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1 Executive summary 

1.1 State-space modeling of elk population dynamics in support of adaptive manage-

ment 

We developed a Bayesian model aimed at informing management of the wintering elk population in 

Rocky Mountain National Park (Ketz et al., 2016, Appendix 1). The model links a classical stage-

based, matrix population model (Caswell, 1988) with 49 years of data collected annually on the 

number of elk using winter range in the park, the sex and age composition of the population, and 

harvest of elk from the management unit adjacent to the winter range. This linkage enables rigorous 

estimates of uncertainty arising from sampling, uncertainty caused by the failure to observe all 

animals in census units, and uncertainty caused by process variance1 . The model allows forecasting 

of future population size because process variance is estimated separately from uncertainty in 

the data. Forecasts, in turn, support management decisions by revealing the relative ability of 

alternative actions to meet goals for the park in the future. 

The model is routinely used by park staff to set objectives for culling female elk to maintain 

the population within acceptable limits described in the Elk and Vegetation Management Plan 

(Rocky Mountain National Park, 2007). Peer review of the work in a top-tier journal established 

the fundamental scientific credibility of the modeling approach. Publication in a special feature of 

of the journal Ecosphere celebrating the second century of the National Park Service called called 

attention to the work in an open access outlet. 

1.2 Development of statistical methods to enable unbiased estimates of elk population 

size from ground-based counts on winter range 

It is not possible to mange processes that cannot be monitored. Rocky Mountain National Park 

has an enviable record of investment in scientific monitoring to support informed management of 

elk. Annual, aerial counts2 of elk on the on winter range provided the primary data on status of 

the elk population during 1980 - 20143 . However, counts from helicopters were problematic for 

1Process variance, also called model misspecification, includes the effect of all of the processes that influence the 
population but that are not explicitly included in the deterministic model, for example, disease, weather, predation, 
and migration. 

2Most of these were from helicopters. Some fixed wing flights were used for census before 1991. 
3Beginning in 2001, sightability models were used to correct bias in population estimates resulting from animals 

that were present in the census area but were not observed (Lubow et al., 2002). 
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several reasons. The considerable expense of single flights and the and relatively brief periods of 

weather suitable for low-elevation flying limited the number of counts to one or fewer during most 

years. It was not possible to estimate sampling uncertainty from a single count each year, leading 

to potentially serious errors in the estimate of the number of elk using the park throughout the 

winter. In addition, helicopter counts are dangerous and intrusive on the experience of visitors 

using the park. 

Beginning in 2014, ground-based counts taken from fixed routes in the park and the surrounding 

Estes Valley were undertaken to supplement aerial counts. Ground-counts offer several advantages 

over counts from helicopters. They are far less expensive. They can engage citizen volunteers in a 

meaningful way in park management. Ground-counts can be conducted in virtually any weather, 

which, combined with their relatively low cost, enables monthly sampling throughout the winter 

months as well as the possibility to include transitional months in autumn and spring. These 

multiple samples permit rigorous assessment of sampling variance, an enormous advantage over 

previous counts from helicopters. 

Virtually all methods of counting ungulates must cope with bias that results because some 

animals that are present in the count area are inevitably not counted, leading to downward bias in 

estimates of population size. Helicopter counts of elk on winter range were corrected for this bias 

using a sightability model (Lubow et al., 2002). However, no such method existed for correcting 

ground counts. 

Our overarching objective was to develop methods for statistically correcting ground counts 

to provide unbiased estimates of the number of animals within the count area when counts were 

conducted. We used radio-telemetry data to supplement ground counts in a way that allowed us to 

adjust counts for animals that were present on the winter range but were not observed (Ketz et al., 

2018, Appendix 2). This adjustment is know technically as an N-mixture model. Forgoing the 

statistical details, the method can understood this way. We know the the number of animals that 

are truly present within the count area when ground counts are conducted based on their telemetry 

locations. We also know the number of collared animals that are counted. The ratio of the number 

number observed counted to the number present provides a way to estimate detection probability as .number present 

We then use the detection probability to adjust the total number of counted animals, both collared 

and un-collared, to obtain the total population size. Recent work revealed that supplemental data 
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like those we applied are required for accurate population estimates using the N-mixture approach 

(Barker et al., 2018). 

We demonstrated substantial improvement in estimates of population abundance compared to 

those obtained by alternative estimation procedures. We corroborated our results from the ground 

based surveys with estimates from aerial surveys during the same seasons. Our model improves 

accuracy of estimate relative to previous methods for estimating abundance of populations that are 

confined to a single study area during the time period that population estimates are desired. 

Estimated elk population sizes during our studies were substantially lower than the historical 

estimates of elk numbers (Lubow et al., 2002; Ketz et al., 2016) ranging from a low of 171 animals 

(95% equal-tailed credible interval, BCI = 158, 187) during 2012 to a high of 422 animals (BCI = 

372, 478) during 2017. 

Movement probabilities were consistent among all years and had a similar trend within years. 

The probability that an elk located in the park during one week remained in the park during the 

following week ranged from .83 to .88 over the five study years, indicating that movements of elk 

out of the park occurred but did not occur frequently. 

Median annual survival probabilities of adult females were between .92 to .97 during the last 

four years of this study, resembling those of Brodie et al. (2013), who estimated annual elk survival 

of 0.95 in elk populations without predators, and 0.94 in elk populations that were not hunted. 

A key result from our work was estimating the detection probability for ground-counts taken in 

the town of Estes Park and within park boundaries. The park detection probability will be used in 

future modeling of the elk population as a prior distribution to correct ground counts for unseen 

animals. Detection probability within the park averaged across years was .712 (standard deviation 

= .22); and in Estes Park was .91 (standard deviation = .15). The large coefficients of variation in 

detection probability for the park (CV = .30) and town (CV = .16) indicate substantial uncertainty 

in this parameter. Future estimates of population size used to fit the state-space model will reflect 

this uncertainty. 

We have written a detailed procedure describing how to combine data from ground counts with 

telemetry data to implement the N-mixture model for estimating winter population size as part of 

annually fitting the state-space model (Appendix 3). 
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1.3 Development of statistical methods for improving classification data by modeling 

the unknown category 

Sex and age classifications are a vital part of the data used to fit the model (Section 1.1) of elk 

population dynamics in Rocky Mountain National Park. These data arise from visual classification 

of animals observed in groups into four categories: juveniles defined as animals < one year old, 

yearling males defined as animals > one year and < two years old, adult males defined as animals 

> 2 years old, and adult and yearling females defined as animals > one year old. 

Animals in large groups can be difficult to classify, particularly towards the end of the winter 

when calves are large bodied and are easily confused with young adult females. Observers assign 

animals that cannot be definitively classified into an unknown category. A widely procedure for 

coping with the unknown category is to simply ignore it, composing the multinomial likelihood with 

the know categories alone. Doing so creates biases estimates of population composition whenever 

assignment to the unknown category is not random. 

We developed two hierarchical Bayesian models to overcome the assumption of perfect assign-

ment to mutually exclusive categories in the multinomial distribution of categorical counts (Ketz 

et al., In review, Appendix 4). These models incorporate auxiliary information to adjust the pos-

terior distributions of the proportions of membership in categories. We performed a simulation to 

show that failure to make this adjustment leads to bias in estimates of numbers of animals in sex 

and age classes, a vital part of properly modeling population demography. We showed improved 

inference for the proportions of sex and stage classes in the Rocky Mountain National Park elk 

population. 

1.4 Modeling effects of chronic wasting disease on the Rocky Mountain National Park 

elk population. 

Chronic wasting disease (CWD) is a uniformly fatal transmissible spongiform encephalopathy 

affecting wild cervid populations including mule deer (Odocoileus hemionus), white-tailed deer 

(Odocoileus virinianus), Rocky mountain elk (Cervus elaphus nelsoni), and moose (Alces alces shi-

rasi). Previous work provided evidence that CWD may be causing declines in the growth rate 

of the Rocky Mountain National Park elk population by reducing female survival (Monello et al., 

2014). We extended the state-space population model (Section 1.1) to include infected animals to 
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meet the following objectives: 

1. To provide a statistical framework for assimilating future data on CWD prevalence and inci-

dence, 

2. To examine evidence of changes in vital rates in the RMNP elk population after CWD was 

detected in the population, 

3. To investigate the use of classic models of horizontal transmission to portray CWD dynamics. 

Results are described in detail in Appendix 5. Key outcomes included the following. We successfully 

expanded the three stage matrix model (Section 1.1) to include two additional stages, adult males 

and females infected with CWD. The code for the model has been turned over to Margaret Wild 

and Nathan Galloway of the National Park Service for use assimilating their new data on CWD 

prevalence, incidence, and female survival. 

The probability that recruitment decreased after CWD was detected in the population was 0.93, 

and the mdeian reduction in recruitment was -0.069 (equal-tailed Bayesian Credible Interval, BCI 

=- 0.17, 0.0064) offspring per adult female that survive to census. The survival probability for adult 

females decreased after CWD was detected, from a median 0.94 (BCI = 0.93, 0.95), to a median 

survival of 0.89 (BCI = 0.83, 0.94). 

The median growth rate of the elk population before CWD was detected was 1.03 (BCI = 0.98, 

1.07). After CWD was detected, the median growth was 0.97 (BCI = 0.91, 1.01). Both of these 

posterior distributions overlap 1, however the weight of evidence suggests that CWD is causing a 

decline in elk abundance. The probability that the pre-CWD detection growth rate exceeded the 

post-CWD growth rate was 0.79. 

Both density dependent and frequency dependent models of CWD transmission failed to accu-

rately portray dynamics of the disease. The posterior distributions of prevalence over time were 

all unrealistically high for frequency dependence, and too low for density dependence. The failure 

of these disease transmission models is not surprising because they fail to represent heterogeneity 

in pathways of transmission. There is substantial evidence that transmission of chronic wasting 

disease is a heterogeneous process (Samuel and Storm, 2016) with variability driven by demo-

graphic, genetic, and behavioral factors as well as environmental aggregation of prions that create 
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an alternative pathway for transmission (Miller et al., 2006; Almberg et al., 2011; Storm et al., 

2013). 

Forecasts indicated that under frequency dependent transmission, the population of elk on the 

winter range of RMNP will decline if present harvest levels continue and assuming the proportion 

of harvested elk coming from the park is equal to the present proportion. There were only two 

forecasted scenarios that did not result in population decline, both of which included elimination 

of harvest and a reduction in the probability of disease transmission. 

2 Recommendations for counts and classifications 

2.1 Ground counts 

The current counting procedure reflects extensive interactions between park staff and this project 

so there is not a great deal that needs to be added here. That said, we have the following recom-

mendations for counting. 

We strongly recommend that the current system of monthly ground counts during November -

March be maintained. We have seen substantial benefits from including sampling variation enabled 

by these multiple in fitting the elk population model (Section 1.1), in particular a shrinkage in the 

posterior predictive distributions of the true, unobserved elk population size. 

We are not currently using the October and April counts in our modeling to maintain consistency 

with previous data. However, it may be a good idea to conduct these counts as well for two reasons. 

First, the October count provides a test run for Park staff and new volunteers. Secondly, it is a 

good idea to stay aware of an expanding season of use of the winter range enable by these “shoulder 

season” counts. 

We recommend that volunteers record only counts of individuals, leaving classification to pro-

fessionals as described subsequently. It would be desirable to make these counts independent by 

assuring that observers do not communicate among each other about their counts. Counts should 

be made and recorded separately. In the future, it would be good to report individual counts to 

Hobbs for analysis. This would allow including sampling error in model fitting and would permit 

eliminating outliers. 
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2.2 Classifications 

We recommend that classifications of elk be conducted by professional or otherwise experienced 

observers. It is not critical that these coincided exactly with ground counts. It is not necessary 

that classifications include all animals in a group. In other words, a sample from a large group 

provides data that are appropriate for model fitting as long as the sample is more or less randomly 

taken by visually scanning the entire group. 

It is important observers are certain of their classifications. When observers are not certain, 

animals observed should be classified as unknown. It is particularly important that all categories, 

juveniles, yearling males, adult males, adult females and unknown sum to the total number of 

animals observed. This means that observers must not exclude individuals of uncertain membership 

in categories from counts. 
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Introduction

The fundamental challenge of resource man-
agement is to evaluate the ability of alterna-
tive actions to meet goals for the future. This 

statement holds true for privately and pub-
licly owned resources and for all classes of 
institutions that manage those resources—
governments, businesses, and nonprofit 
organizations. Informed management requires 
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three intersecting elements: reliable informa-
tion on the past and current states of the system 
being managed, clearly stated goals, and a way 
to evaluate the effect of potential actions on 
the future state of the system relative to those 
goals.

A primary motivation for inventory and moni-
toring of resources within the U.S. national parks 
is to provide scientifically reliable information 
needed to support wise management. Hundreds 
of different variables are monitored annually 
based on statistically credible sampling designs 
in parks nationwide. The mission statement for 
the National Park Service guides development of 
goals that are specific to individual parks, goals 
that are often formulated in conjunction with 
other management agencies, citizen stakehold-
ers, and local governments. There are usually 
multiple alternative approaches that could poten-
tially be implemented to move toward achiev-
ing those goals, including the null model, “No 
action”. Thus, many national parks have two of 
the elements needed for scientifically informed 
management: information on the current and 
past states of parks and well-articulated goals for 
the future. However, the third element, an abil-
ity to understand the effect of current actions on 
the future state of parks relative to goals, remains 
underdeveloped.

In this study, we develop the idea that fore-
casting models are critical for supporting this 
third element needed for scientifically informed 
management of national parks and, arguably, 
for all natural resources. We use the term fore-
casting to mean predictions of the future state 
of a system accompanied by honest estimates 
of uncertainty (Clark et al. 2001). We develop a 
framework for forecasting that evaluates actions 
relative to management goals in national parks. 
We then illustrate the application of that frame-
work to management of elk and vegetation in 
Rocky Mountain National Park (RMNP) where 
elk were overabundant and highly concentrated 
for decades as a result of anthropogenic ecosys-
tem impacts, leading to deterioration of habitat 
that supports a wide variety of plants and ani-
mals (Schweiger et al., in press). Elk that use the 
park are part of a regional population that ranges 
across park boundaries, necessitating inter-
agency collaboration to coordinate management 
actions.

A Bayesian approach to adaptive management 
based on monitoring data

Adaptive management combines science and 
policy to quantify the outcomes of natural 
resource management actions in an iterative pro-
cess of improvement (Holling 1978, Walters 1986, 
Ringold et  al. 1996, Sham 1998, Schreiber et  al. 
2004). The data provided by inventory and mon-
itoring can be combined with management goals 
within a hierarchical model to make probablistic 
forecasts. The reliability of these forecasts in turn 
can be evaluated with future data as they become 
available (Dorazio and Johnson 2003).

A critical step in adaptive management is spec-
ifying a model that reflects what is uncertain 
about the system and suggests the best course 
of action given those uncertainties (Walters 1986, 
Dorazio and Johnson 2003). Quantitative models 
within the adaptive management framework are 
explicit about assumptions, both in terms of our 
goals for how a park system should be managed 
(Rumpff et al. 2011) and our assumptions of how 
the underlying ecological process works (Restif 
et al. 2012). Managers can use the inference and 
support of these explicit assumptions and struc-
tures for guiding their decision making (Restif 
et al. 2012).

Bayesian modeling offers a natural framework 
for synthesis of data in support of decision mak-
ing (Nichols et al. 1995, Dorazio and Johnson 2003, 
Hobbs et al. 2015, Raiho et al. 2015). Here, we illus-
trate the utility of Bayesian hierarchical models 
for supporting decisions informed by monitoring 
data, which we define as data collected at regular 
intervals over an extended period. The approach 
we describe was originally formulated by Berliner 
(1996) and has been elaborated by Clark (2003), 
Cressie et  al. (2009), and Hobbs and Hooten 
(2015). We give a brief, summary treatment of its 
statistical foundation in Appendix S1.

Bayesian forecasts are predictions of the future 
behavior of a system that include rigorous esti-
mates of uncertainty. It is reasonable to ask, 
“Why are forecasting models important? What 
do they have to do with data and decisions based 
on data?” The answer to these legitimate ques-
tions arises from our original description of the 
challenge of management, which is “to evaluate 
alternatives for action in terms of their ability 
to meet goals for the future”. Data alone cannot 
inform wise decisions on actions, a truth that is 
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revealed daily in raw numbers cascading from 
the stock market. data contain noise as well as 
information and it is ill- advised to make deci-
sions based on noise. distinguishing between 
noise and information in data is the purpose of 
statistical models. However, the ability of actions 
to meet goals for the future requires a particular 
type of statistical model, a model capable of mak-
ing forecasts. Forecasts, we reemphasize, include 
uncertainty that may arise from many sources. 
Although many kinds of statistical and mathe-
matical models have been used to make predic-
tions to support management in the past, true 
forecasting is relatively new.

Goals for management of national parks are 
often stated in terms of thresholds. In some cases, 
the goal is to move a state below a threshold, a 
goal that would be appropriate for the prevalence 
of some diseases, the abundance of an exotic spe-
cies, or a measure of noise or light pollution. In 
other cases, the goal is to move the state above 
a threshold, which would describe the outcome 
sought for a threatened, native species or the 
linear distance of trails in good condition. In all 
cases, the goal is to maintain the resource within 
acceptable boundaries, and alternative actions 
can be used to move the resource toward these 
explicit goals. using monitoring data to evaluate 
alternatives in a way that includes uncertainty 
has not been possible until recently.

Bayesian forecasting models provide marginal 
posterior distributions that describe state vari-
ables of interest based on past monitoring data 
from a particular time frame (Fig. 1). This form 
of inference is likely to be familiar to anyone who 
has used traditional, nonhierarchical statistical 
analysis of time series. In contrast, hierarchical 
models also provide predictive process distributions, 
which are simply the probability distributions 
of future states based on what we have learned 
from their behavior in the past (Fig. 1). Modern 
weather forecasts as well as predictions of vot-
ing in presidential elections are based on these 
distributions.

Predictive process distributions can be related 
to goals by overlaying one of the thresholds 
described above (Fig. 2). For expository purposes, 
presume that our goal is to move a state below a 
threshold. Given the uncertainty in the monitor-
ing data and the model, there is some probability 
that the goal will be reached in the future given no 

Fig. 1. Observed data over time are represented by 
points. The marginal posterior distributions for 
summary statistics (black lines) show a shift in the 
system state over time. The marginal predictive 
process distributions (dashed lines) demonstrate the 
increasing uncertainty as forecasts are made further 
into the future.

Fig. 2. Alternatives for management actions can be 
evaluated by comparing the predictive process 
distributions relative to a threshold. The dashed line 
shows the probability distribution of a state variable 
with no management action at a specified point in the 
future given no management action. The probability 
that the population will be below the objective (vertical 
solid line) is the gray area under the curve. The solid 
line shows the probability distribution of the state at 
the same point in the future given management action. 
The diagonally hashed area under the solid line curve 
gives the probability of meeting the objective given 
management action. The net effect of management is 
the ratio of the hashed and the shaded areas.
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action, as shown in the gray shaded area of Fig. 2. 
A model portraying the operation of an ecologi-
cal process (Appendix S1: Eq. S2) informed by the 
data and prior information predicts how the pos-
terior process distribution shifts in response to a 
“take action” alternative (the solid line in Fig. 2), 
increasing the probability of meeting the goal 
(hatched area) if the action has the desired effect 
on the future state. The net effect of active man-
agement is given by the ratio of the probabilities 
of meeting the goal by taking the action relative 
to no action. This analysis supports statistically 
rigorous statements like “The probability of 
meeting the goal three years into the future is five 
times more likely using management action A 
relative to taking no action, and three times more 
likely than using management action B.”

Methods

The framework we outline above is general 
because it is abstract. We now describe a specific 
example of this adaptive management approach 
using the elk population in Rocky Mountain 
National Park as a model system. Long-term 
monitoring of the elk population in RMNP pro-
vides the data needed to implement a model 
capable of forecasting the consequences of alter-
natives for management. We use a hierarchical 
model of population dynamics to forecast the 
consequences of alternative management actions 
consisting of different culling regimes within the 
park and different hunter harvest licensing limits 
outside the park. Other examples of the use of 
forecasts in a Bayesian framework of adaptive 
management are described in Horsley et  al. 
(2003), Hobbs et al. (2015), and Raiho et al. (2015).

Background
Elk were considered abundant in the Estes 

Valley when the area was settled by Euro-
Americans in the 1860s, but were extirpated by 
market hunting. Twenty-eight elk were translo-
cated from Yellowstone National Park to reestab-
lish a population during 1913–1914, prior to park 
establishment the following year (Stevens 1980). 
Rapid growth of the population in the absence of 
hunting and predation motivated a program of 
population reduction to improve winter range 
conditions in the 1940s, which continued until 
the late 1960s (Hess 1993).

