frequency (VHF) data (White 1985, Nams and Boutin 1991) and is commonly <100 m in the
case of Global Positioning System (GPS) data (though <12 m is obtainable with 3-dimensional
fixing; Rempel et al. 1995, D’Eon et al. 2002, Cargnelutti et al. 2007). Telemetry error is
problematic because it increases the probability of misidentifying resource use, leading to errors
in statistical inference (Garton et al. 2001, Kenward 2001, Johnson and Gillingham 2008, Frair et
al. 2010).

The importance of quantifying, reporting, and incorporating telemetry error into wildlife
resource use studies has been widely noted (Lee et al. 1985, Saltz 1994). Quantification of error
commonly occurs when transmitters are placed in known locations throughout a study area and
relocated in conditions that are representative of the overall sampling design (White 1985,
Garrott et al. 1986, White and Garrott 1990). This process is repeated over time, the difference
between true and estimated locations is measured, and these measures are averaged to produce a
mean telemetry error (Rempel et al. 1995, Withey et al. 2001). Several techniques have been
developed to explicitly incorporate telemetry error into wildlife resource use models. These
techniques include ignoring the error (Robel et al. 1970, Wallestad 1971), rescaling the covariate
data to match the mean error (Koehler and Hornocker 1989, Telesco and VVan Manen 2006),
calculating a zonal mean (Dickson and Beier 2002) or a zonal majority (Mace et al. 1996, 1999)
of the covariate values that intersect with the mean error polygon, or weighting the covariate
values inside of the error polygon by the bivariate normal distribution (McKelvey and Noon

2001, Findholt et al. 2002, Copeland et al. 2007). Montgomery et al. (2010) evaluated the
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accuracy of these techniques and determined that when telemetry data are imprecise (X error =
174 m, SD =130 m) none could reliably characterize true wildlife resource use at scales
commonly used by managers (i.e., tens of hectares).

Recent improvements to GPS and VHF telemetry systems have resulted in more precise
estimates of wildlife locations (Cagnacci et al. 2010, Hebblewhite and Haydon 2010). Precision
of these telemetry data often exceed the resolution and accuracy of conventional covariate data
(Urbano et al. 2010). The perception of high precision in estimated wildlife locations and
remotely sensed covariate data often foster the assumption that telemetry error can be ignored
without analytical consequence (see Springer 1979, Hupp and Ratti 1983, Saltz 1994, Nams
1989, Whithey et al. 2001). This assumption fails to consider the complex interactions between
telemetry error, animal movement or behavior, and how environmental characteristics are
described and mapped; namely the resolution and patch configuration of categorical rasters.

Montgomery et al. (2010) found that ignoring telemetry error was the most accurate
technique for characterizing wildlife resource use at small patch sizes (<1 ha), though accuracy
was <31%. Given that the ignore technique is commonly used by wildlife biologists, and that it
most accurately characterizes habitat use at small patch sizes when telemetry data are imprecise
(Montgomery et al. 2010), | sought to better understand the relationship between telemetry error
and patch size using the ignore technique. My goal was to examine the ramifications on
inference for resource use models that depend upon the intersection of point-based wildlife
locations and categorical covariate data. Within this context | 1) quantified accuracy of patch
identification using the ignore technique for a range of telemetry errors and patch sizes and 2)
evaluated how categorical raster resolution influences the accuracy relationship between

telemetry error and patch identification.
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METHODS

| conducted my analysis by generating virtual environments in ArcGIS 9.2
(Environmental Systems Research Institute, Redlands, CA). | reviewed 100 scientific studies of
terrestrial wildlife resource using telemetry data to guide the selection of a virtual study area size.
These articles were published in 15 peer-reviewed journals since 1995 with most from the
Journal of Wildlife Management (n = 75; Montgomery et al. 2010). The median study area size
(560 km?) from this review defined the extent of my virtual environment (Figure 6a). |
subsequently generated (n = 10) categorical rasters at a resolution of 10 m (Figure 6b) and
another set (n = 10) at a resolution of 30 m (Figure 6c), consistent with categorical raster
resolutions commonly used in wildlife resource use studies (e.g., Boyce et al. 2003, Fortin et al.
2005, Rittenhouse et al. 2010). Each categorical raster had unique patch characteristics (Table 3)
created using a 2-step process. | first generated a random raster in ArcGIS by controlling the
mean values of a Poisson distribution, which ensured a separate and distinct configuration of
cells for each raster. | then utilized a suite of tools from the Spatial Analyst extension (boundary
clean, majority filters, and expand filters) to merge neighboring cells into patch types (see

Montgomery et al. 2010).
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Figure 6. Example of a virtual environment and categorical rasters created for evaluating the
effects of telemetry error on assigning habitat patches to telemetry locations; (a) outline of the
virtual environment with an area of 560 km2 (b) a categorical raster (1 of 10) at the 10-m
resolution (c) a categorical raster (1 of 10) at the 30-m resolution.
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Table 3. Patch characteristics for categorical rasters created at 10-m and 30-m resolution.

Patch size (ha)

Resolution Categorical Patch
raster count Min. Max. X SD
1 14,042 0.01 281.82 4.08 11.41
2 5,238 0.01 1,450.33  10.94 43.54
3 18,847 0.01 7,207.16 3.04 66.31
4 25,275 0.01 2,094.63 2.27 32.81
10-m 5 539,840 0.01 17.26 0.11 0.30
6 17,263 0.01 3,874.07 3.32 58.93
7 1,082 0.01 5,104.68 52.94 302.15
8 24,769 0.01 6,114.33 2.31 46.53
9 17,010 0.01 9,088.07 3.37 113.72
10 112,466 0.01 6,127.02 0.51 18.70
1 1,875 0.09 741.78 30.55 60.70
2 3,367 0.09 1,393.38 17.01 51.66
3 6,438 0.09 3,066.84 8.90 78.50
4 9,097 0.09 1,452.60 6.30 36.86
5 8,939 0.09 700.56 6.41 18.20
30-m 6 8,006 0.09 857.25 7.16 25.82
7 7,514 0.09 7,042.86 7.62 92.55
8 8,140 0.09 413.82 7.04 15.38
9 3,190 0.09 8,347.23  17.96 153.60
10 3,468 0.09 1,369.89  16.52 55.95

| evaluated 36 mean telemetry errors ranging from 3.5 m to 60 m for 10-m and 30-m
resolution categorical rasters. | chose this range of telemetry precision to mimic the locational
error often produced by sophisticated telemetry systems and because | previously showed that
highly imprecise telemetry data are of limited value for predicting small-scale habitat use
(Montgomery et al. 2010). | randomly distributed 1,000 true wildlife locations per categorical
raster and subsequently paired each true location to an estimated location. Estimated locations

were drawn from a circular bivariate normal distribution centered on the true location, resulting
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in a higher probability of estimated locations being closer to the true location (Montgomery et al.
2010). Mean telemetry error was controlled by the variance parameter of the bivariate normal. |
intersected true and estimated locations with the categorical rasters and assigned patch type and
patch size to each location. | quantified accuracy by calculating the proportion of points
correctly classified for each categorical raster. This approach resulted in patch identification
accuracies for each mean telemetry error at discrete patch sizes for each categorical raster.

To examine accuracy across all mean telemetry errors and patch sizes by categorical

raster resolution (i.e., 10 m, 30 m), I modeled accuracy (ordinate) against patch size (abscissa) as

a logarithmic function (general form E[y]= fg + /f1 %< Log10(Patch Size)]). | modeled each

combination of telemetry error and categorical raster and averaged estimated beta coefficients
across all corresponding categorical rasters (n = 10 for each telemetry error) by raster resolution.
This process resulted in 36 averaged logarithmic functions, one for each unique telemetry error
that | evaluated per raster resolution. Based on similarities in model coefficients for sequential
telemetry errors | aggregated the results into telemetry error bins for presentation purposes.
Hence, each bin consisted of averaged estimated beta coefficients from 3 mean telemetry errors

(e.g., 11-15-m bin included results from 11 m, 13 m, and 15 m).

RESULTS

Patch shapes in the virtual environments tended to be blocky (Figure 6b,c), an artifact of
the raster generation process. For 10-m resolution rasters, the number of patches in the virtual
environments ranged from 1,082 to 539,840 and average patch sizes ranged from 52.94 ha to
0.11 ha (Table 3). Patch counts for the 30-m resolution rasters ranged from 1,875 to 9,097 with
corresponding mean patch sizes of 30.55 ha and 6.30 ha (Table 3). Average patch sizes were

highly variable, with standard deviations >2 times the means (Table 3). Thus, the virtual
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environments included both fine- and coarse-grained patches consistent with the range of patch
sizes often observed in wildlife resource use studies.

As patch size increased, correct identification of patch use increased nonlinearly (Figure
7). In contrast, as telemetry error increased, the ability to accurately assign patch use decreased
nonlinearly (Figure 7). Also, the form of these relationships depended on categorical raster
resolution. Coarser rasters (i.e., 30-m) resulted in higher accuracies at smaller patch sizes over
all telemetry errors examined (Figure 7). With small telemetry errors (1—5-m) accuracy was

consistently high (>0.90) across all patch sizes (Tables 4, 5).
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Figure 7. Trends in accuracy for telemetry error bins and patch size. (a) 10-m resolution
categorical rasters and (b) 30-m resolution categorical rasters.
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These results should allow researchers to identify an acceptable level of accuracy based
on the mean telemetry error and patch size inherent to their analysis. For example, to make
inferences on use of small patches (<5 ha) with 90% accuracy, telemetry error <5 m is required
for the 10 m categorical raster (Table 4) and telemetry error <10 m is required for the 30 m
categorical raster (Table 5). If >70% accuracy is deemed acceptable, telemetry error <20 m and
<30 m is required for 10-m and 30-m covariate surfaces, respectively (Tables 4, 5). My results
indicate that accuracy declines quickly for patch sizes <20 ha and also for mean telemetry errors
>20 m for the 10-m categorical rasters (Figure 7a). Accuracy declines quickly for patch sizes
<10 ha and also for mean telemetry errors >30 m for the 30-m categorical rasters (Figure 7b).
These results highlight the importance of quantifying and reporting both telemetry error and
patch sizes for categorical rasters and using that information to limit the scale of ecological

inference to those patch sizes with some minimum acceptable accuracy.
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Table 4. Accuracy (%) of patch identification for telemetry error bins across a variety of patch
sizes | evaluated on categorical rasters created at a 10-m resolution. These accuracies portray the
ability of estimated locations to correctly characterize true locations at discrete patch sizes.

Telemetry error bins (m)
Patch size (ha) 1-5 6-10 11-15 16-20 21-25 26-30

0.5 92 84 80 73 67 64
1 93 86 82 76 70 67
2 94 88 84 78 73 71
3 95 89 85 80 75 73
4 95 90 86 81 77 74
5 95 90 87 82 78 75

10 96 92 89 85 81 78

20 97 94 91 88 84 82

30 98 95 92 89 86 84

40 98 95 93 91 87 85

50 98 96 94 92 88 86

100 99 98 96 94 91 90

200 100 99 98 97 94 93

Patch size (na) 31-36  37-40 41-45 46-50 51-55 56-60

0.5 58 55 52 50 52 46
1 62 59 56 54 56 51
2 66 64 61 59 60 56
3 69 66 64 62 63 59
4 70 68 66 64 65 61
5 71 69 67 65 66 63

10 75 74 72 70 70 68

20 79 78 76 74 75 73

30 81 80 79 77 77 76

40 83 82 81 79 79 78

50 84 84 83 81 81 79

100 88 88 87 85 85 84

200 92 92 92 90 89 89
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Table 5. Accuracy (%) of patch identification for telemetry error bins across a variety of patch
sizes | evaluated on categorical rasters created at a 30-m resolution. These accuracies portray the
ability of estimated locations to correctly characterize true locations at discrete patch sizes.

Telemetry error bins (m)
Patch size (ha) 1-5 6-10 11-15 16-20 21-25 26-30

0.5 96 91 88 83 7 73
1 96 92 89 85 79 76
2 97 93 90 86 82 78
3 97 93 91 87 83 80
4 97 94 91 88 84 81
5 97 94 91 88 84 82
10 98 95 93 90 86 84
20 98 96 94 91 88 87
30 98 96 94 92 90 88
40 98 97 95 93 90 89
50 99 97 95 93 91 90
100 99 98 96 95 93 93
200 99 99 97 97 95 95

Patch size (na)  31-36  37-40 41-45 46-50 51-55 56-60

0.5 69 66 65 62 59 57
1 72 69 68 66 63 61
2 75 72 71 69 66 65
3 76 74 73 71 68 67
4 78 75 74 72 70 68
5 78 76 75 73 71 69
10 81 79 78 77 75 73
20 84 82 81 80 78 77
30 86 84 83 82 80 79
40 87 85 84 83 82 80
50 88 86 85 84 83 82
100 91 89 88 88 86 85
200 93 92 91 91 90 89
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DISCUSSION

During the early years of wildlife VHF telemetry quantification of telemetry error rarely
occurred (Nams 1989). The importance of quantifying telemetry error was later emphasized
(Lee et al. 1985, White and Garrott 1990) and a suite of methods were developed to explicitly
incorporate telemetry error into models of wildlife resource use (Mace et al. 1996, Dickson and
Beier 2002, Findholt et al. 2002, Telesco and VanManen 2006, Copeland et al. 2007). The more
recent application of GPS technology to wildlife biology has generally resulted in the same
sequence of events. The power of GPS technology that enables researchers to remotely examine
relatively precise estimates of wildlife locations (Hebblewhite and Haydon et al. 2010) has again
contributed to the idea that telemetry error can be ignored without analytical consequences. My
study demonstrates that regardless of telemetry system precision, ignoring telemetry error when
quantifying resource use from categorical rasters can lead to error in patch identification. My
study clearly shows that telemetry error, patch size, and categorical raster resolution interact to
inform the scale of defensible inference.

