
DISSERTATION

SPATIAL EPIDEMIOLOGY OF CHRONIC WASTING DISEASE IN 

COLORADO MULE DEER (Odocoileus hemionus)

Submitted by 

Matthew Lee Farnsworth 

Graduate Degree Program in Ecology

In partial fulfillment of the requirements 

for the Degree of Doctor of Philosophy 

Colorado State University 

Fort Collins, Colorado 

Fall 2004

R ep ro d u ced  with p erm issio n  o f  th e  copyrigh t ow n er. Further reproduction  prohibited w ithout p erm issio n .



UMI Number: 3160069

INFORMATION TO USERS

The quality of this reproduction is dependent upon the quality of the copy 

submitted. Broken or indistinct print, colored or poor quality illustrations and 

photographs, print bleed-through, substandard margins, and improper 

alignment can adversely affect reproduction.

In the unlikely event that the author did not send a complete manuscript 

and there are missing pages, these will be noted. Also, if unauthorized 

copyright material had to be removed, a note will indicate the deletion.

®

UMI
UMI Microform 3160069 

Copyright 2005 by ProQuest Information and Learning Company. 

All rights reserved. This microform edition is protected against 

unauthorized copying under Title 17, United States Code.

ProQuest Information and Learning Company 
300 North Zeeb Road 

P.O. Box 1346 
Ann Arbor, Ml 48106-1346

R ep ro d u ced  with p erm issio n  o f  th e  copyrigh t ow n er. Further reproduction  prohibited w ithout p erm ission .



COLORADO STATE U N IV E R SIT Y

October 8, 2004

WE HEREBY RECOMMEND THAT THE DISSERTATION PREPARED 

UNDER OUR SUPERVISION BY MATTHEW LEE FARNSWORTH ENTITLED 

SPATIAL EPIDEMIOLOGY OF CHRONIC WASTING DISEASE IN COLORADO 

MULE DEER (Odocoileus hemionus), BE ACCEPTED AS FULFILLING IN PART 

REQUIREMENTS FOR THE DEGREE OF DOCTOR OF PHILOSOPHY.

Committee on Graduate Work

Advisor

Department Head

ii

R ep ro d u ced  with p erm issio n  o f  th e  copyrigh t ow n er. Further reproduction  prohibited w ithout p erm ission .



ABSTRACT OF DISSERTATION

SPATIAL EPIDEMIOLOGY OF CHRONIC WASTING DISEASE IN COLORADO

MULE DEER (Odocoileus hemionus)

I conduct three separate studies using the spatial distribution o f chronic wasting 

disease (CWD) in Colorado mule deer (Odocoileus hemionous) to examine the 

relationship between individual level infection probability and several biotic and abiotic 

components o f the system. The models I develop are focused on: (1) examining the role 

of human induced land use change in exacerbating the disease; (2) the scales o f mule deer 

seasonal movement patterns that correspond best to the observed distribution o f CWD 

infection; and (3) the relationship between deer density and infection risk. These 

analyses address the known effects o f age and sex, and in one study, I consider the effects 

o f land ownership and habitat. All studies use contemporary information theoretic 

approaches; either Akaike’s Information Criteria (AIC) or its Hierarchical Bayesian 

analogue, the Deviance Information Criteria (DIC), to determine the strength o f support 

for candidate models representing various hypotheses about the proposed relationships.

The results suggest a positive relationship between human land use and land 

ownership patterns and infection risk. My analyses also suggest that the spatial 

distribution of CWD corresponds best to a highly localized infection process, however I 

am unable to detect a relationship between deer density and infection risk.
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I conclude by addressing several issues associated with using the data as I have 

for retrospective analysis and provide management recommendations based on my 

findings. Finally, I extend the discussion to address future avenues o f research that might 

benefit from the work presented in this dissertation.

Matthew Lee Farnsworth 

Graduate Degree Program in Ecology 

Colorado State University 

Fort Collins, CO 80523 

Fall 2004
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INTRODUCTION

This dissertation focuses on the potential influence of anthropogenic land-use and 

biotic factors in shaping observed patterns of chronic wasting disease (CWD), a 

transmissable spongiform encephalopathy endemic to portions of Colorado and 

Wyoming. Specifically, I seek to understand differences in disease prevalence between 

urban and non-urban areas and its relationship to sex-specific infection rates in mule deer 

(Odocoileus hemionus) residing in North-central Colorado. Additionally, I examine the 

correspondence between relevant scales of mule deer movement patterns and the 

observed distribution o f CWD across the landscape as well as developing a model that 

seeks to quantify the relationship between deer density and CWD. To accomplish this I 

develop three studies. The first study examines the effect of human land-use and deer 

gender on the presence o f disease in three locations. The second study uses a Bayesian 

hierarchical framework to shed light on the most likely biological scale structuring the 

spatial heterogeneity o f CWD. The final study relates estimates o f mule deer density to 

the probability o f infection in individual deer. The common thread linking these studies 

is a focus on the relationship between CWD and factors that may act to structure its 

distribution in mule deer across the landscape.

Because human alteration o f landscapes can affect the distribution, abundance, 

and behavior o f wildlife, in Chapter 1 I explore the effects of human land use on
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prevalence o f CWD in mule deer populations residing in north-central Colorado. I chose 

best approximating models estimating CWD prevalence in relation to differences in 

human land use, sex, and geographic location. Prevalence was higher in developed areas 

and among male deer, suggesting anthropogenic influences on the occurrence o f disease.

I also found a relatively high degree o f variation in prevalence across the three study 

sites; suggesting that spatial patterns in disease may be influenced by other factors 

operating at a broader, landscape scale. These results suggest that multiple factors, 

including changes in land use, differences in exposure risk between sexes, and landscape- 

scaled heterogeneity, are associated with CWD prevalence in north-central Colorado.

Mule deer are highly mobile, gregarious ungulates that interact with one another 

over multiple temporal and spatial scales. These interactions provide an opportunity to 

transmit the disease and probably act as the primary biological driver o f disease spread 

across the landscape. Therefore, the goal o f Chapter 2 is to understand which scales of 

mule deer movement (individual, winter sub-population, or summer sub-population) have 

the greatest influence on the spatial pattern o f CWD in north-central Colorado. I develop 

a fully Bayesian hierarchical model to compare the strength of evidence for each 

hypothesized scale along with individual-level sex and age effects and environmental 

predictors believed important in structuring this relationship. I found strong evidence 

that small-scale movement patterns were related to the distribution o f CWD infection. 

There was also evidence that land ownership plays a role in exacerbating the disease, 

along with the known offsets o f sex and age. This analysis demonstrates how 

information on the scales o f spatial processes that generate observed patterns can be used 

to gain insight when process data are sparse or unavailable.
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The third chapter focuses on understanding the relationship between mule deer 

density and CWD infection risk in individual deer. Understanding the controls o f disease 

spread in natural and human dominated systems has emerged as a fundamental challenge 

in contemporary ecology. Models of disease dynamics often assume that increasing 

population density causes a proportionate increase in the per capita rate o f contacts 

between infectious and susceptible individuals, causing transmission rates to increase 

with population density. Under this assumption, disease prevalence should be positively 

related to density. Although this assumption is widely invoked in modeling disease 

spread, there are few data for examining the role o f density dependent disease 

transmission in structuring the dynamics of populations o f long-lived, wide-ranging 

species. I use kriging to develop a surface o f estimated deer density based on 

observations o f abundance from 129 quadrats surveyed by helicopter over a four-year 

period. I then relate the kriged surface to the probability o f CWD infection through a 

spatially structured hierarchical model that incorporated the uncertainty in deer density 

estimates that resulted from using interpolated values as a model covariate. I compared 

the strength o f evidence for various forms of the density/disease relationship after 

adjusting for individual-level sex effects and found little evidence o f a relationship 

between deer density and CWD. It is possible that the scale of analysis was 

inappropriate, the data were not adequate, or that other biological processes dominated 

the density/disease relationship at the scale o f analysis. However, this analysis 

effectively demonstrates how data that are spatially disjoint can be aligned using spatial 

statistical models, and how the error from such models can be included in analysis to 

appropriately model estimation error using a hierarchical modeling framework.
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I conclude the dissertation with a discussion o f management recommendations 

based on my findings and suggest how my research might guide future work seeking a 

stronger mechanistic understanding o f CWD dynamics in mule deer populations residing 

in north-central Colorado. My primary management recommendations are: (1) focus 

culling efforts on localized infection “hot spots” corresponding to the spatial scale and 

seasonal time period o f individual deer winter home ranges; (2) continue to monitor and 

remove infected deer from urban areas using the “test and cull” program initiated by the 

CDOW, particularly adult males that may be a primary source for spreading CWD. I 

address the issue o f using information from the statistical inferences I have made as a 

starting point for mechanistic models, such as network models based on mule deer 

movement patterns and mixing potential. Finally, I address several shortcomings o f the 

data used in my retrospective analysis and suggest how future experimental research 

might be conducted to provide greater insight into CWD dynamics. Specifically, I 

address the issues of: (1) hunter killed deer as the primary source o f data and the potential 

biases; (2) the lack of knowledge regarding the time since disease introduction into this 

population.

11
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HUMAN LAND USE INFLUENCES CHRONIC WASTING DISEASE 

PREVALENCE IN MULE DEER

INTRODUCTION

In many areas o f North America, alteration of landscapes by people has shaped 

the distribution and abundance o f wildlife (Wiens et al. 1986, Turner 1989, McGarigal 

and McComb 1995, Crooks and Soule 1999, Dale et al. 2000) . Less attention has been 

paid to the ways human action influences ecological processes, for example, the 

dynamics o f pathogens and hosts (Van Buskirk and Ostfeld 1995, Augustine 1998, Van 

Buskirk and Ostfeld 1998, Daszak et al. 2001, Wasserberg et al. 2003). A variety of 

emerging, infectious diseases affect wildlife populations (Dobson and Meagher 1996, 

Dobson and Foufopoulos 2001, Williams et al. 2002) and the dynamics o f these 

pathogen-wildlife systems are potentially shaped by human action.

Chronic wasting disease (CWD) (Williams and Young 1980), a prion disease of 

mule deer (Odocoileus hemionus), white-tailed deer (O. virginianus), and Rocky 

Mountain elk (Cervus elaphus nelsoni), occurs naturally in free-ranging populations in 

several areas o f North America, but the largest known outbreak occurs in a contiguous 

~40,000 km2 area o f northeast Colorado and southeast Wyoming (Williams 1992, Miller 

et al. 2000, Williams and Miller 2002). CWD apparently has been endemic in this area 

for at least two decades, and field investigations and modeling suggest that the dynamics
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of this emerging disease may be best viewed as an epidemic with a protracted time-scale 

(Miller et al. 2000, Gross and Miller 2001). More recent discoveries of other foci of 

CWD distant to this 40,000 km “endemic area” have spawned interest in understanding 

spatial and temporal dynamics in order to develop management strategies for controlling 

CWD in affected populations and preventing or slowing its spread among unaffected 

populations.

The epidemic area also includes human communities that are growing more 

rapidly than almost any in the nation (Baron et al. 2000, Hansen et al. 2002). This 

population growth has caused dramatic change in mule deer habitat throughout the 

region. During 1970 to 2000, the area with housing density exceeding 1 per 20 ha more 

than doubled (40636 to 81836 ha) within game management units most affected by CWD 

(Theobald 2003). These trends are predicted to continue—by 2030, it is projected that 

141732 ha will be developed, almost another doubling relative to 2000. Much o f this 

development is occurring on winter ranges where deer populations concentrate 

seasonally. The effects o f land use change on disease processes in mule deer populations 

are poorly understood, however two potential mechanisms affecting disease could 

exacerbate transmission in developed areas. First, if  deer avoid areas o f high human 

population density (Theobald et al. 1997, Theobald 2000) (because o f fences, dogs, and 

other sources o f disturbance), then development could compress the area o f landscape 

used by deer, thereby increasing their density. It is plausible that increased density could 

accelerate rates o f contact between infected and susceptible individuals. Second, 

development tends to reduce hunting pressure. As result, adults, particularly adult males, 

tend to live longer than in areas where hunting pressure is low. This might prolong the
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average clinical course by eliminating a prominent, competing source cause o f mortality, 

and in so doing, prolong the total time that infected animals are able to transmit the 

disease.

Here, I explore how patterns o f human land use influence variation in CWD 

prevalence across north-central Colorado. Based on the logic outlined above and 

observations o f relatively high CWD prevalence among mule deer captured and tested for 

CWD in urban areas (Wolfe et al. 2002), I hypothesized that human development o f mule 

deer habitat could result in higher CWD prevalence in developed areas. I also examined 

influences o f gender and geographic location on prevalence because earlier analyses 

(Miller et al. 2000, Wolfe et al. 2004) suggested that these factors may affect patterns of 

CWD prevalence and thereby could confound underlying influences o f land use patterns. 

METHODS 

Study area

I studied the relationship between CWD infection and human land use using four 

free-ranging mule deer sub-populations (Conner and Miller 2004) located across three 

study sites spanning roughly 1200 km2 in Larimer County, Colorado, USA. One sub­

population resided in and around Estes Park (hereafter, EP), a second (Glacier View 

Meadows; GVM) was located west o f Livermore, and the final two sub-populations were 

located west o f Horsetooth Reservoir (HT). Deer habitat in the EP study area (elevation 

~ 1850m -  2885m) included coniferous forest and mountain shrub communities 

interspersed with deciduous forest and grasslands at lower elevations. The GVM 

(elevation ~ 1825m -  2450m) and HT (elevation ~ 1580m -  2250m) sites were 

comprised o f similar land cover and land use types as the EP site; however, the HT study
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area had a higher proportion of privately owned land and grass/shrubland than either the 

EP or GVM areas. Based on empirical studies o f local mule deer movement patterns 

(Conner and Miller 2004), there was minimal range overlap between the HT and EV 

subpopulations and essentially no overlap between either of these and the GVM 

subpopulation. Winter range sizes (-10 km2 for individuals; -100 km2 for population 

units) were similar for these three subpopulations, but migratory behavior differed 

somewhat among them: about half o f the EP and GVM subpopulations migrated 

seasonally to high-elevation summer ranges, while only -20%  of the HT deer migrated 

seasonally (Conner and Miller 2004).