Population control was replaced by a hands-off 
approach referred to as natural regulation that 
allowed elk numbers to increase to ecological 
carrying capacity after 1968 (Hess 1993, Sinclair 
1998). Despite hunting that occurred outside 
the park, the population grew rapidly eventu-
ally leading to overbrowsing of aspen and wil-
low communities on the elk winter range (Hess 
1993). This initiated a decade of research and 
development of a management plan that laid out 
specific population and vegetation goals. This 
called for using a combination of conservation 
tools, including population reductions to attain 
600–800 elk using the winter range inside RMNP 
(National Park Service, 2007).

Monitoring data
The NPS has annually surveyed the elk popula-

tion in RMNP since 1969 using a variety of meth-
ods. Data collected during 1969–1980 were raw 
counts and classifications from single ground sur-
veys with no attempt to account for detection or 
sampling variability. The surveys from 1980 to 
1993 were also collected without a robust sampling 
design using a combination of aerial and ground 
observations. Single annual aerial counts and clas-
sifications during 1994–2009 were adjusted for 
imperfect detection with a sightability model to 
account for elk that were missed because of vary-
ing environmental conditions and elk behavior 
(Lubow et al. 2002). Beginning in 2010, up to three 
helicopter surveys were attempted annually in 
order to capture the variability in the number of 
elk throughout the winter (Schoenecker et  al., 
2016). However, surveys were sometimes limited 
to a single flight each year by high costs of flight 
time, aircraft availability and difficult mountain 
flying conditions, preventing any way to estimate 
sampling variability within these years. This moti-
vated development of robust ground survey meth-
ods to collect data to account for variation in the 
use of the park across winter months, while also 
correcting for sampling error that results from 
missing elk that are not visible from ground 
transects.

We used data that were collected during 10 
simultaneous ground and aerial surveys that 
were conducted from 2008 to 2015 to estimate 
the mean proportion of elk detected in ground 
surveys (49%) that had been seen during aerial 
surveys, with an equal-tailed Bayesian credible 
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interval (BCI) of (37%, 64%). We calibrated all 
ground surveys across winter using this mean 
detection probability.

Colorado Parks and Wildlife conducted hunter 
surveys annually to estimate the number of elk 
harvested in areas adjacent to the park within the 
data Analysis unit 20. These data were reported 
without standard errors from 1969 to 1988 and 
included standard errors from 1989 through the 
present. Ground classification data of yearling 
elk were aggregated with adults because the 
hunter harvest data did not differentiate stage 
classes older than juveniles.

Model
Process model.—We represented the elk

population in RMNP using a discrete, stage-
structured model (Lefkovitch 1965, Caswell 2001)
portraying three stage/sex classes: juveniles (n1),
adult females (n2), and adult males (n3). Juveniles
are both male and female calves under one year
of age. Adults are defined as any individuals
greater than one year of age. Thus, nt= (n1,n2,n3)
is the true unobserved stage/sex classified
population sizes during the tth survey year and
the total population size is (N

∑3
total,t= i=1 ni,t).

Model census occurred in February and the birth
pulse occurred in June. Let m be the proportion
of juveniles that are male, and hence 1 − m is the
proportion of juveniles that are female. Time-
varying recruitment parameters (rt) were defined
as the average number of offspring that survive
to their first census produced per adult female
during year t (Gaillard et al. 1998).

We used a single survival probability for each
stage/sex class, where s1 is the probability that
male and female juveniles survive from age
8 months to 20 months, s2 is the probability of
survival of females aged 1.7 yr and older, and s3 
is the probability of survival of adult and year-
ling males over age 1.7 years. We assumed there 
was no difference in survival of juvenile males 
and females, which is biologically reasonable 
because both sexes typically live within the same 
large herds alongside adult females, at least for 
their first winter season (Toweill et al. 2002). We 
define the projection matrix

for i={1,2,3}. For years prior to 1989, there were 
no reported observation errors, so a single time 
and classification invariant model parameter was 
estimated. Only a proportion of the reported har-
vest consisted of elk actually removed from the 
population we are modeling because elk that use 
RMNP is a subset of the total population subject 
to harvest outside of the park. This is denoted 

(1)At=
⎛⎜⎜⎝

0 rts
1∕3
2 0

(1−m)s1 s2 0
ms1 0 s3

⎞⎟⎟⎠

(2)htrue,i,t∼gamma

( h2obs,i,t
σ2hunt,i,t

,
hobs,i,t
σ2hunt,i,t

)

Fig. 3. The life cycle diagram represents the elk 
population in three distinct sex and stage classes 
including juveniles (n1), adult females ( n2), and adult 
males ( Parameters this cycle include survival  n3). in life 
( s) and mortality caused by hunting (aH) for each sex/
stage class. Additionally, the proportion of juveniles  
that transition into adult males or females are described  
by m. 

 
� that reflects the life cycle diagram in Fig. 3. The 
t term for recruitment ( 1,2) has adult survival  a

raised to the 1/3 because females must survive  
1/3 of the year between census and the birth  
pulse (Noon and Sauer 1992). 

The survival parameters reflect mortality  
caused by predation, environment, and chronic  
wasting disease (Monello et al. 2014); however,  
the parameters exclude mortality caused by  
hunting or culling, which are specified within  
the process model explicitly. We use hunting data  
reported by Colorado Parks and Wildlife, defined 
as h  the iobs,i,t for th age and sex class at time t, along  
with their observed variances σ2 . We used  hunt,i,t
the vector  htrue,t= (htrue,1,htrue,2,h �

true,3)t to model 
the unobserved true number of elk removed by  
hunter harvest outside the park using:

n1 

calves (1-m)s1

ms1

s2
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αj , for j={1,2} because the geographic bound-
ary of the hunted area changed in 1989. The Elk 
and Vegetation Management Plan (National Park 
Service, 2007) requires park managers to deter-
mine how many elk, if any, should be culled annu-
ally to meet population objectives. Model results 
were used each year in this decision since 2008. 
We incorporated culling data into the process 
model specifying the number of female elk that 
were culled either before (cpre) or after (cpost) the 
breeding pulse to be the vector ct= (rtc ,c �

pre post,0,0)t 
where rt is the average adult female fecundity.

The natural log of the process model can be 
specified stochastically using a multivariate nor-
mal distribution with a vector of means for each 
stage and sex class (�t) such that

with a process model covariance assuming inde-
pendence and variation according to the three 
classes, defined in log space as a matrix Σp with 
σp,1,σp,2,and σp,3 on the diagonal and 0 elsewhere 
(see Appendix S2 for details; inclusion of a briefly 
used fertility treatment was omitted, but details 
can be found in Appendix S3).

Data model.—data included observations of 
overwinter population sizes and classification 
counts from 1969 through 2015. The different 
sampling regimes over the years required three 
separate likelihoods to account for uncertainty of 
the total population sizes. However, the basic 
structure of the data model was

where Ntotal,t=
∑3

i=1 ni,t is derived from the pro-
cess model (see Appendix S4 for additional 
details on the alternative likelihoods). We justify 
the choice of the normal distribution for the data 
likelihood by the Central Limit Theorem because 
the Nobs are derived quantities consisting of the 
overwinter means of counts or derived quantities 
from multiple counts.

We were also able to link the process model to 
observations using categorical data consisting of 
counts within the stage/sex classifications (y2,t). 
The likelihood of these data is specified with a 
multinomial distribution such that

where pi,t=
ni,t  for i=1,… ,3 are calculated from 

N
the process 

t
model. 
otal,t

Observation error arising 
from the harvest data are described in the pre-
vious section. The complete model can be found 
in Appendix S2 with the corresponding full pos-
terior and joint distributions. Marginal posterior 
distributions of all latent quantities and param-
eters were approximated using Markov chain 
Monte Carlo (MCMC) methods implemented in 
the JAGS package (Plummer 2014) with R soft-
ware (R Core Team, 2015). Inference was based on 
three chains including 100,000 iterations retained 
after a burn- in of 50,000. Gelman–Rubin diagnos-
tics (Gelman et al. 2014) and visual inspection of 
trace plots indicated convergence of all chains. 
Posterior predictive checks using the test statis-
tic 1 ∑T

T−1 t=2 �yt−yt−1� for time series data (Reilly 
et al. 2001) did not reveal lack of fit (Gelman et al. 
2014). Prior distributions are specified in Table 1.

Choosing alternatives for management
Fitting the model to monitoring data provided 

us with information about the current and past 
states of the system. Partitioning the model vari-
ance into components arising from the observa-
tion system and components arising from the 
model of the population process allowed us to 
make forecasts, that is, predictions of the future 
state of the population accompanied by rigorous 
estimates of uncertainty. Forecasts are based on 
the predictive process distribution of the popula-
tion size (see Hobbs and Hooten, pages 196–201 
for details). We compared the distribution of the 
posterior predictive values to a range of values 
that reflected the park’s management objectives 
and calculated the probability of meeting those 
goals given different potential levels of culling.

We used the full hierarchical model to fore-
cast the overwinter elk population size for three 
years into the future, conditioned on all the data 
observed up to the present year. For example, we 
used data collected through 2008 and subsequently 
forecasted elk abundance in 2009, 2010, and 2011. 
We used the same model fitting procedure each 
subsequent year after 2008. The final year of anal-
ysis consisted of data observed through 2015, with 
forecasted elk abundance in 2016, 2017, and 2018.

(3)
�t= log

(
At−1nt−1−αjhtrue,t−ct

)

log
(
nt
)
∼multivariate normal

(
�t,Σp

)

(4)Nobs,t∼ normal(Ntotal,t,σ2obs,t)

(5)y2,t∼ multinomial

(
pt,

3∑
i=1

y2,i,t

)



Parameter description Prior Mean (Sd) Notes

s1 Juvenile survival beta(1.51,2.76) 0.354 (0.21) Raithel et al. (2007)
s2 Adult female survival beta(3215.75,198) 0.942 (0.004) Brodie et al. (2013)
s3 Adult male survival beta(31.22,1.92) 0.942 (0.04) Brodie et al. (2013)
m Juvenile sex ratio beta(49.5,49.5) 0.5 (0.05) Simulation
rt Fecundity at time t beta(g(μr,σr)) μr,σr
μr Ave. fecundity lognormal( log (0.464),1) 0.464 Raithel et al. (2007)
σr Fecundity standard deviation uniform(0.001,0.25) 0.13 Simulation
α1 Proportion hunted uniform(0,1) 0.5 (0.29) Before/including 1988
α2 Proportion hunted uniform(0,1) 0.5 (0.29) After 1988
σ−2p,i Precision ith stage/sex class gamma(0.001,0.001) 1 (31.65) i={1,2,3}
σd,1 Standard deviation abundance data uniform(0,500) 250 (144.33) 1969–1994
σd,2 Standard deviation abundance data uniform(0,500) 250 (144.33) 1995–2010

Note: When literature was unavailable, vague priors were used.
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To demonstrate the utility of these forecasts, we 
further compared 2 yr of analysis that reflected 
different states of the elk population. The fore-
casts from our hierarchical model answered the 
question of whether or not population growth 
was outside the target range of 600–800 elk, with 
attendant uncertainty. However, in an adaptive 
management framework, it is not enough to 
know whether a target was achieved; we need to 
know annually how management actions could 
influence the population trajectory and whether 
those actions will meet our goals. A fundamental 
question for elk management in RMNP is whether 
and how many elk should be culled to meet man-
agement objectives. We have annually provided 
managers with information since 2008 to help 
answer these questions by forecasting the future 
state of the population under multiple alterna-
tives for culling: 0, 25, 50, or 75 adult females. 
We calculated the probability that the population 
size would be within the target given each level of 
culling. The highest probability of obtaining the 
target goal would naturally inform the choice of 
management action, including “no action” when 
culling was set to 0 within the forecasts.

results

Marginal posterior distributions of the total elk 
population size during winter tracked the 
observed increase and decline in elk abundance 
(Fig. 4). The population increased until the mid- 
1980s, when it appeared to stabilize at approxi-
mately 1000 animals. The population decreased 
steadily after the early 2000s (Fig. 4), a decline 

that has several potential causes, including har-
vest, the movement of large numbers of elk to 
new winter range areas, and disease (National 
Park Service, 2007, Monello et al. 2014). Beginning 
in 2002, a shift in the winter distribution of elk 
with increased use of areas east of the Estes 
Valley was evident. Concerns of an overabun-
dant elk population in the data Analysis unit 
that contains RMNP led Colorado Parks and 
Wildlife to increase hunting licenses for females 

Table 1. Prior distributions for model parameters are informed from previous literature on elk vital rates.

Fig. 4. The median (black line) and 95% quantiles 
(gray shaded region) for the posterior distributions of 
the true elk population size on the winter range in 
Rocky Mountain National Park during 1969–2015 
shows the variability of the population size over time. 
The black dots represent the observed elk population 
sizes.
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(Fig. 5). The adult female harvest from the mid- 
1990s nearly tripled in the early 2000s, peaking at juvenile survival of s1 = 0.49, with an equal- 
just over 400 elk in 2006. In addition, between tailed Bayesian credible interval (BCI = 0.22, 0.78; 
2009 and 2011 a total of 130 female elk were Table 2). Adult males had a median probability of 
removed from the population by culling, includ- survival of 0.91 (BCI = 0.79, 0.99), in the absence of 
ing 71 elk that were euthanized and used for hunting. Adult female survival, 0.94 (BCI = 0.93, 
research (Monello et al. 2013), in order to reduce 0.95), was slightly greater than survival of males 
and maintain elk numbers at the low end of the and resembled survival in other unhunted elk 
population objective. No culling has occurred populations (Brodie et al. 2013). The process 
since 2011. variance parameters, on the log scale, of the three 

The median estimated average fecundity (μr) stage/sex classes were greater for males than for 
from which all of the time- varying fecundity adult females. There typically is greater variabil-
parameters were drawn was 0.29 (BCI = 0.25, ity for male survival in ungulates (Gaillard et al. 
0.33) calves per adult female elk surviving to cen- 2000).
sus (Table 2). This was much lower than the aver- Culling activities ceased after 2011 because 
age adult female fecundity of 0.464 used in the forecasts indicated the population size was 
prior distribution (Table 1), which was reported lower than the objective of 600–800 elk, although 
by Raithel et al. (2007) using data from multiple still within the broad objective of 200–800 elk 
elk populations throughout the Rocky Mountain (National Park Service, 2007). The abundance 
region. A simple linear regression line of fecun- of elk using the winter range of RMNP was 
dity vs. time has a decreasing trend such that the estimated at 294 (BCI = 223, 369) individuals 
average fecundity decreased by 0.0028 (equal- in 2015. The decline in abundance appears to 
tailed BCI for the coefficient = −0.0040, −0.0015) have stabilized from 2013 to 2015 (Fig. 4), with 
calves per adult female per year (Fig. 6). the elk  population consistently estimated in the 

The proportion of animals 8 months old that high 200s. The observed elk abundance data 
survived to 20 months of age, had a median are compared with the forecasts and their 95% 

Fig. 5. Mean harvest of adult females from 1995 to 
2015 (dots with 95% Bayesian credible intervals) for 
data Analysis unit 20 reported by Colorado Parks and 
Wildlife, increased steadily during 1995–2005 before 
declining to approximately the same level as in 1995. 
There was an increase in adult female harvest in the 
early 2000s, peaking in 2006.
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Fig. 6. Open circles give the mean of the posterior 
distribution and gray shaded ares are 95% equal- tailed 
credible intervals of annual recruitment rates, rt, the 
number of offspring produced per yearling and adult 
female that survive to their first census during year t. 
The dashed line gives the fit of the simple linear 
regression of the average annual recruitment rates (rt) 
vs. time (t).



Parameter definition Mean Sd Median 2.5% 97.5%

s1
s2
s3
m
μr
σr
α1
α2
σp,1
σp,2
σp,3
σd,1
σd,2

Juvenile survival
Adult female survival
Adult male survival

Proportion male juveniles
Ave. fecundity

Standard deviation fecundity
Proportion hunted 1968–1989
Proportion hunted 1990–2015
Standard deviation juveniles

Standard deviation adult females
Standard deviation adult males

Standard deviation abundance data
Standard deviation abundance data

0.49
0.94
0.91
0.49
0.29
0.10
0.12
0.07
0.11
0.18
0.55

124.65
240.75

0.14
0.00
0.05
0.05
0.02
0.02
0.09
0.05
0.09
0.06
0.10
34.59
80.68

0.49
0.94
0.92
0.49
0.29
0.10
0.10
0.07
0.08
0.17
0.54

122.13
236.64

0.22
0.93
0.79
0.40
0.25
0.05
0.01
0.00
0.02
0.08
0.37
63.45
86.74

0.78
0.95
0.99
0.59
0.33
0.14
0.33
0.18
0.36
0.33
0.76

201.11
415.40

Note: Note that σp,i are on the log scale.
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Bayesian credible intervals (Fig.  7). Credible 
intervals on forecasts overlapped the one-to-one 
line where forecasts equal observations during 
15 of 18 years, indicating considerable skill in our 
model. Credible intervals on forecasts expanded 
with an increasing forecast horizon, suggesting 
that forecasts beyond three years would have 
limited predictive value (Fig. 7B, C).

The marginal posterior distribution of the pop-
ulation size for the current year and the poste-
rior process distributions for future years can be 
seen in Fig. 8. In 2008, the estimate of the pop-
ulation size was 611 (BCI = 338, 972) elk, which 
was more than double the population sizes esti-
mated in 2015. This estimate was within the tar-
get range; however, forecasts indicated that if no 
animals were culled, the number of elk would 
likely increase to 701 elk in 2009, 742 elk in 2010, 
and 777 elk in 2011 (see Table 3). We calculated 
the probability that the population size would be 
above, within, and below the target range of 600–
800 elk in future years. The choice to cull 0, 25, 50, 
or 75 animals all had roughly equivalent proba-
bilities of maintaining the population within the 
target range for the three subsequent forecasts 
into the future. However, under the no cull man-
agement action, there was a much greater proba-
bility of the population increasing above the 800 
elk threshold than culling individuals. Because 
management was primarily concerned with 
overabundance, the NPS culled a total of 46 elk 
in 2009, including 32 individuals that were euth-
anized for a study on chronic wasting disease 

(Monello et al. 2013). The elk population size and 
forecasts have been estimated well below the tar-
get range after 2011; therefore, no elk have been 
culled since that year.

Discussion

Deterministic, simulation models have been 
used to support decisions on management of nat-
ural resources since the early 1970s (Walters and 
Gross 1972, Holling 1973, Maynard Smith 1974, 
May 1976, May and Oster 1976, Freedman 1980, 
Otto and Day 2007). These types of models have 
been criticized because confidence in their pre-
dictions led to notable failures in policy and 
management (Pilkey and Pilkey-Jarvis 2007). 
Reliable use of models to support decisions 
requires honest estimates of uncertainty.

Combining models with monitoring data along 
with the results of designed studies of processes 
in the Bayesian framework allows the outputs 
of models to be properly tempered by rigorous 
estimates of uncertainty arising from multiple 
sources. Such assimilation adds value to mon-
itoring data by providing inference on the true, 
unobserved states of systems being managed. 
Informed management requires three compo-
nents: reliable data on the past and current states 
of the system being managed, clear objectives for 
management, and a way to evaluate the ability 
of alternative actions to achieve those outcomes. 
Bringing these components together in a coher-
ent framework for modeling is vital for successful 

Table 2. The marginal posterior means, standard deviations, medians, and 95% equal-tailed credible intervals 
for all parameters included in the model.
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adaptive management as it was originally formu- from observations of the population of elk over 
lated by Walters (1986). The monitoring data of time and then used these parameters to predict 
elk in RMNP provide an ideal system for imple- the future abundance of elk accompanied by an 
menting adaptive management because the NPS honest assessment of uncertainty. These fore-
has invested in a long-term  time series of data casts were assessed by comparing them to the 
relative to key resource decisions—how to best estimated observed number of elk as these data 
manage the elk population. In addition, innova- became available (Fig. 7). Results indicated that 
tive science was used to formulate appropriate the forecasts from a single year into the future 
management goals. Having clearly stated objec- accurately predicted the observed number of elk 
tives for the winter range population size enabled and emphasizes the importance of taking man-
us to evaluate possible management outcomes. agement actions on this time scale. Forecasts 

By employing the Bayesian framework, we further into the future became less accurate and 
were able to partition the variability inherent in appeared to overestimate the observed popula-
the biological and management processes from tion size. This is likely an artifact of the long time 
the uncertainties that arise through sampling series of data with high population sizes early in 
and estimation error. We estimated demographic the time series that inflate the forecasted popula-
parameters such as recruitment and survival tion sizes later in the time series.

Fig. 7. Observed population estimates are plotted against forecasts with corresponding 95% Bayesian 
credible intervals for one (A), two (B), and three (C) years into the future. The dashed line indicates the one- to- 
one line in which the forecasted population size equals the observed population size.
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Fig. 8. The marginal posterior distributions (left column) and posterior predictive distributions (center and 
right columns) for elk abundance during 2008–2010 and 2016–2018. The vertical dashed lines indicate the target 
range for the elk population of 600–800 elk, and the light shaded gray regions are the probability that the 
population is within the target range.
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Table 3. Forecasts for different culling regimes conditioned on observed data through 2008, with correspond-
ing 0.025 and 0.975 equal- tailed Bayesian credible intervals for overwinter abundance.