Accuracy in assigning wildlife resource use to a categorical habitat covariate depends on
the magnitude of telemetry error and characteristics of the raster (i.e., resolution and patch sizes).
A positive nonlinear relationship exists between accuracy and patch size, with telemetry error
becoming less relevant at larger patch sizes (i.e., >200 ha). Unfortunately, wildlife professionals
often make habitat management decisions at considerably smaller scales (i.e., tens of hectares)
and thus, resource selection functions that are accurate only at large scales are of limited utility.
| encourage quantitative ecologists to scrutinize the relationship between telemetry error, patch
sizes of categorical rasters, and covariate resolution to identify a minimum patch size below

which reliable inference cannot be drawn. | note that there was always classification error (from
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4 to 8%) with the smallest patches | evaluated (<0.5 ha), even for the finest telemetry error
(telemetry error bin = 1-5-m), a level of telemetry precision seldom observed even in the most
advanced GPS systems. This persistent misclassification likely prevents accurate
characterization of wildlife use in small (McLoughlin et al. 2002, McKenzie et al. 2009) or rare
habitat patches (Frair et al. 2010). Inability to detect the importance of these patch types could
lead to conservation and management strategies that fail to protect the full range of habitats used
by a particular species.

| caution that accuracy estimates in this analysis are likely overestimates. 1 attribute this
bias to the lack of linear features in the categorical rasters. McKenzie et al. (2009) found that
telemetry error leads to underestimating use of linear features (e.g., roads, riverine habitats) by
increasing the probability of Type I errors. Linear patch configurations are common to many
natural ecosystems but difficult to simulate in a virtual environment (White and Garrott 1986,
Montgomery et al. 2010) and hence my results should be viewed optimistically.

I note that my analysis examined the effects of telemetry error on categorical rasters
exclusively. Thus, accuracy was binary with the estimated location either matching or not
matching the covariate value of the true location. An emerging area of wildlife resource use
studies converts categorical data to continuous metrics, which alleviate the challenges of
working with discrete data (Alldredge and Dasgupta 2003, Conner et al. 2003, Alldredge and
Griswold 2006). Under a continuous data scenario, estimated wildlife locations no longer
intersect covariate categories, but rather a quantitative measure (e.g., distance) is assigned to the
location. This approach does not remove error from the analysis but it does allow for

quantification of error effects in measurable units (Montgomery et al. 2010).
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My analysis provides further evidence that results from point-based estimation of wildlife
resource use can be gquestionable (Johnson and Gillingham 2008, McKenzie et al. 20009,
Montgomery et al. 2010). Montgomery et al. (2010) advocated for the use of area-based
techniques to help ameliorate the effects of telemetry error. Various home range estimators (e.g.,
minimum convex polygons, kernel density, and utilization distributions) are largely impervious
to the effects of telemetry error (Moser and Garton 2007). | encourage researchers to further
develop innovative techniques for modeling wildlife resource use through the application of
area-based estimators (see Marzluff et al. 2004, Millspaugh et al. 2008) or likelihood-based
methods with models that incorporate telemetry error (see Johnson et al. 2008a, Hooten et al.
2010).

| found that resolution of categorical rasters substantially affected the accuracy of
assigning a covariate value to an estimated wildlife location. Others have suggested that the
relationship between telemetry error and resolution needs to be examined to understand the
effect of raster resolution on model accuracy (Frair et al. 2010, Urbano et al. 2010). |
demonstrated that telemetry systems were more accurate for coarser resolution rasters (30-m
versus 10-m) likely because the minimum patch size (i.e., minimum mapping unit) is determined
by the resolution (landscape grain) of categorical rasters (Turner et al. 2001). Inherently, a 10-m
resolution categorical raster has smaller patch sizes than a 30-m resolution categorical raster, and
smaller patch sizes increase the probability of misidentifying resource use (Samuel and Kenow
1992, Findholt et al. 1996, Montgomery et al. 2010). This result does not suggest that rescaling
covariate surfaces is a wise option (see Montgomery et al. 2010), but it does suggest that finer

resolution covariate surfaces are not inherently better. When the scale of the categorical raster
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exceeds the precision of the estimated wildlife locations misidentification of resource use is
compounded.

My results and the methodologies | presented depend on telemetry errors that exhibit a
bivariate normal distribution. When sufficient sampling is conducted, telemetry errors are
thought to be bivariate normally distributed (Samuel and Kenow 1992, Jerde and Visscher 2005),
though other distributions (e.g., uniform, Laplace) have also been observed and utilized in
telemetry studies (Dickson and Beier 2002, McKenzie et al. 2009). Sufficient sampling of
telemetry error includes an ample sample size (to estimate model parameters with adequate
precision), collection of error data from portions of the landscape representative of the habitats
the organism of interest uses, and collection of error data under appropriate canopy cover,

weather, topographical, and technological conditions.

MANAGEMENT IMPLICATIONS

Categorical raster resolution and patch size interact with telemetry error to influence the
accuracy of assigning covariate values to estimated wildlife telemetry locations. Telemetry
errors up to 60 m will generally have >50% probability of being correct for all patch sizes, but
accuracies >90% tend to be restricted to small telemetry errors (<10 m) or intermediate telemetry
errors (>10 m and <36 m) at larger patch sizes (20—200 ha). | invite wildlife professionals to
evaluate their telemetry studies using my results as a general guide. | advise against making
small-scale inferences when patch identification accuracies are unacceptably low. | encourage
wildlife professionals to acknowledge the inherent deficiencies in the logic of ignoring telemetry
error and accept that Type | and Type Il errors are common when the ignore technique is utilized
on categorical rasters, regardless of telemetric precision. Wildlife professionals must continue to

revise their ecological questions when faced with telemetry errors and justify their scale(s) of
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ecological inference (Cagnacci et al. 2010, Frair et al. 2010). 1 provided metrics and a replicable
methodology by which researchers and managers can identify the relative accuracy of wildlife
models given mean error of their telemetry system and the patch size characteristics of their
study area. This approach will allow researchers and managers to adequately defend the
methodologies that are utilized in their analysis and should lead to a more critical evaluation of

the ecological question and the inferences that are possible.
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CHAPTER 3
HABITAT SELECTION

INTRODUCTION

Habitat is a theoretical construct used to describe the living space of an organism. As
such, habitat includes the suite of interacting abiotic (e.g., weather, soils, topography, hydrology)
and biotic (e.g., vegetation structure and composition, inter- and intra-specific competition,
prevalence of diseases) elements that influence whether an organism uses a particular location.
Habitat selection is the act of choosing the combination of available abiotic and biotic elements
for the purpose of fulfilling the life history events of the organism (e.g., mating, raising young,
and avoiding death). An organism’s selection of habitat varies across space and time as certain
needs are fulfilled and others pursued. The objective of habitat selection research is to describe
why organisms use various combinations of environmental (abiotic and biotic) variables, an
understanding of which informs population or species conservation. The concept of habitat
selection can be extended to plants and fungi but animals are the most common research subject.

When discussing the concept of habitat selection it is important to differentiate among
habitat use, habitat selection, and habitat preference because each concept has important
management and conservation implications. Habitat use refers to organisms occurring in an
area, not necessarily by choice. Habitat selection implies that an organism made a choice about
occurring in a particular location, i.e., the organism had multiple options and for some reason
(presumably to efficiently satisfy a life history event) chose to occur at a particular location.
Habitat preference is applied at the species-level and refers to the habitat that the species prefers
above all others, even if that habitat is unavailable in the landscape where a local population

resides. Habitat preference is the most difficult concept to quantify because in most areas
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organisms are not free to choose among an unrestricted set of environmental variables. Thus,
researchers tend to focus their efforts on quantifying habitat selection and use. Knowledge of
preferred habitat may elude researchers because of the inability to comprehend the exact
combination of environmental variables that would be selected if all were available. This reality
has conservation implications which could potentially compromise organism, population, or even
the species persistence into the future.

The origin of habitat selection research is based on the observation of animals by
naturalists. One of the earliest documented naturalists was Aristotle who took a keen interest in
animal-habitat associations (Morrison et al. 2006). Since Aristotle, both informally and formally
trained naturalists and ecologists have studied how organisms use their environment. This was
certainly of concern to 19th century naturalists who examined the morphology and relatedness of
certain species as the basis for concepts like biogeography and speciation (Wallace 1876). These
naturalists realized that the selection of habitat had important evolutionary ramifications (Darwin
1859). The interaction of an organism with habitat was later framed as the ecologic niche
(Grinnell 1917). Niche theory developed into a research area unto itself with ecologists being
principally concerned with how organism-habitat interactions shape fitness (Petren 2001).

The 20th century saw an expansion in research methodologies used to study habitat
selection. The collective goal of these methodologies was to identify the location of organisms
across spatial and temporal dimensions and to examine the environmental variables associated
with those locations. Habitat selection research broadly consists of two phases; 1) documenting
habitat used by an organism of interest and 2) making inferences on why habitat was selected
(usually based on a comparison of habitat use and availability). The first step in quantifying

habitat use is to map organism locations. Multiple techniques are used to locate organisms in
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space including direct visual observation, conducting visual or auditory surveys, using traps or
other evidence of occurrence (i.e., scat, tracks, and carcasses), and telemetry technology. Each
of these techniques results in animal location(s) that can be related to a suite of environmental
variables which collectively define habitat. Once animals are located and the environmental

variables of interest are measured, habitat selection can be quantified.

GLOSSARY

Habitat: An area where an organism resides comprised of abiotic and biotic elements.

Habitat selection: The act of choosing the combination of available abiotic and biotic elements
for the purpose of fulfilling the life history events of the organism.

Environmental variables: Abiotic and biotic elements of an area including vegetation, soil,
topography, species competition, geology, prevalence of diseases and hydrologic characteristics,
among others. Habitat selection can be positively or negatively related to these environmental
variables.

Habitat patch: A spatially contiguous area in which environmental variables are similar.
Hierarchical habitat selection: This concept recognizes that an organism’s selection of habitat
occurs at varying spatial and temporal scales. The scale at which different selections occur are
ordered; First-order (habitat selections defining the species range), Second-order (selections
defining the placement of an individual’s home range within the species range), Third-order

(within home range selections), and Fourth-order (fine-scale daily habitat selections).

MEASUREMENT OF ANIMAL LOCATIONS
Direct Visual Observation
Directly observing animals in their habitat is the oldest technique used to measure habitat

selection. This process involves researchers following single or multiple animals through
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environmental space while making notations about the environmental variables that are used to
satisfy various life history events (Figure 8a). Though visual observation might appear to be a
relatively simplistic means of evaluating habitat use, increasingly complex methods of sampling
have been employed in animal behavior research (Altmann 1974). Ad-libitum sampling, focal
animal sampling, and all occurrence sampling are common direct visual observation techniques
used to assign the location of an organism with the environmental variables that describe habitat.
Ad-libitum sampling is a form of visual observation where the researcher documents
habitat use in an ad-lib, or opportunistic fashion. As such, ad-libitum sampling most aptly
describes the technique used by early naturalists. A field notebook is commonly used to record
environmental variables chosen by the organism of interest. This sampling scheme is
notoriously difficult to quantify with reliability because of the opportunistic fashion in which the
data are recorded. Thus this technique has been criticized for being more anecdotal than
empirical (Altmann 1974, Mann 1999). However, ad-libitum sampling can be useful in pilot
studies or in situations where a researcher is attempting to document the variety of environmental
variables used by an organism over limited spatial and temporal dimensions (Altmann 1974).
Focal animal sampling involves the detailed observation of a single organism at specified
intervals over a period of time. For instance, a researcher would identify an individual to
observe and would follow that individual wherever it goes recording all behaviors, including
environmental variables that are used. The researcher notes the type of behavior, the duration of
the performed behavior, whether or not the behavior involved interactions with other individuals
or organisms, and any other environmental variables that were used. This type of sampling
would continue for a specified interval (e.g., 5 minutes, 15 minutes, 1 hour) at which point the

researcher would break from recording data.
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With all occurrence sampling, the researcher focuses on a specific behavior (such as
selection of an environmental variable) and records any time that the behavior is performed
throughout the sampling interval. This technique is widely employed in animal behavior
research because it provides an estimate of occurrence rate for a particular behavior. With this
sampling technique the researcher can estimate how often a particular food item is selected, for
instance, or how often cover habitat is selected per unit of time. All occurrence sampling can be
useful in determining the relative dependence that an organism has for a particular environmental

variable.
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Figure 8. Four techniques used to locate organisms in environmental space, a.) direct visual
observation, b.) visual surveys, c.) trapping (camera trapping), and d.) telemetry.
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Visual and Auditory Surveys

Another set of research methodologies developed to identify the location of organisms in
space at a particular time involves visual or auditory surveys (Figure 8b). Visual and/or auditory
detection have been used to estimate species richness, produce population estimates, and
characterize habitat selection. Several different methodologies exist but these can be categorized
into two broad types; visual encounter surveys and auditory surveys.