I chose these sites because they were typical o f rapidly growing development 

patterns found in historic mule deer habitat in north central Colorado where housing 

developments perforate the landscape (Theobald 2003). Each of the three study sites 

consisted o f a developed zone nested within a larger undeveloped portion o f the 

landscape (Figure 1). I separated land use into developed and undeveloped categories 

based on a housing density map (Theobald 2001, Theobald and Kneeland 2002). 

"Developed" zones were defined as having > 1 dwelling per 20 acres, and "undeveloped" 

zones were remaining areas with < 1 dwelling per 20 acres. These zones were defined so 

that developed areas contained dense-urban, urban, and suburban housing density classes 

and undeveloped areas contained rural housing density classes (Theobald 2001). I 

limited the analysis to 2 categories because I was concerned that including more 

categories would increase the likelihood that home ranges of individual deer included 

more than one development type. In the remainder o f this paper, I use the terms 

“developed” and “urban” interchangeably when referring to that land use class, and the
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deer that were sampled from it, and the terms “undeveloped” and “non-urban” when 

referring to the other land use class and the deer sampled from it.

Data collection

During 1997-2002, the Colorado Division o f Wildlife (CDOW) collected geo­

referenced data on presence/absence o f CWD infection in individual deer sampled from 

urban and non-urban areas in conjunction with ongoing surveillance. Survey and 

diagnostic methods have been described in detail elsewhere (Miller et al. 2000, Miller 

and Williams 2002, Wolfe et al. 2002, Hibler et al. 2003); sampled deer were classified 

as CWD-infected or uninfected based on immunohistochemistry o f retropharyngeal 

lymph node or tonsil tissue (Miller and Williams 2002). All samples were geo­

referenced using either a global positioning system unit or by identifying sampled 

locations on standardized maps. I used a geographic information system to assign each 

deer sample location to a land use class (Fig. 1). Deer sampled in or within 1 km of core 

developed areas in each study site were categorized as “urban” deer; deer sampled >1 km 

from developed areas were categorized as “non-urban” deer. I chose to use the binary 

classification o f deer as being from either urban or non-urban areas, rather than the use of 

a continuous variable such as “distance to urbanization”. Because land use practices 

within these two categories are distinctly different from one another (e.g., hunting is 

typically not permitted in “urban” areas), biologically it makes more sense to consider 

differences in disease prevalence between deer sampled from urban and non-urban areas, 

rather than as a function o f distance from urban center. I labeled deer as being urban if 

they were nominally located 1 km beyond the developed boundary for two reasons. First, 

I wanted to reduce mapping errors associated with deer sampled near the boundary
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between developed and undeveloped zones. Second, although deer sampled in developed 

zones undoubtedly spent time in these areas, some deer residing in developed zones also 

may spend time in the periphery o f these areas, where they could have been sampled. 

Non-urban deer were sampled from locations > 1 km beyond the developed zone 

perimeter by using concentric rings extending out from the developed land use class in V2 

kilometer increments (Fig. 2) until I obtained a sample size o f non-urban deer that was 

similar to the number o f urban deer collected from the corresponding developed zone at 

each study site. Small pockets o f developed land that occurred within the matrix of 

undeveloped land were excluded from the analysis to minimize confounding effects. 

Formulation o f competing models

I evaluated support for competing models portraying the relationship between 

CWD prevalence and the three variables o f interest: land use type, sex, and study site. I 

included these variables because 1) increasing development will likely increase deer 

density at local scales and reduce hunting mortality 2) previous observations (Wolfe et 

al. 2002) suggested that higher CWD prevalence may occur in developed locations, 3) 

male mule deer have been observed to have higher prevalence than females (Miller and 

Conner 2004, Wolfe et al. 2004), and 4) previous observations have revealed substantial 

local variation in prevalence across large geographic areas (Miller et al. 2000, Conner 

and Miller 2004). To assess the contribution made by each of these variables to 

predicting observed CWD prevalence, I developed a suite of 16 candidate models that 

incorporated these variables in different combinations. My primary hypothesis was that 

higher prevalence would be associated with developed areas as compared to nearby 

undeveloped areas. All models containing a land-use effect were represented by the
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binary covariate “Use” indicating whether a deer was sampled from the developed or 

undeveloped land-use class. The influence o f gender was coded as “Sex” in candidate 

models; similarly, site level effects were coded as EP, GVM, and HT to represent site 

effects considered alone or in various combinations. Based on differences in infection 

rates between males and females apparent from initial analyses, I separated the data by 

gender and developed candidate sets o f models for each sex to investigate how the 

relative influence o f land use and site effects on CWD prevalence differed between males 

and females. I determined relative support in the data for candidate models to assess the 

influence o f each variable, both alone and in the presence of the other variables, on CWD 

prevalence.

Model selection

I used likelihood-based methods and information theoretics (Akaike’s information 

criterion; AIC) (Burnham and Anderson 2002)to quantify the strength o f evidence for 

alternative models and to estimate their parameters. Specifically, I used AIC adjusted for 

sample size (AICc) to assess the relative information content of the models. Because 

model parameters were estimated based on data, there was some uncertainty that the 

“best” model would emerge as superior if  different data were used to compare 

alternatives. I quantified this uncertainty with Akaike weights, wr (Burnham and 

Anderson 2002) ; in the context of this analyses, I regarded normalized wr as 

“probabilities” that the estimated model r was the best Kullback-Leibler model for the 

data at hand, given the set of models considered (Burnham and Anderson 2002). The wr 

can be used to estimate the likelihood of the model, given the data, and in so doing offer a 

way to compare the relative weight o f evidence for each model considered.
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All models contained only additive effects, with maximum likelihood estimates, 

confidence intervals on model parameters, and AICc values obtained through logistic 

regression model fitting using SAS PROC GENMOD (SAS 2000).

RESULTS

O f the 16 candidate models fit to the entire data set, the top two models (Table 

1.1) suggested that sex, land use, and site effects all were important predictors o f CWD 

prevalence. The combined wr for the top two models indicated a 90% probability that the 

best approximating model for the field data contained all three covariates as additive 

effects, with the other 14 models sharing the remaining 10% of the support. Estimates of 

slope terms from the top model suggested that deer in developed areas were almost twice 

as likely to test positive for CWD than deer in undeveloped areas (odds ratio = 1.98, p = 

0.011, 95% C.I. = 1.17, 3.34), and that males were nearly 2.5 times more likely to be 

infected than females (odds ratio = 2.35, p = 0.001, 95% C.I. = 1.39, 3.97). Deer sampled 

from the EP site were approximately one-fourth as likely to be infected with CWD as 

those sampled from the HT site (odds ratio = 0.27, p < 0.001, 95% C.I. = 0.14, 0.51) and 

deer from the GVM site were about one-half as likely to be infected as deer in the HT site 

(odds ratio = 0.55, p = 0.062, 95% C.I = 0.30, 1.03), although this comparison was not 

highly significant given a confidence interval coverage that included 1.00.

Modeling sexes separately (Tables 1.2 and 1.3) offered additional insight into the 

relative influences of land use and site-specific effects on CWD prevalence. Summing wr 

values for the top male-only models (first two models in Table 1.2), each o f which 

included both the EP site and land-use effects, showed that these models captured 75% of 

the total weight o f evidence. Because I wished to account for model selection uncertainty
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(Burnham and Anderson 2002) in the estimates of the effect of urban land use on CWD 

prevalence for each sex, I averaged the estimates o f this effect across all models that 

included it. Based on the model averaged estimates, males in developed areas were more 

than twice as likely to be infected as males sampled from undeveloped areas (odds ratio = 

2.27,95%  C.I. = 1.17,4.42). Males in the EP site had approximately one-third the 

probability o f testing positive for CWD relative to those at the HT site (odds ratio = 0.35, 

p = 0.011, 95% C.I. = 0.16, 0.78). When the EP and land use effect were uncoupled (last 

six models in Table 2) in male-only models, the support in the data diminished; for the 

next best model, vty = 0.08 (Table 1.2).

The top four female-only models (Table 1.3) encompassed 95% of the support in 

the data with the EP covariate present in each o f these models. Unlike the top male-only 

models, the EP and land-use effects did not always appear together in the top female-only 

models (first four models in Table 1.3), with the land-use effect appearing in two o f the 

top four models. Based on model averaged estimates of the effect of land use on 

prevalence for the female-only models, female deer in developed areas showed a 

relatively insignificant difference in the probability of testing positive for CWD 

compared to females in undeveloped settings (odds ratio = 1.73, 95% C.I. = 0.75, 3.99).

In the top female-only model containing an EP effect, I observed a more pronounced 

effect o f site, with females sampled from the EP site being approximately one-sixth as 

likely to be infected as females sampled at the HT site (odds ratio = 0.17, p = 0.002, 95% 

C.I. = 0.05, 0.53). Overall, the site effect appeared to be the most informative predictor 

o f CWD prevalence in females, while both land use and site effects contributed almost 

equally as predictors of prevalence in males.
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DISCUSSION

CWD in north-central Colorado occurs in an environment undergoing marked 

human-induced changes (Hansen et al. 2002). The human population in this region grew 

by 68% during the last two decades, making it one o f the fastest growing in the United 

States (Baron et al. 2000). Expanding human habitation has altered land cover as 

landscapes have been developed. These alterations in land use and land cover, in turn, 

have changed the amount and configuration o f wildlife habitat in this region (Theobald et 

al. 1997), including specific habitats used by mule deer. My work suggests that changes 

in land use and land cover may play a role in spatial and temporal dynamics o f CWD in 

mule deer.

Land use effects

Prevalence of CWD in deer sampled from developed areas was almost twice as 

high as prevalence in undeveloped areas (about 10% versus 6%), and models that 

included land use tended to be strongly support by the field data (Tables 1.1-1.3). Land 

use modifications that accelerate contact rates with the infectious agent might account for 

observed differences in prevalence between developed and undeveloped areas. Wolfe et 

al. (2002) suggested that higher prevalence observed in deer sampled from developed 

locations could be due to local factors such as artificial feeding around residences that 

concentrate deer at a few points on the landscape. Because CWD transmission can occur 

via exposure to infected animals or environments contaminated by excreta and carcasses 

from infected animals (Miller et al. 2004), changes in deer distribution or movements 

effected by human alteration of deer habitats could plausibly lead to higher local 

prevalence in developed areas. Consumable resources, including both vegetation and

21

R ep ro d u ced  with p erm issio n  o f  th e  copyrigh t ow n er. Further reproduction  prohibited w ithout p erm issio n .



artificial feed, are more likely to be replenished in urban areas than in non-urban areas, 

thereby allowing deer to meet foraging needs within smaller home ranges. It follows that 

land use effects may be more pronounced in populations where a higher proportion of 

deer are sedentary. Such a pattern is suggested in the data for female deer: land use 

effects appear to be most pronounced in the study area (HT) with the lowest seasonal 

migration rate (-16%; Conner and Miller 2004). Differences in the timing of data 

collection could have been partially responsible for observed differences in prevalence 

between land use types, but also may reflect underlying influences on CWD 

transmission: deer sampled in developed areas during the summer and early fall were 

more likely to be year-round residents than harvested deer sampled during the fall in 

undeveloped areas, and these year-round residents may have been subjected to greater 

exposure because their overall home ranges were smaller than those o f migratory deer 

(Wolfe et al. 2002).

In addition to altering movements or habitat use, urbanized areas also may offer 

refuge from natural predators and human hunting, thereby allowing CWD-infected deer 

to survive and shed infectious agent longer than in areas where predators are more 

abundant. The relative paucity o f predators in urban areas also could allow infected 

carcasses to persist longer in urban habitats.

Finally, elimination o f suitable habitat by development might concentrate mule 

deer populations on smaller areas of undeveloped winter range, and in so doing, increase 

population density and accelerate transmission. All of these mechanisms could 

contribute to higher CWD prevalence in developed areas. Future work should focus on 

identifying which, if  any of these mechanisms are responsible for the effects o f land use I
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observed.

Sex effects

Differences in CWD prevalence between sexes in the three study areas are 

consistent with patterns observed on a broader geographic scale throughout north-central 

Colorado (Miller and Conner 2005). Prevalence among male mule deer in this study was 

nearly twice as high as among females (about 10% versus 6%). Sex-specific analyses 

revealed that males sampled from developed locations were more than twice as likely to 

test positive for CWD as males in undeveloped settings, while females showed less 

difference between land use types. Model selection results also reflected this trend: 

support for land use effects on CWD prevalence was stronger in field data from males (wr 

-  0.84) than from females (wr = 0.44).

The relationship observed here between land use and sex effects may have arisen 

from differences in sex and age structure of mule deer populations in the two land use 

categories. Because CWD is always fatal (i.e., the infected class is an absorbing state), 

older age-classes will have more opportunity to be exposed to the infectious agent, and 

thus should exhibit higher prevalence. Comparisons of CWD prevalence among male 

and female deer (Miller et al. 2000) showed a pattern of increasing prevalence with age in 

both sexes, although this rise was much more dramatic in 4-6-year-old males than in 

females (Miller et al. 2000, Miller and Conner 2005). The mechanism driving this 

difference is unclear, but similarities to patterns observed in white-tailed deer (O. 

virginianus) infected with bovine tuberculosis (O'Brien et al. 2002) suggest that sex- 

specific social behavior may play an important role (Miller and Conner 2005). Hunting 

is virtually absent from developed areas, and in undeveloped areas hunting pressure on
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male deer is much greater than on females. Consequently, land use may have had an 

additional effect on the composition of male herd segments in the study areas. Higher 

prevalence in male deer from urban areas could be a product of relatively light hunting 

pressure that preserves a larger proportion o f middle-aged males than in more heavily 

hunted populations in undeveloped areas; because land use-associated differences in 

hunting pressure are smaller for females, this effect would be less evident among female 

subpopulations. It seems plausible that circumstances leading to differences in male 

mule deer subpopulations between developed and undeveloped areas could partially 

explain the patterns I observed. To test these biological hypotheses, data on age 

structures o f mule deer residing in developed and undeveloped areas are needed, along 

with a better understanding of relationships between mule deer behavior and CWD 

exposure risk.