Cull year N 0.025 0.975 P < P in P >

0 2009 701 347 1240 0.30 0.37 0.32
2010 742 331 1451 0.27 0.32 0.41
2011 777 312 1680 0.25 0.28 0.47

25 2009 655 302 1186 0.39 0.36 0.25
2010 686 282 1364 0.36 0.32 0.33
2011 713 258 1572 0.33 0.28 0.38

50 2009 626 277 1141 0.45 0.34 0.21
2010 651 253 1320 0.42 0.31 0.28
2011 675 228 1502 0.39 0.27 0.34

75 2009 600 258 1109 0.50 0.31 0.19
2010 618 229 1267 0.47 0.29 0.24
2011 640 203 1454 0.44 0.26 0.30

Note: The probability that elk abundance is below, within, and above the target range is shown in the rightmost three 
columns.
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Under the policy of natural regulation in the 
absence of significant predation, elk abundance 
grew throughout the 1970s. The population size 
appears to have stabilized at approximately 
1000 elk during the 1980s (Hess 1993). Hobbs 
et al. (1982) estimated a carrying capacity on the 
elk winter range of 1481 elk for one year and 991 
elk for a second year based on the energy and 
nitrogen availability of forage in the ecosystem. 
Lubow et al. (2002) estimated a similar carrying 
capacity of 1069 elk using a demographic pro-
jection model paired with a sightability model 
using the ground and aerial data collected in 
the 1990s. The consistency of the carrying capac-
ity estimates provides support that one should 
expect the population in the winter range to 
vary around 1000 elk under natural regulation 
without substantial predation. Density depen-
dence has been shown to decrease fecundity and 
increase age at first reproduction in large herbi-
vores (Sauer and Boyce 1983, Clutton-Brock et al. 
1987, Sæther 1997, Singer et al. 2007), which are 
suggested as the primary mechanisms for this 
trend (Coughenour 2002, Lubow et al. 2002). The 
estimates of fecundity demonstrate a paradoxi-
cal trend regarding density dependence in this 
population. One would expect that fecundity 
should increase as the population size decreases, 
if a density-dependent feedback mechanism 
were present. However, this has not occurred 
for the elk in RMNP despite the possible density 
dependence demonstrated during high popula-
tion years (Coughenour 2002, Lubow et al. 2002).

Recent estimates are considerably lower than 
might be expected given the predominant narra-
tive of overabundant elk in RMNP (Hess 1993). 
However, trends during the last three years sug-
gest that the population may be stabilizing after 
an extended period of decline (Fig. 4). The decline 
in elk numbers after 2008 not only guided man-
agement actions, but also helped spur additional 
research to discover the role of chronic wasting 
disease, emigration, and novel patterns of elk 
winter range use in RMNP (B. Kraft, R. Monello, 
M. Miller, and L. Wolfe, unpublished data). Past 
modeling work had found that elk numbers were 
relatively stable across winter and that surveys in 
February were likely a good indicator of elk con-
ditions on the winter range (Lubow et al. 2002, 
Singer et al. 2007). New monitoring data contra-
dict this pattern, and new survey methods are 

being used to assess the variability of the elk use 
of the winter range.

High levels of harvest by hunters outside of 
the park during the early 2000s likely contrib-
uted to the current, reduced abundance of the elk 
population (Fig. 5). However, harvest rates have 
been relatively constant since 2008. If the harvest 
remains at the current level, the elk abundance 
may rebound, particularly since the decadal 
decline in elk coincided with peaking harvest 
rates. However, it is important to note that large, 
unanticipated changes in parameters such as 
adult female survival or emigration may alter 
the relationship between hunter harvest outside 
the park and population trajectory (Nielsen et al. 
1997, Labonté et al. 1998, Petersburg et al. 2000, 
Clutton-Brock et al. 2002, Monello et al. 2014). An 
important future step could be to assess a range 
of hunter harvest quantities within the hierar-
chical model by setting multiple limits for each 
stage/sex category and calculating the predicted 
abundance given alternative harvests in order to 
provide guidance to Colorado Parks and Wildlife 
for setting harvest objectives. Altering harvest 
quantities could also be useful in other managed 
systems (Nichols et al. 1995, Johnson et al. 2002).

The approach we illustrate could be useful 
for managing national parks throughout the 
world. Investment in monitoring data is justified 
in terms of its value for determining whether 
the state of parks is consistent with goals for 
park ecosystems. Our illustration shows how a 
Bayesian approach can be applied to gain insight 
from monitoring data by evaluating alternatives 
for management in terms of the ability to meet 
goals for the future. Wide use of these methods 
will require collaboration among scientists and 
mangers. Investment in training decision makers 
in the foundations of Bayesian methods would 
likely offer substantial dividends.

Our experience in this example and others 
(Hobbs et  al. 2015, Raiho et  al. 2015) suggests 
that monitoring past states of park ecosystems 
provides sufficient information to support fore-
casts with a limited horizon, usually less than 
four years. Forecasts are necessarily short term 
because there is an accumulation of uncertainty 
for each subsequent year that causes the credi-
ble intervals to expand rapidly, the further into 
the future that we try to forecast. This limitation 
reinforces the need for adaptive management 
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over a frequent cycle: Monitoring data are used 
to improve the model, and the model is used to 
enhance decisions. Multiple iterations of this 
cycle increase understanding of the processes 
creating variability in the system being managed 
and provide a science-based foundation for deci-
sions that can be explained to an engaged public.
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Abstract. Accurate assessment of abundance forms a central challenge in population ecology and
wildlife management. Many statistical techniques have been developed to estimate population sizes
because populations change over time and space and to correct for the bias resulting from animals that
are present in a study area but not observed. The mobility of individuals makes it difficult to design sam-
pling procedures that account for movement into and out of areas with fixed jurisdictional boundaries.
Aerial surveys are the gold standard used to obtain data of large mobile species in geographic regions
with harsh terrain, but these surveys can be prohibitively expensive and dangerous. Estimating abun-
dance with ground-based census methods have practical advantages, but it can be difficult to simultane-
ously account for temporary emigration and observer error to avoid biased results. Contemporary
research in population ecology increasingly relies on telemetry observations of the states and locations of
individuals to gain insight on vital rates, animal movements, and population abundance. Analytical mod-
els that use observations of movements to improve estimates of abundance have not been developed.
Here we build upon existing multi-state mark–recapture methods using a hierarchical N-mixture model
with multiple sources of data, including telemetry data on locations of individuals, to improve estimates
of population sizes. We used a state-space approach to model animal movements to approximate the
number of marked animals present within the study area at any observation period, thereby accounting
for a frequently changing number of marked individuals. We illustrate the approach using data on a pop-
ulation of elk (Cervus elaphus nelsoni) in Northern Colorado, USA.We demonstrate substantial improve-
ment compared to existing abundance estimation methods and corroborate our results from the ground
based surveys with estimates from aerial surveys during the same seasons. We develop a hierarchical
Bayesian N-mixture model using multiple sources of data on abundance, movement and survival to esti-
mate the population size of a mobile species that uses remote conservation areas. The model improves
accuracy of inference relative to previous methods for estimating abundance of open populations.

Key words: abundance; Cervus elaphus nelsoni; elk; hierarchical Bayesian statistics; multi-state mark–recap-
ture; N-mixture model; population size; wildlife.

INTRODUCTION not seen. Failing to account for detectability means that differ-
ences in population estimates from year to year may result

Estimating abundance forms a central challenge in popu- from errors in observing the population rather than from dif-
lation ecology and wildlife management (Seber 1982). The ferences in the population itself. Many methods have been
growth or decline of populations over time reflects changes proposed to account for the problem of imperfect detection in
in movement and survival. We developed a model to simul- estimates of animal abundance. These include mark–recapture
taneously estimate abundance, survival, and movement (Pollock 1982, Nichols 1992, Kendall et al. 1997), removal
probabilities, to inform decisions on managing a population sampling (White and Leffler 1982), and distance sampling
within areas defined by fixed jurisdictional boundaries. (Buckland 2001). All of these methods use design-based pro-
Large mobile animals can move into and out of these areas, cedures for estimating the probability of detecting individuals
creating challenges for abundance estimation and, hence, given that they are present. Detection probabilities, in turn,
complicate decisions on population management. are used to account for individuals that are present but not
It is imperative that population estimates account for the counted, thereby correcting for “undercounting” bias.

inevitable bias that results from animals that are present but There are many sources of variability that have been
accounted for in mark–recapture estimators, including individ-

Manuscript received 14 June 2017; revised 9 October 2017; ual heterogeneity, environmental heterogeneity, time depen-
accepted 21 December 2017. Corresponding Editor: Timothy G. dence, behavior, and combinations of all of these (Kendall
O’Brien.

6 1999, Borchers et al., 2002). The estimation of the detection
Present address: National Park Service, Inventory and Monitor- probability can be confounded by the fact that only a propor-ing Program, Pacific Island Network, P.O. Box 52, Hawai’i Volca-

noes National Park, Hawaii 96718 USA. tion of individuals in a population is available for sampling
7E-mail: alison.ketz@colostate.edu at any given time (Kendall 1999). Many mark–recapture
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estimators have been developed to adjust for mobility of spe-
cies because movements in space can be substantially broader
than the geographic regions that are surveyed. Temporary emi-
gration can lead to biased estimates of abundance, resulting
from underestimates of the probability of detection (p) and a
corresponding overestimation of the total population size (N)
(Nichols and Kendall 1995, Kendall et al. 1997). Different
types of movement can lead to a variable number of individu-
als that are available to sample at any given time and may con-
found estimates across multiple surveys (Kendall 1999).
Knowledge of the total population that uses these static
regions can help inform management actions that target ani-
mals within fixed boundaries.
Research in population ecology increasingly relies on

telemetry observations of the locations and states of individ-
uals over time to gain insight on vital rates and behavior.
However, there is no analytical approach for using these
data to improve inference on animal abundance (Barker
et al. 2017). We developed a hierarchical Bayesian model for
estimating population sizes in a mark–recapture framework,
using an N-mixture model coupled with location data on
animal movement and survival. The method provides infer-
ence based on the posterior distribution of the average abun-
dance of animals in a sequence of counts within a specified
area without assuming that the area is closed to immigra-
tion, emigration, or mortality. We used very high frequency
(VHF) telemetry collars and subsequent location informa-
tion collected on a weekly timescale to model the temporary
movement patterns of individuals into and out of the study
region to estimate abundance in an open population (Chan-
dler et al. 2011, Dail and Madsen 2011, Ivan et al. 2013)
without making assumptions regarding individual home
ranges or spatial distributions (Royle et al. 2014).
We used a model-based approach to estimate overall average

abundances across multiple years and simultaneously estimate
demographic parameters that provide important information
about the state of the surveyed population. We estimated sur-
vival probabilities on weekly and annual time scales and we
estimated transition probabilities that reflect movements among
multiple areas within the surveyed region, which allowed us to
assess the connectivity of various subgroups of the population.
Our novel approach makes use of multiple sources of com-
monly collected data, thereby providing a complete summary
of the state of the population during a specific period of time.

MATERIALS AND METHODS

Overview of modeling approach

Observations of locations of animals are prone to error
and frequently include missing observations, motivating the
use of a state-space approach to obtain posterior distribu-
tions of the true locations. We separate observed telemetry
location data from an underlying true location of each col-
lared individual. A general state space approach can be
described as the conditional probability of observations (Y)
given a true state (X) and a set of parameters governing the
uncertainty with the data (hd)

½Y jX ; hd � (1)

where the brackets denote a probability distribution. We can
link our knowledge of the ecological system to the observa-
tions using a model for the latent state (X) and parameters
(hp) governing its behavior such that

½X jhp�. (2)

We separated an underlying Markovian movement process
model from a data model specified for location observations.
Using this hierarchical structure, we were able to estimate
the number of marked individuals that were available in the
sample area during any week we surveyed the population.
The movement model informs the true, unobserved loca-
tions of marked individuals, which allows us to know, with
estimates of uncertainty, the true number of marked individ-
uals within the study area.
We coupled the movement model with a mark–recapture

estimator of independently collected count data from repeated
surveys. The observed counts (n) can be modeled with a condi-
tional probability distribution that depends on the total popu-
lation size (N) and some function of detectability (f(X)), that
we derived from the movement model true states. In general, a
model combining the movement with census is described as

½njN; f ðXÞ�. (3)

The data (n) consist of counts of the total number of indi-
viduals within the survey region as well as observations of the
number of marked individuals within encountered groups.
We also used additional secondary information to account
for imperfectly recorded resighted marks, by calibrating the
resights with telemetry data collected to verify this separate
detection process. We combined the estimates of the true
number of marked individuals within the region of interest
with the estimated number of resighted marks, to determine
the probability of detecting an individual in an N-mixture
model (Eq. 3). We used a Bayesian approach implemented in
JAGS (Plummer 2014) to approximate posterior distributions
of model parameters “(see Supporting Information).”

Model development for marked individuals

We first considered the general scenario of repeatedly sam-
pling a population of N individuals for t = 1, . . ., T surveys. A
subset of the population has been subjected to capture, in which
individuals representative of the population are marked, and
subsequently recaptured or resighted during Toccasions.
We know that the total population size will likely change

between surveys because of temporary emigration, immigra-
tion, and mortality. Using a hierarchical structure, we were
able to capture sampling error resulting from temporal varia-
tion in abundance within the study area, as well as accounting
for observation error resulting from failing to count animals
that were present but not observed. Thus, a sample of nt indi-
viduals is distributed as a binomial random variable such that

nt � binomialðNt; ptÞ (4)

Nt �PoissonðlÞ (5)

l� gammaða; bÞ (6)
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where Nt is the total population size during sample t and l is
the overall average number of individuals that use the study
area during the sampling intervals. The detection probability
pt = Rt/Mt is defined as the ratio of the number of resighted
marks (Rt) out of the total number of marked individuals
(Mt), during the tth survey, similar to the classical Lincoln-
Petersen estimator (Otis et al. 1978, Seber 1982). Auxiliary
data must be used to determine pt to avoid identifiability
problems, because both Nt and pt are unknown.
We explicitly modeled the movement behavior of marked

individuals using location data collected with telemetry, and,
in turn, we estimated the true number of marked individuals
available for sampling during census. We made the assump-
tion that closure only applies on the time scale of the loca-
tion data intervals. Additional assumptions include that
detection does not vary with any environmental heterogene-
ity, and that individuals do not alter behavior resulting from
the initial capture.

Elk in Rocky Mountain National Park

The method we offer is general, and could apply to any
species that moves in and out of a static study area during
repeated surveys across a season. We developed the approach
to provide estimates of population sizes corresponding to a
fixed spatial domain targeted by management. Estimates
reflect the number of individuals that use this domain, rather
than a spatially constant population size, because environ-
mental impact is based on the use of the conservation area.
We illustrate the approach using data on the wintering elk

population in the Estes Valley, which consists of lower eleva-
tion areas on the eastern side of Rocky Mountain National
Park (RMNP) and in the adjacent town of Estes Park, Col-
orado (EP). Management decisions based on abundance are
made annually and require an estimate for the average num-
ber of elk using the park during the winter.
Aerial survey methods were used to survey elk in RMNP

for 20 yr (1994–2014), however, the high costs and danger-
ous conditions of flying over the eastern slope of the Rocky
Mountains during the winter motivated a change to ground
survey methods. We used weekly ground VHF telemetry
data collected throughout the winter months to determine
the number of marked animals available in the region during
ground surveys, where total counts of groups and counts of
marked individuals were made along 10 road transects to
obtain the abundance of elk in both RMNP and EP.
We developed this model to understand movements of elk

across static park boundaries, as well as to develop a
ground-based survey method that could be repeated multi-
ple times during the winter season to understand temporal
variation in elk abundance on the winter range within
RMNP and EP.

Data

Approximately 20 volunteers drove road transects on the
winter range of RMNP and EP. The volunteers recorded
counts (ynt ) of elk groups, as well as the number of collared
elk present (mt) during three days during the first or second
week of each month of winter (November–March). The
average total number of elk per day within each week,

rounded to the nearest integer, (nt) were used as data in the
N-mixture model of Eq. 4 to account for sampling variabil-
ity within survey weeks.
We used the weekly ground telemetry locations of approx-

imately 150 collars that were deployed by the National Park
Service, and Colorado Parks and Wildlife (Fig. 1) to correct
for animal movements across park boundaries in the model
described below. The dates of collar deployment for each
collar are known.

Movement model

Ideally, we would know the true locations of these col-
lared elk every week, although realistically, the true state of
the collared elk location was not always observed perfectly.
We used a hierarchical, state space model to account for the
movement of elk among three possible locations. We also
incorporate observations of the marked individual’s status,
alive or dead.
First, we describe a process model of the underlying true

condition of the collared elk. We define a vector of seven
mutually exclusive categories, or “true states” (Table 1). The
three location categories indicate that the ith elk is either alive
or dead within RMNP, EP, or outside the study area (generally
the foothills). These areas can be seen in Fig. 1 with all teleme-
try observations throughout the winters from 2011 to 2015.
We used a vector of the true states (xi,t) to represent the

true, unobserved location and condition of the ith collared
animal at week t of winter. Individuals were denoted as out
of the study if they were not yet collared or had died during
a previous week of winter. A matrix of across winter histo-
ries of the state of the ith individual, Xi, consists of a collec-
tion of the true state vectors across all time points. Thus,
each column of Xi represents a weekly time point for i = 1,
. . ., I collared elk. We assume a Markovian movement
model, such that the probability of an elk moving from one
state to another depends on the state of the elk during the
previous point in time. The probabilities of the individual
moving among states are described in Eq. 7.

(7)

We define a constant weekly survival probability / inde-
pendent of movement and inclusive of harvest and incorpo-
rate this probability into the transition matrix. A multinomial
distribution was used to model the true latent state of the ani-
mal at time t � 1 where

xi;t �multinomialð1;Hxi;t�1Þ (8)

using the transition matrix Θ (Eq. 7).
If we could actually observe these true states of the elk,

then estimating the movement and abundance would be
unnecessary because we would already know the status of
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yi;t � ð ; i;tÞ

(10)

multinomial 1 Dx (9)

where ps is the probability that the individual is observed, p
is the probability that information on location is obtained
conditional on the individual being observed, and pd is th
probability of the individual being in RMNP or EP, condi
tional on the individual being observed and on locatio
information being obtained.
The number of marked individuals that could possibly b

seen during ground census were calculated using the sum o
the state vectors for the two geographic regions of interes
during week t. The true number of collared elk in RMNP i
∑ix1,i,t and for EP it is ∑ix2,i,t. Recall that x1,i,t represent
whether the ith collared elk during the tth week of winter i
either alive and in RMNP (1) or not (0). Similarly, the stat
of the elk with regard to EP (x2,i,t) is either a 1 (present) or
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FIG. 1. Observed telemetry location data over time are represented by points. The green area represents Rocky Mountain National Park
(RMNP) and the yellow region represents the town of Estes Park (EP). Telemetry locations were collected by two government agencies, the
National Park Service (NPS; green points) and Colorado Parks and Wildlife (CPW; blue points). 1 mile = 1.6 km.

the population without uncertainty. However, there is uncer- A multinomial distribution was used to model the set of
tainty in the observation process: the true state (X) was possible outcomes of observable states that arise from the
related to the observed state (Y) through telemetry data underlying latent process. We link the observations of the
(Table 1). state of the collared elk to the true states of the elk using a

detection matrix D such that

TABLE 1. We define a vector xi,t with a 1 in one of seven mutually
exclusive true states of the ith collared elk during the tth week of
winter, with zeros elsewhere. We define a vector yi,t with a 1 in one
of ten mutually exclusive observed states of the ith collared elk
during the tth week of winter, with zeros elsewhere.

Element j Definition

x1,t alive in RMNP
x2,t alive in EP
x3,t alive outside of Estes Valley
x4,t dead in RMNP
x5,t dead in EP
x6,t dead outside of Estes Valley
x7,t out of study
y1,t observed alive in RMNP
y2,t observed alive in EP
y3,t observed alive along RMNP/EP boundary
y4,t observed alive outside the Estes Valley
y5,t observed alive, but no information on location

is obtained
y6,t observed dead in RMNP
y7,t observed dead in EP
y8,t observed dead outside the Estes Valley
y9,t unobserved
y10,t out of study

Note: RMNP, Rocky Mountain National Park; EP, Estes Park.
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(not present). We defined the number of marks (Mt) equal
to the summation of the state vectors for the corresponding
region of interest. Thus, the denominator for the detection
probability in Eq. 4 for the elk in RMNP is ∑ix1,i,t and simi-
larly, the denominator in the detection probability for the
elk in EP is ∑ix2,i,t. Movements between RMNP and EP are
not independent because these states are mutually exclusive.
However, because we explicitly model the movement across
these regions, we do not need to incorporate the correlation
between the abundance estimates for each area.
Perfectly observed resights of collars is a typical assump-

tion of mark–recapture estimators. Estimates of population
sizes are quite sensitive to violations of this assumption. One
of the strengths of the Bayesian approach for learning about
model parameters is that it is straightforward to alter the
model to accommodate idiosyncrasies in the data, in this
case, the failure to observe all marks that were present. The
National Park Service deployed brown telemetry collars
within RMNP to make collars less visible to park visitors.
However, this meant that observers counting elk were not
always able to see all collars present in a group. There were
obvious errors in the number of marks observed during the
ground count (mt) leading to potentially serious biases in
estimates of population size. This was particularly problem-
atic when the elk were aggregated into large groups, which is
common for calf and cow herds during winter. We collected
data and developed a calibration model to account for the
collars that were present but overlooked (Appendix S3).