Visual encounter surveys are widely utilized in ground, air, and ship-board capacities. In
these cases the researcher scans the environment to visually identify individuals of the focal
species. Various methods are used to conduct these surveys including line transects, randomized
walk designs, and patch-based searches. Line transect surveys involve the designation of routes
that researchers follow while searching for organisms (e.g., Otto and Roloff 2011). Typically,
the researcher limits the sampling to an area where organisms can be reliably detected. In
random walk surveys the researcher follows a random path, while searching for organisms, for a
specified distance (e.g., Gregory et al. 2006). Upon reaching that distance, another random path
is selected and followed after which the process is repeated. The advantage of this technique is
that it can be an effective method for searching large areas, if the focal organism can be reliably
observed. Patch-based surveys involve sampling all environmental variables within a given area.
For example, if the goal of a survey is to identify birthing sites and the abundance and
distribution of Hawaiian monk seals (Monachus schauinslandi) patch-based surveys would
sample all beaches in the Hawaiian archipelago searching for females and their young during and
directly after the pupping season (Baker and Johanos 2004).

To conduct an auditory survey the researcher relies on sounds to identify and locate

different organisms or species. Auditory surveys are particularly useful for vocal organisms like
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some birds and amphibians and include point counts and calling surveys. When employing point
count surveys a number of locations or stations are identified where the researcher remains
stationary listening for calls (e.g., Ralph et al. 1993, Seavy et al. 2009). The researcher stays on
station for a specific period of time, documenting species occurrence through auditory and in
some cases visual detection. The stations are typically spread across several different
environmental variables that are relevant to the species of interest. Calling surveys involve
surveyors searching certain areas with the goal of detecting where different organisms reside.
These surveys are predicated on the idea that there are spatial and temporal conditions where
certain species vocalize. Frogs and toads are common subjects of calling surveys (Pellet and
Schmidt 2005). The result of these surveys is the identification of environmental variables used
by organisms of one or multiple species. These surveys are designed to detect organisms, assign
organism locations, and associate organism locations to specific environmental variables.
Trapping and Other Evidence of Occurrence

Another technique used to measure animal locations in the environment involves trapping
(Figure 8c). There are a wide variety of trapping methodologies that include, but are certainly
not limited to, baited traps (e.g., Cypher et al. 2009), drift fences (e.g., Otto and Roloff 2011),
and pitfall traps (e.g., Muller and Brandl 2009) that restrain animals so their presence,
abundance, and location can be documented. Trapping can also be done in non-invasive fashions
through the collection of images (photographs or video; e.g., Soisalo and Cavalcanti 2006, Thorn
et al. 2009) or DNA (hair snares; e.g., Gardner et al. 2010). Trapping designs can include a grid,
transect, or web network of traps, with traps spaced accordingly to increase the probability of

detecting organisms (i.e., spacing based on home range size or known movement patterns). Like
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direct visual observation and visual or auditory surveys, trapping techniques can be used to
associate organism locations with environmental variables on the landscape.

There are some concerns with trapping. With baited traps, in particular, it is possible that
certain organisms will become conditioned to and potentially attracted to the trap. Within this
context, study results would be biased if the researcher is repeatedly capturing the same
individual or a cohort of individuals that are vulnerable to trapping. Conversely, if organisms
associate a negative experience with being trapped, they may purposefully avoid traps and
similarly bias study results. Furthermore, if multiple species are captured in the same trap it is
possible to have competition and predation events where the presence of one species is being
masked because it is consumed by another species. For example, it is Ill known that some
species, such as shrews (family Soricidae) and opossums (family Didelphidae), will prey upon
other animals and insects captured in the same trap (Jurzenski and Hoback 2011).

Researchers are increasingly using non-invasive techniques such as motion-activated
cameras to photographically capture organisms or hair snares to collect DNA samples (Cutler
and Swann 1999, Gardner et al. 2009; Figure 8c). The design of camera traps is quite similar to
the aforementioned trapping procedures. Cameras are placed in a variety of environmental
variables throughout the study area with the intention of documenting species occurrence or to
produce population abundance estimates using mark-recapture on individuals. Individual
identification of organisms is possible through visual acuity or with computer software programs
which assist in the recognition of pelage patterns, markings, and other morphological
characteristics specific to individuals. These methods effectively eliminate the necessity of

restraining organisms and have the benefit of non-invasively documenting organism-habitat
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associations, although baited camera and hair snare traps are subject to the same biases described
in the preceding paragraph for other baited trapping approaches.

Several additional techniques can be used to identify the position of organisms in space.
These include locations where evidence of organism presence persists including scat, tracks, and
carcasses, among others. In these cases researchers are generally interested in describing
specific life history events and collect data to describe those events. For instance, a researcher
may be interested in quantifying the environmental variables that are characteristic of areas
where organisms are subject to predation. All areas in the study can be searched in opportunistic
or structured fashions to identify predator-killed carcasses (Kauffman et al. 2007, Bump et al.
2009). Once located, carcass sites can be associated with different environmental variables to
determine the abiotic and biotic elements that correlate with predation events.

Increasingly complex forms of collecting organism locations are continually employed in
habitat selection research. Remote sensing, satellite imagery, and infrared technology are now
being used to study habitat selection in new and interesting ways. For instance, to document the
distribution and abundance of harbor seals (Phoca vitulina) researchers are using aircraft fit with
infrared technology to locate heat signatures of seals on ice flows (London and Richmond 2010).
This technology enables researchers to cover vast areas with increased reliability in the estimates
of organism-habitat associations. Radar technology, typically used for describing the weather, is
now being used to map concentrations of migratory birds (Bonter et al. 2008). Large
concentrations of birds at stopover sites along migratory pathways are viewed as selection for the

environmental variables that coincide with these aggregations.
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Telemetry

Both VHF and Global Positioning System (GPS) telemetry depend on fitting an organism
with a tag that transmits a signal and relocating that tag across space and time. For VHF
telemetry data organisms are located through triangulating the radio signal (Mech 1983). Tolr-
mounted, vehicle-mounted, or hand-held receivers are used to detect the tag signal and once
detected a 3-dimensional fix is sought to improve precision in the location. Collecting VHF
telemetry locations can be time consuming and logistically challenging. GPS technology has
largely alleviated the time-intensive procedures associated with VHF by allowing for more
frequent locations (provided that a fix can be acquired) and automated or remote data download.
With GPS technology, the radio tag communicates with satellites at pre-set intervals. Like VHF,
at least a 3-dimensional fix is required for GPS to precisely locate the radio tag. Regardless of
the telemetry system used, the goal is to accurately locate the organism in space and connect the
location to the environmental variables that describe habitat.

The main advantages of telemetry technology are the opportunities to seemingly study
animal behavior in a non-invasive fashion. The close observation of organisms, characteristic of
direct visual observation and some visual and auditory survey methodologies, has been
scrutinized for the potential influence of the researcher’s presence on natural behavior (see
Strum and Fedigan 2000 for review). Similarly, potential bias associated with trapping can limit
inference on habitat selection. In theory, telemetry technology permits collection of data via
remote radio towers or portable telemetry units that minimize observer effects on individual
organisms. However, in some instances the weight and resistance associated with telemetry tags

have been shown to influence both organism behavior and survivability (Marcstrom et al. 1989,
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Swenson et al. 1999, Barron et al. 2010). A common limitation of telemetry studies is the ability
to capture and instrument enough animals for sound ecological inference on habitat selection.
MEASUREMENT OF ENVIRONMENTAL VARIABLES

The characterization of habitat selection depends not only on the identification of
organism locations but also the intersection of these locations with the environmental variables
that define habitat. Environmental variables can be collected using field-based sampling or
digital remote sensing. With some of the organism location methodologies described above
(visual observation and some survey or trapping designs) environmental variables can be
collected at the time the organism is located (e.g., Gutzwiller et al. 1994). Though direct
observation and measurement of environmental variables is still widely used in habitat selection
research, another common technique for describing environmental variables at certain locations
is digital remote sensing.

Digital data portraying environmental variables are now widely available for download
from numerous reputable governmental and non-governmental organizations. These data
include digital elevation models, bathymetry data, hydrology, soil type, geologic features,
vegetation cover, landuse data, climate, and many others. Therefore, some components of
habitat can be compiled with relative ease using modern, often freely-available data. Caution
must be exercised when using widely available digital data so that the research question is
properly framed and issues of scale are reconciled (Roloff et al. 2009). For example, the data
vintage must be consistent with the spatial and temporal position of the organism location
(Roloff et al. 2009). If vintage of the environmental data are not considered, then the researcher
will potentially describe environmental variables that the organism of interest was not

necessarily selecting. Furthermore, spatial and temporal resolutions are also important factors to
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consider (Roloff et al. 2009). As discussed below (see section Issues of Scale and Resolution)
the resolution of the environmental data can limit the ability to make valid inferences. Spatial
resolution refers to the minimum mapping unit in the data layer. Temporal resolution refers to
the frequency of data collection or update. Regardless of the technique used for acquiring or
compiling data on environmental variables, the resolution of the data must align with the spatial
and temporal scales of selection for the organism of interest.
ANALYTICAL TECHNIQUES

Measurement of habitat use through mapping of animal locations and associated
environmental variables is only the first part of describing habitat selection. The next step is to
make inferences, or reach conclusions on the basis of evidence and reasoning. Numerous
analytical techniques have been used to infer habitat selection. Models have been the
cornerstone of habitat selection research for the last 30 years. Common modeling techniques can
be based on organism presence/ or abundance and the relationship between environmental
covariates and organism locations, utilization distributions as calculated from organism
locations, or animal movements.
Linear and Logistic Regression Models

A common analytical approach in habitat selection research is to regress environmental
variables (i.e., predictor variables) against a response variable that is either continuous (linear

regression) or binary (logistic regression). Linear regression models typically take the form;
Yi = xi|3 + Zi

where Y is the response variable at location i, x is a vector of the environmental variables
at location i, £ is a vector of the regression parameters, and Z accounts for the random error term.

The random error term can have spatial and temporal dependencies that should be accounted for
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(Ver Hoef et al. 2001). A common response variable in linear regression models is a count of the
individuals that occupy an area. Within these models there is a tacit assumption that more
individuals in an area represent greater selection for the corresponding environmental variables
associated with that area. The interpretation of the parameter estimates that are output from
these models is based on the expected amount of change in the response (organism count) given
unit changes in the environmental variables.

Logistic regression is generally used to model the relationships between presence or

absence of an organism and environmental variables. Logistic regression models take the form;

_ __exp(s'x)
Ply=11% = 1+exp(S'X)

where the binary response variable is modelled given a value of 1 (presence or used), x is
a vector of the environmental variables, and f is a vector of the regression parameters. Presence
or use is based on measured organism locations while absence is often estimated. The creation
of absence locations is a topic that has been widely scrutinized (see section How is Available
Habitat Defined?). Absence locations in available habitat tend to be estimated via a random or
stratified sampling design (Keating and Cherry 2004). For example in a random design, absence
is randomly assigned to locations in a study area, with the assumption that these locations are not
used by the organism or that the locations portray what is available to the organism for selection.
In a stratified design, absence is assigned to different locations based on some pre-determined
stratification, perhaps by vegetation or soil type. Selecting the sampling strategy that best suits
the data depends upon the research question, the species of interest, and the composition of
environmental variables within the study area. Regardless of the technique that is selected, at
each presence and absence location environmental variables are measured and model parameters

are fit. For more information on regression modelling see Elith and Franklin (2011).
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A specific type of regression modelling is referred to as resource selection functions. The
goal of resource selection functions is to develop probabilities of relative use of environmental
variables within the study area (Manly et al. 2002). The classic use versus availability

exponential model is expressed as;

W(X) = eXp(IBO + ﬂlxl + 'B2X2'Bk Xk)

where x is a vector of k environmental variables and g is a vector of the coefficients at each
location. This model is calculated with a regression based on maximum likelihood estimation.
The environmental variables can be either continuous or categorical, though similar to logistic
regression, resource selection functions are subject to critique for the exact methodology

employed to generate available locations (Boyce 2006).

Utilization Distributions

Utilization distributions (UDs) have been used to model habitat selection by departing
from strict point-based modeling (Marzluff et al. 2004). Essentially, UDs stretch the probability
of an animal occurrence across space and time. This technique improves upon traditional home
range estimators (e.g., minimum convex polygons) by recognizing that organisms use habitat
non-uniformly. UDs enable the researcher to quantify those environmental variables that are
used more often than others.

The creation of a UD is initially informed by the collected organism locations. The
organism locations are used to develop density estimates of relative use across spatial and
temporal dimensions. Researchers typically divide their dataset of organism locations based on
biological relevance and the question being asked (e.g., sex, season, year). The latitude (Y) and

longitude (X) coordinates from organism locations are mathematically analyzed to develop the Z
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dimension in the UD, which represents the probability of space use. This probability of use can
then be manipulated to function as the response variable in any modelling design. A variety of
techniques can be implemented to measure the environmental variables within the utilization
distribution. For instance Marzluff et al. (2004) developed a resource utilization function based
on the entire UD. However, this procedure could prove computationally challenging for
extremely large UDs. Another option is to implement a strategy for sampling the environmental

variables within the UD (Marzluff et al. 2004).

Animal Movement Models

One emerging area of modelling habitat selection is animal movement models. Given the
potential for fine-scale temporal sampling from GPS telemetry tags, consecutive organism
locations can be linked to simulate animal movement paths. Innovative new models incorporate
temporal autocorrelation and can also be modified to integrate habitat availability within the
context of an animal’s utilization distribution while estimating model parameters via a Bayesian
framework (Christ et al. 2008). Furthermore, animal movement models can be fit using data
collected at regular or irregular intervals (Johnson et al. 2008b). Animal movement models
represent an exciting area of habitat selection research and have thus far proved integral to
understanding migration patterns, responses to various time-sensitive phenomena (Weather,
temperature, disturbance events), and use of edge habitat (Schick et al. 2008, Forester et al. 2009,

Morales et al. 2010).