Site effects

Heterogeneous landscapes can give rise to spatial heterogeneity in disease 

prevalence (Barlow 1996). Observations of CWD prevalence across north-central 

Colorado show strong spatial heterogeneity (Miller et al. 2000), and the finer scale results 

are consistent with these observations. All o f the supported models in this study included 

a site effect, with differences in prevalence among three study sites. Geographic 

heterogeneity in CWD prevalence may be structured in part by differences in the time 

since disease introduction (Miller et al. 2000), deer migration patterns (Conner and Miller 

2004), demography (Miller and Conner 2005), harvest rates (Miller and Conner 2005), 

and habitat (this study) among infected mule deer subpopulations. Which factor or 

combination o f factors gave rise to the differences observed among the three study areas
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cannot be determined with certainty. The size, duration, and intensity o f human 

development do differ somewhat among the GVM, HT, and EP areas, and these may 

have produced differential effects on deer habitats and deer use of altered habitats.

Among females, differences in migration rates among these subpopulations (HT < EP or 

GVM; Conner and Miller 2004) may have contributed to observed site effects; among 

males, differences in harvest pressure (EP < HT < GVM) and resulting male age structure 

(Miller et al. 2000, Miller and Conner 2005) may have contributed. In addition, the 

“site” effect may have been influenced in part by sampling artifact associated with the EP 

study area: the undeveloped EP area covered a much larger geographic area then either 

the HT or GVM sites (Fig. 1), and EP had relatively imbalanced sampling between land 

use classes within each sex. Additional work will be needed to understand the 

interactions and relative importance o f these various factors in affecting CWD prevalence 

across north-central Colorado.

MANAGEMENT IMPLICATIONS

Based on these findings, it appears that mule deer wintering in developed 

locations need to be included in control efforts intended to reduce overall CWD 

prevalence in north-central Colorado. Modification of land use practices and other 

human activities that foster congregation or sedentary behavior in urban mule deer 

populations could have beneficial effects on reducing opportunities for CWD 

transmission. Because urban areas may serve as refugia from hunting, alternative 

management strategies like the “test-and-cull” program under evaluation by the Colorado 

Division o f Wildlife (Wolfe et al. 2004) may be necessary adjuncts to more traditional 

population management approaches (Williams et al. 2002) in such areas. A better
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understanding o f the specific features o f urban landscapes that have the greatest potential 

influence on CWD transmission among mule deer should aid in further refining 

landscape-level control strategies.

CONCLUSIONS

I offer strong evidence that land use influences prevalence o f CWD in north- 

central Colorado mule deer populations. Future work needs to resolve mechanisms 

responsible for the phenomena I observed, in particular the relative importance o f land 

use on 1) frequency of local contact with infectious material, 2) difference in exposure 

due to differences in population sex and age structures and 3) mixing of subpopulations 

with different levels o f prevalence.
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Table 1.1: Candidate sets o f models used to understand the relative influence of

covariates on the probability that an individual mule deer tested positive for 

CWD. Only the top five models are shown for clarity

Model (all deer) K Log-lik AAICc wr

Sex Use EP GVM 5 -224.359 0 . 0 0 0 0.601

Sex Use EP 4 -226.063 1.385 0.301

Sex EP GVM 4 -227.742 4.743 0.056

Sex EP 3 -229.516 6.273 0.026

Use EP GVM 4 -229.581 8.420 0.009
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1.2: Candidate set of models used to understand the relative influence of covariates on

the probability that an individual male deer tested positive for CWD.

Model (males only) K Log-lik AAICc wr

Use EP 3 -125.615 0 . 0 0 0 0.458

Use EP GVM 4 -125.026 0.863 0.297

Use 2 -128.343 3.425 0.083

EP 2 -128.530 3.800 0.068

EP GVM 3 -127.876 4.522 0.048

Use GVM 3 -128.155 5.080 0.036

Intercept 1 -131.891 8.501 0.007

GVM 2 -131.607 9.955 0.003
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Table 1.3: Candidate set of models used to understand the relative influence of

covariates on the probability that an individual female deer tested positive for CWD.

Model (females only) K Log-lik AAICc wr

EP GVM 3 -99.580 0.000 0.288

Use EP GVM 4 -98.679 0.240 0.255

EP 2 -100.865 0.540 0 . 2 2 0

Use EP 3 -100.014 0.869 0.186

Intercept 1 -104.104 4.997 0.024

Use 2 -103.711 6.231 0.013

GVM 2 -103.999 6.808 0 . 0 1 0

Use GVM 3 -103.554 7.949 0.005

33

R ep ro d u ced  with p erm issio n  o f  th e  copyrigh t ow n er. Further reproduction  prohibited w ithout p erm ission .



0 10 20 30 40 50 Kilometers

Colorado

Figure 1.1. Locations o f the three study sites, Estes Park (EP), Glacier View Meadows 

(GVM), and Horsetooth Reservoir (HT), in north-central Colorado.
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Figure 1.2. Mule deer samples for the GVM site, showing the area defined as 

“developed” along with the half-kilometer annuli used for allocating deer to 

“undeveloped” land use class.
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LINKING MULE DEER MOVEMENT SCALES TO THE SPATIAL 

DISTRIBUTION OF CHRONIC WASTING DISEASE: A HIERARCHICAL

BAYESIAN APPROACH

INTRODUCTION

Linking spatial patterns to the processes that generate them offers a fundamental 

challenge in contemporary ecology (Levin 1992, Samelle 1994, Pascual and Levin 1999). 

This problem is particularly difficult to solve when processes operate over large spatial 

and temporal scales. When this is the case, it is possible that emergent patterns reflect the 

outcome of processes operating at more than one, nested scale. Hierarchical models 

provide a natural, unified framework for comparing spatial and temporal processes that 

operate across a range of scales. Here, I use hierarchical modeling to investigate the 

spatial distribution of an emerging infectious disease of wildlife in North America.

Chronic wasting disease (CWD) (Williams and Young 1980), a prion disease of 

North American cervids, is the only prion disease known to occur in free-ranging 

populations (Williams and Miller 2002). The largest known outbreak occurs in a 

contiguous -80,000 km2 area o f northeastern Colorado, southeastern Wyoming, and 

western Nebraska, USA (Williams 1992, Miller et al. 2000, Williams and Miller 2002). 

CWD may have been present in free-ranging deer within this area since the 1960s or
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earlier (Miller et al. 2000). Although the infectious agent causing CWD is contagious in 

its natural setting (Williams and Young 1993, Miller and Williams 2003), relatively little 

is known about transmission mechanisms among infected mule deer populations 

(Williams and Miller 2002). Possible routes o f transmission include animal-animal and 

animal-environment-animal pathways (Miller and Williams 2003, Miller et al. 2004). 

Recent discoveries o f CWD foci distant to this 80,000 km2 endemic area have spawned 

interest in understanding spatial and temporal dynamics in order to develop management 

strategies for controlling CWD in affected populations and prevent or slow its spread 

among unaffected populations.

The distribution o f CWD in northeastern Colorado appears heterogeneous at both 

small (<50 km2) (Wolfe et al. 2002) and large (>38,000 km2) (Miller et al. 2000) scales 

(fig. 1). Small-scale heterogeneity may result from highly localized contact processes, 

such as interactions among individuals within matrilineal groups, which are tightly 

clustered and patchily distributed across their winter home range (Conner and Miller 

2004, Miller and Conner 2005). Recent investigations suggest that once the infectious 

agent is shed into the environment it may persist there for several years (Miller et al.

2004); consequently, large quantities o f agent deposited in a relatively small geographic 

area could result in “hot-spots” of infection scattered across natural landscapes.

The process o f mule deer movement in north-central Colorado can be divided into 

three categories, reflecting the geographic scales o f seasonally dependent movement 

patterns (Conner and Miller 2004). At the largest scale, the summer subpopulation home 

range, mule deer home range sizes average approximately 310 km 2 and exhibit greater 

overlap (about 22%) than at any other time of year (Conner and Miller 2004). At the
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winter subpopulation home range scale, deer live in larger groups with average home 

range size o f approximately 80 km2 and exhibit little overlap (< 1 %) among wintering 

groups (Conner and Miller 2004). Finally, individual mule deer have a characteristic 

home range size that averages about 9 km2 during the winter when deer are more 

sedentary (Conner and Miller 2004).

High fidelity to seasonal use areas and temporally consistent movement patterns 

of subpopulations (Conner and Miller 2004), and presumably the resulting home range 

scales, suggest the importance of local, small-scale contact processes in structuring CWD 

spatial heterogeneity. At the same time, large-scale movement patterns, such as those 

that occur when subpopulations expand their home range between winter and summer 

locations, could result in a greater number o f contacts among deer that do not interact 

during the winter months. If large-scale movement were primarily responsible for 

structuring the host-pathogen relationship, then the spatial distribution o f infected deer 

should exhibit greater homogeneity at large geographic scales than would be expected if 

disease transmission occurs predominately at local winter subpopulation or individual 

movement scales. Heterogeneity in CWD prevalence also may result from different 

times since disease introduction into the various subpopulations (Miller et al. 2000); 

unfortunately, time since introduction will remain unknown for most or all infected 

subpopulations.

To understand the potential relative contribution o f different movement scales to 

structuring observed spatial heterogeneity o f CWD, I specified a set o f candidate models 

reflecting the different scales, combinations o f predictor variables, and spatial 

dependencies affecting the probability o f CWD infection in individuals. I then used
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contemporary model selection techniques to identify those scales and predictors 

corresponding best to the observed spatial structure o f CWD infection across the 

landscape. In addition to gaining insights into the spatial epidemiology of CWD, I 

demonstrate how hierarchical modeling can be used to understand the relative 

contribution o f hypothesized generating processes to observed patterns o f disease 

prevalence.

Hierarchical models

Statistical models frequently include multiple parameters that can be regarded as 

related or connected in some manner by the structure o f the problem, implying that a joint 

probability model for these parameters should reflect the dependence among them 

(Gelman et al. 2004). For example, consider a vector of infection 

probabilities, Jt = (^rr .jrn) , where Jtj is the infection probability o f the jth  subpopulation.

It might be biologically reasonable to expect that estimates of the x f s  may be related to 

one another since each 7Tj is a member o f the same “super population”. A hierarchical 

model provides a formal mechanism for describing these relationships. The model 

consists o f a series of hierarchically connected strata, where some relationship connecting 

the strata can be specified. Thus, a hierarchical parameterization allows individuals 

within a group to be related at one level while the groups themselves are related at 

another level. In addition, the hierarchical model allows for between group comparisons, 

without the typical concerns about multiple comparisons. For example, if  there were 

little evidence o f variation between the sub-populations, then the estimates o f itj would be 

automatically shrunk towards one another. In essence, the hierarchical model structure 

allows the data to determine the necessary level o f dependence among model parameters,
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thus providing an objective analysis approach for determining the appropriate degree of 

smoothing towards or away from a common mean.

Recent advances in methods for data collection and analysis have increased the 

potential for study of natural populations distributed over geographic regions. The 

advent o f remote sensing and geographic information systems allow collection of large 

quantities o f high resolution, geo-referenced data on locations o f individual organisms, as 

well as features of the landscape that may control their spatial distribution (Beck et al. 

1994, Hay et al. 2000). At the same time, computer intensive methods such as Markov 

chain Monte Carlo have offered a feasible approach for analyzing these spatial data 

(Brooks 2003). It is now possible, for example, to estimate the joint distribution of a high 

dimensional parameter space that includes spatial dependency across scales, where 

classical models cannot (Wikle 2003). Hierarchical models are well suited for 

addressing questions regarding how individual-level responses change with the spatial 

context (Clark 2003). For disease modeling, hierarchical models allow investigation of 

how individual-level disease risk responds to population level processes operating across 

a range o f spatial or temporal scales.

Although some studies o f natural populations have examined correlations 

between the spatial distribution of disease and environmental variables (Van Buskirk and 

Ostfeld 1998, Giraudoux et al. 2003), and others have proposed biological explanations 

for the spatial patterns they observe (Jolles et al. 2002, Aylor 2003), few if any have 

identified the scales over which population level processes act to shape the spatial 

distribution o f disease in wildlife populations. Hierarchical models provide a natural way 

to address this problem.
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METHODS

Study Area

The study area included 6,500 km 2 in north-central Colorado (fig. 1) where CWD 

is endemic in free-ranging cervids (Miller et al. 2000). Elevation ranged from 1,500 m to 

3,500 m, rising from east to west. The northeastern quarter of the study area, from Fort 

Collins north, was rolling foothills and high prairie where livestock grazing was the main 

land use. Vegetation was primarily sagebrush-steppe habitat with big sagebrush 

(Artemesia tridentata), antelope bitterbrush (Purshia tridentata), mountain mahogany 

(Cercocarpus montanus), and mixed grasses. The southeastern quarter o f the study area, 

from Fort Collins south, consisted o f urban centers separated by rural areas with 

numerous small ranches, agricultural fields, natural areas, and more scattered suburban 

areas. Vegetation communities in the western half o f the study area followed the east- 

west elevation gradient. Lower elevations were mostly dense mountain mahogany 

interspersed with grassland openings and small patches o f ponderosa pine (Pinus 

ponderosa) that transitioned to mountain shrub habitat with a primarily mixed conifer 

overstory at higher in elevations. The highest elevations were mainly alpine tundra 

habitat.

Data

The Colorado Division o f Wildlife (CDOW) provided georeferenced data for 

3,855 mule deer tested for CWD infection between 1997 and 2003 within the 

approximately 6,500 km2 study area. All samples were geo-referenced using either a 

global positioning system unit or by identifying sample source locations on standardized 

maps. Sampling methods included deer that were killed by hunters, culled by wildlife
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managers, or captured and tonsil biopsied; survey and diagnostic methods have been 

described in detail elsewhere (Miller et al. 2000, Miller and Williams 2002, Wolfe et al. 