Model fitting

Flat uniform prior distributions with support from zero to
one were chosen for movement, survival, and detection
probabilites. One ground count survey from the second year
of study was omitted from the analysis due to inaccurate
counting. The prior distribution for the average across win-
ter mean of elk in both RMNP and EP was specified as
gamma(3, 0.01), which is minimally informative (Hobbs and
Hooten 2015), and was based on prior information from
previous years of study that the average number of elk was
approximately in the low to mid hundreds, in the range of
200–400 individuals in either area (Ketz et al. 2016). Sensi-
tivity of the over-winter population sizes to the influence of
this prior was determined by refitting one year using a com-
pletely flat prior distribution for the over-winter means
(gamma(0.01, 0.01)) in Appendix S4.
The full hierarchical Bayesian model, with the corre-

sponding directed acyclic graph, as well as the joint and pos-
terior distributions are provided in Appendix S1 and
Appendix S2. We verified that parameters could be accu-
rately recovered during model fitting using simulations
based on known parameters. The model was fit using JAGS
(Plummer 2014) with the dclone package (S�olymos 2010) for
parallel computation of the rjags package (Plummer 2013)
in R (R Core Team 2016). Three chains consisting of
200,000 Markov chain Monte Carlo iterations with a burn-
in of 50,000 iterations were generated (Data S1).
Trace plots, ACF plots, and the Gelman-Rubin (Gelman

et al. 2014) diagnostics indicated convergence of virtually all
of the marginal posterior distributions of model parameters
and latent states. Convergence problems arose for the

approximation of the posterior distributions of three of the
model parameters, namely for the derived probability of
detection from one of the months during the first year of
study, and for two of the derived monthly probabilites
of detection during the second year of the study. However,
in all instances, the across winter average population size of
elk successfully converged, so inference for this parameter is
valid. After one monthly survey from the third year of the
study was removed, posterior predictive checks showed no
evidence of lack of fit (Gelman et al. 2014) for all years.

Model comparisons

We compared our method with three additional models of
abundance that are commonly used for open populations. Ide-
ally, we could obtain the abundance of this population with-
out using mark–recapture data for cost-effective future
ground surveys. We considered the Dail-Madsen (DM) model
because it was developed for unmarked open populations, but
with our survey design we could only specify 10 replicate sites
using the road transects, which is an inadequate number of
spatial replicates for this model. A small number of survey
sites is often the case in ecological data, which is why our
model is an improvement on the DMmodel. Nevertheless, we
used the DM model to obtain posterior distributions of the
average number of individuals in the combined survey region
(RMNP and EP) for each year, using the 10 road transects
and 15 surveys of counts from each winter.
The Jolly-Seber multi-state approach for estimating abun-

dance of marked open populations provides a suite of possi-
ble estimators for abundance using the mark–recapture
telemetry data, including the Arnason-Schwartz model and
it’s variants (Jolly 1965, Seber and Manly 1985, Schwarz
and Arnason 1996, K�ery and Schaub 2011). We obtained
results with the multi-state Jolly-Seber approach by approxi-
mating distributions of abundances across winter for each
year separately using the Bayesian restricted dynamic occu-
pancy parameterization (Royle and Dorazio 2008, K�ery and
Schaub 2011). This parameterization provides the same “su-
perpopulation” sizes as the Arnason-Schwartz model, but is
computationally much faster (K�ery and Schaub 2011). The
Jolly-Seber approach depends on numerous assumptions,
including random initial captures, that could be violated in
our survey. However, failing to meet assumptions of the JS
models is quite common and demonstrates the flexibility of
our approach.
We then developed a mark–recapture N-mixture model

very similar to Pollock’s robust design in a Bayesian frame-
work (Pollock 1982, Kendall et al. 1997), without adjusting
the number of marked individuals using the state-space
model of telemetry data. We specified a primary sampling
period for each of the five months of winter, in which tem-
porary emigration was permitted. We assumed closure
within the ground survey weeks (secondary samples) where
we used three repeated count surveys and used the propor-
tion of resighted marks to the total number of marks for the
detection probability. We did not correct the number of
marks available for sampling using the auxiliary telemetry
data. All of these models were approximated using MCMC
and standard diagnostics indicated convergence of all poste-
rior distributions (Data S2).
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RESULTS

The estimated population sizes in RMNP and EP were
substantially lower than the historical estimates of over-
abundant elk on the winter range (Hess 1993, Lubow et al.
2002, Ketz et al. 2016; Fig. 2 and Table 2). The median of
the posterior distribution of the population size in the study
area as a whole ranged from a low of 488 individuals in 2012
with an equal-tailed Bayesian credible interval (BCI = 462,
515), to a high in 2014, with a median of 825, (BCI = 747,
918) individuals (Table 2 and Fig. 2).
The number of elk that used RMNP more than doubled

between 2012 and 2013, from 171 (BCI = 158, 187) to 422
(BCI = 372, 478) individuals. Increases in the population on
this time scale were more likely to result from the fluid con-
nectivity of the sub herds that also use other areas, such as
EP or the foothills during the winter than from increased
recruitment of the same animals within RMNP. These
results highlight the fact that movement between RMNP,
EP, and the foothills is an important process that must be
accounted for during abundance estimation.
Posterior distributions of the process model parameters

were generated for each year of the study separately, and
showed little influence from the prior distributions because
the posteriors differed from the priors (Appendix S4). Results
were identical when a completely flat prior was used
(l � gamma(0.01, 0.01)) compared to when a minimally
informative prior was (l � gamma(3, 0.01)) (Appendix S4)
for one year of the study. For populations that may be rare,
or where little prior information is known, a flat prior could
be used and will only result in slower convergence of MCMC
chains. The weekly survival probabilities were transformed
into annual estimates of survival, using the transformation
/T (Noon and Sauer 1992), where Twas the number of weeks
of winter telemetry observations within each year. Median
annual survival probabilities increased during the first four
years of the study, and decreased during the last year
(Table 3).
Movement probabilities were consistent among all years

and had a similar trend within years (Appendix S4). For
example, in 2015, collared individuals that were in RMNP
were more likely to remain (median p11 = 0.88 [BCI = 0.86,
0.9]) than they were to leave (median 1 � p11 = 0.12
[BCI = 0.1, 0.14]). Similarly, the median probability that a
collared individual that was in EP at time t (p22), would stay
was 0.85 (BCI = 0.83, 0.88). Although collared individuals
were more likely to remain in their location based on these
transition probabilities, movement between these areas, as
well as outside of the study region was occurring because
the mass of probability (>0.999) in the posterior distribu-
tions of movement parameters (p) did not include 1.
The probability of detecting a collared individual (ps)

decreased throughout the years of the study (Appendix S4:
Table S1). Low probabilities of detecting the marked indi-
viduals (ps) justifies the use of the state space approach for
modeling telemetry data, where missing data are treated as
unknown parameters and the posterior distributions of the
true locations can be approximated. After an individual was
detected, information about the location of that individual
was likely obtained with posterior median detection proba-
bilities pd = pv = 1.
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FIG. 2. The median number of elk using Rocky Mountain
National Park, lRMNP (circles), and in the town of Estes Park, lEP
(triangles), shows the population during five winters. The 95% Baye-
sian credible intervals for RMNP (dark gray) and EP (light gray)
are the shaded regions.

We found an inverse relationship between herd size and
collar detectability, such that the probability of missing marks
within a sighted group decreased by �0.0099, (SD = 0.0041)
as herd size increased with each additional elk (Appendix S3:
Fig. S1). The observed proportions of collared elk accurately
detected during ground counts in both RMNP and EP show
high variability in sightability, ranging from 0.13 to 1.0.
Summary statistics of the posterior distributions for the

average number of elk in the winter range of the Estes Valley
showed the altered inference that occurred when different
models and different data of the same population were used
(Table 4). The Jolly-Seber model, which only considered

TABLE 2. Five years of the average number of elk on the winter
range from 2011 through 2015 for RMNP (lRMNP), EP (lEP),
and the Estes Valley as a whole (lVAL).

Parameter (year) Mean Median SD 0.025 0.975

lRMNP

2011 321 321 15.1 293 352
2012 171 171 7.2 158 187
2013 423 422 27.1 372 478
2014 420 418 42.1 344 508
2015 244 238 28.3 207 319

lEP
2011 222 222 7.7 207 238
2012 317 317 11.4 295 339
2013 306 306 13.9 280 334
2014 407 406 14.3 380 436
2015 379 379 16.4 348 412

lVAL

2011 544 543 16.9 511 577
2012 488 488 13.5 462 515
2013 729 729 29.0 674 788
2014 827 825 43.7 747 918
2015 623 619 32.2 573 702

Note: The right two columns represent the 0.025 and 0.975 quantiles
of the marginal posterior distributions of the estimated parameters.
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Model (year) Mean Median SD 0.025 0.97

LP-move
2011 544 543 16.94 511 57
2012 488 488 13.50 462 51
2013 729 729 29.01 674 78
2014 827 825 43.71 747 91
2015 623 619 32.17 573 70

DM
2011 9,049 9,045 266.19 8,544 9,58
2012 9,223 9,218 255.37 8,740 9,73
2013 8,477 8,472 249.63 8,007 8,97
2014 8,842 8,837 249.48 8,371 9,34
2015 8,599 8,594 251.92 8,124 9,10

Robust
2011 1,378 1,378 20.72 1,338 1,41
2012 2,832 2,832 37.37 2,760 2,90
2013 2,708 2,708 40.09 2,631 2,78
2014 3,067 3,067 39.29 2,991 3,14
2015 2,741 2,741 38.33 2,667 2,81

JS
2011 79 79 0.93 78 8
2012 139 139 1.61 137 14
2013 149 149 1.67 147 15
2014 140 139 2.34 136 14
2015 139 139 2.14 135 14

Note: The right two columns represent the equal-tailed Bayesia
95% credible intervals.

Year Mean Median SD 0.025 0.975

2011 0.866 0.871 0.047 0.763 0.943
2012 0.927 0.929 0.025 0.872 0.968
2013 0.927 0.929 0.021 0.880 0.963
2014 0.971 0.973 0.014 0.937 0.992
2015 0.961 0.964 0.017 0.922 0.987

Note: The right two column headings represent the 0.025 and
0.975 quantiles of the marginal posterior distributions.

abundance using the telemetry data, had the lowest mean
population sizes, with medians below the ground count pop-
ulation totals. The open population Dail-Madsen model
posterior means, using only the ground count data, were
nearly nine times greater than the Jolly-Seber model poste-
rior means. When observation error of the telemetry data
were ignored, the posterior means of the average overwinter
number of elk were more than three times greater than the
posterior means using the state-space model of movement
of the telemetry data.

DISCUSSION

We developed a Bayesian hierarchical model that exploited
multiple sources of data to estimate animal abundance when
scales of animal movement are greater than the fixed spatial
domain of management decisions. We illustrated the use of
our approach to obtain the average over-winter population
sizes of elk on the winter range of the Estes Valley during five
years of surveys (see Fig. 2 and Table 2). We used movement
data to improve inference for animal abundance within a
fixed study area and used auxiliary detection data to calibrate
missed resights. Abundance estimators typically only provide
information about the size of a population, however, our
model also provided inference for multiple demographic
population parameters that can be useful for management.
Movements of animals across management jurisdictions

pose challenges for estimating population sizes because the
scale of inference often fails to correspond to the scale at
which decisions are made. For example, movements can
occur on large geographic scales, such as the seasonal migra-
tion of elk from the alpine during summer to lower valleys
during winter (Hess 1993). Movements can also occur on
small geographic space and time scales, such as movements
among the conservation area of RMNP, the nearby town of
Estes Park, and the foothills, throughout winter. These smal-
ler scale movements can confound efforts to accurately esti-
mate population sizes because the number of individuals
using the managed areas varies. We explicitly modeled move-
ments with a Markovian process model coupled with a multi-
nomial data model of telemetry location data. Thus, we were
able to accurately estimate the number of marked individuals
available for sampling during any given survey. The move-
ment probabilities showed a consistent trend; elk were more
likely to remain in their location from one week to the next,
than to move to other areas. Nevertheless, study area bound-
ary movements were sufficiently occurring to necessitate
accounting for these small scale movements in the model.

Median annual survival probabilities during the later years
of this study (Table 3) resembled those of Brodie et al.
(2013), who estimated annual elk survival of 0.95 in elk popu-
lations without predators, and 0.94 in elk populations that
were not hunted. However, the low survival probability for
the first year, 0.87 (BCI = 0.76, 0.94) is similar to the esti-
mated survival probability in Monello et al. (2014) of 0.85
(BCI = 0.75,0.93), with overlapping credible intervals. The
low probability of survival is likely due to the fact that all of
the elk were captured and collared in RMNP, and a high pro-
portion of collared elk wintered in the park during that year.
The increase in annual survival for subsequent years may be
due to the inclusion of elk that were captured and collared
outside the park, inclusion of elk that wintered in areas other
than RMNP, and the greater elk population expanding into
new habitat use areas outside the park, where sources of mor-
tality differ and chronic wasting disease prevalence has been
found to be lower (B. Kraft, R. Monello, M. Miller, L. Wolfe,
unpublished data).
Elk aggregate into large herds during winter, particularly

for calf and cow groups. These large groups can prevent
observers from resighting marks, which in turn, can lead to
biased overestimates of the population size. We were able to
calibrate the resighted marks using auxiliary telemetry data
collected during ground census and adjusting for imperfect
detection of resights. Ideally, these auxiliary data could be
collected throughout the study, but we were only able to

TABLE 3. Annual survival (/T) estimates derived from a constant
weekly survival estimated from the weekly telemetry data.

TABLE 4. Summary statistics of the posterior distributions of the
average overwinter population sizes (lVAL) of elk in Rocky
Mountain National Park and Estes Park for 2011 to 2015 using
multiple models, including the open population Lincoln-Peterson
style model described above (LP-move), the Dail-Madsen model
(DM), the model similar to Pollock’s robust design (Robust), and
the Jolly-Seber model (JS).
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collect these observations during a small fraction of ground collars deployed by the National Park Service. Additionally,
surveys and then applied the results to all of the surveys the telemetry data were based on collars deployed only on
across all years. In some cases, we might be overcompensating adult female elk. We applied the estimates of the probability
for missed resights, as reflected in the high probabilities of of detection in the abundance estimator to data consisting
detection within the N-mixture model during some of the of all sex and stage classes. This is a realistic assumption for
winter survey weeks, which then led to convergence problems juveniles and yearling males, because juveniles, yearling
in the MCMC samplers. The average population sizes across males, and adult females aggregate into large herds during
all winter months were not sensitive to this over-compensa- winter. Adult males form separate groups and typically have
tion because the estimates borrowed strength from the lower probabilities of detection. Because adult males com-
repeated surveys and hierarchical structure of the model prise a relatively small proportion of the overall population
(Hobbs and Hooten 2015). We obtained population sizes that uses RMNP and EP, assuming a constant probability of
during each month of winter, however, given the convergence detection for all classes is unlikely to have a substantial
diagnostics, we suggest caution interpreting these statistics. influence on overall population size predictions.
We assumed that the probability of detection was constant Elk population sizes in RMNP varied throughout the years

among all collared elk, despite the fact that brightly colored of the study (Fig. 3). This variation could result from variable
collars deployed by Colorado Parks and Wildlife were more snow depth, moisture regimes (there were drought conditions
readily visible to ground count volunteers than the brown through 2013), forage conditions, development in the town of
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FIG. 3. The median number of elk using Rocky Mountain National Park throughout winter (circles), and in the town of Estes Park (tri-
angles), shows the population during five seasons. The 95% Bayesian credible intervals for RMNP (dark gray) and EP (light gray) are the
shaded regions. The lines with small dashes represent the across winter averages in RMNP, lRMNP, while the lines with large dashes represent
the across winter averages of elk in EP, lEP.
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Estes Park, and increased fenced areas in the park winter
range. The estimated number of elk in the Estes Valley, Color-
ado was much lower than historical estimates (Lubow et al.
2002), due to several reasons including a population reduction
prescribed in the elk and vegetation management plan
(National Park Service 2007) and a subsequent increase in the
number of elk that winter outside of the Estes Valley in the
foothills. The population of elk in RMNP was lowest during
the second season of the study, during the 2012–2013 winter,
with the median of the marginal posterior of lRMNP = 171
(BCI = 158, 187). This estimate was lower than a suggested
minimum limit of 200 elk as described by recent ecosystem
models developed for the winter range (National Park Service
2007). Subsequent increases were likely due to a larger num-
ber of elk remaining in the Estes Valley and RMNP during
winter, vs. going to the foothills, rather than resulting from
greater survival or recruitment.
Aerial surveys were used to census the elk in RMNP annu-

ally from 1994 to 2014. These surveys were expensive, danger-
ous, and required staff to be constantly available throughout
winter to exploit rare periods of weather suitable for flying.
Expense and limited opportunity for flying prevented multiple
samples so that during most years, only a single survey was
made. Overwinter variability in population size was necessar-
ily ignored during these years. Ground based census methods,
consisting of monthly counts throughout winter, permitted
estimates of sampling variation. However, ground surveys
had their own set of limitations, such as the restriction of
observations to occur close to accessible roads, and difficulty
in properly training volunteers. The National Park Service
repeated samples to minimize the impact of these potential
problems. Annual aerial surveys that were corrected using a
sightability model (Lubow 2015, unpublished report) were

similar to the medians of the posterior distributions of popu-
lation sizes based on the N-mixture model used here (Fig. 4).
Multiple models showed unrealistic results of the overwin-

ter means of abundance across the years of the study
(Table 4). The Dail-Madsen model led to posterior means
that were unrealistically high, and the Jolly-Seber model
led to posterior means that were unrealistically low. Not
accounting for temporary emigration, observation error of
the telemetry data, and observation error of the resighted
marks also led to unrealistically high mean abundance.
While population sizes obtained using alternative models
and different data are naturally expected to differ, the sub-
stantial variability in posterior means was surprising, and
shows the difficulty of implementation of ground based
methods for surveys of large mobile wildlife species.
Using a Bayesian approach enabled us to address sources

of uncertainty in both the ecological processes as well as
measurement error. We were able to bring together multiple
commonly collected data sources, and account for their cor-
responding variability. Our approach is particularly useful
for supporting estimates of abundance of mobile animals
that move in and out of conservation areas.
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Overview

The purpose of this document is to provide a step-by-step guide to analysis for obtaining the overall abundance of elk in
Rocky Mountain National Park, and then using that abundance estimate within the forecasting model described in Ketz et
al, 2016.

Formatting ground count data

1. Open ROMO ground count data file
2. Run the following macro, to replace the transect names so that they are a single name with no spaces. Better yet, in

future surveys, replace the transect names so that they are lowercase, single names with no symbols including - or #.

Sub find_replace_transect_names()
'
' find_replace_transect_names Macro
' Finding transect name, replacing with simpler name
'
Dim ws As Worksheet

For Each ws In Sheets
ws.Activate
Cells.Replace What:="ROMO #1,2 - Horseshoe/Macgregor/Mcgraw", Replacement:="horseshoe", LookAt:=xlPart, MatchCase:=Fal
Cells.Replace What:="ROMO #3 Beaver Meadows", Replacement:="beaver", LookAt:=xlPart, MatchCase:=False
Cells.Replace What:="ROMO # 4,5 Moraine Park-Glacier Basin", Replacement:="moraine", LookAt:=xlPart, MatchCase:=False
Cells.Replace What:="EP #1 Devil's Gulch", Replacement:="devilsgulch", LookAt:=xlPart, MatchCase:=False
Cells.Replace What:="EP #2 Fall River", Replacement:="fallriver", LookAt:=xlPart, MatchCase:=False
Cells.Replace What:="EP #3 YMCA - Windcliff", Replacement:="ymca", LookAt:=xlPart, MatchCase:=False
Cells.Replace What:="EP #4 Mary's Lake", Replacement:="maryslake", LookAt:=xlPart, MatchCase:=False
Cells.Replace What:="EP #5 Golf Course/ Fish Creek", Replacement:="fishcreek", LookAt:=xlPart, MatchCase:=False
Cells.Replace What:="EP #6 Town/Hospital", Replacement:="hospital", LookAt:=xlPart, MatchCase:=False
Cells.Replace What:="EP #7 Meadowdale", Replacement:="meadowdale", LookAt:=xlPart, MatchCase:=False

Next ws
End Sub
Sub find_replace_transect_names_v2()
Dim ws As Worksheet

se
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For Each ws In Sheets
ws.Activate
Cells.Replace What:="EP #7 Meadowvale", Replacement:="meadowdale", LookAt:=xlPart, MatchCase:=False

Next ws
End Sub

3. Formatting (the tedious part)

• The comma’s separating the identified collars messes up the csv format. These cells must be cleared. Go by hand and
clear all the cells in columns K,M,O, and Q.