INFERENCE
Among the scientific community, the term inference is used to describe the process of
reaching logical conclusions based on evidence and reasoning. In habitat selection research

inference is based on animal location and associated environmental variable data in an effort to
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understand organism decision-making. Inference from habitat selection research has resulted in
formulation of multiple theories and concepts including niche theory (Petren 2001, Hirzel and Le
Lay 2008), habitat suitability (Hirzel et al. 2006), and specificity of habitat use (Devictor et al.
2008). These theories and concepts have collectively added to our understanding of ecology.

The foundation of niche theory and resource partitioning includes a seminal publication
by Joseph Grinnell in 1917 on the organism-habitat relationship for California thrashers
(Toxostoma redivivum). Grinnell referenced a specific set of environmental variables that
California thrashers were adapted to as “critical conditions”. These conditions included
humidity, slope, elevation, and composition of shrubbery. Grinnell (1917) posited that
California thrashers were adapted to a specific set of environmental conditions and that the
availability of these conditions limited distributional range, thereby defining niche. Later (in
1957), G. Evelyn Hutchison formally articulated the multivariate components of habitat as an n-
dimensional niche, where the n-dimensions correspond to different environmental variables that
are used by the organism (Morrison et al. 2006). Niche theory has been a useful construct to
guide development of analytical tools for habitat selection research.

The concept of habitat suitability is based on Grinnell’s notion that some portions of the
niche are better suited for organism fitness than others, and that habitat selection can help reveal
those relationships. The concept of suitability contends that habitat varies in quality, i.e., some
habitat is more conducive to occupancy, reproduction, and survival than others. Numerous
analytical approaches have been used to portray habitat quality, including linear and logistic
regression, resource selection functions, UDs, and an expert-opinion-based modelling approach
called habitat suitability modelling (Singh et al. 2009). These techniques portray

disproportionate habitat use, with the assumption that areas receiving more use or having a
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higher probability of occupancy or use correspond to higher quality. However, animal density or
occurrence is not always a reliable correlate to habitat quality (Van Horne 1983) and researchers
have emphasized the importance of using fitness (often quantitatively expressed as viability) as
the best indicator of quality (e.g., Roloff and Haufler 2002, Mosser et al. 2009)

Habitat suitability modelling has been conducted on a variety of species. One IlI-known
example was performed in the mid 1990’s. At that time it became clear that the wolf (Canis
lupus) population in the Great Lakes region of the United States was growing rapidly.
Concerned citizens, stakeholders, and scientists wanted to determine how widely wolves could
potentially range. Mladenoff et al. (1995) developed a model that was used to map habitat
suitability for wolves throughout the Great Lakes region. The model was built from habitat
selection data collected on a population of Ill-studied wolves in northern Minnesota. The model
was subsequently extrapolated to other areas in the Great Lakes region to estimate where wolves
might colonize and survive. The research of Mladenoff et al. (1995) demonstrated, amongst
other things, that wolves were capable of traversing large areas of unsuitable habitat in search of
areas that provided the right mix of favorable habitat characteristics, a habitat use pattern that has
been realized as wolf populations recovered in this region (Mladenoff et al. 2009).

The occurrence, abundance, and fitness of some species are closely linked to specific
environmental variables whereas other species exhibit more latitude in habitat selection. This
observed difference in habitat specificity among species has resulted in 2 broad categories;
habitat-specialists and habitat-generalists. Habitat-specialists are so suited to a specific set of
environmental variables that they are vulnerable if these variables are altered. Habitat-
generalists are more malleable in their dependence on specific environmental variables and can

potentially thrive in disturbed habitat. In a world that is rapidly changing as a result of
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anthropogenic disturbance including human population growth, development, exploitation of
natural resources, and accelerated climate change, habitat-specialists can experience significant
population losses from habitat disturbance while habitat-generalists are more capable of
adjusting to environmental change (Brook et al. 2003).

Although the broad categories of habitat specialist and generalist imply autonomy, recent
research has demonstrated that habitat functionality also depends on the composition of different
species that occupy similar space and time. The term trophic cascade, for instance, describes an
event where predators, at the top of the food chain, influence the vegetative community at the
bottom of the food chain (Carpenter et al. 1985, Ripple and Beschta 2007). At the system level,
predators are known to influence nutrient cycling through consumptive and non-consumptive
means (Bump et al. 2009, Schmitz et al. 2010). Furthermore, habitat heterogeneity and species
diversity are positively associated (Tews et al. 2004). Essentially, more varied environmental

variables result in more potential niches and hence, greater species richness.

LIMITATIONS ON INFERENCE
How is Selection of Habitat Defined?

Point-based habitat selection models are built on the assumption that organism locations
represent the full suite of selection decisions. In reality, sampling and technological
shortcomings often limit, sometimes in a biased manner, the animal locations that are collected.
For example, Beyer and Haufler (1994) demonstrated that inference on habitat selection by elk
(Cervus elaphus) was different depending on whether the sample contained night-time locations.
Technological advances, like modern GPS telemetry technology, have helped alleviate some of
the logistical constraints associated with sampling. Indeed, use of GPS technology has revealed

new insights into environmental variables that are infrequently used but nonetheless
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important(e.qg., transitory areas between more highly used areas; Beyer et al. 2010). However,
GPS telemetry data do not represent a guaranteed solution as vegetation cover, weather, animal
movement, and topography affect the likelihood of triangulating a position and the precision of
the organism location. For example, topography is known to influence the ability of GPS to
triangulate a location (Gantz et al. 2006) and thus, resultant animal locations are biased to those
areas where topography did not limit functionality of the GPS technology. By assuming that all
organism locations in a data set represent the full suite of selection decisions, the importance of
certain environmental variables is likely exaggerated while the value of others is likely
diminished (Marzluff et al. 2004). Hence, it is important for researchers to critically evaluate
their animal location data, understand the spatial and temporal dimensions of the data, and adjust
the scope of inference accordingly.

Another factor that limits our ability to make inference from habitat selection studies is
the assumption that organisms are making selections for habitat that is ideal (i.e., organisms are
free to choose among the full range of habitat conditions). Fretwell (1972) and Fretwell and
Lucas (1969) described this process as the ideal free distribution. The concept implies that
organisms are ideal in their perception of habitat and that they are free to choose among habitats.
In reality, individuals are likely selecting less-than-ideal habitat because external pressures (e.g.,
dispersal constraints, intra and inter-species competition, source-sink dynamics, and human
encroachment on habitat) limit the ability to perceive or move into ideal habitat. By studying
organisms that are not behaving according to an ideal free distribution researchers risk
identifying less than ideal habitat as ideal. This misidentification can have significant

conservation ramifications if management activities inadvertently focus on less than ideal
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habitat. Herein lays the importance of using fitness as a metric of habitat suitability. Fitness

should be highest in ideal habitats.

How is Available Habitat Defined?

Many logistic regression models and resource selection functions require the designation
of available or presumably unused habitat. Because of the coarse temporal resolution
characteristic of almost all animal sampling efforts, it is difficult to say with certainty that
available habitat were unused. For instance, an animal may make use of available habitat
between sampling intervals. Thus, the naming convention representing the binary response is
traditionally used versus available habitat. It is important to note that this is a problem which
does not pertain to the habitat selection research of plants and fungi. Within this context it is
possible to identify true absence locations by visiting various habitat and confirming plant
presence or absence (Turner et al. 2003). Methods for estimating available habitat in animal
habitat selection research have been scrutinized (MacKenzie 2005, Boyce 2006). One technique
for estimating available habitat is based on randomly sampling locations from the study area
where organisms were not recorded (Edge et al. 1987, Aebischer et al. 1993). Another technique
uses the organism locations to create a home range, and then samples available habitat within the
home range (Anderson et al. 2005, Christ et al. 2008) (Figure 9). The aforementioned techniques
are similar, yet the latter limits the generation of available habitat to only that within the
organism’s home range while the former allows sampling throughout the study area without
considering the organism’s site fidelity. The problems associated with identifying available
habitat are often based on the delineation of the spatial and temporal boundaries of what is

considered available.
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- Used locations

E:] Study area

ntj Home range

* Available locations
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ﬂ Home range

Figure 9. Example of a use versus availability design with a random sample of available habitat
drawn from within the home range; a.) shows the organism locations collected by the researcher
that were used to create the home range, while b.) displays the available locations which resulted
from a random sample of all available habitat within the home range.
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Depending on the method used to identify available habitat, the ability to infer ecological
relationships can vary substantially. Porter and Church (1987) found that results from the same
habitat model could contradict depending on the manner in which available habitat was
portrayed. This facet of traditional experimental designs for assessing habitat use and
availability injects uncertainty into the inferences derived from this research. The problem is
that decisions on how to define habitat availability are commonly made a priori. Study area
boundaries are identified as a result of funding, logistics, or the delineation of political
demarcations, none of which may be relevant to the biology of an organism. Despite this reality,
study areas are one of the primary means by which habitat is considered available.

There is also an assumption that areas without recorded animal locations represent
unselected habitat. The limitations of different organism location techniques (e.g., organisms
can only be observed during certain times of day, measurement error), coarse temporal resolution
of some telemetry data, and problems with detection probability influence whether the researcher
is able to definitively designate available habitat as definitively unused. While measuring habitat
selection, the probability of detecting organisms of interest can vary. Historically, researchers
have assumed that detection probability was reliable and constant. In reality, conditions during
measurement of habitat selection (vegetation cover, weather, animal behavior, observer bias) can
influence the researcher’s ability to detect an organism. Failure to account for imperfect
detection probability can impact inferences derived from habitat selection research (MacKenzie
et al. 2006). For instance, the importance of habitat where an organism is readily detected can be
overestimated while habitat where the organism occurred but was not detected would be
undervalued. However, once the probability of detecting an organism is calculated, this

probability can be incorporated into models developed to quantify habitat selection (MacKenzie
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et al. 2006). Regardless, near-continuous telemetry sampling or intense visual observation
would be required to completely assuage this critique associated with how available habitat is
defined.

Furthermore, there is an important spatial and temporal component to identifying what
should be considered available habitat which can be referred to as habitat accessibility (Buskirk
and Millspaugh 2006). For example, if a sedentary organism is selecting habitat in the far
western portion of its home range, then habitat 5 km away cannot be simultaneously considered
available. Researchers must explicitly consider both habitat availability and accessibility in their
habitat selection research to increase the validity of their inferences. For a further discussion of

the issues associated with habitat availability see Elith and Franklin (2011).

Issues of Scale and Resolution

Scale is critical to any examination of habitat selection. The components of scale include
extent and resolution. Extent defines the boundary of the analysis; resolution refers to the
smallest identifiable unit (also referred to as grain and minimum mapping unit). Inference
derived from habitat selection research can vary depending on extent (as discussed above for
defining available habitat) and resolution (e.g., see Roloff et al. 2009). Thus, an understanding
of scale as it relates to the biology of the study organism and the research question is critical for
valid inference (Turner et al. 2001, Roloff et al. 2009). Furthermore, ecological processes
exhibit spatial and temporal variability and the results and inferences derived from habitat
selection research directly depend on the scale of the analysis (Boyce 2006).

Johnson (1980) articulated that organisms perceive their environment at varying scales
and make decisions to satisfy certain life history events in orders that depend on these scales

(Figure 10). The first-order represents a selection of habitat that defines the range of the species.
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Selection of habitat by individuals for the placement of home ranges within the species range
occurs at the second-order. The third-order of the hierarchy represents within home range
selections, for example denning, feeding, or roosting areas, while the fourth-order addresses fine-
scale (e.g., microsite, daily) habitat selections.

As organisms use their environment at varying spatial and temporal scales, failure to
explicitly consider scale can distort inference. In a habitat modelling framework, scale affects
the relationship between the response variable(s) and the environmental variables that describe
the habitat. For instance, certain habitat selection studies divide the study area (extent) into a
network of polygons, called habitat units (e.g., a grid lattice of polygons delineated at a specific
resolution) (Servheen and Lyon 1989, Boyce et al. 2003). When habitat selection research
depends upon concepts like habitat units, identifying the scale of those units must be done in
careful consideration of the research question, the biology of the organism, and the patterns and
processes of the environment. Furthermore, it is recommended that several different scales be
examined and model selection methods be utilized to identify the best-approximating model

(Anderson et al. 2005, Boyce 2006).
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Figure 10. The four orders of hierarchical habitat selection outlined by Johnson (1980); a.) the
first-order selection represents habitat selection that defines the range of the species, in this case
the range of the white-headed woodpecker (Picoides albolarvatus)* adapted from Garrett, K. L.,
Martin, G.R. and Dixon, R.D. (1996). White-headed woodpecker (Picoides albolarvatus). In
Poole, A. (ed) The birds of North America online. Ithaca, NY. USA, b.) in the second-order
selection an individual white-headed woodpecker makes a selection for the placement of their
own home range within the species range, c.) the third-order selection correspond to within-
home range habitat selection, and d.) the fourth-order selection relate to fine-scale daily habitat
selection.

Spatial and Temporal Autocorrelation

Spatial and temporal autocorrelation are two factors that influence the measurement of
habitat selection. Autocorrelation can be viewed as the similarity among observations as a
function of the space or time separation among them. Regression models have a statistical
structure that requires independence of the environmental variables. As environmental variables
(e.g., elevation, vegetation type, and soil structure) are more similar to one another in space and
time the fine-scale sampling protocols associated with acquisition of some animal location

techniques (e.g., direct visual observation, GPS telemetry) will yield data that exhibit correlated,
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directional dependencies. Failure to account for these inherent dependencies is a violation of
regression model assumptions.

