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My dissertation research is an important contribut@the growing field of
predictive habitat modeling in ecology. | investigate innireapproaches for
evaluating the performance of different predictive halitatlels and applying these
methods to large scale ecological phenomena. Seveditpwe habitat models
currently exist. It has been the focus of much researdetermine which is the best
model(s). However, much of this research is undermindudsed data sets. To resolve
this issue, | tested model performance with simulatedttatas not prone to the usual
biases of real data sets. In general, my results sugyeolindings of previous studies in
that models that accurately predicted species distrimitaoth real occurrence data also
showed superior performance using simulated occurrence ldaiiag the conclusions
from the model evaluation analysis as a basis, | egpliese methods to two independent
research questions. | first identified certain varigihat best predicted the occurrence of
chronic wasting disease (CWD) in Nebraska. Chroni¢dingslisease is a newly

emerging infectious disease found only in members of thefaledy (Family Cervidae).



Analysis of several different combinations of spatiporal, and environmental
variables showed that the chance of recording a poSIWE case was greater the more
time spent sampling and when that sampling was conducteesiern Nebraska. For
the second question, | predicted range expansion amonggix Aimerican mammals
and ascertaining what role environmental variables hapeeticting those expansions.

| used two predictive habitat models combined with climate] cover, and elevation
variables to predict distributions. | predicted range expassaccurately for two of the
Six species, suggesting that other factors influenced thédigons of the remaining
species. My results demonstrate the applicability adiptiee habitat modeling in

ecology and provide insights into novel methods of evalgatiodel performance.
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INTRODUCTION

Recently, there has been increased emphasis fordeaggestudies in ecology.
However, studying biological phenomenon at large scasptoven difficult, primarily
because of limitations of time and resources as welifsulty in experimentally
manipulating systems at large scales. New and powenfapating technologies have
increased our ability and efficiency in working at largalss. In addition to Geographic
Information Systems, predictive habitat modeling has se®aased growth as a research
tool in recent years. These modeling tools are widahieable in the fields of ecology
and biogeography. They have been used to address such ssuesae species
biology, species responses to climate change, conserydanning, and spread of
diseases. Despite its clear promise, predictive &lafmiddeling is still in its infancy.
Novel methods are needed to evaluate model performadang,\&ith continued
investigation of their applicability. These two objeeswepresent my overall goal for
this research. In the following chapters, | presentvatiee means for testing the
performance of predictive habitat models and use theaddecess specific ecological
guestions.

In chapter 1, | evaluate the use of four predictive hafitatels. Two models
commonly have been used in similar studies, whereasltbetoto are relatively novel
methods that have been subjected to minimal testing. Btayes have conducted
evaluations of predictive habitat models; however, #iesuffer from one common flaw.
The data used to test the models typically are datataalaxcurrences of species. With
this type of data, it is difficult to determine the atmecurrence of species. Therefore,

using biased data sets to evaluate model performance elymall lead to biased



results. To address this, | used a population habitat modehulate occurrence data of
a species to use for testing. The occurrence dataageddry the simulation model is
completely accurate and allows me to propose unbiasetus@ms.

In chapter 2, | used a predictive habitat model to deterwimeh variables best
predict the occurrence of chronic wasting disease (CWDebraska. CWD is a disease
found in both wild and captive populations of deer and tiedatives. | used a
generalized linear model (GLM) and ten spatial, temparal,environmental variables to
ascertain which variable(s) best predicted the presdr@@&/® in Nebraskan deer
populations. My analyses indicated that the longitudioardinate and year collected
best explained the presence of CWD. Therefore, CWibi® likely found in parts of
western Nebraska, and the more time spent samplingasesehe chances of detecting
infected individuals.

In chapter 3, | used predictive habitat modeling to anaage expansions of six
species of North American mammals. Range expansiomsheen documented in
several faunal groups around the world. These everts affe related to changes in
climate. | used two predictive habitat models to test dimlities in accurately
predicting geographic range expansion of each species g@iseinof environmental
variables. These models successfully predicted the expgnsion for only two of six
species. My results suggested that additional variables, thizn environmental ones,
may be important for predicting changes in the distioimst of species.

Finally, I have included manuscripts describing researd¢H tleve conducted
during my tenure at the University of Nebraska-Lincoladdition to my dissertation

(Appendix I-1V). These include summaries of recerdunence of formerly extirpated



carnivores in Nebraska, recent records of moose ioghigal United States, a
morphological and colorimetric analysis of the bigvandoat in Nebraska, and the
prediction of occurrence and potential spread of invadargpspecies along the North

Platte River in Nebraska.



CHAPTER 1

Evaluation and Application of Predictive Habitat Models with

Simulated and Real Species Occurrence Data

INTRODUCTION

Predictive habitat modeling has become an importantitoedology because of
its ability to investigate relationships between a speomzirrence and the environment
(Segurado and Araujo 2004, Austin 2007). Results from thedgsas can be used to
produce habitat-suitability maps, which can infer the p@lkdgistribution of a species.
Such predictions are useful for ecosystem studies @ratrial. 2002, MacNally and
Fleishman 2004), conservation planning (Polasky and Solow 208d9rGet al. 2004,
Johnson et al. 2004), and studying larg- scale biogeographiges$jssich as contraction
of geographic ranges (Gates and Donald 2000, Donald and Greeg@@bdand
management of invasive species (Peterson 2003, Herbor?60@| Loo et al. 2007).