• Similarly, the symbols in columns for the comments also mess with things, so go through each sheet and clear the cells
in columns T-W.

4. Save each of the sheets within the excel spreadsheet into separate .csv files. The names of these csv files should be
the date of the survey and have the following format: 2016-10-18.csv, which represents four digit year, two digit
month, and two digit day yyyy-mm-dd.csv. It is important to save these csv’s as windows formatted CSV and NOT
the common format CSV. There is some weird default formatting that will happen if you use the common csv format.
A few of the sheets had some extra lines within the formatting, so it’s worth double checking by hand.

5. In the same file folder as all of the csv’s, there needs to be two shell script files. These script files contain bash code.

• One file is for extracting the ground count totals. This file is called script_ground_2016.sh. The script within this
file is as follows. For future years, just change the year prefix for the txt file on the second line of the script.

for i in $(ls *.csv)
do grep "TOTAL OBSERVED" $i | sed "s/^/${i:0:10},/" >> "2016_ground.txt"
done

• The other file is for extracting the group count totals within each transect. This file is called script_transect_2016.sh.
The script within this file is as follows. For future years, just change the year prefix for the txt file on the second line
of the script.

for i in $(ls *.csv)
do grep ',E[0-9]' $i | sed "s/^/${i:0:10},/" >> "2016_transect.txt"

done

6. Open the Terminal application
7. Change the directory to the file folder containing the csv’s and the shell scripts. Hint use the command cd
8. Run the Bash shell scripts using the command ./script_ground_2016.sh and ./script_transect_2016.sh
9. There should be two new files within the folder, one of them is called 2016_ground.txt. The file other is called

2016_transect.txt.
10. It is helpful to load these files into R right away to double check that they are readable/usable. To do this double

checkking, execute the code

#set working directory to the file folder where you stored the ground count csv's
setwd("/Users/alison/Documents/Elk/Data/ROMO_groundcounts/ROMO_groundcounts_2016_2017/2016-2017")
read.table("2016_ground.txt",sep=",",header = FALSE)
read.table("2016_transect.txt",sep=",",header = FALSE)

Errors that appear usually take the form of “Error in scan(file, what, nmax, sep, dec, quote, skip, nlines, na.strings, : line
2084 did not have 20 elements”. This typically corresponds to a special character in one of the columns mentioned in the
columns listed in step (3). There are 2 ways to approach debugging these errors. First, delete the files 2016_ground.txt
and 2016_transect.txt, and then go through the csv’s to double check if there are any weird characters. Next, redo steps
6-10. After this round, you can usually fix any additional errors by going into the txt files and altering by hand if needed if
you suspect it’s only 1 or 2 changes.
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Formatting telemetry data

1. Obtain telemetry data from Scott Ratchford. Colorado Parks and Wildlife are no longer collecting telemetry, so you
only need to process the National Park Service telemetry data. This file will contain dates in the name and be named
something similar to “Collar locations 11May2016-17May2017.xlsx”. I like to duplicate files that I work with and retain
the original.

• Delete “re-sighting” from the Jth Column header, so that it just reads “Agency”
• Save this excel document as a CSV

2. Open Telemetry_processing.mxd file in ArcGIS.

3. Add the new telemetry data

4. Set X and Y to GPS Easting and GPS Northing, set Geographic coordinate system to WGS 1984

5. Create a shapefile and add to the map.

6. Project the shapefile to NAD83 zone 13N and add to the map.

7. Right click on shapefile to view the table. Add a field called Location

8. Start “Editing” session for the NAD83 telemetry shapefile

9. Select by location, selecting the intersection of the new telemetry shapefile and RMNP shapefile

10. View only selected features

11. Right click on selected files on the Location column, and select “Field Calculator”

12. Enter 1 into the large text box where it says Location = .

13. Deselect features

14. Select by location again, but use 2nd source as town.

15. View only selected features.

16. Right click on selected files on the Location column and select “Field Calculator”.

17. Enter 2 into the large text box where it says Location = .

18. Deselect Features

19. Select by location a third time, but use boundary_area shapefile as source. Apply a search distance of 200 m.

20. View only slected features

21. Right click on selected features on Location column and select Field Calculator

22. In the large box where it says Location = enter 3.

23. Save Edits

24. Stop Editing

25. Search for xls and open the table to excel conversion tool. Export data to excel spreadsheet.

26. Save .mxd file overall and Exit ArcGIS

27. Open the excel spreadsheet. Delete FID and Comments columns. Sort by Location. Change numerical output so
that 1’s are park. 2’s are town. 3’s are boundary. Empty spaces are out. Use lowercase. In the boundary cases, the
LocationCo column is denoted ROMO and the LoctionMe is denoted Visual, then set location to park. Similarly if the
LocationCo is E.P. and the LocationMe is visual, then set to town. There are usually not many of these cases, and it
helps to sort by both Location and then LocationCo.
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28. Double check that all of the ElkNumber id’s are correct. There are frequently problems with this. Sort by the
ElkNumber column. If there are zero’s these ElkNumber’s need to be found by checking previous year telemetry data
spreadsheet and using CollarID. The ElkNumber is what is used in the analysis, so it is important that these are correct.
Use the most recent CollarID number that is available, because sometimes the CollarID number can change, but the
ElkNumber does not. Save changes

29. Save as .CSV file, close file.

30. Open the .CSV file

31. Select the Date column and format cells to the format 03/14/15 which is the mm/dd/yy format.

32. Sort the spreadsheet by date.

33. Remove all telemetry data before 10/1 and after 3/31.

34. Save.

Altering and running Z calibration code

1. Ensure the following packages are installed.

library(rjags)
library(lubridate)
library(graphics)
library(dclone)
library(coda)
library(xtable)
library(scales)
library(doParallel)

2. Open the file z_calibration_allyrs.R
3. Line 21 and 27 - Change the file path working directory on lines 21 and 27 as needed
4. Copy and paste the transect count 2016_transect.txt file into thez_calibration_allyrs folder. Make separate files

including part 1 and part 2, in which part 2 begins with the November surveys.
5. Lines 540-640. Must be copied and pasted after the last year_transect. Everything is post scripted with .yr5. I use the

program sublime as my text editor, which allows the find all within a selection to change the yr6 to yr7 or whatever
you need. This copying and pasting will add 100 lines to the text, and so going forward this may be hard to follow.

6. Within the model statement, you have to add in the latest year by hand. Add the following code, but alter the postscript
.yr6 to .yr7 as needed.

# ###
# ### yr6
# ###

for(j in 1:length(n.park.obs.yr6)){
z.park.yr6[j] <- m.park.obs.yr6[j]/ilogit(beta0 +beta1*n.park.obs.yr6[j])

}

for(j in 1:length(n.town.obs.yr6)){
z.town.yr6[j] <- m.town.obs.yr6[j]/ilogit(beta0 +beta1*n.town.obs.yr6[j])

}

for(i in 1:length(start.day.indx.park.yr6)){
z.park.day.yr6[i] <- sum(z.park.yr6[start.day.indx.park.yr6[i]:end.day.indx.park.yr6[i]])
n.park.day.yr6[i] <- sum(n.park.obs.yr6[start.day.indx.park.yr6[i]:end.day.indx.park.yr6[i]])

}
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for(i in 1:length(start.day.indx.town.yr6)){
z.town.day.yr6[i] <- sum(z.town.yr6[start.day.indx.town.yr6[i]:end.day.indx.town.yr6[i]])
n.town.day.yr6[i] <- sum(n.town.obs.yr6[start.day.indx.town.yr6[i]:end.day.indx.town.yr6[i]])

}

for(i in 1:length(week.indx.start.yr6)){
zpark.yr6[i] <- max(z.park.day.yr6[week.indx.start.yr6[i]:week.indx.p.end.yr6[i]])
ztown.yr6[i] <- max(z.town.day.yr6[week.indx.start.yr6[i]:week.indx.end.yr6[i]])
n.park.yr6[i] <- mean(n.park.day.yr6[week.indx.start.yr6[i]:week.indx.p.end.yr6[i]])
n.town.yr6[i] <- mean(n.town.day.yr6[week.indx.start.yr6[i]:week.indx.end.yr6[i]])

}

6. Add latest year information to the datalist for feeding into jags, and change .yr6 to whatever you need:

m.park.obs.yr6=dwk.park.yr6$collars,
n.park.obs.yr6=dwk.park.yr6$totalcount,
m.town.obs.yr6=dwk.town.yr6$collars,
n.town.obs.yr6=dwk.town.yr6$totalcount,
start.day.indx.park.yr6=start.day.indx.park.yr6,
start.day.indx.town.yr6=start.day.indx.town.yr6,
end.day.indx.park.yr6=end.day.indx.park.yr6,
end.day.indx.town.yr6=end.day.indx.town.yr6,
week.indx.start.yr6=week.indx.start.yr6,
week.indx.end.yr6=week.indx.end.yr6,
week.indx.p.end.yr6=week.indx.p.end.yr6

7. Run model and data statements, and execute code through saving the betas.
8. Saving the Z’s is tricky, because all of the indexes change when you add years, which is why these are hard coded,

unfortunately. Go through these by hand to ensure the proper indexes. Takes about 10 boring minutes.
9. You can plot results if you want, but really, these are for the priors on the Z’s in the main model. - - -

Altering and running R code

1. Open the R document LP_2016_2017.R in R or Rstudio and rename for current bioyear. There are several lines should
be altered to run the code. I think it is helpful to run all of the code up to and including each change, to double check
that it works and debug if there’s any problems.

2. Line 21 - change the root folder file path.
3. Line 22 - change the file path to set the working directory.
4. Line 58 - change the file path and the file name to load the ground count data. For this year, it’s 2016_ground.txt
5. Line 63 - Note that ground counts in October and April have been conducted, however, this elevates the overwinter

average number of elk. If there is a question of what is the population size using the park during those months, than
the analysis could easily be run including that data. However, to stay consistent with previous years, I omit those
observations within R (not within excel).

• Good idea to double check these index for row on this line. They should work as long as there are 3 surveys in each
month including October.

6. Line 67 - change the year. Year 6 = 2016 to 2017 bioyear.

7. Line 111 - Change Z_yr6.Rdata to latest year

8. Lines 113-116 - Change the yr post script to latest year. in the current case it should say Z_yr6

9. Line 124 - Change the working directory as needed to access the telemetry data

10. Line 130 - Change the file name to the current name of the telemetry data extracted from ArcGis. i.e.
NPS_telemetry_2016_2017.csv
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11. Run all code through line 321. This takes awhile. Change Line 321 from Y6.true to whatever you need. This duplicate
is actually helpful when running and saving things, because it prevents having to run the Y sorting more than once.

12. Line 357 - change this to Y6.true. This is part of the doubling to reduce reloading the data.

13. Run remainder of code. This includes model checks, table outputs of results, and plots of results.

14. Record the mean and standard deviation overwinter population size in the park (µpark) into the excel spreadsheet of
the data RMNP_Data_2017.csv, although it is best to alter the date in the file name. After running all the code, run
the following to access the output. This will print all of the summary statistics for the population size parameters for
the park, town, and valley as a whole.

pop_size_sum

Applying detection to classification data

1. Within the folder Ground_count_detection, open the file Ground_count_detection.R
2. Adjust the working directory as needed on lines 12 and 19.
3. Copy and paste LP_v9.Rdata from the Rcode folder into the param_result folder and add current year _yr6 to the

name of this Rdata file.
4. Add the latest year block to load the result from the LP model, roughly line 160.
5. Add the latest year to the p.park.mns and p.town.mns results.
6. Add the latest year to p.park.vec and p.town.vec to compute the grand means.
7. Plot detection probability results, changing the year
8. Load year_ground.txt file. Change file path if needed, same as line 347.
9. Run all code and fill in the park.cat.yr_ into the classifications in the csv file of the RMNP historical dataset.

Insert model results into RMNP historical dataset

1. Copy the last row of the data set in to the follow row, and update the year.

2. Put the median of the posterior distribution of the population total from the LP model into the estimate column cell
for the observation year. Put the standard deviation of this posterior into the se column cell.

3. Put the rounded estimates of the classfication into respective the classification columns.

4. Obtain hunting data from CPW. The hunting data should consist of classifications of Adult/yearling females,
Adult/yearling males, and juveniles, along with standard errors of those estimates. The hunting data for this latest
observation year should be put into the file called RMNP_Data_2017.csv, and is found in the Data folder.

5. Copy these hunting data onto the three lines following the current year for making the forecasts.

Running R code of forecasting model

1. Make a duplicate copy of the file folder 2017_RMNP_model. Then Update the year label for the file folder
2017_RMNP_model and 2017_RMNP_model_v9, and the files: Call_Elk_2017_v9.R, and ELK_2017_JAGS_v9R. Delete
all other files from the folder.

2. Update the root and working directory folders lines 30 and 36
3. Run all lines of code, this produces plots of results as well. - - -
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Wrap-up

This is the long winded step-by-step guide to running all the elk analysis from start to finish, including the Lincoln-Petersen.
I’ve done my best to not hard-code things, but for some of these analyses with multiple years, it is hard to not use a year
label. I recommend using a program that enables searching within a selected block of code, which is easy with sublime or
emacs in order to add additonal years and changing the corresponding text.
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Abstract

1. Ecologists use classifications of individuals in categories to understand composition

of populations and communities. These categories might be defined by demographics, func-

tional traits, or species. Assignment of categories is often imperfect, but frequently treated

as observations without error. When individuals are observed but not classified, these ”par-

tial” observations must be modified to include the missing data mechanism to avoid spurious

inference.

2. We developed two hierarchical Bayesian models to overcome the assumption of perfect as-

signment to mutually exclusive categories in the multinomial distribution of categorical counts,

when classifications are missing. These models incorporate auxiliary information to adjust the

posterior distributions of the proportions of membership in categories.

3.We performed a simulation to show the bias that occurs when partial observations were

ignored and demonstrated the altered inference for estimation of demographic ratios. We ap-

plied our models to demographic classifications of elk (Cervus elasis nelsoni) to demonstrate

improved inference for the proportions of sex and stage classes.

4. We developed multiple modeling approaches using a generalizable nested multinomial

structure to account for partially observed data that were missing not at random for classi-

fication counts. Accounting for classification uncertainty is important to accurately understand

the composition of populations and communities in ecological studies.

Key Words: Hierarchical Bayesian Statistics; Cervus elaphus nelsoni; Proportion Estimation;

Elk; Sex Ratio; Classification Data; Multinomial Distribution; Demographic ratio; Missing not at

random data; Wildlife Management
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1 Introduction
Understanding the composition of populations and communties forms an essential challenge in

ecological research. Investigators estimate composition from counts of individuals in categories.

Classifications are rarely perfect, creating a need to deal with the unceratinty that arises because

only some individuals are counted and cannot be classified. For example, classification data de-

scribing the demographic composition of populations are frequently collected during ecological

surveys. Physical characteristics, such as differences in color, size, alternative plumage (Rohwer,

1975), and presence or absence of features such as antlers in ungulates (Smith & McDonald, 2002),

etc., are used to differentiate ages, stages or sex categories. Behavioral differences, including

sexual segregation (Bowyer, 2004; Gregory et al., 2009) and alternative auditory song patterns

(Volodin et al., 2015), are another method used to classify individuals. These data are used to es-

timate demographic parameters and statistics important for conservation, monitoring, and wildlife

management. Examples include sex ratios (Bender, 2006), and stage or age survival probabilities

in marked populations (Challenger & Schwarz, 2009; Kendall, 2004). Models depend upon the

assumption of perfectly observed mutually exclusive classifications (Agresti, 2002), which is often

unrealistic.

Many species exhibit classification ambiguity, which means that animals may be counted, but

cannot be positively classified. As a result, classification data almost always include a category for

counts of unclassified individuals. Handling these unknowns has been demonstrably problematic

in surveys of aquatic(Sequeira et al., 2016; Tsai et al., 2015; Cailliet, 2015), terrestrial (Boulanger

et al., 2011; White et al., 2001), and aerial (Nadal et al., 2016; Cunningham et al., 2016) species.

Classification uncertainty has multiple causes, including physical and behavioral ambiguities, ob-

server skill level, and sampling effort (time). Volunteer participants in ecological surveys are used

with increasing frequency (Swanson et al., 2015; Silvertown, 2009). The skill level of an observer

can be difficult, if not impossible to assess, mostly because numerous factors can influence ob-

servational ability including environmental variability such as weather, methodological variability

such as using scopes or the naked eye, and even the behavior of the surveyed individuals or groups

3



themselves can alter the reliability of classification data. These uncertainties can be mitigated by

using only skilled observers or by specialized training, however, even experts can be unable to

completely classify (Conn et al., 2013; Smith & McDonald, 2002).

Conn et al. (2013) describe three general types of observation problems for classification data,

including misclassification, partial observation, or both. Misclassification occurs when individuals

are assigned to the wrong category, a problem that is addressed with calibration studies and will

not be treated here. In the case of partial observation, individuals are only assigned a category

when the observers are certain and the remainder are assigned to an ‘unknown’ category. Partial

observations are a form of missing data and can occur for species identification that lead to errors

in species composition, as well as for stages or ages of a single species when the age distribution

in wildlife populations are not known (Conn & Diefenbach, 2007).

The three types of missing data patterns include missing completely at random (MCAR), miss-

ing at random (MAR), and missing not at random (MNAR) (Little & Rubin, 2002). Inference

depends upon the missing data mechanism, and how it is accounted for in the model (Nakagawa

& Freckleton, 2008). If the data are missing completely at random, the missing data mechanism

has no influence on the outcome of the observations, and can therefore be ignored (Little & Rubin,

2002). However, the distribution of individuals within a population do not arise strictly randomly

(Krause et al., 2007). Treating the data that arise from observations of these systems as completely

random leads to spurious inference of population trends.

There are several approaches for handling missing data, including ignoring the missing data,

data augmentation, and data imputation (Nakagawa & Freckleton, 2008). Bayesian models for

missing data in a multinomial framework (Agresti & Hitchcock, 2005) have been used extensively

in social and health sciences for dealing with non-ignorable, nonresponse data where individuals

may omit answers to some questions or drop out of the study altogether (Kadane, 1985; Nandram

& Choi, 2010). These existing methods rely on auxiliary data, such as answers to questions in

surveys before drop-out, that can be used as covariates to account for the missing data. However, in

ecology, these data are not necessarily available or relevant, necessitating an alternative approach.
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We use the multinomial distribution to model classification counts and alter the model structure

to account for the missing data mechanism. Weak identifiability of the parameters is a fundamental

problem for the multinomial distribution and is amplified by flat priors used for the proportions of

each level, as is common practice when using the conjugate Dirichlet distribution (Swartz et al.,

2004). Introducing additional parameters to account for the non-ignorable partial observations can

exacerbate these identifiability problems, therefore, auxiliary data should be used if possible (Conn

& Diefenbach, 2007). We developed two approaches for handling partially observed MNAR data

by explicitly modeling how the missing data observation process is influencing the observation

process. We urge ecologists to incorporate their knowledge of the system into models (Hobbs

& Hooten, 2015), even if auxiliary data are unavailable or difficult to obtain, to account for the

species or stages that are observed and not classified because of uncertainty.

We used simulation to demonstrate the bias that occurred when the missing data mechanism

was ignored for partial observations and how this influenced standard metrics of populations in-

cluding demographic ratios (Skalski et al., 2005). Fully observed classifications of ungulates can

be difficult to obtain because physical characteristics of the stages of females can be hard to iden-

tify. We used the models developed here to obtain the posterior distributions of the ratios of juve-

niles to adult and yearling females, and the ratios of adult and yearling males to adult and yearling

females for elk (Cervus elaphis nelsoni) in Rocky Mountain National Park and Estes Park, CO

across five winters.

2 Materials and Methods

2.1 Data collection and description

Five years of elk classification data were collected during ground transect surveys on the winter

range of Rocky Mountain National Park and in the town of Estes Park, Colorado from 2012-2016.

Fifteen independent repeated surveys occurred throughout winter during each year (except twelve

surveys the first year). Surveys were executed using volunteer observers who drove road transects

and recorded counts of groups that were seen along the transect routes. In addition to overall
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counts of sighted groups, observers classified individuals into four sex and stage classes consisting

of juveniles, yearling males, adult males and adult females, as well as an additional group of

unknown sex or stage.