The issue of autocorrelation in space and time has direct ramifications on inference
because failure to account for dependencies amongst the environmental variables imputes bias
into the model design, potentially inflating the significance of certain relationships. The problem
is that a researcher could infer an organism-habitat relationship that is stronger than it is in
actuality, simply because a facet of the modelling design was neglected. However, regression
models and RSFs can be structured to account for autocorrelations. As mentioned, a progressive
area of habitat selection research involves the integration of autocorrelation within animal
movement models. When autocorrelation is explicitly included into the likelihood method of
estimating model parameters more accurate interpretations of ecological relationships become

possible (Boyce et al. 2010).

Locational Imprecision

The unprecedented depth and scope of our ability to locate organisms, particularly with
telemetry systems have fostered the assumption that measured organism locations are precise. In
actuality, locational data can have considerable amounts of measurement error which is
problematic for habitat selection research. In 1990, Gary White and Robert Garrott published an
important book which, amongst other things, demonstrated the necessity of explicitly
incorporating measurement error into habitat selection models. Given that habitat selection
research strives to understand which habitat patches an individual is using in relation to those
that are available, measurement error limits our ability to accurately detect true organism-habitat
associations. White and Garrott summed up this sentiment when they wrote that habitat

selection models “require a precise estimate of an animal’s location so that it can be correctly
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placed in a habitat type” (White and Garrott 1990:200). Without precise locations habitat
selection models have the potential to produce erroneous results. Following White and Garrott
(1990) numerous methods (e.g., ignoring the error, rescaling environmental variables, majority
sampling, and bivariate-weighted techniques) were developed to explicitly incorporate
measurement error into habitat selection models. For several decades these techniques were
applied to habitat selection research. However, the ability of these techniques to ameliorate the
error associated with organism locations had rarely been tested.

Montgomery et al. (2010) demonstrated that commonly used techniques for incorporating
error into habitat selection studies were largely incapable of accurately portraying habitat use.
However, by 2010 the primacy of VHF technology had been usurped by GPS telemetry data.
GPS data are, on the whole, more accurate than VHF data with errors that are commonly <12 m,
depending on topography, canopy cover, and geographic location (Cargnelutti et al. 2007).
Because of this documented precision, a common approach was to simply ignore the
measurement error and proceed with the modelling design assuming that the organism locations
were near perfect. Montgomery et al. (2011) examined the effects of ignoring measurement
error consistent with GPS telemetry systems. Their analysis discovered that ignoring
measurement error from precise telemetry systems could have considerable ramifications on the
ability to make valid habitat selection inferences. Regardless, new models and analytical
methodologies are frequently being designed to portray habitat selection with as little bias as
possible. The progression of telemetry technology from the 1950’s forward demonstrates that
habitat selection research is ever-evolving, constantly advancing upon what has been done

previously with new techniques and innovative methodologies.
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CHAPTER 4
THE INFLUENCE OF SENESCENCE ON HABITAT SELECTION AMONG MOOSE
EXPOSED TO WOLF PREDATION
ABSTRACT
Climate, forage availability, and predation risk are known to influence habitat selection.

Less appreciated is how habitat selection is influenced by individual body condition, especially
senescence. | assessed the possibility of such an influence for wolf-killed moose (Alces alces)
during a 50-year period in Isle Royale National Park, USA. | developed habitat models which
indicate that during severe winters prime-aged moose had a tendency to die closer to Isle
Royale’s shoreline, where foraging opportunities and predation risk tend to be greater. By
contrast, senescent-aged moose tended to die farther from shore during severe winters. The same
model also indicated that moose tended to die in riskier, shoreline habitats during years when
predation risk had been lower in the preceding year. These results show how an individual’s
body condition can affect habitat selection and how predation dynamics may be complicated by

habitat selection based on characteristics of the preceding year.

INTRODUCTION

Most habitat selection research focuses on understanding how selection is influenced by
abiotic and biotic factors (e.g., Pimm and Rosenzlig 1981, Morris and MacEachern 2010).
Habitat selection is also influenced by an individual’s vulnerability to predation (Winnie and
Creel 2007) which can be affected by an individual’s body condition (Peterson 1977, Wright et
al. 2006). These relationships suggest that habitat selection may also be affected by an
individual’s body condition. Nevertheless assessments of such an effect on habitat selection are
rare (Sinclair and Arcese 1995, Heithaus et al. 2007).
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Some fundamental changes in body condition over the lifetime of an individual are
predicted by and understood through life history theory (Mangel 2008). In particular, the life
history of many organisms involves senescence. From a physiological perspective, senescence is
the decline in body condition with increasing age (e.g., Doherty 2003). Within evolutionary
ecology, this deterioration in condition ultimately results in a decline in vital rates. Much insight
has been gained by understanding how senescence influences population dynamics (e.g., Nussey
et al. 2008; Tuljapurkar et al. 2009). Here | assess how habitat selection, a fitness-related
behavior (McLoughlin et al. 2006), is influenced by an important life history change for many
species, the transition from prime condition to senescent.

Wolf-ungulate systems are especially 1l suited for examining how senescence affects
prey vulnerability and corresponding habitat selection. For instance, the presence of wolves
(Canis lupus) causes ungulates to select habitat that offers better protection from predation
(Creel et al. 2005), and ungulates in poorer nutritional condition seem to select different habitats
than animals in better nutritional condition (Winnie and Creel 2007). These patterns may be
attributable to wolves’ tendency to selectively kill senescent ungulates (Wright et al. 2006). In
this study | assess how winter severity, predation risk, and moose body condition affect moose

(Alces alces) habitat selection and where wolves (Canis lupus) kill moose.

MATERIALS AND METHODS

| evaluated winter habitat selection of moose living in Isle Royale National Park (544
km?), an island ecosystem in Lake Superior, USA. The moose population is typically comprised
of 7001100 individuals (1.4-2.4/km?) (interquartile ranges) (Vucetich et al. 2002). During most
winters wolf predation accounts for more than 80% of moose deaths (e.g., Vucetich and Peterson

2011), and the mean annual predation rate for the moose population (>9 months of age) is 9.9%
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(Mucetich et al. 2011). Growth rate of the moose population is negatively influenced by severe
winters (Vucetich and Peterson 2004a) and high rates of predation (McLaren and Peterson 1994;
Wilmers et al. 2006; Vucetich et al. 2011). Neither wolves nor moose have been subjected to
human hunting pressure.

Between 1959 and 2008, | found and necropsied the carcasses or skeletal remains of
moose that had been killed by wolves during winter (Figure 11). Most carcasses were located
during aerial surveys that tracked the movement of wolves through the snow during a 7-week
field season conducted each January and February. Some additional carcasses were also
discovered during summer ground surveys that involved extensive off-trail hiking. Because
most carcasses in this sample were located from light fixed-wing aircraft in conjunction with
estimating kill rate, few moose that died during the field season were missed (Vucetich et al.
2002). For carcasses discovered in winter, necropsies were conducted as soon as possible after
wolves finished feeding on a carcass and left the area, typically within 7 days of the moose’s

death (Vucetich et al. 2012).

73



-~ g
3 ®
90W(~) =S < )
Isle Royale ‘
Minnesota y ; /

p ©  Wolf-killed moose N
’ 0255 10 15 A
B . Kk

Figure 11. The location of Isle Royale National Park within Lake Superior (upper panel) and the
distribution of moose killed by wolves during the winter (N = 732) in Isle Royale National Park,
USA, 1959 - 2008. The inset provides a scale to help interpret the response variable depicted as

the y-axis of Figures 12 and 13.
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Necropsies included inferring the cause of death from field sign (e.g., blood on trees,
signs of a chase, and signs of struggle including broken branches). For carcasses discovered
during the summer, season of death was also inferred from field sign (e.g., degree of
decomposition, presence of adult ticks which exist only in winter or early spring). Necropsies
also involved recording the sex and location of the carcass. | estimated age at time of death by
counting annual cementum lines in the teeth (Bubenik 1997), and | recorded osteoarthritis
(Peterson et al. 2010) and periodontal disease (Peterson 1977) as being absent, mild, moderate,

or severe.

Habitat Characterization

The shoreline habitat of Isle Royale is characterized by conifer-dominated forests (i.e.,
Abies balsamea, Picea glauca, and Thuja occidentalis) which moose prefer in winter (Puttock et
al. 1996, Jordan et al. 2000; see Figure A.1 in Appendix A). With increasing distance from the
shore, deciduous species (especially, Populus spp., Acer spp., and Betula spp.) become more
common (Krefting 1974, Jordan et al. 2000). Because Isle Royale moose prefer A. balsamea
and T. occidentalis during the winter (Vucetich and Peterson 2005), habitat closer to shore
represents the best of the available foraging opportunities, with consideration for predation risk,
energy expenditure, and forage intake (Geist 1982, Edwards 1983, Peterson and Page 1993).
Conifer-dominated forests are also associated with lower snow depth, which favors moose
mobility, and greater horizontal structure of vegetation, which favor escape from predation
(Peterson 1977). These habitat qualities are associated with moose density being greater in
habitats that are closer to the shore (e.g., Vucetich and Peterson 2011). However, wolves also
travel and forage more frequently in shoreline habitats (see Figure A.2 in Appendix A). Thus,

habitat near to the Lake Superior shore provides moose with better forage, but may also
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correspond to riskier habitat. For these reasons, distance to shore represents important changes
in moose habitat selection on Isle Royale.

| calculated the distance from each carcass location (in meters) to the Lake Superior
shore. Moose carcass locations are representative of habitat selection because moose make daily
movement decisions at relatively small scales (10’s — 100’s of meters) (Phillips et al. 1973) and chase

distances of wolves for moose tend to average < 100 m (Wikenros et al. 2009). Moose killed by wolves
on shore ice were assigned a distance value of 0 m, meaning that they were considered to be on
shore. In the majority of these cases, the moose would have been on the shoreline and chased
onto the ice by wolves. The accuracy of these carcass locations is reasonably high (given the
context, i.e., distance from Lake Superior shore, whose range is [0, 5.4 km]) because a carcass
located from the air must also be found, on a later date, by a ground crew (to conduct the
necropsy). Doing so in a forested environment requires the aerial observer’s location to be

plotted very accurately.

Predictor Covariates

| assessed whether distance from shore could be predicted from two biotic covariates
(ratio of moose to wolf abundance and moose density), one abiotic covariate (North Atlantic
Oscillation Index [NAQY]), and three individual body condition covariates (sex, age-class, and
pathologic condition). The ratio of moose to wolf abundance (RATIO) is an important indicator
of predation risk (Vucetich et al. 2011), and ungulate density (MOOSE) is an important indicator
for a variety of density-dependent processes including intraspecfic competition for forage
(Patterson and Power 2002, Vucetich and Peterson 2004a).

Winter severity and its effect on ecological processes are complicated. Consequently,

large-scale, seasonal indices of climate spanning several months can be better indices of winter
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severity than local climatic factors for ungulate populations (Hallett et al. 2004), including Isle
Royale moose (Vucetich and Peterson 2004a). In particular, NAO is an index of winter severity
for many ungulate populations (Ottersen et al. 2001), including Isle Royale moose (Vucetich and
Peterson 2004a). | used annual NAO values reported by Hurrell (1995) and annual estimates of
moose and wolf abundance reported in Vucetich et al. (2011).

| categorized moose as prime-aged if they were 1-10 years old and senescent-aged if they
were >10 years old (AGE). This classification corresponds to the age when survival and
reproduction begin to decline in moose (Ericsson and Wallin 2001, Ericsson et al. 2001,
Vucetich and Peterson unpublished data). | categorized moose as pathologic if they exhibited
either of two senescence-associated pathologies (PATH). Specifically, a moose was categorized
as pathologic if it exhibited moderate or severe periodontal disease and/or moderate or severe
osteoarthritis. Moose were otherwise categorized as non-pathologic. Because moose habitat
selection commonly differs between sexes (Dussault et al. 2005), I also included sex as a
predictor covariate (SEX). | standardized the continuous predictors to have a mean value of 0

and a standard deviation of 1 to facilitate comparison of the regression coefficients.

Model Development

My model building procedure was based on nine predictor variables; three individual
body condition predictors (AGE, SEX, PATH) and three environmental predictors (RATIO,
MOOSE, NAO) that could be assessed for their influence during the current year (t) and the
previous year (t-1). | tested for multicollinearity among these predictor covariates and found that
RATIO and MOQOSE correlated (R =0.79; P < 0.01). Despite the degree of correlation, the

variance inflation factor for these two predictors was small (VIF = 2.62) suggesting that
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multicollinearity was not problematic (O’Brien 2007). However, | did not evaluate any models
that included both RATIO and MOOSE.

| began the model selection procedure by using backward elimination to assess which of
the three body condition covariates were significant predictors of the location where moose died
(Table 6). That procedure indicated that AGE was significant, but SEX and PATH were not.
Next | assessed how the influence of AGE might be modulated by environmental covariates. To
do so, I applied backward elimination to a set of candidate predictors representing all the
interaction terms that included AGE and each of the environmental predictors for year t or t-1
(Table 6). This application of backward elimination indicated that MOOSEt-1*AGE and
NAOt*AGE were important predictors. The next step of my model selection procedure was to
construct models representing every possible combination of predictors (see models 1-12 in
Table 7), with the restriction that every model with an interaction term would also include those
covariates as main effects. |1 compared these models using Akaike’s Information Criterion (AIC)
and ranked model performance with AIC weights (AICw) (Burnham and Anderson 2002). The
top-ranking model featured MOOSE in year t-1 (Table 7). Due to collinearity between MOOSE
and RATIO, | also evaluated a model where RATIOt-1 replaced MOOSEt-1 (see model 13 in

Table 7).