2002, Hibler et al. 2003). Sampled deer were classified as CWD positive or negative 

based on immunohistochemistry of retropharyngeal lymph node or tonsil tissue (Miller 

and Williams 2002). For the current analysis, I partitioned the study area into three grids, 

where each grid had a resolution representing one o f the scales o f mule deer movement; 

9km2, 81km2, and 324km2 overlaid on the map of deer samples. Because CWD 

prevalence remained relatively constant within the study area between 1996 and 2001 

(Miller et al. 2000, Miller and Conner 2005), I combined data across all years.

Along with locations, data on sex and age class (juvenile or adult), which are 

known to influence infection probability (Miller and Conner 2005), were recorded for 

each deer. In addition to these individual-level demographic (Demo) covariates offsets, 

three environmental (Env) covariates were calculated using a geographic information 

system containing data grids representing land ownership and vegetation patterns across 

the study area at a 90-meter resolution. The covariate values were simple measures of 

proportions and landscape configuration, as described below, calculated for each of the 

three movement scales used in the model. Each environmental covariate was assumed to 

exert the same influence on all individuals sampled from the same grid cell. Thus, these 

covariates were scaled to the map resolution considered in each model.

There is evidence o f anthropogenic influences on CWD prevalence in mule deer 

(Wolfe et al. 2002, Farnsworth et al. 2005); consequently, I considered an environmental 

covariate, %PRIV, that represented the proportion o f private land in a grid-cell. Because 

not only the proportion o f private land but also its configuration may be important, I
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developed a second environmental covariate, DISP, which was a landscape index 

measuring the degree o f patchiness and isolation o f each patch of private land within a 

grid-cell (McGarigal and Marks 1995). A final environmental covariate, %HAB, 

measuring the proportion o f low-elevation grassland habitat in each grid cell, was used to 

represent the amount o f wintering habitat to capture the potential influence o f deer winter 

range concentration on CWD prevalence.

Hierarchical model o f  CWD infection

Two aspects of the data made it difficult to relate movement scales to CWD 

infection probability. First, mule deer wintering subpopulation distributions had been 

delineated for only about 12% of the study area (Conner and Miller 2004). Although data 

on movement patterns were unavailable across much o f the area, I wanted to use 

information from previous research where available to shed light on potential 

transmission scales. Second, since deer were only sampled for CWD one time and their 

movement was not followed over time, there was no way to incorporate estimates o f the 

area traversed by an individual deer before it was sampled. I addressed these challenges 

by partitioning the study region into aerial units (i.e., grid cells) reflecting the various 

scales o f seasonally dependent mule deer movement patterns. This specification allowed 

me to compare different movement scales in the face o f limited information on the spatial 

structure o f this process across the study area. The hierarchical structure accommodated 

uncertainties in the point-based CWD data by treating all individuals sampled from 

within the same grid cell as having an identical exposure risk to the infectious agent after 

adjusting for individual-level sex and age effects.
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I consider a generalized linear model for disease presence/absence. For each 

individual deer, I model the probability o f being CWD-positive as a function o f the 

covariates and two random effect terms, which account for any unobserved covariates as 

well as the spatial pattern in the probability o f disease presence.

This generalized linear model can be described in three stages: the data model, or 

likelihood linking the data to the model parameters; the process model relating the 

covariates and random effects to the parameters, and the prior distributions for all model 

parameters (Wikle 2003). My interest focused on the distribution of the process and 

parameters after being informed by the data. To arrive at this posterior distribution, I 

used Bayes theorem:

/(p rocess, parameters | data) «  /(d a ta  | process, parameters) x  /(p ro cess  | parameters)/(parameters) (1 )  

where/(xi) denotes the probability distribution o f xi and/(xi|x 2 ) is the conditional 

distribution o f xi given X2 . The posterior distribution is simple to understand in terms of 

basic probability, but it can be difficult to derive in closed form. For many ecological 

problems, the high dimensionality o f the model can prohibit the use of standard methods. 

However, Markov Chain Monte Carlo (MCMC) (Geman and Geman 1984, Gelfand and 

Smith 1990, Gilks et al. 1998) techniques allowed me to estimate the posterior 

distribution in ( 1 ).

Data model

The data model relates the known infection status for each deer to the probability 

o f infection. Let Yij be the known infection status for deer i = 1,...,« in cell j  = 1,... ,k.

Then let infection status be Bernoulli distributed with parameter 7ty:
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a v □ B ernoulli^..), (2)

where Ktj is the probability of infection for individual i in cell j .  All observations are 

assumed conditionally independent given this parameter.

Process model

The process component of the model relates the probability o f infection 

for each deer, n tj, to the individual and environmental covariates. I include two random

effect terms to account for variability that is not accounted for by the covariates. To 

constrain the Bernoulli distributed infection probability to the range 0-1,1 use a standard 

logit transform. Thus I model the probability that an individual is infected as: 

logit (7CV ) = n  + x lP  + Yj + S j , (3)

where p  was the background infection rate- common to all deer, /? was an m x 1 vector 

o f regression coefficients corresponding to the xfj, the transpose o f the m x  1 vector of 

individual and scale-dependent environmental covariates associated with each deer; y} 

was the scale-dependent spatial random effect term for the7 th grid cell; and ef was the

independent random effect term associated with they'th grid cell. The independent 

random effects varied with the scale of analysis, but exhibited no spatial dependency.

The random effect terms are described further below.

Prior and posterior distributions

Because the analysis is fully Bayesian, prior distributions for all model parameters 

in the hierarchy are specified. The spatial component, modeled by , is a key parameter

of interest because it models the latent, or unobserved, process o f mule deer movement.
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Recall that y} is the extra variation not accounted for by the covariates in grid cell j .  I 

specify the spatially structured variation in infection probability, Yj > yia an Intrinsic 

Gaussian Conditional Autoregressive (ICAR) model (Besag et al. 1991). For a grid cell j  

in the problem, the ICAR model states that is related to the y terms for the

neighboring grid cells; and, given the y terms for the neighboring grid cells, each grid cell 

is independent of all other grid cells outside the local neighborhood. Specifically, let the 

set of neighbors contributing to y  .be denoted by yj+ . Then, for each grid cell j ,  I assume

the conditional relationship

Yj yj+ ~ Normal —T,rJ+,Z
v " j +

(4)

where nj+ is the number o f neighbors o f grid cell j  and a 2 is the variance for all grid 

cells. Thus the conditional mean of yy is simply the average value o f its neighbors yj+, 

with conditional variance a 2 proportional to the number of neighbors. In the conditional

mean in (4), the neighboring grid cells are equally weighted so that all neighbors of cell j  

influence it equally. Spatial variation in the model is limited to cells sharing a border; 

however there are no a priori restrictions on specifying the neighborhood structure or cell 

weights. I use second-order neighborhoods, meaning only cells sharing a border with the 

focal cell are considered in modeling spatial dependency, because I wish to maintain a 

sharp distinction between local dependency and global unstructured heterogeneity, which 

becomes increasingly blurred as the local neighborhood is extended.

The unstructured heterogeneity term, 8}, corresponds to a latent process 

operating independently in each grid cell at the chosen scale (e.g., home range scale). I
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let Sj ~ i.i.d. N (0, a] I) for/ = 1,..., J. This component models the overall, unstructured

heterogeneity in the data by assuming no relationship among neighboring grid cells, but 

with a variance that was common to all grid cells. In the following section I describe the 

parameter values for the probability distributions governing the behavior of each of the 

process model components.

The following distributions applied to the remaining model parameters: baseline 

disease risk, f l  ~ flat() and normalized covariates /? ~ jV(0 ,(7 ^I) where I is the indicator 

matrix. In addition, I specified non-informative hyperparameter distributions for all the 

variance parameters: a 1 -U niform ^0,10) for cr^, o 1 and o 2s . Note that 

fi  ~ flat() corresponds to an improper (flat) prior on the whole real line. This prior 

distribution, along with a sum-to-zero constraint placed on the spatial random effects, is 

necessary to assure identifiability because the model contains ICAR random effects 

(Besag and Kooperberg 1995). These restrictions result from defining the spatial random 

effect component conditionally rather than jointly. I considered a final quantity,

q 2
X = 7 , which measured the contribution from the spatial random effect component

° r + ° s

of variance to the overall variance due to the random effects. This parameter allowed me 

to understand the relative contributions of spatially structured and unstructured variation 

in models containing both.

Finally, the joint posterior distribution of all model parameters given the field data

2 2 2 was fit at the three scales o f interest (grid cells o f 9 km , 81 km , and 324 km ) for

various combinations o f predictors selected a priori. Thus, the models contained various

combinations of demographic (Demo), environmental (Env), spatially structured (Space),
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and unstructured (Het) variation. All models were fit using WinBUGS software 

(Speigelhalter et al. 2002). The MCMC procedure for these models was run for 50,000 

iterations after a bum-in period of 500,000 iterations to ensure convergence of all model 

parameters.

Model comparisons

I used a Deviance Information Criteria (DIC), a generalization o f the Akaike 

Information Criteria (AIC), to compare the set o f candidate models (Spiegelhalter et al. 

2002). These criteria are based on the deviance, D{6) = -2  In Z., where L is the 

likelihood and # is the vector o f model parameters, and a penalty for model complexity. 

For AIC, the penalty is two times the number o f parameters in the model. The 

complexity of a hierarchical model is measured by the effective number o f parameters,

P d ,  which is often smaller than the total number o f parameters due to the borrowing of 

strength property o f hierarchical models described earlier. This complexity is defined as

p D = D(0) -  D (0 ) , where D(0) is the expected deviance over the posterior distribution 

of parameter vector# taken across all MCMC samples, and D(0) is the deviance 

evaluated at the posterior mean of the parameter vector. Finally,

DIC = D{0) + p D = 2D(0) -  D (0 ) . Smaller values of DIC indicate a better-fitting model. 

As with other penalized likelihood criteria, DIC is a method for comparing a collection of 

alternative models (Carlin and Louis 2000).

Burnham and Anderson (2002) derived Akaike weights that, when normalized, 

can be interpreted as a set o f weights that sum to one and estimate the probability that 

model r is the best Kullback-Leibler model for the data at hand, given the set o f models 

considered. This approach provides a method for assessing model selection uncertainty.
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It has been suggested as an analogous approach for estimating model selection 

uncertainty within a Bayesian modeling context (Spiegelhalter et al. 2002). I used DIC 

weights ( w d i c )  to estimate model selection uncertainty for each model r in the candidate 

set, calculated using the formula for Akaike weights

e x p H A M C )_
2 > p (-iA Z > /C )

where ADIC was the difference between the minimum DIC value in the candidate set 

and model r, and the denominator was the sum over all models in the set under 

consideration. The DIC weights are an informal measure and allow easier comparison 

between models than the DIC value itself.

RESULTS

The analyses revealed strong support for local influences on observed spatial 

patterns o f CWD prevalence in mule deer. For clarity, only results for the top 10 out of 

22 models fit are shown in Table 2.1. Based on the w d i c  shown in Table 1, the individual 

home range scale of 9 km2 is the only one that merits consideration as the process scale 

corresponding to the spatial structure o f the CWD data. The combined weights for 

Models 1-4 (Table 2.1), w d i c  = 0.997, indicated nearly exclusive support for models at 

the individual-home range scale. Within this set, Models 1 and 2 did not contain any 

environmental covariates, although all four contained a spatial random effect for 

estimating the probability o f CWD infection.

Table 2.2 shows the posterior means, standard deviations, and 95% credible 

intervals, all on the logit scale, for the univariate parameters from Models 1 and 3. The 

individual-level offsets o f SEX and AGE, which were known a priori to be important 

predictors o f CWD infection probability, show that infection probability is higher in

49

R ep ro d u ced  with p erm issio n  o f  th e  copyrigh t ow n er. Further reproduction  prohibited w ithout p erm ission .



males (odds-ratio = 2.04, 95% C.I. = 1.57, 2.65) and in animals at least 2 years old (odds- 

ratio = 3.46, 95% C.I. = 2.16, 5.75). Estimates of environmental covariate effects from 

Model 3 show that only %PRIV significantly influenced infection probability (odds-ratio 

= 2.17, 95% C.I. = 1.14, 4.10), however its credible intervals appear relatively wide, 

reflecting a high degree o f uncertainty in this estimate.

Lambda (A,), which is the ratio of spatial to unstructured variability, was 0.88 with 

a 95% credible interval ranging from 0.71 to 0.99 for Model 1. Thus, across the 

landscape, the spatial random effect accounted for between 71% and 99% of the 

variability attributed to the random effects in that model, strengthening the argument that 

the contact process resulting in landscape-scaled disease heterogeneity is local in nature; 

influenced more by small-scale spatial structure than by overall unstructured 

heterogeneity. These results make sense considering that across the entire study area 

CWD prevalence was about 9% for all deer sampled, making overall infection 

probabilities relatively low. However, within a single 9 km2 aerial unit, prevalence rates 

were estimated as high as 35%, emphasizing that locally dependent processes scale with 

the spatial distribution CWD infection.