There was substantial variation among volunteers in their ability to classify elk accurately and

completely. The unknown classification data were particularly noticeable for the largest groups.

Juvenile, yearling and adult female elk in the Rocky mountains are known aggregate into large

herds in the low-lying valleys of their ranges during winter. Even for groups that are classified,

there was a high level of uncertainty because it can be very difficult to differentiate stages of

individuals without the visual cue of antlers. Smith & McDonald (2002) estimated the average

discrepancies of classifications for antler-less elk, consisting of juveniles, yearling and adult fe-

males to be 14%, even for skilled observers, demonstrating the difficulty of obtaining complete

and reliable classification observations.

2.2 Model development

We provide two approaches for modeling the data that properly account for uncertainty arising

from the unknown classification category. We modeled the classification count data (yt,i) in J = 4

mutually exclusive categories, along with an additional category of unclassified individuals (zt,i),

during i = 1, ..., It surveys within t = 1, ..., T years (T = 5). The likelihood for the data model of

these counts was equivalent for both models, and different auxiliary data approaches were used for

handling the unclassified counts. In the first model, we used a subset of the classification data from

a year of the study to inform the distribution of un-classifieds the following year. In the second

model, we used a small subset of the classifieds to inform the distribution of the un-classifieds

within the same year and excluded that subset from the original classification data.

The classification counts were modeled with a multinomial distribution assuming constant pro-
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portions of each category across i = 1, ..., It surveys within t = 1, ..., T years, such that



y

z



t,i

∼ multinomial (Nt,i,pt) (1)

∑
where Nt,i =

J
j=1 yj,t,i+ zt,i is the total observed count of individuals. The vector of proportions

(pt) includes both the proportions for the j = 1, ..., J classes (πt) and the proportion of the unclas-

sified individuals, pz,t. The unclassified counts (zt,i) were modeled with a nested multinomial with
∑

proportions (ωt) describing the J classes and the constraint J
j=1 ωj,t = 1. Observed proportions

for each category when J = 4 are

pt =




π1,t − ω1,t × pz,t

π2,t − ω2,t × pz,t

π3,t − ω3,t × pz,t

π4,t − ω4,t × pz,t

pz,t




. (2)

A Dirichlet prior was specified using independent gamma distributions (Gelman et al., 2014), with

a uniform prior for the unknown category (Appendix S1). Additional data, such as environmental

covariates or observations to assess sampling effort and expertise of observers, were not collected

in our study system. These data are necessary to avoid identifiability problems for obtaining the

posterior distributions of ωt. Instead, we made two assumptions using knowledge of the species.

We assumed the population was distributed in groups and that the composition of the groups de-

pended on the sex/stages of the individuals within those groups.

Sexual segregation is common in vertebrate species (Ruckstuhl & Neuhaus, 2005), particularly

for ungulates (Bowyer, 2004), and leads to different compositions of assemblages. Juveniles, and

yearling and adult females aggregate into large herds during winter, with the occasional presence

of very few yearling and adult males. Conversely, yearling and adult male elk form segregated
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smaller herds or demonstrate solitary behavior (Bowyer, 2004). We assumed that unclassified

individuals were likely the result of difficult to distinguish juvenile, yearling and adult female

groups, although it should be noted that yearling and adult males are present in these large groups

in very small numbers.

We defined the subset of the data for the kth group within survey i of the tth year, (xt,i,k), based

on the criteria that the sum of the adult and yearling female elk was greater than the sum of the adult

and yearling male elk for groups with no unclassified observations (
∑2

j=1 yj,t,i,k >
∑4

j=3 yj,t,i,k).

Although this assumption is highly specific for our study system, our approach is easily altered

for other species, particularly because sexual segregation and sexual dimorphism are common

(Ruckstuhl & Neuhaus, 2005).

In the first model, we used an empirical Bayesian approach (Gelman et al., 2014), where all

subsetted classification data from year t (xt,i,k) were used to predict the posterior distribution

of the unknowns the following year (ωt+1). For the first year of the study, we defined a prior

for ω1 derived from moment matching proportions (Hobbs & Hooten, 2015) based on the mean

proportions from Peek & Lovaas (1968) for a winter range area heavily populated by juveniles and

adult female elk groups in Montana (ω1 ∼ Dirichlet(23, 71, 4, 2)). The empirical Bayes model for

unclassified data was

xt,i,k ∼ multinomial(
J∑

j=1

xj,t,i,k,ωt+1), (3)

for the kth group in the ith survey of the t = 2, ..., T year, with a flat prior (ωt+1 ∼ Dirichlet(1, 1, 1, 1)).

In the second model, we used an out-of-sample approach where a small random sample of the

subsetted auxiliary data, x∗
t,i,k, was used to predict the posterior distributions of the proportions

of each of the missing data classes ωt within that same year. The subsampled data were removed

from the overall data, such that y∗
t,i = yt,i −

∑Kt,i
k=1 x

∗
t,i,k, ensuring that the data were only used

once. Thus, the out-of-sample model with the nested model for unclassifieds was

y∗
t,i ∼ multinomial(N∗

t,i,pt), (4)
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x∗
t,i,k ∼ multinomial(

J∑

j=1

x∗j,t,i,k,ωt). (5)

For comparison, we modeled the classifications as missing completely at random (hereafter, trim),

ignoring the missing data in this third model (Appendix S1).

2.3 Model fitting

A simulation was conducted to test the ability of all models to find the posterior distributions of

known parameters. The marginal posterior distributions were approximated using Markov chain

Monte Carlo (MCMC) using the ‘dclone’ package (Sólymos, 2010) for parallelization of the JAGS

software (Plummer, 2014) in R (R Core Team, 2016). Each of the models were fit separately, using

3 chains consisting of 100,000 MCMC iterations and a burn-in of 25,000 iterations. Posterior

predictive checks indicated no lack of fit, and Gelman-Rubin diagnostics indicated convergence of

all posterior distributions (Gelman et al., 2014). We calculated the difference between the predicted

and true proportions of the simulated classes of adult and yearling females because this proportion

is used to calculate demographic ratios (Skalski et al., 2005). For each MCMC iteration, we

derived the difference between the predicted values and the true value that was used for generating

the data. The empirical Bayes model and the trim model were approximated with varying values

of the proportion of unclassified individuals, pz ∈ {0.1, ..., 0.7} to examine the influence of bias

when ignoring the proportion of unknowns. We then determined the influence of the out-of-sample

size on the width of the equal-tailed Bayesian credible intervals of the proportion of adult females

by repeatedly fitting the out-of-sample model for increasing sample sizes of auxiliary data x∗
t,i,k.

The posterior distributions of the proportions of elk in the four sex/stage classifications across

five years were approximated using all three models (empirical Bayes, out-of-sample, and trim).

We calculated the posterior distributions of the derived ratios of juveniles to adult and yearling

females, as well as the ratios of adult males to adult and yearling females. For the out-of-sample

model, we used a sample of 8 observations of the x∗
t,i,k within each year. The posterior distributions

were obtained with MCMC equivalent to the simulation.
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3 Results
Simulation results indicated that an increasing proportion of unclassified individuals (pz) am-

plified the bias of the proportion of yearling and adult females (Figure 1 A) when unknowns were

ignored. Derived from π2,t, both of the ratios of juveniles and adult males to adult and yearling

females were overestimated (Figures 1 B and C). The equal tailed 95% Bayesian credible interval

width decreased as the out-of-sample size increased, until approximately 8-10 samples, after which

very little change occurred for the credible interval width (Figure 2).

[Figure 1 about here.]

[Figure 2 about here.]

The medians of the marginal posterior distributions of the proportion of adult and yearling

females for elk in Rocky Mountain National Park, were similar for the empirical Bayes and out-

of-sample models, although differed substantially from the trim model (Table 1) for three of the

five years. The empirical Bayes and out-of-sample models had nearly completely overlapping

marginal posterior distributions of the ratios of juveniles to adult and yearling females throughout

the years (Figure 3 A) and for the ratio of adult males to adult and yearling females (Figure 3 B).

The posterior distributions for the ratios under both proposed models were substantially different

from the posterior distributions of the trim model.

[Table 1 about here.]

[Figure 3 about here.]

The posterior distributions for the proportions of adult and yearling females (π2) and proportions

of adult males (π4) across all years of the study demonstrated the altered inference that occurred

when the partial observations were accounted for in the model (Figure 4). For three of the years,

the posterior distributions of the proportion of adult males were nearly identical for the empirical

Bayes and out-of-sample models, but with no overlap of the trim model, suggesting that the bias

that occurs when ignoring the unclassified data greatly alters inference.
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[Figure 4 about here.]

4 Discussion
Properly estimating the composition of populations and communities using counts of individ-

uals assigned to categories forms a frequent challenge in ecological research. For example, de-

mographic and population models routinely use classification data for model fitting (Skalski et al.,

2005; Caswell, 2001). Uncertainty in classification data commonly arises because individuals are

counted but not classified, producing an “unknown” category. Correcting for bias that can result

from falsely assuming that this unknown category is proportionally the same as the knowns is

critical if these data are to be used for fitting demographic models (Conn et al., 2013).

There are three problems with classification data, including misclassification, partial obser-

vations, or both (Conn et al., 2013). When classification counts are partially observed, these

data are likely to be missing not at random (Little & Rubin, 2002) because most species are not

distributed completely randomly. This is notable for ungulates because they aggregate by sex

(Bowyer, 2004). We developed multiple approaches for handling partially classified data, in which

surveyors recorded unknowns when they were unsure of the sex or stage category of observed

individuals.

We used a simulation to demonstrate the increasing sample bias that occured as the number

of unknown individuals increased when these observations were ignored (Figure 1). The result

is intuitive, but would not have occured if the data had been missing completely at random. As

the out-of-sample size increased, there was no effect on the bias when the proportion of partially

observed groups remained constant (Appendix S2, Figure S2). We showed that the proportion of

adult females was underestimated when unknowns were ignored (Figure 1 C and D). In turn, this

led to overestimation of sex and stage ratios.

We used the simulation to determine the number of samples required for an out-of-sample ap-

proach, where a small subset of observations were used to estimate the proportions of the unknown

counts (Figure 1 A). Calculating the minimum sample size for a multinomial model depends on
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several factors, including the number of categories and the values of the proportions of each of

the categories (Thompson, 1987). We advise the use of simulation for determining the minimum

sample size to use as much hard won data as possible for the data likelihood. Results suggested

that in our study system, after approximately 8-10 observed groups (Figure 1 B), the width of the

Bayesian credible interval no longer decreased substantially. We chose to use an out-of-sample size

of 8, to use the greatest possible proportion of the data in the likelihood. Simulations showed that

the empirical Bayes model provided the most accurate bias adjustment for the posterior distribu-

tions of the proportion of adult and yearling females (Appendix S2 Figure S1). The out-of-sample

model was able to recover parameters, but the credible intervals of the marginal posterior distri-

butions of adult and yearling females proportions were less centered around the true parameter

values, although many of the credible intervals were able to capture them.

The results of our case study showed little difference in the posterior distributions for the empir-

ical Bayes and out-of-sample models, but the proportions of adults of both sexes were substantially

different from the trim model (Figure 4). This suggests that there may be no difference among

years for the distribution of juvenile, yearling and adult female groups, which calls into question

the assumption of a time-varying composition explicit in the empirical Bayes model. However,

it could also mean that both models adequately adjust for the bias resulting from ignoring partial

classifications.

We made the critical assumption that the unclassified data arose from groups of juveniles and

adult females because adult and yearling males can be easily differentiated based on their antlers

(Smith & McDonald, 2002). Although this particular assumption is highly specific for elk, there

are numerous examples of other species where ecologists could apply similar knowledge of the

biology of the species, in order to subset the data for estimating the proportions in the nested

multinomial models that we developed. For example, bighorn sheep (Ovis canadensis) in Colorado

provide an identical classification problem to elk, because juvenile, yearling, and adult females

aggregate and are difficult to differentiate (George et al., 2009). A different system for which

our models could be useful is for biannual surveys of white-tailed ptarmigan. Classifications only
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occur for spring surveys when all individuals are physically captured and sex/stage status can be

accurately determined (Wann et al., 2014). During fall surveys, approximately 20% of observed

individuals cannot be classified because the ptarmigan have not yet molted, so identification of sex

is impossible for these individuals (Wann et al., 2014). Because hunting liscenses are deployed in

the fall, it would be useful for managers to have an accurate post breeding fall estimate of sex and

juvenile ratios. Thus, we could use the classification data from the spring surveys to determine the

unclassified ptarmigan distribution in autumn.

Both of the proposed models have strengths and weaknesses that could be exploited for dif-

ferent study systems. Empirical Bayesian methods are typically criticized for using the data twice

and for assuming exchangability (Gelman, 2008). However, for rare or difficult to detect species,

empirical Bayes would be a better choice than the out-of-sample model because all of the data

collected are used in the data observation likelihood. For species that are neither rare nor difficult

to detect, the out-of-sample model avoids using the data twice with little loss of information.

One of the fundamental assumptions of the multinomial distribution is that the outcomes of

each event are mutually exclusive and all inclusive (Agresti, 2002). In this paper, we developed

a nested multinomial distribution to account for circumstances when this assumption is violated.

We used multiple approaches that overcame this assumption and improved inference. Conn &

Diefenbach (2007) provided a general statistical framework for estimating the stage distribution

of a sample when mis-classification rates could be estimated, which occurs in a population with

known ages or if double observer sampling protocols are followed (Conn et al., 2013). We build

upon this work for modeling wildlife populations in which classification data need analysis and

auxiliary data are unavailable or difficult to obtain. Identifiability problems arise (Swartz et al.,

2004), but these can be mitigated by using informed priors and incorporating biological knowledge

of the study system.

We presented our models in a generalized framework so that they could be altered for other

systems. It is essential to have auxiliary data, or at the very least, auxiliary information that can

be used to obtain the distribution of unknown partially classified data for the parameters to be
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identifiable. We improved the inference of the proportions of four sex/stage classes (πt,i) of elk on

the winter range of Rocky Mountain National Park and Estes Park, CO (Figure 4), and in turn, we

were able to improve inference for demographic ratios used by wildlife managers.
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Year Parameter EBA Median OOS Median Trim Median

2012
π1
π2
π3
π4

0.148
0.534
0.095
0.223

0.152
0.561
0.065
0.222

0.148
0.546
0.066
0.239

2013
π1
π2
π3
π4

0.181
0.616
0.066
0.138

0.183
0.615
0.054
0.147

0.182
0.526
0.063
0.228

2014
π1
π2
π3
π4

0.179
0.595
0.073
0.153

0.188
0.576
0.078
0.158

0.183
0.519
0.084
0.214

2015
π1
π2
π3
π4

0.159
0.592
0.063
0.186

0.153
0.597
0.055
0.194

0.153
0.560
0.065
0.222

2016
π1
π2
π3
π4

0.201
0.587
0.066
0.146

0.203
0.577
0.068
0.151

0.202
0.577
0.067
0.153

Table 1: Medians of the posterior distributions of the proportions of each class (π) from 2012
through 2016 for elk in Rocky Mountain National Park derived from three models including the
empirical Bayes approach (EBA), out-of-sample (OOS), and ignoring (Trim) approaches.

19



List of Figures
1 (A) The posterior distributions of the difference between the generated proportion

of π2 and the true value for the empirical Bayes approach (black circles), and
ignoring the unclassified data (red triangles), for increasing proportions of missing
unclassified data(z). (B) Bias increases as missing data increases for the juvenile
to adult and yearling female ratio and (C) for the ratio of adult and yearling males
to adult and yearling females. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2 The equal-tailed 95% Bayesian credible interval width of the proportion of adult
and yearling females (π2) in the simulation, for year 1 (orange), year 2 (light blue),
year 3 (green), year 4 (dark blue), and year 5 (red) decreased as the size of the
out-of-sample subset of data increased. . . . . . . . . . . . . . . . . . . . . . . . . 22

3 The marginal posterior distributions for (A) the ratio of juveniles to adult and year-
ling females and (B) the ratio of adult males to adult and yearling females, from
2012 through 2016, using the medians (grey circles) of the empirical Bayes model
with equal-tailed 95 % Bayesian credible intervals (grey shaded region), medi-
ans of the out-of-sample model (yellow circles) and Bayesian credible intervals
(yellow shaded region), and medians of the trim model (red circles) and Bayesian
credible intervals (red shaded region). . . . . . . . . . . . . . . . . . . . . . . . . 23

4 The densities of the marginal posterior distributions for the proportions of each
stage/sex classes including juveniles (π1), adult and yearling females (π2), yearling
males (π3), and adult males (π4) from 2012 through 2016, using the empirical
Bayesian approach (grey), out of sample approach (yellow), and the trim model
ignoring the unclassified data (red). . . . . . . . . . . . . . . . . . . . . . . . . . . 24

20



A

−0.4

−0.3

−0.2

−0.1

0.0

0.1

0.2 0.4 0.6

Proportion Unknown (pz)

B
ia

s

B

0.00

0.25

0.50

0.75

1.00

0.2 0.4 0.6

Proportion Unknown (pz)

B
ul

l:C
ow

 B
ia

s

C

0.0

0.5

1.0

1.5

0.2 0.4 0.6

Proportion Unknown (pz)

C
al

f:C
ow

 B
ia

s

Figure 1: (A) The posterior distributions of the difference between the generated proportion of π2
and the true value for the empirical Bayes approach (black circles), and ignoring the unclassified
data (red triangles), for increasing proportions of missing unclassified data(z). (B) Bias increases
as missing data increases for the juvenile to adult and yearling female ratio and (C) for the ratio of
adult and yearling males to adult and yearling females.
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Figure 2: The equal-tailed 95% Bayesian credible interval width of the proportion of adult and
yearling females (π2) in the simulation, for year 1 (orange), year 2 (light blue), year 3 (green), year
4 (dark blue), and year 5 (red) decreased as the size of the out-of-sample subset of data increased.
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Figure 3: The marginal posterior distributions for (A) the ratio of juveniles to adult and yearling
females and (B) the ratio of adult males to adult and yearling females, from 2012 through 2016,
using the medians (grey circles) of the empirical Bayes model with equal-tailed 95 % Bayesian
credible intervals (grey shaded region), medians of the out-of-sample model (yellow circles) and
Bayesian credible intervals (yellow shaded region), and medians of the trim model (red circles)
and Bayesian credible intervals (red shaded region).

23



0.12 0.17 0.22

π1

20
12

0.50 0.57 0.65

π2

0.04 0.07 0.10

π3

0.11 0.19 0.27

π4

0.12 0.17 0.22

π1

20
13

0.50 0.57 0.65

π2

0.04 0.07 0.10

π3

0.11 0.19 0.27

π4

0.12 0.17 0.22

π1

20
14

0.50 0.57 0.65

π2

0.04 0.07 0.10

π3

0.11 0.19 0.27

π4

0.12 0.17 0.22

π1

20
15

0.50 0.57 0.65

π2

0.04 0.07 0.10

π3

0.11 0.19 0.27

π4

0.12 0.17 0.22

π1

20
16

0.50 0.57 0.65

π2

0.04 0.07 0.10

π3

0.11 0.19 0.27

π4
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1 Introduction

Host-pathogen interactions can drive population dynamics, influence the stability of populations

(May and Anderson, 1978), and disrupt ecosystem function (McCallum and Dobson, 1995). Infec-

tious diseases have been implicated in large declines of vertebrate species (Dobson and Foufopou-

los, 2001). The effects of epizootics can can be difficult to observe and assess because population

monitoring rarely occurs at sufficient intensity before outbreaks occur (Geremia et al., 2015; Hefley

et al., 2016). Detection of infectious disease epidemics can be challenging because there are no

indicators of the pathogen affecting the population in the absence of rapid population declines, or

without strongly shifting age structures of a population (Jolles et al., 2005). Moreover, popula-

tion level effects on vital rates can be impossible to detect early in the disease cycle, complicating

management of both disease and host populations (Cross et al., 2009).

Chronic wasting disease (CWD) is a fatal, neurodegenerative, transmissible spongiform en-

cephalopathy affecting wild cervid populations including mule deer (Odocoileus hemionus), white-

tailed deer (Odocoileus virinianus), Rocky mountain elk (Cervus elaphus nelsoni), and moose

(Alces alces shirasi) (Williams and Young, 1980, 1982; Williams, 2005). It is similar to scrapie

in sheep (Williams, 2005) and Bovine spongiform encephalopathy in cattle (Kimberlin and Wile-

smith, 1994) because it is caused by prions, which are misfolded proteins (Prusiner, 1998). The

disease is characterized by behavioral changes and progressive loss of body mass (Williams and

Young, 1980). CWD is an emergent disease, endemic to north central Colorado and southern

Wyoming (Williams and Young, 1980), and is of great concern because it’s affects are invariably

fatal and there are few known effective mitigating interventions, with the exception of reductions in

prevalence by lethal means such as harvest and culling (Gross and Miller, 2001; Wolfe et al., 2004;

Conner et al., 2007; Wasserberg et al., 2009; Potapov et al., 2012; Jennelle et al., 2014; Manjerovic

et al., 2014; Uehlinger et al., 2016).