Although these methods are commonplace in the saeltifrature, much debate
centers on which model is most suitable for predictingidigions of species. Studies
address this issue by evaluating performance of differedets with a variety of data
sets and model-fitting methods (Guisan and Zimmermann 20Q0r&# and Araujo
2004, Elith et al. 2006). Most studies use real empirical et are inherently biased,
and therefore, it is impossible to identify which modahost “correct.” One solution is

to use simulated data on species occurrences to evaludé peoformance (e.g. Tyre et



al. 2001). The benefit of using simulated data to test npeté&rmance is that the true
ecological relationships are known.

Predictive models of distributions can be placed gdigento one of two
categories based on the type of data they requirs&B@nd Zimmermann 2000). The
first category requires data on both the presence aet@osf a species (presence-
absence models), while the second requires only presetacgdasence-only models).
Most comparative studies agree that good quality pressmsmnce data sets provide
more robust and accurate predictions of a species’litvn (Guisan and Zimmermann
2000, Zaniewski et al. 2002, Brotons et al. 2004, Segurado and &@U4); however,
there are problems associated with these data setsrpyibecause of the difficulty in
accurately and consistently verifying absences (Tyré 2083, Mackenzie 2005, Wintle
et al. 2004). Dispersal tendencies of most organisms mpkeblematic to assume a
species truly is absent from a given area (Rushtah 2004). Other issues, such as
fragmentation, population demographics, and competitioal(jarand Williams 2000,
Loehle and LeBlanc 1996, Hanski 1994, Tyre et al. 2001, Andetsdn2902) also may
exclude species from otherwise suitable habitat. There&ssuming that absence of
species is the result of unfavorable environmental camditmay not always be valid.
Additionally, presence-absence data sets are time gomgwand expensive to collect
(Austin et al. 1994, Franklin 1998).

Several issues also have been identified for presamygaiata sets. These data
sets reside primarily in herbaria and museum collestioommonly are biased towards
certain locations, and generally are not collectedapstematic fashion. Also, there is a

general bias between common and rare species (Zanieinadki2002), and most of the



data lack precision and accuracy (Engler et al. 2004). eldwms#ces of error and
uncertainty make it more difficult to distinguish beamesampling and process variance.
Given these caveats, evaluations of predictive modelitigsimulated data sets are
warranted.

Use of simulated data to test the performance of preelibbbitat models has
been minimal (e.g. Hirzel et al. 2001). In general, fated methods are statistical or
highly phenomenological models, rather than ecologizadels with realistic population
processes. | suggest using a model with an underlying ecal@iatform that generates
presence-absence points which can be systematicallyesdtopdletermine occupancy to
evaluate model performance. Use of this methodology redheeamount of bias
because data would be generated from a model not used tahegkedictions and the
collection of data will closely resemble an ecoladjgurvey of a region.

The primary aim of this research was to evaluate biliyeof presence-absence
and presence-only models in predicting distributions afispevhen provided with high-
guality, simulated presence-absence data. | comparedrtbenpences of two well
known presence-absence models with two relatively nunesience-only models. To
illustrate the application of these techniques, | appliedhpproach to a case study, one
with real occurrence data, on the habitat requiremdntsedlack-tailed prairie dog

(Cynomys ludovician)isn Nebraska.

MATERIALS AND METHODS
| compared 4 methods of modeling habitat parameters and edhthair ability

to predict distributions of species. Generalized lin€\) and generalized additive



(GAM) models are generalized regression techniques poputaodeling distributions

of species because they are robust, easily applicablarny situations, and have a strong
statistical background (Austin 2002). These methods relagpanse variable, the
presence-absence of a species, to one or more prediciasles, which in most cases is
a set of environmental predictors (Guisan and Zimmermann 200@) GLMs are a
flexible family of regression models that can readily suppeveral statistical
distributions of the response variable. These moaeisme the predictor variables to
form a linear predictor that is related to the respeasi@ble through a link function
(Agresti 1996, Guisan et al. 2002). The GAMs are a non-péarargeneralization of
GLMs that incorporate a smoothing spline to fit non-lmieiactions, making them better
suited for modeling complex ecological situations (Yee Blitchell 1991, Austin et al.
1994., Zaniewski et al. 2002).

The two remaining modeling approaches are the maximumpgntrodel
(MAXENT 2.3) -< http://www.cs.princeton.edu/~schapire/miatt>- and the discrete
choice model (DCM). MAXENT is a “general-purpose” preseonly modeling method
that estimates the probability distribution by predigtihe maximum entropy based on a
set of constraints (Phillips et al. 2006). MAXENT clweaizes the background
environment with a sample of background points or pseudo-abdencethe study
region, but unlike the presence-absence models, specigseymes at these background
points are unknown. One criticism of presence-only nidahat they over-fit the data.
To address this issue, MAXENT employs a regularizatiowtion to prevent over-fitting
(Phillips et al. 2006). MAXENT is a relatively new methand has been subjected to

minimal evaluation (Phillips et al. 2005, Hernandez e2@06, Elith et al. 2006);



however, in these tests, MAXENT performed well comgdoeother presence-only and
presence-absence models.