The weight of evidence for the top model, containing both spatially structured and 

unstructured heterogeneity was relatively high at 0.88. Examination o f po provides 

insight into the contribution made by both sources of heterogeneity to model fit. A 

decrease in pu of two in Model 1 compared to Model 2, which did not contain 

unstructured heterogeneity effects and which had a wdic o f approximately 0.08, illustrates 

the counterintuitive nature of hierarchical analysis; adding random effect terms can 

reduce the number of effective parameters in a model. It is likely that this reduction
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occurred because including unstructured heterogeneity reduced the range o f variability 

necessary for modeling local spatial structure in the top model. Because these two 

random effects are not uniquely identifiable, it is not possible to measure the number o f 

effective parameters contributed by each. However, the high w d i c  value and reduced po 

for the top model relative to the second best model, suggests that the unstructured 

heterogeneity has “shrunk” the spatial random effect towards an overall mean, thus 

reducing the number o f effective parameters in the model

A visual comparison (Figs. 2.1 and 2.2) o f the top model without environmental 

effects (Model 1 in Table 2.1) to the best model that included them (Model 4 in Table 

2.1), shows that Model 1 had a more concentrated distribution of spatial random effects 

across the landscape, while Model 4, which contained these covariates, had a more 

diffuse distribution and lower overall intensity for the spatial random effects. It is not 

surprising that including environmental covariates in the model has diminished the 

strength o f the local spatial process. This effect can be demonstrated quantitatively by 

examining the difference in the number o f effective parameters, po, between the top 

models with and without this effect (Table 2.1). Adding the three environmental 

covariates, each contributing a single parameter, to the top model reduces po by more 

than 25 in the resulting second best model. This reduction in po with the addition of 

three covariate parameters occurred because including the environmental covariates 

reduced the effective number o f parameters necessary for modeling the spatial variation 

in CWD infection probability. By “shrinking” the variability in the spatial random effect 

towards an overall mean effect, the intensity o f the local spatial process component of 

variation was diminished, suggesting the usefulness of the environmental covariates. For

51

R ep ro d u ced  with p erm issio n  o f  th e  copyrigh t ow n er. Further reproduction  prohibited w ithout p erm ission .



models that included the landscape covariates, the spatial random effects had 95% 

credible intervals that overlapped zero for all grid cells, while models without 

environmental covariates had spatial random effects that were significantly different from 

zero for 11% of the grid cells. However, the environmental covariates produced a poorer 

fitting model that was less consistent with the observed spatial distribution of CWD, as 

measured by DIC.

DISCUSSION

An important first step towards understanding host-pathogen dynamics in 

spatially structured populations is to understand the scales over which population 

processes and landscape features shape the host-pathogen relationship. The dynamics of 

CWD transmission in mule deer are potentially structured by interactions that occur 

across a range o f nested spatial scales in a heterogeneous environment (Miller et al.

2000). Unfortunately, little empirical data exist for relating transmission dynamics, and 

the resulting spatial distribution of CWD infection, to the scales o f seasonal movements 

that likely help shape observed prevalence patterns. Previous research on the ecology of 

CWD in mule deer populations identified plausible natural transmission mechanisms 

(Miller et al. 2004), as well as apparent influences o f demography (Miller and Conner

2005), seasonal movement patterns (Conner and Miller 2004), and land use (Farnsworth 

et al. 2005) on spatial epidemiology; however, quantitative analyses comparing potential 

movement scales structuring the spatial distribution o f CWD have not been addressed 

until now.

The results o f this study provide evidence that the spatial structure of CWD 

results from small-scale, local contact processes, which likely occur primarily during the
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winter season when subpopulation home ranges are reduced in size and the potential for 

infectious contacts among sympatric individuals is possibly increased (Miller and 

Williams 2003, Conner and Miller 2004, Miller and Conner 2005, Miller et al. 2004).

The key to arriving at this conclusion was the use of information about the scales over 

which the structuring process o f movement occurs. Because I specified analysis scales to 

correspond to the crucial epidemiological process o f seasonal movements, I was able to 

better understand which type o f movement pattern (wintering individual, winter 

subpopulation, or summer subpopulation) appears to be the most plausible process scale 

underlying observed spatial patterns o f CWD prevalence. This result, in turn, provides 

critical information for further process-based investigations. This work demonstrates 

how scientific hypotheses regarding potential generating processes can be tested even in 

the face o f sparse empirical data. Enumerating the relative contributions from each of 

these process scales was made possible by the hierarchical modeling framework.

There are biological explanations for the effects o f covariates that emerged as 

important influences on CWD infection probability. Because the clinical course of CWD 

is protracted, lasting about two years on average (Williams and Miller 2002), I expected 

an effect o f age such that animals older than two years were more likely to test positive 

for CWD (Miller et al. 2000, Miller and Conner 2005); this highly significant effect is 

reflected by the models. Private land ownership and developed areas o f the landscape 

often restrict hunter access to deer populations and may encourage their use as refugia 

(Farnsworth et al. 2005); this restriction possibly leads to populations with larger 

numbers o f males and an older age distribution, both o f which are associated with an 

elevated probability of infection (Miller and Conner 2005). Also, because CWD
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transmission can occur via exposure to infected animals or environments contaminated 

by excreta and carcasses from infected animals (Miller et al. 2004), changes in deer 

distribution or movements effected by land ownership patterns and human alteration of 

deer habitats could possibly lead to higher local prevalence in these areas (Wolfe et al. 

2002, Farnsworth et al. 2005). The sex effect, per se, is more difficult to explain, but 

could be due to the polygamous mating structure o f deer populations combined with 

effects o f predominantly male hunting (Miller and Conner 2005); in this situation, a sex 

ratio skewed toward females coupled with the polygamous mating system in which 

individual males contact groups o f females may act to increase the contact rate o f males 

relative to females, thereby increasing their probability o f infection.

My research differs fundamentally from previous pattern-based analyses used in 

the few wildlife landscape epidemiological investigations that have been undertaken to 

date. Unlike other studies, I incorporated both host endogenous correlates (sex and age) 

o f the disease and exogenous features o f the environment thought a priori to be important 

predictors of CWD spatial heterogeneity. More importantly, by formulating my approach 

in terms of a hierarchical model I was able to simultaneously consider the contributions 

made by these covariates as well as from local spatial structure and overall landscape 

heterogeneity to the risk of disease occurrence at each of the three movement scales.

Unlike earlier landscape epidemiological investigations in natural systems, I show 

how an exploration o f disease patterns across multiple, process-based, spatial scales can 

lead to important epidemiological inference regarding plausible biological scales and 

mechanisms of disease spread. This provides a spatial perspective for further research 

into the etiology of disease. To fully understand the interrelationship between host,
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pathogen, and environment requires in-depth knowledge about host population dynamics 

and movement patterns, disease etiology, interactions between host and pathogen, and the 

effects o f environmental variation on host and pathogen distributions and dynamics. 

Achieving this level of understanding requires process-based, biological investigations, 

informed by statistical analyses that identify relevant scales and correlations among the 

system ’ s components.

The hierarchical method I have demonstrated provides a powerful approach for a 

difficult problem in ecology; linking spatial patterns to the scales over which generating 

processes operate. By maintaining a constant data structure at the lowest (e.g., 

individual) level in the hierarchy, while varying the scale of the spatial process 

component of the model, a hierarchical approach allows for direct comparisons o f the 

effect o f various process scales on the spatial structure of host-pathogen relationships. In 

contrast, classical approaches to multi-scaled spatial analysis can suffer from what is 

known as ecological fallacy; where inference at one level is based on data collected at a 

different level (Schwartz 1994, Diez-Roux 1998). Ecological fallacy frequently occurs 

when the data structure is altered to accommodate multiple scales of analysis, obviating 

any direct comparison o f how different process scales are related to the spatial structure 

of disease.

My approach is applicable to many ecological questions where georeferenced data 

are available; for example presence/absence data or counts of individuals that can be tied 

to specific locations on the landscape. Further, although the data were in the form of 

discrete individuals, the hierarchical model structure is readily applied to continuous 

spatial processes such as the distribution o f nutrients in soils or hydrologic systems.
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Thus, the generality o f this approach is applicable across a wide range o f ecological 

questions framed within a spatial context.

Within the Bayesian paradigm there are numerous possible ways to examine the 

hierarchical model results, and these estimates are accompanied by standard error that 

provide for a complete assessment of model uncertainty. For example, in addition to the 

results considered here, I can construct maps o f the mean and standard deviation of cell- 

level prevalence over the landscape to obtain an aerial estimate o f disease prevalence, I 

can also compare the posterior distribution of disease prevalence over a larger region 

such as the management units that are used in developing strategies for managing the 

disease. With additional analysis, I can also compare the spatial cumulative distribution 

function (Lahiri et al. 1999) for prevalence for two or more regions to determine which 

areas have the greatest concentration of CWD infected deer.

Determining the processes that give rise to patterns in nature is difficult in any 

ecological system. This problem is particularly challenging when we seek to understand 

processes that act over large geographical or temporal scales. In such cases, data are 

often limited, and several plausible mechanisms can be identified as potential causes for 

observed patterns — consequently, it is not always clear how to proceed with testing 

scientific hypotheses about generating mechanisms. By casting hypotheses regarding 

scale-dependent processes in terms o f models that can be quantitatively compared, 

hierarchical analyses provide a powerful tool for gaining insight in this context, even 

when data are limited.
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Table 2.1. Model selection results to identify the candidate models best explaining 

observed spatial patterns of chronic wasting disease (CWD) prevalence in mule deer. I 

examined three analysis scales (grid cells o f 9 km2, 81 km2, and 324 km2), using models 

that incorporated various combinations of demographic (Demo), environmental (Env), 

spatial (Space), and unstructured heterogeneous (Het) variation. Demo = Age + Sex; Env 

= %HAB + %PRIV + DISP (see Methods for details), Space is the spatial random effect, 

and Het is the unstructured variation in the model, pD = effective number o f parameters, 

DIC = Deviance Information Criteria, DIC weight informally quantifies model selection 

uncertainty.

Model Scale (km ) Model pD DIC W D IC

1 9 Demo + Space + Het 69.8 2178.33 0.879

2 9 Demo + Space 71.7 2183.23 0.076

3 9 Demo + Env + Space 46.4 2185.13 0.029

4 9 Demo + Env + Space + Het 53.7 2186.74 0.013

5 81 Demo + Env + Space 16.6 2191.56 0.001

6 81 Demo + Env + Space + Het 17.1 2192.96 0.001

7 81 Demo + Env + Het 14.5 2193.13 0.001

8 9 Demo + Env + Het 52.3 2193.71 0.000

9 81 Demo + Env 6.1 2197.76 0.000

10 81 Demo + Space + Het 32.4 2199.95 0.000
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Table 2.2: Univariate parameter estimates from Model 1 and Model 4. Estimates for 

individual-level covariates SEX and AGE are from Model 1, the top DIC model, which 

did not contain environmental covariates, with environmental covariate effects from 

Model 3, the best model containing these effects.

Variable Model rank Mean Std.dev. 2.5% C.I. 97.5% C.I.

SEX 1 0.71 0.13 0.46 0.97

AGE 1 1.23 0.24 0.79 1.73

%PRIV 3 0.77 0.33 0.13 1.41

%HAB 3 0.67 0.39 -0.08 1.40

DISP 3 0.04 0.07 -0.11 0.18
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Figure 2.1 - Study site in north-central Colorado overlaid with with the spatial distribution o f chronic wasting disease (CWD) 

data and the 540, 9 km2 grid cells used in modeling individual-level infection probability ath finests analysis scale.
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Figure 2.2 -  Posterior estimates o f mean spatial random effects for Model 1, the best approximating model o f  the probability 

that an individual deer was infected with CWD. The model was fit at a 9 km analysis scale and used the demographic 

(Demo), spatial random effects (Space), and unstructured heterogeneity (Het) resulting in a concentrated distribution of 

infection probabilities.
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RELATING MULE DEER DENSITY TO CHRONIC WASTING DISEASE 

OCCURRENCE IN NORTHERN COLORADO 

INTRODUCTION

Epidemiological models typically assume that increases in host population density 

result in an increase in the per capita contact rate among conspecifics inhabiting a fixed 

area (Diekmann et al. 1990, Heesterbeek and Metz 1993). Under this assumption, 

transmission rates, and hence disease prevalence, are positively related to increases in the 

density o f individuals (Anderson and May 1979, Grenfell 1988, de Jong et al. 1995). 

Unfortunately, studies examining the relationship between host density and the 

transmission and prevalence o f infectious diseases in free-ranging populations at 

landscape scales are rarely undertaken (Hudson 2002). Determining the role of density 

dependent disease transmission in structuring the dynamics o f populations of long-lived, 

wide-ranging species has been difficult, with few published studies (but see Dobson 

1996), possibly due in part to the difficult task o f collecting the necessary data (Hudson 

2002). Understanding the role that variations in density play in shaping prevalence of 

infectious diseases is important both from a management perspective and for improving 

models that incorporate such relationships.

Chronic wasting disease (CWD) (Williams and Young 1980), is the only prion 

disease known to occur in free-ranging populations (Williams and Miller 2002). The 

largest known outbreak occurs in a contiguous -80,000 km2 area o f northeastern
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Colorado, southeastern Wyoming, and western Nebraska, USA (Williams 1992, Miller et 

al. 2000, Williams and Miller 2002). CWD may have been present in free-ranging deer 

within this area since the 1960s or earlier (Miller et al. 2000). Although the infectious 

agent causing CWD is contagious in its natural setting (Williams and Young 1993, Miller 

and Williams 2003), relatively little is known about transmission mechanisms among 

infected mule deer (Odocoileus hemionus) populations (Williams and Miller 2002). 

Possible routes o f transmission include animal-animal and animal-environment-animal 

pathways (Miller and Williams 2003, Miller et al. 2004). Recent discoveries o f CWD 

foci distant to this 80,000 km2 endemic area have spawned interest in understanding 

spatial and temporal dynamics in order to develop management strategies for controlling 

CWD in affected populations and prevent or slow its spread among unaffected 

populations. It has been suggested that the distribution of CWD in North-central 

Colorado results from a highly localized contact process, such as interactions among 

individuals within matrilineal groups that are tightly clustered and patchily distributed 

across their winter home range (Conner and Miller 2004, Miller and Conner 2005). High 

fidelity to seasonal use areas and temporally consistent movement patterns of 

subpopulations (Conner and Miller 2004), and presumably the resulting home range 

scales, suggest the importance of local, small-scale contact processes in structuring CWD 

spatial heterogeneity; these local scales appear to best explain observed patterns in CWD 

prevalence across the north-central Colorado landscape (Farnsworth et al. 2005a).

Further, recent investigations suggest that infectious agent may persist in the environment 

for several years (Miller et al. 2004); consequently, large quantities of agent deposited 

over a relatively small geographic area could result in “hot-spots” o f infectious agent
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across the landscape. It follows that a highly localized contact process occurring within 

such areas might result in an elevated risk of disease exposure, possibly exacerbated by 

high deer densities. Understanding whether a relationship exists between mule deer 

density and CWD is of interest since culling deer that occur in high-density locations may 

provide a management tool for reducing disease intensity and spread.