Chronic diseases can have substantial long term impacts on host population dynamics (Perez-

Heydrich et al., 2012), mediated through effects on vital rates (Hudson, 2002). Since the intro-
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duction of CWD to elk on the winter range of Rocky Mountain National Park (RMNP) in 1981

(Monello et al., 2014), it is unknown if vital rates markedly changed, or if in turn, these changes

could have induced changes in the population growth rate. Monello et al. (2014) showed that adult

female survival was reduced as a direct result of CWD during 2008 to 2010 but there is an al-

most thirty year period from the detection of CWD in this population where there is little to no

information about the influence of the disease on vital rates or growth rates.

Elimination of active population control by park staff in 1968 allowed the elk population to

increase to what appeared to be a density dependent equilibrium of approximately 1000 animals

during the mid-2000’s (Ketz et al., 2016; Hobbs et al., 1982; Lubow et al., 2002). Since then,

the population has declined to 250-350 indviduals (see Ketz et al. (2016) and Chapter ??). If

density dependence was the mechanism regulating this population, we would expect vital rates,

particularly recruitment and juvenile survival, to respond to this dramatic change in population

numbers to promote rapid growth because the current population sizes are low. It had been assumed

that increased harvest was responsible for the decline, however, harvested elk populations usually

show some compensation in vital rates as density decreases (Brodie et al., 2013). Ketz et al. (2016)

found a seemingly paradoxical trend that recruitment declined as density declined after 2000.

Infection of the population with CWD may offer an explanaiton for these seemingly para-

doxical observations. Despite the fact that CWD is transmitted horizontally rather than vertically

(Miller and Williams, 2003), there has been some equivalent evidence for mule deer that CWD can

lower recruitment because altered behavior of infected adult females can lead to reduced neonatal

survival (Dulberger et al., 2010). Sargeant et al. (2011) found that CWD reduced recruitment of

elk at Wind Cave National Park in South Dakota, because of increased perinatal mortality of adult

females. Both of these studies show that recruitment rates can be lowered by CWD. We suspect

that CWD could be contributing to the unusual observation of reduced recruitment coinciding with

reduced density.

Empirical evidence also suggests that CWD can depress population growth by lowering sur-

vival of infected individuals, when prevalence of the disease is sufficiently high (Dulberger et al.,
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2010; Geremia et al., 2015; Edmunds et al., 2016). Monello et al. (2014) found a decrease in adult

female survival of elk in RMNP attributed to CWD, coupled with relatively high rates of prevalence

for elk (12.9%). However, they estimated a growth rate of 1, which implies a stable population.

This apparent contradiction suggests that a zero-sum game may be occurring, where CWD is su-

pressing adult female survival and recruitment rates leading to stabilization at a low population

size, despite the expectation that density dependence would otherwise promote increases in these

vital rates. Nevertheless, the elk population in RMNP has declined, and high harvest rates have

driven much of this reduction. Harvest and CWD are both latent processes. In this work, we seek

to understand if CWD could explain, at least in part, the decline in the population size.

Relatively few studies have examined the effects of CWD on population dynamics (Edmunds

et al., 2016; Geremia et al., 2015; Sargeant et al., 2011; Monello et al., 2014; Miller et al., 2008)

because the transmission mechanism is complex and poorly understood (Schauber and Woolf,

2003; Miller et al., 2006). Early studies determined that horizontal transmission drives the CWD

epidemic in mule deer (Miller and Williams, 2003), and provided limited evidence of frequency

dependent transmission (Miller et al., 2000; Gross and Miller, 2001). The ultimate role of envi-

ronmental reservoirs of prions remains enigmatic and requires additional data on the rate of prions

entering and exiting the system (Almberg et al., 2011; Jennelle et al., 2014). Consequently, fre-

quency dependent transmission remains the primary epidemiological modeling approach (Samuel

and Storm, 2016), despite the fact that it may not portray the time lags that result from the ac-

cumulation of infectious prions in the environment (Miller et al., 2006; Sharp and Pastor, 2011).

We examine whether alternative models of horizontal transmission can accurately represent the

transmission process on the population of elk in RMNP using a stage structured matrix model

that incorporates infected disease states for adult and yearling classes of both sexes. We use these

models to evaluate alternative harvest and disease scenarios.

The objectives of this work are

1. To determine if vital rates in the RMNP elk population changed after CWD was detected in

the population,
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2. To examine if classic models of horizontal transmission can reasonably portray CWD dy-

namics,

3. To forecast effects of disease on population growth,

4. To provide a statistical framework for assimilating future data on CWD prevalence and inci-

dence

2 Methods

2.1 CWD and vital rates - 3 state model

We seek to understand the role of CWD in shaping population dynamics of elk in RMNP, as me-

diated by the influence of the disease on vital rate parameters that may affect population growth,

including adult and yearling female survival and recruitment. An analysis was completed by alter-

ing the three state model from Ketz et al. (2016) and Chapter 4, to see if these vital rate parameters

changed after CWD was detected in the population in 1981 (Monello et al., 2014). We define

recruitment to be the average number of offspring per adult and yearling female alive at the birth

pulse that survive to their first census. Rather than use annually varying recruitment as in Ketz et al.

(2016), we defined recruitment with an intercept model, which assumes two constant recruitment

parameters representing before or after detection of CWD in the RMNP elk population in 1981.

We define xt = 0 before CWD was detected in the population and xt = 1 after CWD was detected.

Recruitment was modeled using

ρt =
exp(βρ,0 + βρ,1xt)

1 + exp(βρ,0 + βρ,1xt)
, (1)

βρ,0 ∼ normal(0, .57), (2)

βρ,1 ∼ normal(0, .57). (3)
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We restricted recruitment to values between zero and one with this form of the model because

recruitment for elk is typically within these constraints (Toweill et al., 2002), even though recruit-

ment in general is only required to be postive. However, to narrow the size of the parameter space,

we used the logit transformation. The coefficient βρ,1 represents the change in the log odds of

recruitment after CWD was detected.

Adult female survival was also modeled with two constant parameters, before and after CWD

detection. Different prior distributions for the before and after survival probabilities were spec-

ified. The adult female survival probability for before CWD detection was specified as s2,pre ∼

beta(3215.75, 198), which was derived by moment matching the mean adult female survival 0.942

(sd=.004) from Brodie et al. (2013). After CWD was detected in the population, the prior distri-

bution was specified by moment matching the results from the mark-recapture study of Monello

et al. (2014) with a mean adult female surival of 0.85 (BCI = 0.75, 0.93), such that s2,post ∼

beta(52.67, 9.29).

We reduced the three stage models that included males, into female only matrixes (Fj for

j = {1, 2}) to determine the intrinsic rate of population growth (λ) before and after CWD was

detected in the population, using the two recruitment parameters (ρj), and the two adult female

survival parameters (s2,j). The Lefkovitch matrix was given by two stage classes including juve-

niles approximately 8 months old, and adult and yearling females of breeding age ≥ 1.7 years,

such that

Fj =




0 0.5ρjs
1/3
2,j

s1 s2,j


 . (4)

Adult female survival was raised to the power of (1/3) because adults must survive one third of

the year to the breeding pulse. Recruitment ρj was divided by two, assuming an equal sex ratio at

birth and equivalent survival of neonates. Juvenile survival (s1) was considered constant across all

years of the study. The dominant right eigenvalue was calculated for each Markov-chain Monte

Carlo iteration to obtain the posterior distributions of λ1 (before CWD present), and λ2 (CWD

present).
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2.2 Model incorporating CWD states - Five state model

The purpose of this additional model development is to further understand the role of CWD in

affecting population dynamics of elk in RMNP, to see if or how CWD can influence the population

growth rate, to explore possible disease transmission models, and to forecast alternative scenarios

representing population regulation induced by disease and harvest. First, we expand the three state

model of Ketz et al. (2016) to incorporate disease status (infected/not infected with CWD) for the

adult and yearling classes. Then we use the five class model to examine the potential utility of

the classical transmission pathways by comparing model-based estimates of prevalence to limited

observations of prevalence. The latent processes of CWD and harvest are both external forces that

can affect population growth. We use this model to provide forecasts that can assess the outcomes

of alternative scenarios of these latent processes.

The expanded discrete time matrix model is given by five classes of stages (juveniles, yearlings

and adults), sex (males and females) and disease status (infected/not infected with CWD) (Table

1 and Figure 1). We used a matrix comprised of recruitment, survival, and disease probablity

parameters to project annual abundance, similar to the form of the matrix model used to forecast

the potential impact of CWD on the Jackson elk herd in the National Elk Refuge (Galloway et al.,

2016).

[Figure 1 about here.]

Model census is assumed to occur in mid-winter, approximately January 15. The true, unobserved

number of elk in each class alive at census is denoted by the vector nt (Table 1). We combine

yearling and adult stages into a single class because differentiation of these stages is problematic

for females (Smith and McDonald, 2002), and reflects the hunter harverst data for both sexes.

Based on studies of CWD in mule deer showing horizontal, rather than vertical, transmission of

the disease, juveniles are assumed to remain infection free from birth until first census, which

occurs 8 months after the breeding pulse (Miller and Williams, 2003; Miller and Conner, 2005).

[Table 1 about here.]
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In the absence of harvest, the state of the population can be described using the dynamic determin-

istic projection matrix

nt = Atnt−1, (5)

where At is a five by five square matrix (Caswell, 2001). We assume that harvest occurs immedi-

ately before census, which results in a deterministic process model with the form

nt = Atnt−1 − αkgt. (6)

Process model parameters in the matrix At consist of annually varying recruitment (ρt), constant

survival for each class (s), and a time varying probability of disease transmission (φt) (Table 2).

No hunting of elk is permitted in RMNP, so hunting data reflects harvest occuring in areas adjacent

to park boundaries. Only a proportion of the reported harvest occurs from the winter range elk

herds, however, there is no information to discern what this proportion should be. The geographic

boundary used by Colorado Parks and Wildlife for harvest management changed during the course

of the study in 1990, therefore, we denote the harvest proportion αk for k ∈ 1, 2 depending on the

year.

Harvest data were reported by Colorado Parks and Wildlife, without regard to disease status

for CWD. Consequently, we make the assumption that harvest was proportional to the size of each

class in the absence of hunting. We denote the vector µh to represent the growth of the population

in the absence of harvest with five categorical states similar to those described in Table 1 as

µh,t = Atnt−1. (7)

We modeled variability in harvest data using moment matching within a gamma distribution. Thus,

we obtained true harvests using

htrue,i,t ∼ gamma(
h2obs,i,t

σ2
hunt,i,t

,
hobs,i,t

σ2
hunt,i,t

), (8)
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for i ∈ {1, 2, 3}. For the years prior to detection of CWD, 100% of harvest was attributed to the

uninfected classes. After 1980, the vector of true harvests (htrue,t) was multiplied by the proportion

of the classes for each sex according to disease status. For example, the proportion of uninfected

yearling and adult females that were harvested would be divided by the summation of both infected

and uninfected yearling and adult females
(

µh,2,t
µh,2,t+µh,4,t

)
. In this way, the vector of true harvests for

all classes (gt) can be defined as

juveniles, g1,t =htrue,1,t−1, (9)

uninfected yearling and adult females, g2,t =htrue,2,t−1
µh,2,t

µh,2,t + µh,4,t
, (10)

uninfected yearling and adult males, g3,t =htrue,3,t−1
µh,3,t

µh,3,t + µh,5,t
, (11)

CWD infected yearling and adult females, g4,t =htrue,4,t−1
µh,4,t

µh,2,t + µh,4,t
, (12)

CWD infected yearling and adult males, g5,t =htrue,5,t−1
µh,5,t

µh,3,t + µh,5,t
. (13)

By defining harvest as proportional to the infected versus uninfected classes, thereby incorporating

disease status, we make the assumption that harvest is equally likely for CWD infected and unin-

fected individuals. Grear et al. (2006) found that CWD disease status had no influence on harvest

vulnerability for white-tailed deer in Wisconsin. However, Edmunds et al. (2016) demonstrated

that CWD positive adult white-tailed deer in Wyoming were overrepresented in hunter harvest and

suggested that a similar trend may be found in Wisconsin after prevalence of CWD increases over

time. Similarly, Conner et al. (2000) found a positive within year trend for CWD infected mule

deer prevalence when CWD was detected by hunter harvest as opposed to random sampling. There

is no known equivalent study for harvest rates of CWD positive elk.

Thus, the process model is defined as
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


n1

n2

n3

n4

n5




t

=




0 ρts
1/3
2 0 ρts

1/3
4 0

(1−m)s1(1− ψt) s2(1− ψt) 0 0 0

ms1(1− ψt) 0 s3(1− ψt) 0 0

(1−m)s1ψt s2ψt 0 s4 0

ms1ψ 0 s3ψt 0 s5







n1

n2

n3

n4

n5




t−1

− α




g1

g2

g3

g4

g5




t

,

(14)

for t = 1, ..., T years.

The probability of survival from census at year t to year t + 1 is time invariant for each class.

Census occurs roughly 8 months after the birth pulse, so the probability of male and female juve-

niles surviving from age 8 months to 20 months is denoted s1, and is assumed equivalent for both

sexes (Toweill et al., 2002). The probability of surival of females that are yearlings and adults,

aged 1.7 years and older and are uninfected with CWD was denoted s2, while survival for the

CWD infected adult and yearling female class was s4. Correspondingly, the probability of annual

survival from year t to year t + 1 for adult and yearling males aged 1.7 years and older, that were

uninfected was s3 and for CWD infected elk was s5.

[Table 2 about here.]

The probability of disease transmission is modeled assuming both frequency and density de-

pendent mechanisms. The probability of frequency dependent transmission, based on the expo-

nential distribution of waiting times between contacts (Hobbs and Hooten, 2015), is given by

φt = 1− e−β
It
Nt . (15)

The fraction It
Nt

represents the prevalence of the disease, where It is the number of infectious

individuals at time t and Nt is the total population size at time t. We also provide a density
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dependent transmission rate that results in a probability of transmission of

φt = 1− e−βIt . (16)

A multivariate lognormal distribution was used to account for variability in the state process, with

a covariance on the log scale denoted Σp, such that

log(nt) ∼ multivariate lognormal (log (Atnt−1 − αkgt) ,Σp) . (17)

The diagonal elements of the process covariance consisted of five parameters σj for each of the

j = 1, ..., 5 classes, with zeros elsewhere, assuming independence of the category states.

Data consisted of historical elk counts (Y1), classifications (Y2) and model estimates from

annual surveys conducted by the National Park Service from 1969 through 2016 (see (Ketz et al.,

2016) for details). We used a normal distribution with slight modifications to account for different

sampling methods over the years (Appendix ??), but the general form of the likelihood is defined

as

y1,t ∼ normal(Ntotal,t, σ
2
obs,t). (18)

The total population size Ntotal,t for year t is calculated from the process model as the sum of all of

the categories (Ntotal =
∑5

j=1 nj,t). Therefore, the true proportion of individuals in each category

is given by pt = nt
Ntotalt

. Because disease status was not observed during census, the proportion of

adult and yearling females constisted of the sum of the number of individuals in the disease free

and infected classes, such that

pfemales,t =
n2,t + n4,t

Ntotal,t
, (19)

and similarly, the proportion of adult and yearling males was

pmales,t =
n3,t + n5,t

Ntotal,t
. (20)
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We assumed that CWD was not present in the process model until after 1981, when it was first

detected in this population. We set the parameters of the number of CWD infected elk

n4,t = n5,t = 0 for t = 1, ..., 12. After that time, we introduced a single infectious individual

and allowed the model to determine subsequent infected cases. We link the process model to

observations using the proportions in equations 19 and 20, as well as the proportion of juveniles

from the process model using the multinomial likelihood for classification data given by

y2,t ∼ multinomial

(
3∑

j=1

y2,j,t,pt

)
. (21)

The initial states for the first year of the study, n1, were specified using a multivariate lognormal

likelihood based on a function of the classification data y2,1 and the total count data (y1) from the

initial year (t = 1) where

n1 ∼ multivariate lognormal

(
y1,1 ×

(y2,1, 0, 0)′∑5
j=1 y2,j,1

)
. (22)

Hunter harvests varied annually (Figure 2). A notable increase of harvest of all classes occured

during the early to mid 2000s. Yearling and adult female harvest were nearly four times greater

during this period than the rest of the study years. Adult and yearling male harvest observations

show a slightly increasing trend throughout the years. Harvest for all classes during recent years

returned to pre-2000 levels.

[Figure 2 about here.]

Prior distributions were assigned means and standard deviations based on current literature

(Table 3). The prior distribution for the per capita rate of transmission was derived by algebraically

calculating how this parameter would be expressed using information consisting of the probability

of transmission (ψ = 0.08 (BCI=0.05, 0.12)) and prevalence (δ = 12.9%) based on values reported

in Monello et al. (2014). Assuming frequency dependent transmission, we derived the per capita
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transmission rate in terms of transmission and prevalence as

ψ =1− e−βψ,FD
I

Ntotal , (23)

1− ψ =e−βψ,FD
I

Ntotal , (24)

log(1− ψ) =− βψ,FD
I

Ntotal
, (25)

βψ,FD =−
(
Ntotal

I

)
log(1− ψ) = −1

δ
log(1− ψ). (26)

To determine the prior distribution for the per capita contact rate (βψ,FD), the median and credible

interval of the probability of transmission from Monello et al. (2014) was used to generate 10,000

draws from a distribution based on moments matched for the beta distribtuion, with an approxi-

mate standard deviation of 0.0175 (using the width of the credible interval divided by 4), such that

ψdraw ∼ beta(19.15, 220.18). These generated values, along with δ = .129 were used in the for-

mula,−1
δ

log(1−ψ) to obtain a 10,000 possible values approximating the distributon of βψ,FD. The

mean (0.65) and standard deviation (0.15) of this approximate distribution were moment matched

to set the prior distribution for βψ,FD ∼ beta(6.03, 3.25). The prior distribution for the per capita

rate of density dependent transmission was similarly calculated, with the derivation of the formula

given by

ψ =1− e−βψ,DDI , (27)

1− ψ =e−βψ,DDI , (28)

log(1− ψ) =− βψ,DDI, (29)

βψ,DD =−
(

1

I

)
log(1− ψ) = − 1

δNtotal
log(1− ψ). (30)

The form of transmission in the density dependent model requires knowledge of the total popula-

tion size from the time where the prior prevalence and the prior probability of transmission were

estimated. Therefore, the rounded mean of the estimates of the total population size during the

years of the Monello et al. (2014) study, for 2008-2010 was used (mean population size = 566).
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These three data points were also used during overall model fitting, and we acknowledge that this

empirical Bayesian approach is rather ad hoc. Going forward, we suggest that out of sample data

should be used to determine the rate of CWD transmission. The mean of the generated distribution

for the prior of the per capita transmission rate based on the density dependent model was 0.0011

(sd = 0.00026), which was moment matched to define the prior βψ,DD ∼ beta(19.51, 17002.67).

[Table 3 about here.]

The full posterior and joint distributions are shown in Appendix ??. The marginal posterior dis-

tributions of all parameters were approximated using Markov chain Monte Carlo (MCMC) meth-

ods implemented in the “JAGS” package (Plummer, 2014) with R software (R Core Team, 2016),

and using the “dclone” package for parallelization (Sólymos, 2010). Three chains of 500,000 it-

erations were retained after a burn-in of 100,000, and thinned by saving every 10th iteration to

reduce file sizes. Visual inspection of trace plots indicated convergence of all parameters in the

frequency dependent model. The Gelman-Rubin diagnostic also indicated convergence, with all

parameters having a value less than 1.1 (Gelman et al., 2014). The frequency dependent model was

also checked for lack of fit using posterior predictive checks with the statistic 1
T−1

∑T
t=2 |yt− yt−1|

for time series data (Reilly et al., 2001). Bayesian p-values were calculated as 0.15, suggesting no

lack of fit (Gelman et al., 2014).

We reduced the Levkovitch matrixAt to a female only matrix (FCWD) incorporating the disease

states for adult and yearling females by weighting survival by a current estimate of prevalence (δ).

Thus, adult and yearling female survival was the summation of the survival probability for the

uninfected females multiplied by 1 − δ, and the CWD infected survival multiplied by δ. We used

five quantiles (0.025,0.25,0.50,0.75,0.975) of average recruitment (µρ) to determine the affect of

recruitment on growth at different levels of prevalence. The recruitment parameter for the female

only matrix was divided by two, assuming equal sex ratio and survival to first census for neonates.

The average recruitment of the annually varying recruitments ρt for the years representing 2012

to 2016, denoted ρτ , was also used in the female only matrix in addition to the quantiles of µρ.