78



Table 6. The removed and retained predictor covariates for models predicting the distance from
Isle Royale’s shoreline where wolf-killed moose died between 1959 and 2008. Predictors were
removed in iterative fashion until all retained predictors were P < 0.05.

Individual body conditions Interactions terms
Predictor® P-value Predictor® P-value
w
% SEX 0.87 NAOt-1*AGE 0.81
2
Qo
.g' PATH 0.57 RATIOt-1*AGE 0.80
s
o
= RATIOt*AGE 0.05
o
MOOSEt*AGE 0.43
©
8
(&)
2
L
< AGE 0.03 NAOt*AGE 0.02
<
(38
E MOOSEt-1*AGE 0.01

S SEX = 0 for males and 1 for females, PATH = pathology
category (0 = non-pathologic, 1 = pathologic), AGE = age
category (0 = prime-aged, 1 = senescent), NAO = North Atlantic
Oscillation, RATIO = ratio of moose to wolf abundance, and
MOOSE = moose abundance.
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Table 7. Rankings of the models developed to evaluate the habitat selection of moose in relation
to the Lake Superior shore in Isle Royale National Park, USA, 1959-2008. Coefficients
significant at a = 0.025 level are highlighted in bold type face.

Coefficient (se)

MOOSE#1 NAOr*

Model Predictor composi'[ion§ AAIC AICw AGE MOOSEf#! NAO: RATIOf-! *AGE AGE
13 AGE + RATIO?-1 + 00 043 223.67 -62.18  -151.62 247.98
NAOf + NAOf*AGE ' ' (90.16) (64.40) (46.77) (89.86)
10 AGE + MOOSE¢-1 + 09 028 254.11 -142.40 -97.19 265.49
NAO? + NAO*AGE ’ i (91.50) (45.97) (63.04) (89.93)
+ ] +
e ] 251.79 -195.14 -93.67 112.88 254.02
12 NAOt + MOOSEt-1 14 021 9142) (62.92) (63.04) (92.05)  (90.33)
*AGE + NAOr*AGE el - S47 ‘ : :
g AGE + MOOSE¢-1 + 57 0.03 250.57 -201.37 141.98
MOOSE#-1 *AGE ’ ’ (91.94) (63.14) (92.01)
253.46 -134.53
4  AGE + MOOSE¢-1 6.1 0.02
(92.07) (46.00)
+ -1+
1 élif)t yl\(/l)(())ggé;] 75 001 250.27 -203.38  30.05 139.70
‘ ’ ' (91.92) (63.19) (45.39) (92.05)
*AGE
253.10 -137.87 32.63
7 AGE +MOOSE#I +N£ 7.5 0.01
(92.04) (46.22) (45.43)
9 AGE + NAO1 + 84 001 202.77 -106.71 256.19
NAOt*AGE y ) (90.57) (63.37) (90.47)
-111.40
2  MOOSEt-! 11.6 0.00
(45.46)
204.29
1 AGE 12.6  0.00
(91.05)
-114.85  33.32
6 MOOSE?-] + NAOf 13.1 0.00
(45.69) (45.66)
203.37 18.99
5 AGE +NAOf 144 0.00
(91.07) (45.47)
21.47
3  NAO¢ 17.4  0.00
(45.62)

YAGE = age category (0 = prime-aged, 1 = senescent), MOOSE = moose abundance, NAO = North Atlantic
Oscillation, and RATIO = ratio of moose to wolf abundance.

80



These models were fit using a linear regression in SAS PROC MIXED (version 9.2,

Cary, NC). My models took the form:

_ !
Yi=xf+ Z
where Y; represents distance to shore at the ith carcass location, X; 3 are the vectors of the

predictor covariates or the fixed effects parameters, and Z; represents the random error term.

RESULTS

Between 1959 and 2008 aerial and ground surveys located 732 winter wolf-killed moose
for which age, sex, and pathology (peridontal disease and osteoarthritis) could be assessed
(Figure 11). Among this dataset, 309 were males, 423 were females, 340 were not pathologic,
and 392 were pathologic. Furthermore, 347 moose were prime-aged and 385 moose were
senescent-aged. Senescent-aged moose died, on average, significantly closer to the Lake
Superior shore than did prime-aged moose (t = 2.20, P = 0.01).

The top-ranking model included AGE (P = 0.01), RATIOt-1 (P <0.01), NAOt (P =
0.19), and NAOt*AGE (P < 0.01; Table 7). This model (AICw = 0.43) was more than 1.5 times
as likely to be the best approximating model when compared to the next ranking model (AICw =
0.28; Table 7). The second-best performing model included the same covariates as the best-
performing model, except MOOSEt-1 replaced RATIOt-1, these covariates are also correlated,
and the coefficients for each of these predictors were similar (Table 7). Moreover, RATIO
explains 62% percent of the variation in predation rate (see Vucetich et al. 2011), and MOOSE
explains 52% of the variation in predation rate (Vucetich and Peterson 2011). Collectively, these
considerations suggest RATIO and MOOSE are both useful indicators of predation risk on

moose habitat selection. The parameter estimates indicate that moose tended to die closer to the
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shore, where foraging opportunities were better and predation risk was likely greater, when the
ratio of moose to wolf abundance (i.e., predation risk) had been lower in the preceding year
(Figure 12). The interaction term indicates that the effect of winter severity in year t on habitat
selection depended on the age class of the moose. Specifically, prime-aged moose had a
tendency to die farther from shore during mild winters and much closer to shore during severe
winters (Figure 13a). By contrast, senescent-aged moose tended to die farther from shore during

severe winters (Figure 13Db).
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Figure 12. The influence of predation risk, indexed by the ratio of moose to wolf abundance
(RATIO) in year t-1, on the location of wolf-killed moose in relation to Isle Royale’s Lake
Superior shore. The regression line displays the expected location, as predicted by the top-
ranking model in Table 2. Each circle represents the mean location pooled across years with
similar values of RATIO (i.e., every 5 units along the x-axis). | pooled data across years because
some individual years were associated with relatively small sample sizes. The inset in Fig. 1
offers a basis for interpreting the scale of the y-axis. Low values of RATIO correspond to high
predation risk.
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Figure 13. The influence of winter severity, indexed by the North Atlantic Oscillation (NAQO) in
year t, on the location of wolf-killed moose in relation to Isle Royale’s shore. Panel (a)
represents prime-aged moose, and panel (b) represents senescent-aged moose. Regression lines
represent the expected location, as predicted by the top-ranking model in Table 2. Each circle
represents the mean location pooled across years with similar values of NAO (i.e., every 0.25
units along the x-axis, see Fig. 2 legend for details). Low values of NAO represent more severe
winters.
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DISCUSSION

Locations of moose carcasses reflect decisions about where moose select habitat and
where wolves decide to hunt (and successfully kill) moose. Thus, the two processes are
inextricably linked and carcass locations represent a reasonable basis for concluding that
decisions about habitat used by moose and wolves are influenced by the life history state and
body condition of moose. In particular, habitat selection is influenced by the decline in
reproductive success associated with senescence (Fig. 3). Generally, and regardless of winter
severity, senescent-aged moose that end up being killed by wolves, tend to die closer to the Lake
Superior shoreline than do prime-aged moose (t = 2.20, P = 0.01). Because the frequency of
senescent individuals in a population varies over time and among populations, senescence also
manifests its influence at the population level, affecting processes such as growth rate and
predator kill rate (Coulson et al. 2001; Peterson et al. 2010). My work suggests that a
population’s age structure may also affect habitat selection, which could in turn influence spatial
patterns in ecosystem processes such as herbivory. While the details of such relationships
remain unevaluated, my work highlights a critical relationship between life history and habitat-
related behaviors whose influences are also likely manifest in population-level processes.

The habitat selection of prey is a complicated dynamic involving the quality of forage in
various habitat types, the state-dependence of the prey (Berger-Tal et al. 2010), and decisions
made by predators which alter the predation risk experienced by prey (Creel et al. 2005, Kotler et
al. 2010). For example, wolves tend to select landscape features where ungulates, such as elk
(Cervus elaphus), are more vulnerable to predation (Bergman et al.2006). Elk also select
grassland habitat, which is preferred for forage, when predators are not immediately present, but

move into forested habitat when wolves are present (Creel et al. 2005), just as is predicted by
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predation sensitive foraging theory (Lima and Dill 1990). My work adds to these insights by
showing how moose habitat selection varies from year to year with changes in predation risk
(Figure 12). Specifically, moose tended to avoid near-shore habitat, where wolves tend to forage
(see Figure A.2), when predation risk was high in the preceding year. Moose appear to be more
sensitive to recent predation risk than current predation risk.

Winter severity influences ungulate population dynamics (Stenseth et al. 2002, Vucetich
and Peterson 2004a), diet (Christianson and Creel 2007), and behavior (Mysterud and @stbye
2006, Creel and Christianson 2009). My observations extend the understanding of winter
severity’s influence by showing how it also affects habitat selection (Figure 13). In particular,
during severe winters, prime-aged moose tended to die closer to shore, where foraging
opportunities and predation risk are greater (Figure 13a). By contrast, senescent-aged moose
tended to die farther from shore during severe winters (Figure 13b). These patterns suggest that
senescent-aged moose sacrifice foraging opportunities for lower predation risk, when compared
to the habitat selection of prime-aged moose. These patterns also suggest that prime-aged moose
may be less sensitive to the effect that winter severity has on predation risk (cf., Figures 13a and
13b). This result is more complex than theoretical models which predict that animals in poor
condition (e.g., a hunger state) are expected to be riskier in their pursuit of quality forage
(McNamara and Houston 1986). These results also suggest that climate change is likely to affect
habitat selection of large mammals.

Wolves have long been considered to be highly selective in their pursuit of prey (Mech
1970, Wright et al. 2006). My work further suggests that wolves not only have the ability to
select for individuals with various body conditions within the prey population but they also have

the ability to target these individuals in environmental space. Thus, my study substantiates that
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wolf hunting patterns correspond to the habitat decisions of their primary prey (Jedrzejewski et
al. 2001, Bergman et al. 2006, Kauffman et al. 2007). My results also suggest that the
interaction of moose senescent condition with winter severity may be, in part, a product of wolf
hunting tendencies. For instance, per capita kill rates by wolves tend to be greatest during severe
winters (Nelson & Mech 1986, Huggard 1993, Hebblewhite, Pletscher & Paquet 2002). This
tendency is likely associated with moose nutritional condition and their corresponding ability to
forage (Gasaway et al. 1983). Consequently, the habitat decisions of a moose likely depend on
climatic conditions, their body condition, as well as wolf hunting strategies.

Conclusions of this study, based on locations of a large number of wolf-killed moose
examined over a 50-year period, allude to some of the subtleties that likely pervade wolf-prey
interactions, exhibited in changing habitat decisions as a moose approaches the most vulnerable
life stage. Future research involving detailed study of individual moose should evaluate my

finding that previous year risk is significant in current year habitat selection.
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CHAPTER 5
SPATIAL PATTERN IN AREAS WHERE WOLVES KILL MOOSE
WITH SENESCENT-ASSOCIATED PATHOLOGY

ABSTRACT

I document two landscape patterns in predation, each occurring at a separate spatial scale
and each arising from a different cause. At the larger spatial scale, corresponding to the scale at
which moose disperse or establish home ranges, subtle changes in geology and vegetation
structure give rise to prey refugia. |suggest that these spatial patterns in predation can be
attributed to spatial variation in resources. Isle Royale has a three-trophic level system of balsam
fir (Abies balsamea), moose (Alces alces) density, and wolf (Canis lupus) density. The
distribution of balsam fir, the preferred winter forage of moose, is largely confined to the east
end of the island where there are moose and correspondingly more wolves. Thus, predation risk
is greater on the east end of the island and lower on the west end where habitat heterogeneity
seems to give rise to prey refugia. Refugia resulting from habitat heterogeneity can stabilize the
interactions of predators and prey over vast temporal resolutions. At the smaller spatial scale,
corresponding to the scale at which moose make within home range selections, |1 show how
subtle changes in life history give rise to a different set of landscape patterns in predation
whereby moose with senescent-associated pathology die in some areas and moose without
pathology die in other areas. These results highlight that moose rely upon different landscapes to
support their decision making in different states of their life history. Though similar
observations have been made for animals residing in other systems (e.g., marine fish and

insects), comparable results have not yet been documented among large mammals.
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INTRODUCTION

Spatial variation in predation is a critical feature of predation ecology. Anthropogenic
changes in landscape structure can create spatial variation in predation rates for a broad array of
species (Rodewald 2002, Andruskiw et al. 2008, Perfecto and VVandemeer 2008). Spatially
patterned predation has also been attributed to variation in climate (Stenseth et al. 2004), relative
predation risk (Creel and Winnie 2005), habitat heterogeneity (Birkhofer et al. 2010), and trophic
interactions mediated by landscape structure (McCoy et al. 2009). Furthermore, these patterns
have been observed across both vast (Stenseth et al. 1998, Sundell et al. 2004) and narrow
(Birkhofer et al. 2011) spatial scales. Extensive theory suggests that complex spatial dynamics
in predation may be an emergent property of local population processes such as dispersal (e.g.,
Howeth and Leibold 2010).