A common problem in ecological studies involving multiple sources o f spatial 

data is a failure of the data sources to align properly for analysis (Zhu and Carlin 2000, 

Zhu et al. 2000). This misalignment problem is particularly acute in studies involving 

point-based data and data collected over a small area relative to the analysis extent 

(Baneijee et al 2004). I provide an example, and illustrate a solution, for this problem by 

aligning point data on the locations o f deer tested for CWD with estimates o f deer density 

collected over a relatively small area to arrive at a model that reflects the relationship 

between density and infection probabilities. I used an interpolation technique known as 

kriging (Matheron 1963, Cressie 1993) to develop a surface o f estimated deer density 

based on the spatial structure of survey data. I then overlaid the point-based CWD data 

and examined the disease/density relationship by specifying a set of generalized linear 

mixed-models (McCullagh and Nelder 1998) reflecting various hypotheses about the 

form of this relationship while accounting for the spatial dependency and sex effects 

(Conner and Miller 2004, Farnsworth et al. 2005b) thought to influence the probability of 

infection. I used the predicted variance in density from the kriged surface to adjust the 

models for the estimation error associated with each grid cell of the surface.

The models were developed using a hierarchical structure that allowed me to 

include the density estimates and their error. This approach also provided a method for
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quantitatively comparing models using contemporary model selection techniques to 

assess the strength of evidence supporting the relationship between deer density and 

CWD at an epidemiologically important scale. Thus, this approach allowed me to 

identify the combination o f predictor variables and the functional form of the relationship 

between estimated mule deer density and the distribution of CWD infection that were 

best supported by the data while properly accounting for multiple sources o f observed 

and unobserved variation in the models.

METHODS 

Study Area

The study included 1,250 km2 in north-central Colorado (Fig. 3.1) where CWD is 

endemic in free-ranging cervids (Miller et al. 2000). Elevation ranged from 1,600 m to 

2,600 m, rising from east to west. The northeastern quarter o f the study area, from Fort 

Collins north, is rolling foothills and high prairie where livestock grazing was the main 

land use. Vegetation is primarily sagebrush-steppe habitat with big sagebrush {Artemesia 

tridentata), antelope bitterbrush (Purshia tridentata), mountain mahogany (Cercocarpus 

montanus), and mixed grasses. The southeastern quarter of the study area, from Fort 

Collins south, consists o f urban centers separated by rural areas with numerous small 

ranches, agricultural fields, natural areas, and more scattered suburban areas. Vegetation 

communities in the western half o f the study area follow the east-west elevation gradient. 

Lower elevations are mostly dense mountain mahogany interspersed with grassland 

openings and small patches of ponderosa pine (Pinus ponderosa) that transitioned to 

mountain shrub habitat with a primarily mixed conifer overstory at higher in elevations.
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Data

The Colorado Division o f Wildlife provided geo-referenced data for 1,679 mule 

deer tested for CWD between 1997 and 2003 within the study area. All samples were 

geo-referenced using either a global positioning system unit or by identifying sample 

locations on standardized maps. Sampling methods included deer that were killed by 

hunters, culled by wildlife managers, or captured and tonsil biopsied. Survey and 

diagnostic methods have been described in detail elsewhere (Miller et al. 2000, Miller 

and Williams 2002, Wolfe et al. 2002, Hibler et al. 2003). Sampled deer were classified 

as CWD positive or negative based on immunohistochemistry of retropharyngeal lymph 

node or tonsil tissue (Miller and Williams 2002). Because CWD prevalence remained 

relatively constant within the study area between 1996 and 2001 (Miller et al. 2000, 

Conner and Miller 2004), I combined samples across all years. Along with locations, 

data on the sex o f each deer, which is known to influence infection probability (Conner 

and Miller 2004, Farnsworth et al. 2005) was recorded. Specific ages of deer were 

unavailable; however only adult deer were used in the analysis to reduce the effect of age. 

Interpolating deer counts

During 1998-2002, the Colorado Division of Wildlife counted mule deer in 0.64

2 , 
km quadrats distributed randomly along north-south and east-west section lines

throughout the study area as part of its population estimation program (Fig. 3.1).

Quadrats were surveyed one time between January and February o f each year using a

helicopter that flew in a systematic grid pattern across the study area. Survey teams were

a minimum of three people, including a pilot and two observers. A more detailed

description o f the survey protocol can be found in Kufeld et al. 1980. Because the CWD
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data were combined across the years of the study to increase the sample size, I also 

combined the count data across years. The number of quadrats surveyed varied over the 

four years and were as follows, 87 in 1999, 112 in 2001, 130 in 2002, and 126 in 2003. 

Missing counts were assumed to be the average o f the observed counts for each quadrat. 

The total area surveyed was approximately 72 km2, which was less than 1% of the study 

region.

Data on the distribution of deer tested for CWD and on the estimates o f deer 

density are a classic example of misaligned point data (Fig. 3.1). Since the aerial 

coverage of the count data was sparse, the CWD and quadrat locations rarely coincided. 

Thus, to relate deer density to the presence o f CWD in individual deer I interpolated the 

mule deer density data across the entire study region and related the interpolated density 

to CWD point locations.

The density data were sparse and spatially variable. In addition, I wanted to use a 

grid-based analysis o f the relationship between estimated density in a grid cell and the 

CWD status of each deer harvested from that cell. To accomplish this I used a median 

polish estimator (Tukey 1977, Cressie 1993), which is robust to outliers, followed by 

kriging o f the median polish residuals to interpolate the counts across the study area 

based on a grid that had a resolution o f 800 meters (0.64 km2) corresponding to the size 

o f each quadrat. Before developing the interpolated surface of deer density, I summed 

the counts in each quadrat across the years covered by the study to correspond to the 

structure o f the CWD data, the latter data had been combined across the years o f the 

study to maintain an adequate sample size for analysis. Because I summed the CWD data 

across years, it followed that summing deer counts across years would be more
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appropriate than using a measure such as a simple average for developing the models 

relating deer density to CWD prevalence. The relatively stable population size and 

prevalence observed across the study area for the period I considered allowed me to 

structure the data in this manner.

The final deer density surface was scaled such that each grid cell had a resolution 

o f 9 km that matched the estimated scale of an individual winter home range (Conner 

and Miller 2004). To change scale I summed the estimates from all 0.64 km cells that 

fell within the area covered by a single 9 km2 grid cell. Similarly, I estimated the

9 9variance in each 9 km grid cell as the sum of predicted variances in each of the 0.64 km 

grid cells that fell within it. Thus, I assumed independence among all estimated deer

9 9counts at the 0.64 km that fell within the same 9 km cell. I did not use the original 

0.64km2 resolution of the interpolated density surface because this scale was too small to 

be biologically relevant to the relationship between density and CWD.

The interpolated surface of deer density could be broken into two parts; the 

median polish surface that accounted for large-scale trends in counts, followed by kriged 

residuals from that surface that modeled small-scale, or local, spatial variability in the 

data. Although the factors generating this structure remained unknown, determinants of 

large-scale variability could include elevation gradients and the corresponding large-scale 

distribution of habitat types, while small-scale variability might be structured by local 

features such as small areas of highly suitable habitat and those that provided refugia 

from predation and hunting (Farnsworth et al. 2005).

Projected onto an analysis grid, the density data could be considered as a two-way 

table similar to those used in analysis o f variance (ANOVA). Thus, heuristically
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speaking, the density data could be decomposed into the following components of an 

additive model,

Data = all + row + column + residual (1)

Letting there be i rows and j  columns, the count in each grid cell, Zy, is estimated using 

the decomposition in (1) as,

Z„ = Z  +(Z , - Z  ) + (Z J - Z J  + ( Z , - Z ,  - Z ,  + Z  ) (2)

where the dot (•) represents averaging over that subscripts of the rows and columns. The 

median polish algorithm successively “sweeps” medians out o f the rows, then the 

columns, accumulating them in the marginal cells o f the grid, analogous to the margins of 

an ANOVA table, leaving behind a grid of residuals. The “sweeping” was repeated until 

there were no discemable changes in the marginal cell values. The resulting marginal 

cell values were equivalent to the “all”, “row”, and “column” values shown in (1) and (2), 

and constituted the large-scale spatial variability, while the residuals that were left 

behind in the grid represented the small-scale spatial variability. The spatially dependent 

residuals were then modeled using kriging, after which they were added back to the 

median polish surface. Thus, the final estimated surface of deer density was a function of 

large and small-scale spatial variability.

Kriging the residuals from the median polish algorithm required an estimator of 

the spatial covariance function, often called the variogram model (Cressie 1993). This 

model, which quantifies the small-scale spatial dependence in the residuals, was used to 

interpolate the spatial variability in the residuals across the grid assuming a stationary and 

isotropic process (Cressie 1993). Under these assumptions, the spatial dependency was 

modeled as a function of the separation distance between pairs o f quadrats, independent
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of the locations o f the quadrats themselves, and this dependency was assumed to have a 

constant mean across the study area. I initially fit three different parametric variogram 

models to the median polish residuals: Spherical, Exponential, and Gaussian models. 

Using AICc (Bumham and Anderson 2002) I determined that the Gaussian model had the 

best support for interpolating the small-scale spatial variability in the residuals. 

Specifically, I modeled the spatial structure o f the residuals using a Gaussian variogram 

model, which under the assumptions noted above is given by;

where h is the “spatial lag” and measures the Euclidean distance between all pairs of 

points in the data set, c0 is known as the nugget effect, which captures the discontinuity 

at the origin o f this function. The nugget effect is typically attributed to microscale 

variations that occur at distances smaller than the minimum distance between any two 

pair of points in the data set used to estimate the variogram. cx is the sill which estimates 

the variance o f the spatial process when the components o f the process (data) become 

spatially independent, which occurs at a spatial lag distance that is known as the “range”, 

given by a. I used non-linear least squares to estimate the parameters of the variogram 

model, which were then used to carry out the interpolation, resulting in a grid o f spatially 

modeled “residuals” that captured the small-scale variation in spatial structure that was 

not modeled by the corresponding median polish algorithm. The interpolated values 

from each cell in this grid were added back to each corresponding cell o f the median

h = 0, 

h * 0 , (3)

0 = (c0, c,,a) , where c0 > 0, cx > 0, and a > 0
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polish surface that captured the large-scale trend in the data to arrive at the final surface 

o f estimated deer density that I used to model the relationship between density and CWD.

The estimated variance in deer density for each grid cell was obtained from the 

empirical variogram model as;

where fi is the estimated density in grid-cell i, c\ is the “sill” from (3), w, is the n x

1 vector o f kriging weights obtained by non-linear optimization of the spatial covariance 

matrix for the sample data and is used in predicting deer densities in cell i, and <7, is the 

vector o f covariances for the cell whose density is being estimated. Thus, as the data 

approach spatial independence, as estimated by the “sill” of the variogram, the

covariances, d{, approach 0, and the estimated variance, &, , approaches the value o f the 

“sill”. This uncertainty was incorporated into models reflecting the relationship between 

deer density and disease incidence in individual deer.

Density model evaluation

I used 10-fold cross-validation (Efron and Tibshirani 1993) to assess the 

prediction error o f the kriged surface. The cross-validation entails removing 10% o f the 

quadrat data, re-fitting the model to the remainder o f the data as described above, and 

assessing the predictive accuracy for the 10% of the data removed.

To evaluate the effectiveness of the model, I computed various measures of 

prediction error based on the 10-fold cross validation. Prediction bias (Williams 1997) 

was calculated for each validation dataset as a percentage of observed deer density. 

Accuracy was measured by the mean absolute error (MAE), which is a measure of the
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sum of absolute residuals (i.e., actual minus predicted values) and the root mean squared 

error (RMSE), which is the square root o f the mean of sum of squared residuals 

(Kravchenko and Bullock 1999, Schloeder et al. 2001). MAE indicates the overall error 

for all locations with data, while RMSE indicates the level of prediction accuracy on a 

cell-by-cell basis since it is more sensitive to extreme values that might occur in an 

individual grid cell (Schloeder et al. 2001). The consistency between the observed 

estimation errors (i.e., true error) based on the variogram, e* = (Z; — Z*),  where Z\ is the 

observed density in quadrat i and Z* is the modeled density from the median polish

kriging, and the prediction variance based on the 10-fold cross validation, 0 > , was 

measured using the standard mean squared error (SMSE) (Hevesi et al. 1992);

SMSE = - V ^ f -  (5)

for all n quadrats. SMSE values close to one reflect good agreement between observed 

and predicted errors, thereby providing a method for gauging the agreement between true

and predicted errors for grid-cells without data. The 0> were also used to construct 

95% confidence intervals around individual estimates. Coverage rates were calculated as 

the proportion o f individual confidence intervals that contained the true value.

Hierarchical model o f  the density-disease relationship

There exists a growing recognition o f the need to incorporate uncertainty into 

model covariates that are estimated with error (Haining 2003). The approach to this 

problem is frequently termed “errors in variables modeling” (Fuller 1987, Richardson and 

Gilks 1993, Best et al. 2000). The need for errors in variables modeling typically arises

77

R ep ro d u ced  with p erm issio n  o f  th e  copyrigh t ow n er. Further reproduction  prohibited w ithout p erm ission .



under two circumstances; when data are recorded with error and when estimated values 

are used as input into a model. This research provides an example of the latter, where it 

would be inappropriate to treat estimates from the interpolated density surface as though 

they were actual data. Therefore, to arrive at appropriate inference regarding the 

relationship between CWD and deer density it was necessary to incorporate estimation 

uncertainty into the models. To accomplish this, I adopted a hierarchical modeling 

approach that included estimation error by allowing the density estimates to vary during 

model fitting. Specifically, I use the empirical variogram model to estimate the variance 

in density within each grid cell o f the interpolated surface. I then used the density 

estimates from each grid cell as the covariate relating density to infection probability and 

added error based on the estimated variance for that cell.