Although MAXENT, GLMs, and GAMs use background pointsrieate
suitability maps, these are not chosen in the sanygse& above). To assess the true
performance of MAXENT, it is necessary to use a mdukl tises a similar analysis
strategy. Discrete choice models (DCM) are a reditimew approach in ecology and
primarily to examine resource selection by individualsq@er and Millspaugh 1999,
McDonald et al. 2006, Telesco and Van Manen 2006, Thonaés2806). The DCMs
compare attributes of a chosen site to those of adfjamn-chosen sites selected
randomly from within a “choice set.” A choice setlsfined as a set of all possible
resources available to the individual at a specificgpand time (Cooper and Millspaugh
1999). For each presence point, a set of non-choséssenee points are selected
randomly within the choice set, similar to MAXENT. @ao and Millspaugh (1999)
suggested that DCMs could be used for predicting habitateuglimost ecological
applications have focused on the analysis of individuallikies obtained through
telemetry, rather than presence of species obtaimedgh surveys.

To generate presence-absence datasets, | used a spatiatipopubdel based on
the life history of the greater gliddPétauroides volan=f Australia: the “Virtual
Ecologist” (see Tyre et al. 2001 for details). This appr@diolved me to create a dataset
from an ecological model not associated with the pte@ models | was testing. This
model also has been used to evaluate the power of presiaseEece surveys to detect
population trends (Rhodes et al. 2006). | only describe @dtiese components in

general terms; for details see Tyre et al (2001).



To generate high quality presence-absence data, | cresgadamable underlying
process simulation of the species. The simulationimdigidual based, tracking the
locality and states of life history all females ie ghopulation at one-year intervals. |
ignored males in this implementation for simplicitydebecause they do not contribute
individually to population growth. That is, females dre imiting sex. The basic spatial
unit was the home range of a female. All runs ofsihaulation were performed on a 128
x 128 grid of home ranges, using a six-cell hexagonal neigbbdrhThere were four
important components of the simulation: (1) a landscdpatially varying quality of
habitat, (2) a population of individuals, (3) a connechietween habitat quality and vital
rates (survival and fecundity) of individuals, and (4) dispkrules used by individuals to
move around the landscape. The parameters of the medaimmarized in Table 1.1.

Each home range on the landscape had an associateat fahlity. | used a
midpoint displacement algorithm (Saupe 1988) to create susattea specific fractal
dimension, H. At higher fractal dimensions, there ware fragmentation, resulting in
isolated patches of high quality habitat interspersedpatbhes of low quality habitat.
An example of a high-dimension habitat variable isrthber of hollow trees
(Lindenmayer et al. 1990). Landscape processes lead tmt@asing in clusters. Slope
or soil types are examples of habitat variables wltdwer fractal dimension. | linearly
re-scaled the output of the fractal algorithm to keeptaaquality within the range 0—
100.

Each individual had an annual probability of giving birtlatsingle female
offspring and an independent probability of dying becauseealgbion, aging, or another

catastrophe. The heterogeneous landscape influenced irads/tivough either their



10

probability of surviving from one age class to the nexteir probability of giving birth
to a daughter. Both of these vital rates are probabiboemded between zero and one. |
assumed that habitat quality had a linear effect orotp@dids of survival or
reproduction, and that animals can detect small diff@®nmcquality of habitat.

Little is known about how individuals disperse in éenegeneous landscape
(Wolfenbarger 1946, Gustafson and Gardner 1996, Zollner and198%). | assumed
that individuals moved towards territories with greatditat quality, controlled by a
single parametat. If o = 0, all directions were equally likely regardlesster relative
qualities. Ifa = 1, each direction was chosen in direct propottioits habitat quality. If
a > 1, good quality directions were weighted even more high a values, this strategy
leads dispersers to remain in high-quality habitat durisgedsal. Field studies indicated
that some species stay within favorable habitat during digpée.g., Wolfenbarger 1946,
Holekamp 1984, Merriam and Lanoue 1990, Kindvall and Ahlen 1992pN&&93,

Haas 1995). | called this rule the “biased random walker.”

The biased random walker is distinct from a “corredatendom walk” (e.qg.,
Kareiva and Shigesada 1983, Zollner and Lima 1999) or “seldawprandom walk”
(Gustafson and Gardner 1996), where the direction chosenredated with the previous
direction, but it has nothing to do with variation i@ tunderlying landscape. Dispersal
models responsive to landscape heterogeneity have beefoubealwn bears (Wiegand
et al. 1998) and birds (Brooker et al. 1999). Individuals stopmgovhen they
encountered a vacant territory, regardless of the hajuidity. Each individual has a
probability of dying on each dispersal step. The numbetegfs taken is different for

every individual and also depends on the local densitydividuals, because in crowded