Some insects and marine fish exhibit intricate spatial variation in predation dynamics that
arise from complicated life history patterns, such as prey relying on different habitats during
various states of their life (e.g., McCoy et al. 2009). Most mammals do not exhibit such
dramatic changes over the course of their life history. Consequently, complicated life history
patterns would not seem to be an important basis for spatial variation in predation dynamics
among mammals. However, recent evidence has shown that moose (Alces alces), a large
terrestrial mammal, living in Isle Royale National Park (Lake Superior, USA) exhibit variation in
habitat selection with individual body condition (Montgomery et al., in review). Specifically,
senescent-aged moose differed in their habitat selection in relation to prime-aged individuals.
Another recent study, motivated to better understand the fertilizing effects of moose killed by
wolves (Canis lupus) on large scale patterns in nutrient cycling, also found spatial patterns in the

distribution of moose carcasses on Isle Royale (Bump et al. 2009). These observations suggest
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the value of investigating whether subtle changes in the life history of large mammalian prey in
relation to their primary predators can result in spatial patterns in predation.

| assess this possibility by looking for spatial patterns in the landscape covariates
associated with the distribution of wolf-killed moose in different states (e.g., those with
senescent-associated pathology and those without). Theory also suggests that spatial variation in
predator-prey dynamics can arise from spatial variation in resources that supply prey populations
(Hopcraft et al. 2010). The nature of these dynamics relies greatly on the magnitude and spatial
scale of resource variation. In particular, predation dynamics could depend on whether
influential variation in resources occurs at scales that are larger than or smaller than the scale at
which local predator-prey population dynamics occur. Therefore, | also show how spatial
patterns is predation correspond to spatial patterns in resources occurring at spatial scales that
relate to within home range selections and the distances at which moose disperse or establish

home ranges (Labonté et al. 1998).

STUDY SITE AND FIELD METHODS

Isle Royale National Park (544 km2) is located in Lake Superior, USA (48°N, 89°W).
The island is essentially a single-predator single-prey system (Peterson and Page 1988) that is
largely closed to moose and wolf immigration and emigration (Adams et al. 2011). The moose
population is typically comprised of 700-1100 individuals (1.4-2.4/km2) (ranges are
interquartile ranges) (Vucetich et al. 2002) and averaged between 0.5 and 3.8 moose/km2 during
the study period (Figure 14a). The population dynamics of moose are influenced by winter
severity (Vucetich and Peterson 2004a) and predation risk (McLaren and Peterson 1994,
Wilmers et al. 2004, Vucetich et al. 2011). During most winters wolf predation accounts for

more than 80% of moose deaths (e.g., Vucetich and Peterson 2011), and the mean annual
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predation rate among moose (>9 months of age) is 9.9% (Vucetich et al. 2011). From 2000 to
2008 the wolf population averaged between 0.0 and 0.1 wolves/km2 (Figure 14b).

Between 2000 and 2008, | located carcasses of moose that were wolf-killed in winter
(Figure 15). The majority of these carcasses were located during a 7-week winter study period
involving extensive aerial surveys of the island (Jan. — Feb.). A minority of the carcasses were
located by field crews conducting backcountry expeditions during the summer months (May —
Aug). Those carcasses located during winter were necropsied directly following wolf
abandonment of the carcass (generally within 7 days if moose death; Vucetich et al. 2011). Very
few wolf-killed moose carcasses would have been missed during the winter aerial surveys
because of the efficiency of the light aircraft and the necessity to precisely calculate wolf kill rate

(Vucetich et al. 2002).
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Figure 14. Average population dynamics for A) moose and B) wolves within Isle Royale
National Park, Lake Superior, USA, 2000-2008.
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Figure 15. Kill zones of wolf-killed pathologic and non-pathologic moose and the corresponding
kill sites in Isle Royale National Park, Lake Superior, USA, 2000-2008.
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During the necropsies cause of death was identified from field sign (e.g., blood patterns,
wolf chase sign, and evidence of struggle). Degree of decomposition and adult tick presence
were used to identify season of death for moose carcasses discovered in the summer months. |
also identified senescent-associated pathology based on the degree of osteoarthritis (Peterson et
al. 2010) and periodontal disease (Peterson 1977) in the moose carcasses. | classified a moose as
being pathologic if the carcass showed signs of moderate to severe osteoarthritis or periodontal
disease. If the carcass had none to mild osteoarthritis or periodontal disease the moose was non-
pathologic. The presence of pathology in this population of moose is senescent-associated.

From an examination of 2,652 moose carcasses collected on Isle Royale between 1959 and 2008
the mean age of non-pathologic individuals was 3.90 years while the mean age of pathologic

individuals was 12.02 years (Montgomery et al. unpublished data).

ANALYTICAL METHODS

| conducted a preliminary assessment of six landscape covariates associated with moose
carcass locations to determine whether these sites were spatial patterned. More precisely |
assessed whether the spatial patterns of these landscape covariates for combined pathologic and
non-pathologic moose and pathologic moose and non-pathologic moose considered separately
deviated from random (Table 8). The minimum mapping unit for this analysis was 30 m. Two
of these landscape covariates (% canopy cover and % conifer cover) were derived from the U.S.
Geologic Survey’s National Land Cover Database (NLCD; Homer et al. 2007), which is based
on data remotely sensed between 2001 and 2006. Percent canopy cover represented the
proportion of each raster cell that was covered by canopy. Percent conifer was calculated as the
proportion of each raster cell that was covered with a forest type dominated by conifer trees (i.e.,

evergreen forest, mixed forest, and palustrine forested wetland). The percent canopy cover layer
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has an estimated accuracy >81% (Wickham et al. 2010), and the conifer distribution layer has a
forest-type classification accuracy of >91% (NLCD 2006 metadata, <http://www.csc.noaa.gov
[crs/lca>, accessed on 1 Dec 2010). | also used the National Elevation Dataset to portray
elevation and calculate slope. The last two landscape covariates that | assessed were distance to
inland lakes and distance from Lake Superior. | mapped these two rasters because ungulates are
particularly vulnerable to wolf predation on inland ice (Carbyn 1983) and the shoreline of Isle

Royale is associated with increased wolf use in winter (Montgomery et al. in review).

Kill Zones

| used locations of wolf-killed moose and kernel density estimates (KDE) to identify the
location and extent of moose carcasses at two spatial scales (kill zones and kill sites). |
generated KDEs in R (version 2.10.0, www.cran.r-project.org) using least-squares cross-
validation, which provides robust bandwidth estimates particularly when there are no repeat
locations (Gitzen and Millspaugh 2003, Gitzen et al. 2006, Steury et al. 2010). | used ArcGIS
9.2 (Environmental Systems Research Institute, Redlands, CA) to represent each KDE as a 30 m
resolution raster, which depicted the probability of a moose being wolf-killed at 1% intervals.
The central concentration of carcasses occurred near the 1st KDE percentile with less-

concentrated carcass distribution towards the 95th KDE percentile.
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Table 8. Spatial autocorrelation of the environmental covariates associated with carcass
locations for combined pathologic and non-pathologic moose and separately for pathologic
moose and non-pathologic moose killed by wolves in winter on Isle Royale National Park, Lake
Superior, USA, 2000-2008.

Moran's  Expected

Variable Dataset index index var y4 P

Combined 0.250 0.005 0262 0497  0.619
Canopy cover oM 0.158 0010 0008 1923  0.054

pathologic

Pathologic 0.016 0009 0004 0385  0.700

Combined 1.004 0005 0265 1957  0.050
Conifer Non- 0.056 -0.010 0008 0074  0.458

pathologic

Pathologic -0.102 -0.009 0005 -1.384  0.166

Combined 2.092 -0.005 0254 4158  <.0001
Elevation Non- 0.378 0010 0007 4515 <.0001

pathologic

Pathologic 0.153 -0.010 0.004 2.548 0.011

Combined 0.009 -0.005 0239 0030 0976
Slope Non- 0.061 001 0008 0813 0416

pathologic

Pathologic -0.063 -0.009 0003 -0912  0.362

Combined 0.924 -0.005 0264 1809  0.070
Lake Superior oM 0.450 0010 0008 5245 <.0001

pathologic

Pathologic 0.531 -0.009 0.004 8.101  <.0001

Combined 0.332 0005 0261 0659  0.510
Inland lakes oM 0.570 0010 0008 6.670  <.0001

pathologic

Pathologic 0.365 -0.009 0.004 5.647 <.0001
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Hunting patterns of predators are known to be inherently variable (Roth and Lima 2007).
Additionally, wolves are opportunistic predators (Mech and Peterson 2003) hence locations of
kills can appear random and be potentially influenced by outliers. Consequently, | used a
Bayesian framework and Monte Carlo simulation tests (iterated 10,000 times) to identify the
percentile that best represented the core area boundary of each kill zone (Wilson et al. 2010).
This Bayesian framework utilizes functions within several R libraries including MASS, spatstat,
splancs, and MCMCpack (Rowlingson and Diggle 1993, Venables and Ripley 2002, Baddeley
and Turner 2005, Martin and Quinn 2006), and is based on comparing the distribution of

locations to a completely spatial random distribution (Ripley 1976).

Regression Models

| assessed the landscape covariates at two spatial scales. First, | compared a pair of
regression models that characterize the landscape covariates of kill zones for pathological and
non-pathologic moose (kill zone models). 1 also compared regression models that characterize
the landscape covariates of individual Kill sites within each kill zone for pathologic and non-
pathologic moose (kill site models). The purpose of these models was to examine variation in
landscape covariates associated with predation events at scales that roughly correspond to the
scale at which moose disperse or select their home ranges (kill zone models) and a scale the
reflects within home range selections (kill site models). To facilitate these comparisons, |
standardized the landscape covariates before building each regression model. None of the

landscape covariates in the analysis were collinear (i.e., R > 0.70).

Kill Zone Models
| built a pair of multiple linear survey regression models based on a random sample of

locations drawn from the pathologic and non-pathologic kill zones. 1 selected a sample size (n)
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that would yield a desired level of precision (in the regression coefficients) given the observed

variability in the landscape covariates. To determine n, | used this equation (Thompson 2002): n

= [(d2/2202) + (1/N)]'1, where d is desired margin of error, z is the standard z-score based on an

o equal to 0.01, N is the total population of cells within the kill zone, and o is the standard
deviation for each landscape covariates. | estimated o for each landscape covariate from a
sample of 10,000 random locations across Isle Royale. Because the calculated sample varied
among the six landscape covariates, | set the sample size equal to the largest of these random
samples.

After generating the random sample | built a multiple linear survey regression model for
pathologic and non-pathologic moose kill zones, using PROC SURVEYREG in SAS (version

9.2, Cary, NC) which accounts for the random sample (n) in relation to the total population (N).

This model took the form: Y; = X5 + € where Y; is the percentile of the KDE at the ith sample,

Xp; are the regression coefficients at the ith sample, and ¢ is the random error term. The

residuals were homoscedastic and approximated the normal distribution.

Kill Site Models

The Kill site models were based on the landscape covariates in the direct vicinity of the
sites where wolves killed moose within the kill zones. Specifically, | considered an area with a
50 m radius (0.79 ha) surrounding each wolf-killed moose. This area corresponds approximately
to the spatial extent of daily moose movements, which are on the order of 10’s to 100’s of m
(Phillips et al. 1973) and to the distances that wolves chase moose before killing them, which are
on average < 100 m (Wikenros et al. 2009). Thus, this area likely reflects each moose’s’ habitat

selection shortly before it was killed by wolves. | then calculated the mean of the landscape
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covariates and response variable (i.e., percentile of the KDE) that intersected the 50 m radius

surrounding each kill site. 1 used SAS PROC MIXED to model these data as a spatial linear

regression model: Yj = xj'B + Z;, where Y is the percentile of the KDE at the ith kill site, x;’

represents the vectors of the landscape covariates at the ith kill site, B is the vector of fixed

effects coefficients, and Z; is the spatially autocorrelated random error term. Once again, the

residuals were homoscedastic and approximated the normal distribution. Finally, I evaluated
differences in landscape covariates associated with pathologic and non-pathologic moose kill
zones and kill sites by comparing the regression coefficients produced from the respective
models. 1 also produced models with non-influential coefficients (those with standard errors (se)
overlapping 0) removed to illustrate that the parameter estimates (se) in less parameterized

models varied only slightly in relation to the full model (see Figure B1 in Appendix B).

RESULTS

My sample included only wolf-killed moose whose skeletal remains were sufficient to
permit being categorized as pathologic (n=109) or non-pathologic (n=106). For the entire
sample, carcasses were not distributed randomly with respect to elevation (P < 0.01), but they
were randomly distributed with respect to the other five covariates (Table 8). However, when
the pathologic and non-pathologic moose were considered separately, their spatial distribution
was significantly associated (i.e., P < 0.01) with three landscape covariates (elevation, distance
to Lake Superior, and distance to inland lakes) (Table 8). This spatial patterning enabled us to
examine landscape covariates for pathologic and non-pathologic moose separately at the two

spatial scales of the analysis.
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Bayesian analysis of the KDE indicated that the core areas of kill zones for pathologic
moose correspond to the 30th KDE percentile, where the percentile (ranging from 1 to 30) is
inversely equivalent to the likelihood of being killed by wolves in that area of the kill zone.
Hereafter, | refer to smaller percentiles of a kill zone as being equivalent to more intense portions
of the kill zone. For comparative purposes, | also identified the 30th percentile for non-
pathologic moose. The extent and location of the kill zones differed between the pathologic and
non-pathologic moose. The core kill zone for pathologic moose was a single contiguous polygon
of 102 km2 whereas the core kill zone for non-pathologic was thirteen disjoint polygons
covering a total of 84 km2 (Figure 15). The two kill zones overlapped by approximately one
third (32 km2) (Figure 15). While these zones represent 29% of Isle Royale’s winter area, 48%
of the pathologic and non-pathologic moose died within their respective core kill zones.
Furthermore, the core kill zone for pathologic moose covered just 16% of Isle Royale, yet
contained 42% of all pathologic moose in the study.