I considered a set of generalized linear models for disease presence/absence. The 

global model estimated the probability that a deer is CWD-positive as an additive 

function o f its sex, estimated density and density2 and associated error in the grid cell it 

was sampled from, and two random effect terms, which account for unobserved 

covariates as well as the spatial dependency in the probability of disease presence. All 

other models in the candidate set were variations on this global model. Additionally, the 

grid structure accommodated uncertainties in the point-based CWD data by treating all 

individuals sampled from within the same grid cell as having an identical exposure risk to 

the infectious agent after adjusting for individual-level sex effects.

This hierarchical, generalized linear model, has three components: the data model, 

or likelihood linking the data to the model parameters; the process model relating the 

covariates and random effects to the parameters, and the prior distributions for all model
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parameters (Wikle 2003). My interest focused on the distribution of the process and 

parameters after being informed by the data. To arrive at this posterior distribution, I 

used Bayes theorem:

/(p rocess, parameters |data) /(d a ta  | process, parameters) x /(p r o c e s s  | parameters)/(parameters) (6 )

where, in general, /fx i) denotes the probability distribution of xi and/(xj|x 2 ) is the 

conditional distribution of xi given x2. For many ecological problems, the high 

dimensionality o f the model can prohibit the use of standard methods for estimating the 

posterior distribution. However, Markov Chain Monte Carlo (MCMC) (Geman and 

Geman 1984, Gelfand and Smith 1990, Gilks et al. 1998) techniques allowed me to 

estimate the posterior distribution in (6).

Data model

The data model relates the known infection status for each deer to the probability of 

infection. Let Yt/be the known infection status for deer i -  in cell j -  I

assume that infection status is Bernoulli distributed with parameter k i} :

Yy | 7Cy □ B ernoulli^ .) (7)

where 7Cy is the probability o f infection for individual i in cell j .  All observations are 

assumed conditionally independent given this parameter.

Process model

The process component o f the model relates the probability o f infection for each 

deer, n tj, to the Sex and Density covariates. I include two random effect terms to model
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variability that is not accounted for by these covariates. To constrain the Bernoulli 

distributed infection probability to the range 0-1,1 use a standard logit transform. Thus, I 

model the probability that an individual is infected as:

where //  is the background infection rate- common to all deer, /? is an m x 1 vector of 

regression coefficients corresponding to the xy , the transpose o f the m x  1 vector o f the 

Sex and Density covariates associated with each deer; Yj is the spatial random effect

yth grid cell that exhibits no spatial dependency. The random effect terms are described 

further below.

Prior and posterior distributions

Because the analysis is fully Bayesian, I specify prior distributions for all model 

parameters in the hierarchy. I specify the spatially structured variation in infection 

probability, y . , via an Intrinsic Gaussian Conditional Autoregressive (ICAR) model

(Besag et al. 1991). For a grid cell j  in the problem, the ICAR model states that Yj is

related to the y terms for the neighboring grid cells; and, given the y terms for the 

neighboring grid cells, each grid cell is independent o f all other grid cells outside the 

local neighborhood. Specifically, let the set of neighbors contributing to Yj he denoted

by yj+ . Then, for each grid cell j ,  I assume the conditional relationship

logit(7T;y ) = p  + x]jp + Yj+ S j , (8)

term for theyth grid cell; and SJ is the independent random effect term associated with the

Yj \ Yj+ ~ Normal — ^ Y jj | j j (9)
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where nj+ is the number o f neighbors o f grid cell j  and o 2 is the variance for all grid

cells. Thus, the conditional mean of f j  is simply the average value of its neighbors yj+,

with conditional variance cr2y proportional to the number o f neighbors. In the conditional

mean in (9), the neighboring grid cells are equally weighted so that all neighbors o f cell j  

influence it equally. Spatial variation in the model is limited to cells sharing a border; 

however there are no a priori restrictions on specifying the neighborhood structure or cell 

weights. I use second-order neighborhoods, meaning only cells sharing a border with the 

focal cell are considered in modeling spatial dependency, because I wish to maintain a 

sharp distinction between local dependency and global unstructured heterogeneity, which 

becomes increasingly blurred as the local neighborhood is extended.

The unstructured heterogeneity term, 8 j , corresponds to a latent process

operating independently in each grid cell. I let SJ ~ i.i.d. N (0 ,<t 2s I) for j  = 1,..., J. This

component models the overall, unstructured heterogeneity in the data by assuming no 

relationship among neighboring grid cells, but with a variance that was common to all 

grid cells. In the following section, I describe the parameter values for the probability 

distributions governing the behavior o f each o f the process model components.

The following distributions apply to the remaining model parameters: baseline 

disease risk, p. ~ flat() and Sex and Density covariates /? ~ 7V(0,cr^I) where I is the 

indicator matrix. In addition, I add error to the density estimates by specifying an 

additional additive term in each cell as 8 ~ N(0, <J2I), where cr2 is the estimated variance 

from the variogram model. This component of the model is the “errors in variables” 

portion that allows for the modeling of the uncertainty in the density estimates. I specify
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non-informative hyperparameter distributions for all the variance parameters:

a 1 ~ U (0,10) for <rj, (J2 and a ] . Note that ji  ~ flat() corresponds to an improper (flat)

prior on the whole real line. This prior distribution, along with a sum-to-zero constraint 

placed on the spatial random effects, is necessary to assure identifiability because the 

model contains ICAR random effects (Besag and Kooperberg 1995). These restrictions 

result from defining the spatial random effect component conditionally rather than

^j2
jointly. I consider a final quantity, X = — 7 , which measures the contribution from

<rr + a $

the spatial random effect component o f variance to the overall variance due to the random 

effects. This parameter allows me to understand the relative contributions o f spatially 

structured and unstructured variation in models containing both.

Finally, the joint posterior distribution of all model parameters given the field data 

was fit for various combinations o f predictors selected a priori. The models contained 

various combinations o f sex, density, density2 to capture non-linear effects, and spatially 

structured (Space) and unstructured (Het) variation. All models were fit using WinBUGS 

software (Speigelhalter et al. 2002). The MCMC procedure for these models was run for 

50,000 iterations after a burn-in period o f 250,000 iterations to ensure convergence of all 

model parameters.

Model comparisons

I used a Deviance Information Criteria (DIC), a generalization o f the Akaike 

Information Criteria (AIC), to compare the set of candidate models (Spiegelhalter et al. 

2002). These criteria are based on the deviance, D{6) = -21n L , where L is the 

likelihood and 0 is the vector o f model parameters, and a penalty for model complexity.
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For AIC, the penalty is two times the number o f parameters in the model. The 

complexity of a hierarchical model is measured by the effective number o f parameters, 

Pd, which is often smaller than the total number o f parameters due to the borrowing of 

strength property of hierarchical models described earlier. This complexity is defined as

p D = D(6) -  D(O) , where D(0) is the expected deviance over the posterior distribution 

of parameter vector# taken across all MCMC samples, and D(6) is the deviance 

evaluated at the posterior mean o f the parameter vector. Finally,

DIC = D{0) + p D -  2D(Q) -  D (0 ) . Smaller values o f DIC indicate a better-fitting model. 

As with other penalized likelihood criteria, DIC is a method for comparing a collection of 

alternative models (Carlin and Louis 2000).

Burnham and Anderson (2002) derived Akaike weights that, when normalized, 

can be interpreted as a set o f weights that sum to one and estimate the probability that 

model r is the best Kullback-Leibler model for the data at hand, given the set of models 

considered. This approach provides a method for assessing model selection uncertainty.

It has been suggested as an analogous approach for estimating model selection 

uncertainty within a Bayesian modeling context (Spiegelhalter et al. 2002). I used DIC 

weights ( w d i c )  to estimate model selection uncertainty for each model r in the candidate 

set, calculated using the formula for Akaike weights

Qxp(---ADIC)
(10)

DIC X exp(-|AD/C)

where ADIC was the difference between the minimum DIC value in the candidate set 

and model r, and the denominator was the sum over all models in the set under

83

R ep ro d u ced  with p erm issio n  o f  th e  copyrigh t ow n er. Further reproduction  prohibited w ithout p erm ission .



consideration. The DIC weights are an informal measure and allow easier comparison 

between models than the DIC value itself.

RESULTS

Interpolation o f  deer density

The following parameter estimates resulted from fitting the Gaussian variogram 

model to the residuals from the median polish surface; nugget = 0, sill = 498.62, and 

range = 10.94km. Table 3.1, which compares basic statistics from the observed deer 

densities to the surface o f median polish kriged estimates, shows that the interpolated 

surface o f estimated deer density (Fig. 3.1) was an accurate and relatively unbiased 

estimator o f the observed deer count data. Table 3.2 reflects measures o f model fit based 

on the 10-fold cross validation. In particular, the agreement between the model-based 

MAE and RMSE with the observed standard error from the data, shown in Table 3.1, 

suggests good agreement between observed and estimated errors. The MAE was smaller 

than the RMSE indicating, in general, that the model was more accurate in predicting 

global means rather than on a cell-by-cell basis. The SMSE value, which is the ratio of 

observed to predicted errors averaged across all quadrats, was 1.29, which suggested that 

the prediction errors were somewhat smaller than, but consistent with, the true errors.

Finally, the coverage rate, based on the prediction error, 0 > , was 90%, suggesting that the 

prediction variance slightly underestimated the true variance from the data, which is in 

agreement with the SMSE value of 1.29.

Figure 3.2 shows the interpolated surface o f density with the observed quadrat 

counts overlaid suggesting good agreement between observed and modeled densities for 

the quadrat locations. The portions o f the surface with density estimates of zero
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correspond to cells that fell outside the study area shown in Figure 3.1. The standard 

deviation surface (Fig. 3.3) resulted directly from the Gaussian variogram model. Based 

on the quadrat locations shown in Figure 3.2, it can be seen that standard deviations 

increased as a function of the separation distance between quadrats and for cells that were 

relatively isolated from the quadrat locations, which is an underlying assumption o f the 

variogram model. The strong agreement between the observed and model-based 

statistics, including the low bias, shown in table 3.1, and the results from the 10-fold 

cross validation shown in table 3.2 suggest that the surface o f deer counts adequately 

reflected the spatial variability present in the observed densities based on the survey data. 

Relationship between CWD and estimated density

Based on the results shown in Table 3.3, there was weak support for models 

containing a density effect. The Sex covariate was included in all models since it was 

known a priori to be related to CWD incidence. The best approximating model only 

included the covariates o f Sex and the Space, with the spatial random effect modeling 

unobserved covariates that correspond to the distribution of CWD prevalence. Models 

that did not contain the spatial random effect had virtually no support in the data, 

emphasizing the importance o f local spatial processes in structuring the distribution of 

CWD. Based on the distribution o f w d i c  across Models 1-6, no single model included the 

majority o f support, as measured by this criterion, suggesting a high degree o f similarity 

among the models with respect to fit. Because Models 1-6 had the covariates of Sex and 

Space in common, it follows that this combination of predictors were responsible for 

explaining the majority o f the variance in each of these models, with the other covariates 

apparently adding noise to the base model and possibly detracting from its fit. The top
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model containing a mixture o f structured and unstructured heterogeneity (Model 4) 

allowed for an estimate o f Lambda, which is the proportion of variability attributed to 

these two random effects, of 0.769 with a 95% Credible Interval ranging from 0.438 to 

0.988, highlighting the dominant role of spatially structured heterogeneity in modeling 

infection probabilities.

The parameter estimate for the Density covariate from the top model (Model 3) 

containing this effect was 0.248 with 95% Credible Intervals ranging from -0.335 to 

0.922, suggesting that the relationship between estimated density and the probability of 

infection was not significant and contributed little to the spatial heterogeneity in disease 

incidence. I refit this top model without including the density estimation error from the 

variogram model. This resulted in similar estimates, showing that even if the density 

estimates were considered “fixed”, there was little evidence o f a relationship between 

estimated density and infection probability.

DISCUSSION

Disease transmission models typically invoke either a frequency dependent (De 

Palma and Lefevre 1988) or density dependent (Anderson and May 1979, Begon et al. 

2002) assumption in modeling the conversion from susceptible to infectious states. 

Frequency dependent transmission implies that the number of contacts per unit time 

between susceptible and infected deer increases linearly with population density (de Jong 

et al. 1995) for a fixed area. Density dependent transmission assumes that the number of 

contacts per unit time between susceptible and infected deer is proportionate to the 

number o f infected individuals in the population. As the population size increases over a 

fixed area, density, and hence contact rate, increases, however this increase is non-linear
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for a fixed proportion of infectious individuals. Modeling density dependent CWD 

infection rates in the manner I presented assumed that the area used by an individual deer 

was fixed (i.e., a 9 km2 grid cell), and that contact rate, and hence infection rates, should 

increase with increases in estimated deer density. Because I did not want to assume a 

priori which form of disease transmission was operating in the study area I included 

linear and non-linear density effects in the candidate set of models.

There are circumstances under which the assumption of a positive relationship 

between increased density and disease prevalence does not hold. For a disease operating 

under frequency dependent transmission this relationship will not be observed if  Ro, the 

number of new infections needed to allow the infection to be maintained within the 

population, is less than one (de jong 1995). This same principal holds true for diseases 

operating under density dependent transmission, with the additional constraint o f a 

threshold density below which the positive relationship between prevalence and density, 

even when Ro > 1, cannot occur (Anderson and May 1979). Therefore, it is plausible that 

I failed to observe a positive relationship between prevalence and density for this 

enzootic, or more appropriately, protracted epizootic (Miller 2000), if  the value for R0 

occurs outside o f the range for which this relationship is expected to hold. Alternatively, 

structuring the model in terms of local relationships (i.e. 9 km2 grid cells) could have 

masked the existence o f a positive relationship between prevalence and density, even in 

the presence of Ro values operating within a range that should result in such a 

relationship, if  this scale of analysis does not include the biologically relevant range of 

scales over which this relationship occurs.
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A second possible explanation for the apparent lack of a relationship between 

CWD and deer density may be the social contact structure of the populations used in this 

study. For example, if  the contact rate among individuals is relatively constant across the 

study area, independent o f variations in deer density at the scale used here, then I would 

not detect a relationship between disease occurrence and deer density.

Under either form of disease transmission, it becomes crucial to identify the 

relationship between density and disease rates at epidemiologically relevant scales, as I 

have attempted here, if  one assumes that the area o f interaction is fixed as population 

levels fluctuate. The fact that I was unable to demonstrate a relationship between mule 

deer density and the probability of CWD infection in individual deer does not rule out the 

presence of such a relationship. I modeled the relationship at a scale that made sense 

biologically and that was feasible given the resolution and extent o f the mule deer survey 

data, which may not coincide with the scale o f an existing relationship. Although a 

previous analysis (Farnsworth et al. 2005) in this area identified that the most likely scale, 

among three scales examined, o f spatial dependence in the probability of CWD infection 

occurred at the individual home range scale o f 9 km2, it remains possible that the 

relationship between CWD and mule deer density differs from that scale. Additionally, it 

is likely that if  density affects infection probability it is only one o f several processes 

influencing the spatial heterogeneity in disease incidence. Further, irrespective o f the 

scale at which density exerts its greatest influence on disease transmission, other 

processes operating at the individual home range scale of 9km2, for which data are 

unavailable, may dominate density in structuring the distribution of the disease.
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Densities are relatively low in this area and mule deer are gregarious. Thus, in the 

presence of threshold densities necessary for disease transmission and the detection o f a 

density/prevalence relationship, infection rates may remain relatively constant even as 

populations fluctuate. Therefore, the modeled, and even measured, density may not 

accurately reflect the dynamics underlying the estimated density when a quadrat was 

sampled. Thus, the failure o f density to predict prevalence may simply reflect that the 

survey data were inadequate for the questions I asked. Despite this inadequacy, I 

emphasize that these survey data come from an expensive, well designed, and spatially 

intensive effort, largely unmatched anywhere in the world for ungulate species. This 

illustrates that relating density to prevalence in large, mobile wildlife remains a 

formidable sampling challenge.

Although the survey design used in this study was intended to allow managers to 

estimate population size under a mean field assumption (i.e., no spatial heterogeneity), it 

is likely among the best available survey data for an ungulate species for use in 

developing a surface o f estimated density for modeling the density/disease relationship. 

Despite the relatively low densities in the study area, there exists substantial spatial 

heterogeneity in the observed distribution o f densities. This research demonstrates the 

challenge of using data intended for estimation under a mean field assumption in spatial 

analyses that seek to model and estimate the effects o f spatial heterogeneity on the 

process or pattern o f interest. The relatively large coefficients o f variation for both the 

data and interpolated surface (116% for both) highlights the potentially prohibitive level 

o f survey effort needed to examine this relationship to obtain a greater level of
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confidence in the estimated values, and hence in the estimated relationships that may 

exist between mule deer density and infection rates in Northern Colorado.

Although I found little difference in results whether I considered mule deer 

density estimates to be fixed or variable, this research illustrates how hierarchical 

analysis can be used to include appropriate levels of uncertainty when covariates are 

estimated rather than observed without error, an issue that arises frequently in ecological 

analysis (Haining, 2003). Past studies have largely ignored such errors; however, in 

many ecological studies error propagation can play a large role in determining research 

results and thus should not be ignored, but rather explicitly incorporated into models that 

admit appropriate levels of estimation uncertainty in the model fitting process.
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Table 3.1. Comparison o f statistics for Observed and Modeled deer counts in 800 meter 

grid cells based on summing the four years of deer counts for years 1998, 1999, 2000, 

and 2002 . The low bias and good agreement between observed and modeled deer counts 

suggests the ability of the model to reflect the data and its spatial structure.

Observed Modeled

Mean 20.9 20.5

Std. Dev. 22.5 21.8

CV% 106.8 106.5

Minimum 0.0 0.0

First quantile 4.0 5.4

Median 12.0 14.1

Third quantile 32.0 28.7

Maximum 110.0 124.4

Bias% 1.9
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Table 3.2. Statistics from cross-validation of the median polish kriged (MPK) surface. 

The Agreement between the model-based MAE and RMSE with the observed standard 

error from the data, suggests good agreement between observed and estimated errors. 

The SMSE, which is the ratio of observed to predicted errors averaged across all 

quadrats, shows that the prediction errors were smaller than, but consistent with, the tme

errors. The coverage rate, based on the prediction error, 0 > , was 90%, suggesting that 

the prediction variance slightly underestimated the true variance from the data, which is 

consistent with the SMSE value.

Statistic 1 MPK

Mean error 0.4

IQR 36.0

MAE 22.7

RMSE 30.3

SMSE 1.24

0.95 0.90

coverage rate

1IQR -  interquartile range, MAE = mean absolute error, RMSE = root mean 

square error, SMSE = standardized mean square error.
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Table 3.3. Model selection results identifying each candidate model’s ability to 

explain the observed spatial patterns of chronic wasting disease (CWD) 

prevalence in mule deer. All models were fit at the individual winter home 

range scale of 9 km2 and incorporated various combinations o f deer sex (Sex), 

estimated density (Dens), spatial (Space), and unstructured heterogeneous (Het) 

variation. Space and Het are random effects, pD = effective number of 

parameters, DIC = Deviance Information Criteria, DIC weight, wDic, informally 

quantifies model selection uncertainty.

Model pD DIC WDIC

Sex + Space 10. 930. 0.256

Sex + Space + Het 11. 930. 0.203

Sex + Dens + Space 12. 930. 0.175

Sex + Dens + Space + Het 12. 931. 0.164

Sex + Dens + Dens2 + Space 13. 931. 0.105

Sex + Dens + Dens2 + Space + 13. 932. 0.096

Sex 2.0 941. 0.001

Sex + Dens 2.7 942. 0.001

Sex + Dens + Dens2 3.4 943. 0.000

Sex + Het 28. 962. 0.000

Sex + Dens + Het 30. 964. 0.000

Sex + Dens + Dens2 + Het 31. 966. 0.000
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Figure 3.1 -  Study area in North-central Colorado with the 129, 0.64 km2 survey quadrats 

o f deer densities shown as squares. CWD sample locations are shown as “+” for deer 

that tested positive and for deer that tested negative for the disease.
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Figure 3.2 -  Perspective plot of 9km grid o f estimated deer/km based on median polish 

kriging. The surface is based on the sum of deer counts, shown here as points, in each 

quadrat during the four years covered by the study. Note the good agreement between 

observed densities and those estimated by the underlying surface
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Figure 3.3 -  Perspective plot of 9km2 grid of estimated standard deviations in deer/km2 

based on median polish kriging. Standard deviations were obtained from the variogram 

model fit to the survey data of deer counts. Note the increase in estimation uncertainty in 

cells that are furthest from the quadrat locations, resulting from an assumption of the 

variogram model. The standard deviations were used to model the estimation error during 

the fitting of the surface of estimated density to the CWD data
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CONCLUSION

MANAGEMENT RECOMMENDATIONS AND RESEARCH EXTENSIONS

Managing Urban Deer Populations

The effects of human land use on disease dynamics rarely have been quantified 

for natural populations. Because mule deer sampled from urban locations, as defined in 

the first chapter, exhibited prevalence rates that were nearly double those o f deer located 

in non-urban areas, management efforts that target urban populations for culling of 

diseased individuals may aid in reducing CWD transmission and overall prevalence. 

Further, because males appear to contribute disproportionately to infection rates in urban 

areas, culling activities might focus on them, however females should not be ignored 

since they are more abundant than males. While this research suggests that a disparity in 

age distributions between males and females could explain the difference in prevalence, 

there are currently no data available to confirm or reject this hypothesis. Future research 

should seek to quantify differences in the age structure o f males and females in urban and 

non-urban settings to test this hypothesis. Such an assessment could lead to stronger 

public support for managing deer populations for CWD in urban areas.
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Scaling management to mule deer biology

Because CWD infection risk corresponds strongly with the scale of an individual 

deer winter home range of 9 km2, disease management efforts targeted at this biological 

scale may be most effective in reducing disease transmission. Specifically, targeted 

reductions of deer belonging to populations that occur in the areas o f high disease 

prevalence shown in Figure 2.2 might aid in reduction o f overall prevalence in northern 

Colorado. Coupling results from chapter one, which suggest that older males are 

disproportionately responsible for elevated prevalence in urban settings, with the highly 

localized contact process structuring the distribution o f CWD suggested by the results of 

chapter 2, leads to the conclusion that culling o f mature males in the geographic “hot 

spots” identified in Figure 2.2 may provide a highly focused approach for slowing the 

spread o f CWD. The development o f simulation models exploring various culling 

strategies could potentially be used to determine which management approaches are most 

likely to reduce disease transmission and prevalence.

Density and CWD Epidemiology

Because there was no strong relationship between deer density and prevalence at 

the individual winter home range scale o f 9 km2, large scale density reduction may not be 

as effective at reducing transmission and prevalence as local, and perhaps more intensive, 

culling of known “hot spots” of infection. Following this line of reasoning also suggests 

that deer removal might be most effective if  it is targeted at the component o f the 

population that has the greatest number of potential contacts with other deer, irrespective 

of local density. Specifically, targeting older males, even in areas where CWD 

prevalence is relatively low, may reduce the overall number of potential transmission
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events since this is the component o f the population that appears to have the greatest 

number o f potential contacts, particularly during the breeding season.

Research Extensions

As noted above, the results o f chapter one suggest that research efforts focused on 

elucidating the age structure o f urban and non-urban deer populations could provide 

evidence for the mechanism that is primarily responsible for the elevated prevalence seen 

in urban males.

The results from chapter two suggest that the distribution of CWD corresponds to 

a highly localized contact process occurring on mule deer winter home ranges. This 

information could aid in the development o f mechanistic models o f disease transmission. 

For example, modeling the transmission process as occurring primarily during the winter 

season, when deer are aggregated into discrete and relatively non-interacting sub­

populations, using a seasonal forcing component could add realism to such models. This 

could result in a better mechanistic approximation o f the process leading to the 

heterogeneity in infection probabilities illustrated in chapter two. When coupled with a 

demographic model, this information could result in a more realistic representation of the 

interrelationship between mule deer and disease population dynamics than previous 

efforts. Extending this to a spatially explicit framework, the grid-based representation of 

disease intensity shown in Figure 2.2 could be used to specify infection probabilities in a 

dynamic model that includes deer movement patterns between the cells. One particularly 

attractive approach for this system would be to model transmission probabilities using the 

temporal and spatial variations suggested from the results of chapter two within an
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individual based demographic model that includes deer movement patterns and contact 

probabilities within a network specification o f the interaction potential among deer.

Finally, the model I developed to explore the relationship between the probability 

a deer is infected with CWD and estimated density showed no relationship based on the 

spatial modeling approach I chose applied to the large-scale field data. If such a 

relationship exists, it is possibly better elucidated using an experimental approach. For 

example, captive deer could be maintained at various densities for a period that is 

sufficient to ensure the absence of infection. CWD could then be introduced and the rate 

o f infection measured to estimate the relationship. This type of experimental approach 

might be the most feasible way to understand the density/disease relationship for a wide- 

ranging ungulate species like mule deer. Two main caveats to such an experiment are the 

recognition that deer may not interact with each other in the same manner in a captive 

setting and that achieving the scale and densities seen in natural settings may not be 

feasible. However, it may still prove useful in shedding light on the relationship between 

mule deer density and infection risk.

Data considerations

For all o f the analyses in this dissertation, deer location data were represented by 

a single point on the landscape. Treating these highly mobile animals as static points 

potentially introduces confounding in the geographic representation of the disease. This 

may be the greatest potential criticism of the use o f these data for spatial analysis.

Another issue, although probably not of as great a concern, is the method by which most 

o f the spatially referenced deer locations were mapped. Locations o f individual deer 

were typically mapped by hunters, often using 7.5” topographic maps to identify harvest
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locations. This method obviously suffers from an unknowable amount o f error associated 

with each location. For the purposes o f landscape-scaled analysis, targeted at identifying 

broad spatial patterns in relative disease prevalence, both of these issues may be 

negligible. However, these data illustrate one o f the primary dilemmas faced by applied 

landscape ecologists; amassing data for spatial analysis across large geographic extents 

often requires a sacrifice in data representation and collection rigor. The most often 

highlighted example o f this dilemma that is often cited is the North American Breeding 

Bird Survey, where voluminous amounts o f data on bird counts across North America are 

available, however these data are often criticized because they are collected only along 

roads and thus are not representative of the entire population. Similar criticisms of the 

CWD data can be made, therefore use o f these data for local analysis over small extents 

should be carefully considered.

I was unable to address the issue of temporal bias in the spatial patterns of disease 

prevalence because all analyses used in this dissertation were retrospective. Thus, all 

analyses implicitly assumed that the disease had been present on all parts o f the landscape 

long enough for differences in the time since CWD introduction to be negligible, i.e. that 

the disease had previously reached a state o f equilibrium everywhere. It is possible, 

however, that areas o f the landscape with high prevalence resulted from the disease being 

present longer in these areas than in low prevalence locations (Miller et al. 2000, Miller 

and Conner 2005). It would be difficult to design a prospective study that is unlikely to 

be confounded by this temporal effect. For example, baseline estimates o f landscape 

variation in prevalence from this study could be used to measure future changes in 

prevalence. While monitoring the rate of change in prevalence across the landscape in
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this manner might allow for stronger inference about the biotic and abiotic factors that act 

to shape CWD spatial heterogeneity, this type of study cannot rule out the potentially 

confounding effect of different times since disease introduction into different parts o f the 

landscape if equilibrium levels have not been reached everywhere. Without the 

knowledge of where the disease first appeared on the landscape and its subsequent 

spread, it will be impossible to entirely refute the notion of temporal confounding. One 

could assume that the disease has been present in all areas long enough to reach 

equilibrium based on the assumption that CWD may have been present in free-ranging 

deer within this area since the 1960s or earlier. However, even if  there exists an 

equilibrium that would be achieved after a sufficient period, which is unknown, there is 

no way to determine the time needed to achieve such equilibrium.
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