Differences in the distribution and extent of kill zones for pathologic and non-pathologic
moose are likely attributable to variation in the landscape covariates associated with each kill
zone (Figure 16a). The most important difference between pathologic and non-pathologic moose
kill-zones involved elevation. Specifically, the intensity of a kill zone increased greatly at higher
elevations for pathologic moose (P <0.0001), but decreased with elevation for non-pathologic
moose (P <0.0001) (Figure 16a). Another difference is that the intensity of a kill zone increased
with greater distances from inland lakes for pathologic moose (P <0.0001), but decreased for
non-pathologic moose (P <0.0001) (Figure 16a). Also, the intensity of a kill zone increased
greatly at closer distances to Lake Superior for non-pathologic moose (P<0.0001), but gradually

increased for pathologic moose (P = 0.001) (Figure 16a). The distribution of conifer varied little
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between kill zones for pathologic and non-pathologic moose (Figure 16a). Finally, the
likelihood of being wolf-killed decreased with canopy cover for pathologic moose (P <0.0001),
but was non-influential for non-pathologic moose (P = 0.85) (Figure 16a).

The kill zone models, described above, correspond to an approximate spatial scale at
which moose select home ranges or distances at which they disperse (i.e., 10’s of km2). Kill site
models, on the other hand, focus on spatial scales corresponding to within home range selections
by moose. This distinction is important because, while kill site models revealed differences in
landscape covariates between pathologic and non-pathologic moose, they were not always the
same differences revealed by the kill zone models (cf., Figure 16a and 16b). For example, the
intensity of a kill zone at sites where pathologic moose were killed tended to decrease with
canopy cover (P = 0.28) and increase with conifer cover (P = 0.11); however, the opposite was
true for non-pathologic moose for canopy cover (P = 0.05) and for conifer cover (P = 0.06;
Figure 16b). Another difference between kill zone and kill site models involved distance to
shorelines. In particular, the influence of distance to Lake Superior and to inland lakes differed
between pathologic and non-pathologic moose for the kill zone models (Figure 16a), but not for
the kill site models (Figure 16b). The kill zone and kill site models were similar with respect to
the influence of elevation on pathologic and non-pathologic moose. The intensity of a kill site
increased greatly with increasing elevation for pathologic moose (P = 0.001), but not for non-

pathologic moose (P = 0.45).
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Figure 16. Standardized regression coefficients with standard error bars for all environmental
covariates from A) the kill-zone model (multiple linear survey regression) and B) the kill-site
model (spatial mixed linear regression).
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Based on examinations of the area associated with the upper quartile (> 75% of the

distribution) of both moose and wolf densities | identified that regions of high moose density

: . . . . 2
(Figure 14a) correspond to regions of high wolf density (Figure 14b; y = 11.53, P < 0.001).

Furthermore, regions of high moose density (Figure 14a) correspond to the spatial position of the

2 . .
pathologic moose kill zone (Figure 15; y =33.51, P < 0.001) and the non-pathologic moose kill

2
zones (Figure 15;y =4.39, P = 0.04).

DISCUSSION

My analysis demonstrates that wolves killed moose with senescent-associated pathology
in areas that were geographically distinct and functionally different in the composition of
landscape covariates from areas where non-pathologic moose were wolf-killed. | observed these
spatial patterns of predation at two spatial scales suggesting that moose habitat selection, and the
corresponding likelihood of being preyed upon by wolves, operated hierarchically (Johnson
1980, McLoughlin et al. 2002). These patterns were not evident when examining all moose
carcasses together, regardless of individual body condition. However, significant spatial
patterning (i.e., P < 0.01) became evident when I analyzed landscape covariates associated with
moose carcass locations separately by moose condition (i.e., senescent-associated pathology or
not).

Examining the spatial patterns of predation at the larger spatial scale (i.e., kill zones)
revealed that moose, by individual condition, broadly died in different regions of the island.
Moose with senescent-associated pathology died in one contiguous area on the east end of the
island while non-pathologic moose died in 13 different kill zones covering the full extent of the
island. The two kill zones did overlap by approximately one third illustrating that most predation
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occurred on the east end of the island (Figure 15). | attribute this spatial pattern in predation to
the spatial pattern of resources. The Isle Royale system has three trophic levels including balsam
fir (Abies balsamea), moose, and wolves (Wilmers et al. 2006). The east end of Isle Royale has
more balsam fir, a preferred winter forage of moose (Vucetich and Peterson 2005), and
correspondingly higher moose densities (Figure 14a). Given that there are higher moose
densities on this end of the island | would expect there to be higher wolf densities because wolf
hunting corresponds to prey habitat selection (Jedrzejewski et al. 2001, Bergman et al. 2006).
Figure 14b illustrates that this is the exact relationship that | observed across the study period.
Conversely, the west end of the island likely presents moose with a source of refugia from
predation because of lower moose densities (Vucetich and Peterson 2004b) and lower wolf
densities (Fig 1b) that | suggest derives from habitat heterogeneity (i.e., fewer balsam fir stands).
This result indicates that habitat heterogeneity can create prey refugia (Lewis and Eby 2002,
Brown 2003, Briggs and Hoopes 2004). Theory suggests refugia can have a stabilizing effect on
predator-prey interactions (Fryxell et al. 1988, Ellner et al. 2001, Kauffman et al. 2007). Isle
Royale should be expected to be relatively unstable given that it is a single predator/single prey
system (Peterson and Page 1988). We know that ratio-dependent kill rates represent one
stabilizing mechanism on the island (Vucetich et al. 2002) and this analysis highlights that
spatial variation in predation may represent another stabilizing mechanism.

At the finer spatial scale (i.e., kill sites within kill zones), I find that moose die in
fundamentally different areas by individual body condition (senescent-associated pathology or
not). This result corresponds to the theoretical idea that spatial patterns in predation can arise
from intrinsic properties of predators or prey (i.e., not only from exogenic processes, like spatial

variation in resource abundance) (McNamara and Houstson 1987, Heithaus et al. 2007). In this
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case, the spatial patterning likely rises from the fact that moose (a long-lived prey species that
senesces) have different states of their life history (just like fish or insects; McCoy et al. 2009)
and within those different states habitat selection varies. My analysis suggests that those
variations in habitat selection can result in landscape level patterns in predation (e.g., Figure 15).
For instance, | discovered that 42% of moose with senescent-associated pathology selected
habitat within an area covering just 16% of the Isle Royale landscape before being predated upon
by wolves. Within that area moose with senescent-associated pathology selected for higher
elevations, greater percent conifer, and lower canopy cover. The selection of areas at higher
elevations and with more complex vegetation structure (i.e., conifer cover) can be interpreted as
anti-predator strategies. Many ungulates will select habitat at higher elevations or with more
conifer cover when vulnerable to predation (Bergerud et al. 1984, Adams et al. 1995, Fortin et al.
2005, Barnowe-Meyer et al. 2010).

Wolves influence the deposition of prey carcasses (Wilmers et al. 2003, Wilmers and
Getz 2004) which can have important fertilizer effects on the environment (Bump et al. 2009).
Bump et al. (2009) discovered variation in spatial patterning of moose carcasses in Isle Royale
National Park across space and time which were attributed, at least in part, to the behavior of
wolves. My research suggests that both habitat heterogeneity and the individual body condition
of moose could also be causal mechanisms contributing to these patterns. Though my
observations do not represent a full assessment of the causes and consequences of the spatial
patterns of predation on Isle Royale, they do suggest that; i) spatial patterns in predation-related
phenomena can be found in large, terrestrial mammals; (ii) these patterns can occur at relatively
small spatial scales (i.e., hundreds of square kilometers, not only at continental scales); and (iii)

these spatial patterns can arise from subtle changes in landscape structure and subtle changes in
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life history. These findings should inspire empirical ecologists to look for similarly subtle, but
potentially important patterns in other terrestrial systems; and theoreticians to develop models
that involve hierarchical and subtle sources of variation like what | observed here, so that | can

better understand the consequences of spatial patterns of predation.
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CONCLUSION

It is doubtful that the pre-20th century naturalists who painstakingly recorded organism-
habitat associations through visual observation could have possibly conceived of the
technological advances that currently inform habitat selection research. Researchers have moved
from hours spent every day in the field collecting data to mere seconds at the computer engaged
in the same activity. The quest to comprehend animal ecology, however, remains the same. The
prospect of elucidating the ecology of an individual animal which might characterize a
population or even the species itself has proved completely absorbing. Researchers have made
important technological advances and have developed new and interesting models to describe
habitat selection. These collective innovations have led to a vast progression of the discipline of
habitat selection research.

The relationship between organisms and their habitat is considered integral to species
survivability and the inferences garnered from habitat selection research inform management and
policy decisions. This information is particularly useful in the dynamic 21st century where
threats to environmental change are ubiquitous and persistent. There is no doubt that further
technological and quantitative innovations will be an integral part of the continued development
of habitat selection research.

The models that | developed in Chapters 1 and 2 revealed that despite the continued
advances of the technology associated with habitat selection research, efforts to ensure that
sound research methodologies are employed remain fundamental to the discipline. None of the
techniques used to incorporate telemetry error, typical of VHF systems, into habitat selection
models were reliably accurate. This accuracy was particularly poor across categorical covariates

demonstrating that telemetry error interacts with patch size to influence the accuracy of these
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models. The results of Chapter 2 demonstrated that ignoring telemetry error, even for highly
resolute telemetry systems, can only be done when the consequences of such actions are rectified
with the experimental design. 1 also showed that the effects of telemetry error can be magnified
given the resolution of the categorical covariates used to describe habitat features. For instance,
to attain accuracies >90% the researcher needs small telemetry errors (<10 m) across habitat with
relatively large patch sizes (20—200 ha). These results articulate that habitat selection research
may need to move away from point-based estimation and | make recommendations to consider
alternative methodologies which include state-space models and utilization distributions. Both
of these methodologies are relatively impervious to the effects of telemetry error and have
proved to be powerful means for estimating of animal-habitat associations.

Chapters 4 and 5 further illustrate the power of modeling habitat selection through
examination of predator-killed animals. This is a particularly important method because carcass
locations, where individual body conditions can be readily documented, can be used to assess the
relative influence of life history state on animal decision-making. My research demonstrated
how interactions between individual body conditions and the biotic world (namely winter
severity) can alter habitat selection. It also provided evidence to support the theory that large
mammals, like other fish and insects, may utilize fundamentally different landscapes in various
states of their life history. Not only will moose adjust their habitat selection in response to their
condition but there are specific landscape-level patterns of predation that result from these
selections. This result became evident when evaluating the three trophic level system of Isle
Royale National Park. Moose prefer to forage on balsam fir in winter and where there is more
balsam fir there are more moose and correspondingly more wolves. Therefore, my work

provides evidence that habitat heterogeneity can create prey refugia and that moose rely on
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specific landscape covariates given their state (pathologic or not). This research is novel in that
comparable results have not yet been demonstrated in large mammals, as they have in other
animal communities. This illustrates that mammals have complex life histories that are greatly
dependent on their state (whether that be senescent-aged or prime-aged, pathologic or non-
pathologic). Furthermore, my research also showed that moose will adjust their decision-making
in response to predation risk in the preceding year. This highlights the potential for lingering
residual effects of predation risk. My research demonstrates that future research should consider

examining predation risk in both year t and t-1.
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APPENDIX A

SUPPLEMENTARY FIGURES FOR CHAPTER 4
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Figure A.1. During each year of the study period moose abundance was estimated across Isle
Royale using aerial survey methods and random stratified sampling. More specifically, the
number of moose was counted on 91 permanent plots (each 1 km2 in size). The plots represent
18% of Isle Royale’s land area. Mean estimated sightability is 75% (Peterson and Page 1993).
Other details of the aerial survey techniques are described in Peterson and Page (1993).
Stratification was based on methods described in Gasaway et al. (1986) (see also Gasaway et al.
1992). Using the negative binomial distribution to describe the distribution of plot counts,
statistical parsimony (i.e., AIC) was used to judge whether two strata should be combined for a
single estimate of density or kept separate with different estimates of density.
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Number of wolf tracks

Figure A.2. During each 7-week field season in midwinter locations and travel routes (tracks
through the snow) of wolves on Isle Royale were recorded from aerial surveys using fixed-wing
aircraft. Locations and routes were recorded in the process of estimating kill rate, and represent
a complete record of travel and routes for approximately 44 days each winter (median = 44,
interquartile range = [38, 47]. Travel routes were recorded on 1:274,560 maps that depict each 1
square mile sections on Isle Royale. | compiled the travel routes from seven years of observation
(1980, 1985, 1990, 1995, 2000, 2005, and 2010) by recording the number of times that wolves
traveled through each section.
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APPENDIX B

SUPPLEMENTARY FIGURE FOR CHAPTER 5
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Figure B1. Standardized regression coefficients with standard error bars for influential
environmental covariates from A) the kill-zone model (multiple linear survey regression) and B)
the kill-site model (spatial mixed linear regression).
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