Current recruitment rates are substantially lower than the historical record, and much lower than

14



the overall average µρ. Because the recent population sizes may represent a stable state at a lower

population size, we used average recruitment during the last five years of the study. The female

only matrix was given by

FCWD =




0 0.5ρτ (1− δ)s1/32 + 0.5ρτ (δ)s
1/3
4

s1 (1− δ) ∗ s2 + δs4


 . (31)

The dominant right eigenvalue was calculated during each iteration of the MCMC chains to obtain

the marginal posterior distribution of λ. The prevalence proportion was varied by 0.01 for values

ranging from 0.01 to 0.4 and the posterior distribution of λ was derived for each level of preva-

lence to determine at what value of prevalence λ will cross the threshold of 1, indicating that the

population would decline.

We forecasted the model 10 years into the future, under various scenarious using alternative

prior distributions and values for α and βψ,FD, to determine the relative effects of hunter harvest

versus CWD on the future population size.

[Table 4 about here.]

3 Results

3.1 CWD and vital rates - Three state model

The analysis of the modified version of the three state model indicated that both recruitment and

yearling and adult female survival decreased after CWD was detected. The marginal posterior dis-

tributions of the two recruitment parameters ρpre and ρpost overlap, but recruitment had decreased

(Figure 3 A). The coefficient βρ,1 represents the change in the log odds of the recruitment param-

eters. The median of the marginal posterior distribution of βρ,1 was -0.32 with an equal-tailed

Bayesian credible interval (BCI = -0.78,0.098). Given the data at hand, the probability that recruit-

ment decreased after CWD was detected was 0.93, and the mean reduction was by 0.069 (BCI=-
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0.17,0.0064) offspring per adult female that survive to census (Figure 3 B). The survival probabil-

ity for adult females decreased after CWD was detected, from a median 0.94(BCI=0.93,0.95), to a

median survival of 0.89(BCI=0.83,0.94), and had increased variability (Figure 4).

[Figure 3 about here.]

[Figure 4 about here.]

The posterior distributions of the annual rates of population growth (λj) decreased after CWD

was detected (Figure 5), using the two reduced female only matrixes F1 and F2 for before/after

CWD detection. The median growth rate before CWD was detected was 1.03 (BCI = 0.98,1.07).

After CWD was detected, the median growth was 0.97 (BCI=0.91,1.01). Both of these posterior

disributions overlap 1, however, a growth rate for an ungulate population of λ2 = 0.97 suggests

a decreasing population, where as a λ1 = 1.03 implies an increasing population. The probability

that the pre-CWD growth rate exceeded the post-CWD growth rate was 0.79.

[Figure 5 about here.]

3.2 Disease state model - Five state model

Results from the model that included disease states were similar to results from (Ketz et al., 2016)

for the marginal posterior distributions of the total population sizes. The population sizes tracked

the observed pattern of abundance estimates on the winter range throughout the 48 years of the

study. Elk numbers increased and peaked around a carrying capacity of approximately 1000 ani-

mals (Hobbs et al., 1982; Lubow et al., 2002) in 1980, and sharply declined during the mid 2000s.

[Figure 6 about here.]

The posterior distributions of the adult and yearling female states for uninfected versus CWD

infected status were dramatically different under the frequency dependent and density dependent

models (Figure 7). Under the frequency dependent model, the uninfected adult and yearling fe-

males grew for the first 10 years, and then gradually declined after the introduction of CWD. The
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infected class gradually rose for ten years after CWD was introduced, and then displayed noisy

oscillations. In contrast, under the density dependent model, the uninfected adult females dropped

during the first ten years after CWD introduction, and then stayed approximately the same until

declining in the mid-2000s. The CWD infected adult and yearling females under the density de-

pendent transmission model, rose sharply in 1980, were sustained at a high rate for 10 years, and

then dropped off sharply to zero in 1990, following a classic epidemic curve.

[Figure 7 about here.]

The marginal posterior distributions of the true harvests for each year of the study were ob-

tained using the moment matched gamma distribution to account for harvest variability when stan-

dard errors were unavailable, and to determine harvest for the different disease status classes (Fig-

ure 8). For CWD infected classes, harvest was set to zero until after the disease was detected in

1981. Uninfected adult and yearling female harvest remained constant throughout the study, while

CWD infected adult and yearling female harvest increased substantially, particularly during the

high harvest years in the mid 2000s. Adult and yearling male harvest had some annual variabil-

ity but remained constant for both CWD infected and uninfected classes. The marginal posterior

distributions of juvenile harvest also peaked during the early to mid 2000s, but were relatively low

overall.

[Figure 8 about here.]

Only a proportion of the harvested individuals came from the population that use the winter

range of RMNP and Estes Park, because no hunting is permitted within park boundaries. We

specified two harvest proportions, α1 and α2, because the geographic area of the data analaysis

unit managed by Colorado Parks and Wildlife changed during the years of the study. Prior to 1989,

the proportion of harvested elk was 0.19 (BCI=0.03,0.38), whereas after 1989, the proportion of

harvest reduced to 0.05 (0,0.15) (Table 5, and see Figure 11 for prior-posterior plots).

[Table 5 about here.]
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The median of the probability that a juvenile would survive from census during year t to year

t + 1 was 0.52, with high variability (BCI=0.28,0.78), and is similar to other ungulate popula-

tions without harvest or predators (Raithel et al., 2007; Brodie et al., 2013) (Table 5). Uninfected

yearling and adult male survival (median = 0.89 (0.71, 1)) was lower than uninfected adult female

survival (median = 0.97 (0.93,0.99)). The posterior median survival for the uninfected adult and

yearling females was greater than the mean of the prior distribution (Figure 9 and Tables 5 and 3).

The median survival probabilities of the infected adult and yearling males (median = 0.53 (0.33,

0.72)) and females (median = 0.66 (0.42,0.82)) were sensitive to the choice of prior distributions

(Figure 9), which may be problematic because there is currently no data available for survival of

CWD infected adult and yearling male elk.

[Figure 9 about here.]

Annually varying recruitment showed a decreasing trend with an average overwinter recruit-

ment, median µρ =0.3 (BCI=0.26, 0.34) (Figure 10). The marginal posterior distributions for the

per capita rate of transmission, given by both the frequency dependent and density dependent mod-

els resembled the prior distributions (Figure 11). Process standard deviations were higher for the

CWD infected classes.

[Figure 10 about here.]

[Figure 11 about here.]

Both frequency dependent and density dependent models predicted high levels of disease

prevalence immediately upon introduction of the disease to the process model in 1981 (Figure

12). Under frequency dependence, prevalence noisily increased over time. Under density depen-

dence, there was a similar rapid increase of prevalence for the first ten years after introduction

(1981-1990), and then a sharp decline to zero infectious individuals during the next 5 years (1990-

1995). Under the frequency dependent model, the probability of transitioning to an infectious

18



class markedly increased for the first twenty years and leveled off to an approximate probabil-

ity of transmission of roughly 0.3 (Figure 13). Under the density dependent transmission model,

the probability of transmission showed a classic epidemic curve, where infection spiked and then

quickly died out (Figure 13), which generally indicates recovery or extinction.

[Figure 12 about here.]

[Figure 13 about here.]

The modeled population growth rate (λ) declined as modeled prevalence increased (Figure 14).

The median of the posterior distributions of λ (Figure 14) crossed the threshold of 1 at a varying

levels of prevalence depending on the quantile of recruitment. As the average recruitment quantiles

increased, the intersection of the growth rate at the 2016 level of prevalence also increased. The

mean recruitment from 2012-2016 (ρτ ) was lower than the lowest quantile of the average recruit-

ment parameter µρ. Given the recruitment rate ρτ = 0.241, the upper bound of the credible intervals

of λ did not cross the growth rate threshold of 1 until a prevalence of 0.27, where the median growth

rate was 0.95 (BCI=0.88, 1). Given the substantially lower survival of CWD infected individuals,

we show that the reduction of adult female surival that is weighted by prevalence declines quite

gradually and does not reach 0.85 until extremely high rates of prevalence (Figure 15 A). The me-

dian weighted adult female surival given the current prevalence of 0.091 was 0.94(BCI=0.89,0.94)

(Figure 15 B).

[Figure 14 about here.]

[Figure 15 about here.]

Forecasts indicated that under frequency dependent transmission, the population of elk on the

winter range of RMNP will decline if present harvest levels remain constant and assuming the

proportion of harvested elk coming from the park is equal to the present proportion (median α2 =

0.05), regardless of CWD status (Figure 16). There were only two forecasted scenarios that did not
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result in population decline, both included harvest being completely removed, and a reduction or

elimination in the probability of disease transmission. Conversely, when harvest was removed and

CWD transmission was increased, the population size slowly declined, providing evidence that

CWD is likely influencing population dynamics.

[Figure 16 about here.]

4 Discussion

4.1 Analysis of three state model

Analysis of population dynamics before and after introduction of CWD using the three state model,

showed declines in recruitment (Figure 3) and adult female survival (Figure 4) after chronic wast-

ing disease was detected in this population. The posterior distribution of adult female survival was

greater than the prior distribution (Figure 4). This difference probably resulted from the effect

of harvest on survival represented in the prior. Furthermore, the prevalence of CWD has likely

increased over the thirty year course that CWD has been endemic in this population of elk, which

also may influence adult female survival over time. In this analysis, we assumed a constant sur-

vival from 1981 to 2016, while the actual survival may vary depending on multiple factors such as

increasing prevalence of the disease.

The reduction of the growth rate, λ, reflected changes in the vital rates of both adult female

survival and recruitment (Figure 5). The posterior distributions before (λ1) and after (λ2) CWD

detection suggest that CWD contributes, at least in part, to the explanation for the observed decline

in abundance. The Bayesian credible intervals for both distributions overlap 1, the threshold for

decline, however, the bulk of the distribution before CWD detection was above the threshold, while

the bulk of the distribution after 1981 was below, and there was a high probability (0.93) that the

growth rate had declined after CWD was detected.

The posterior distributions of the latent population sizes (Figure 6), shows that the population
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rose after 1968, when the National Park Service implemented the hands off management policy

of “natural” regulation and that the population declined after 2000. Inference was limited for the

changes in vital rates before and after CWD was detected, because results were based exclusively

on observational data, which can only imply correlation rather than causality. From the results of

this analysis however, it is clear that the elk population size is substantially lower since CWD has

been detected, and that decreased recruitment and decreased adult female survival may be affecting

the population decline.

4.2 Analysis of the five state model

We developed the CWD model incorporating disease status to address the question of why a popu-

lation that appeared to be regulated by density dependence is not growing when at a low population

size. Inference from the updated model including disease status was analagous to the three-state

model without CWD disease status because most of the parameters in the model were consistent

between the two versions of the models (Table 5 and Chapter 4, Table ??). Increased uncertainty

about the CWD infected classes was reflected by the large process standard deviations σp,4 and σp,5

(Table 5).

Many factors can contribute to natural mortality of elk including predation, weather, fire, mi-

gratory behavior, winter snow depth, forage availability, and disease (Toweill et al., 2002). Unin-

fected adult and yearling male elk had lower survival (median=0.89(0.71, 1)) than uninfected adult

and yearling females (median=0.89(0.71, 1)), which is consistent with the literature (Brodie et al.,

2013). Adult male elk typically have lower rates of survival over winter than adult female elk, due

to lower fat reserves after the rut in the fall (Feldhamer et al., 2003). Disease status reduced the

adult and yearling survival probabilities of both sexes, likely caused by differences in predation

rates and disease induced mortality (Edmunds et al., 2016). The posterior distribution for CWD

infected adult male elk survival was identical to the prior distribution, indicating little to no contri-

bution to the posterior by the data. Additionally, the posterior distribution for CWD infected adult

females was sensitive to the choice of the prior distribution derived from the from Monello et al.
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(2014). Additional mark-recapture data has been collected for estimating survival and could be

incorporated into future models.

Using a Bayesian integrated population model, Eacker et al. (2017) cast doubt on the hypothesis

that variability in juvenile surival drives variation in herbivore population growth rates, and found

that adult female survival drives more of the variation in λ than juvenile survival. It is a long

held belief that ungulate population growth is most sensitive to adult female survival and that

population growth is stabilized through low variability of this parameter (Gaillard et al., 2000).

The results of our study could be problematic, because there was greater variability in survival

for the CWD infected adult and yearling females (st.dev. = 0.1), than uninfected (st.dev. = 0.02).

In turn, this increased the variability of the posterior distribution of the adult and yearling female

survival probablity weighted by prevalance. Weighting survival by prevalence expanded the width

of the credible intervals from 0.065 to 0.076. The increased variability of survival combined with

added variability of prevalence, could increase the variability of λ and influence the stability of the

population growth rate.

The inverse relationship between the prevalence of CWD and the weighted adult female sur-

vival are what we would expect given the decreased survival probabilities of the infected classes

and the structure of the model. The majority of elk herds decline when adult female survival is

less than 0.85,(Raithel et al., 2007). CWD could drive survival below this level, in the absence

of hunting, only at extremely high rates of prevalence (Figure 15). The median of the weighted

survival posterior fell below 0.85 only when prevalence exceeded 38%. Observed prevalence has

not exceeded 12.9% in this population.

The shifting of the posterior distribution of growth rate with recruitment indicates the sensitivity

of the population growth rate to this parameter. Dulberger et al. (2010) showed that CWD affects

recruitment for mule deer, but also concluded that this did not lead to sufficient alterations in the

growth rate to warrant concern and that CWD status could be ignored for recruitment within growth

rate analyses. However, recruitment rates are different for elk than mule deer and could have a

very different impact on population dynamics. Sargeant et al. (2011) found that CWD reduced
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recruitment for elk at Wind Cave National Park, South Dakota, and attributed the reduction to

perinatal mortality. Figure 14 shows that reduced recruitment alters the level of prevalence that

the population can withstand before λ crosses 1. The population will decline at a prevelance ≥

17% for the highest average recruitment quantile, µρ,0.975 = 0.338. The growth rate will cross 1 at

a prevalence ≥ 10% for the recruitment average from 2012-2016, ρτ = 0.247. These results show

that the influence of CWD on recruitment of elk merits further study because reduced recruitment

could lead to population declines at lower levels of prevalence than declines based on adult survival

alone.

The intersection of the growth rate of the population with the 2016 posterior distribution of

prevalence suggests that the population growth rate is right at 1 and that the population size should

stay constant if we assume that the recent mean recruitment ρτ reflects the state of the population

as it is now, (Figure 14). The population sizes from the last four years have been relatively con-

stant and corroborate these model results, even though these population sizes are lower than the

historical record (Lubow et al., 2002).

Both density dependent and frequency dependent models failed to accurately portray the dis-

ease transmission process. The posterior distributions of prevalence over time were all unrealisti-

cally high for frequency dependence, and too low for density dependence (Figure 12). The failure

of these disease transmission models is not surprising because of the evidence that an environmen-

tal pool of prions leads to an intermediate transmission process (Jennelle et al., 2014; Almberg

et al., 2011). It is necessary to have information on the rate of prion shedding from infectious

individuals into the environment and the rate of prion retention in that reservoir (Schramm et al.,

2006; Ortega, 2016) to effectively include an environmental component in the transmission model,

which is not currently available.

We attempted to obtain the per capita transmission rate using prior information from Monello

et al. (2014) in the frequency dependent model. A fundamental problem with using this prior is

that we would expect incidence and prevalence to be higher in 2010 than earlier in the epidemic.

It is likely that the reservoir of prions has slowly increased since CWD was first detected in the
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population (Jennelle et al., 2014; Miller et al., 2000). A long time series of prevalence estimates

would be better suited to inform the disease transmission process than our model could account

for.

Hunter harvest and selective culling have been used as a management tool for maintaining

and reducing CWD prevalence in deer populations (Gross and Miller, 2001; Wolfe et al., 2004;

Conner et al., 2007; Wasserberg et al., 2009; Potapov et al., 2012; Jennelle et al., 2014; Manjerovic

et al., 2014; Uehlinger et al., 2016). Harvest can become unstainable when CWD prevalence is

sufficiently high (Wasserberg et al., 2009). The high levels of hunter harvest in the areas adjacent

to RMNP during the mid 2000s likely caused the population to decline. A recent redistribution

of elk herds along the foothills outside of the Estes Valley could lead to increased mortality by

hunter harvest, and could potentially be unsustainable for maintaining the elk population if CWD

prevalence increases. There is a possible trade-off in mortality from hunter harvest and CWD,

because inclusion of the infected states altered the posterior distributions of the proportions α1 and

α2, that represent the proportion of the RMNP population that is subjected to harvest. Data to

inform the posterior distributions of these harvest proportions are unattainable.

Forecasts, assuming frequency dependent transmission, also suggest that harvest rates may be

high given the current prevalence estimate of CWD. Forecasts showed positive population growth

only when harvest was completely eliminated and the probability of CWD transmission was re-

duced. The assumption of exponential growth is implicit in the stage-structured Lefkovitch model,

so forecasts beyond a horizon of a couple of years may not be useful for management, but they

do provide a clear indicator whether a population is likely to increase or decline. The forecast

under the scenarios of eliminating harvest, coupled with a high probability of disease transmission

(Models B and C in Figure 16) shows that the population can decline even when no animals are

harvested, due to reduced survival for CWD infected classes. However, these forecasts depend

on unrealistically high levels of modeled prevalance. Nevertheless, the forecasts do indicate that

CWD could alter the population dynamics of elk in RMNP depending on the level of harvest and

the probability of transmission.
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Disease epidemics can alter population dynamics in ways that yield different outcomes (Hud-

son, 2002). Effects over sufficiently long time spans can include extinction, stable limit cycles of

population growth and decline, or stable low population sizes (Hudson, 2002). For the protracted

timeline of the CWD epidemic (Miller et al., 2000), a possibile explanation for the observations

of relatively low abundance in Colorado elk populations is that they are now at the nadir of a limit

cycle and that population growth may occur in the future (Hudson, 2002). Our model results con-

tradict this explanation. The notably consistent population sizes for 2012 through 2016 suggest a

stable population and corroborate the model-based growth rate of 1 derived from the low average

recruitment (ρτ = 0.247). These trajectories may be explained in part by variation in hunter harvest

rather than by disease processes. Additionally, conclusions of population regulation are impossible

to make because the National Park Service initiated a management plan to recover over-browsed

aspen and willow communities on the winter range. Exclosures were built in prime forage habitat

along riparian corridors of the elk winter range beginning in 2008 (National Park Service, 2007).

Hence, forage availability changed and the elk population may have altered it’s space use along the

foothills.

We conclude that there are several plausible interacting exogenous controls on the population

size of elk in Rocky Mountain National Park, including harvest and CWD. The apparent density

dependent explanation for bounded population dynamics from 1980 through 2000 may actually

just be indicative of limitation of the population through hunter harvest in areas adjacent to the park.

It could also reflect limitation by an accumulation of infectious CWD prions in the population and

the environment causing the CWD epidemic. We have shown that both recruitment and survival

probabilities have been reduced since CWD was detected, although the enigmatic transmission

process limits our ability to accurately portray the disease status within this population. Forecasts

highlight the trade-off in the model of harvest and CWD mortality. This work will provide a

scaffolding for examining the population effects of CWD on elk as more information about the

disease becomes known. Bayesian methods decompose problems in a modular way, so it will be

straightforward to adjust the disease transmission component of this model as new information
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becomes available.
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Parameter Definition
n1 Juvenile
n2 Uninfected adult and yearling females
n3 Uninfected adult and yearling males
n4 Infected adult and yearling females
n5 Infected adult and yearling males

Table 1: Definitions of the unobserved number of elk within three stage/sex classifications and two
disease states.
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Parameter Definition
s1
s2
s3
s4
s5
m
ρ
α1

α2

σ−2p,i
σd,1
σd,2

Probability that juveniles survive to become uninfected yearlings
Probability that uninfected adult and yearling females survive from year t to year t+ 1
Probability that uninfected adult and yearling males survive from year t to year t+ 1
Probability that CWD infected adult and yearling females survive from year t to year t+ 1
Probability that CWD infected adult and yearling males survive from year t to year t+ 1
Proportion of juveniles surviving to yearling stage that are male
Number of offspring produced per yearling and adult female that survive to their first census at year t
Proportion of hunted elk from the RMNP population before and including 1988
Proportion of hunted elk from the RMNP population after 1988
process st. dev. for each stage/sex/disease class
st. dev. for abundance data for years 1969− 1994
st. dev. for abundance data for years 1995− 2016

Table 2: Parameters are defined for the projection matrixAt consisting of survival and recruitment.
Other model paramters include the process and data standard deviations.
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Parameter Description Prior Mean(St.Dev) Notes/References
βψ,FD Per capita transmission rate under frequency dependence beta(6.03, 3.25) 0.65(0.35) Monello et al. (2014)
βψ,DD Per capita transmission rate under density dependence beta(19.51, 17002.67) 0.0011(0.00026) Monello et al. (2014)

s1 Juvenile survival beta(1.51, 2.76) 0.354(0.21) Raithel et al. (2007)
s2 Uninfected adult female survival beta(3215.75, 198) 0.942(0.004) Brodie et al. (2013)
s3 Uninfected adult male survival beta(31.22, 1.92) 0.942(0.04) Brodie et al. (2013)
s4 CWD infected adult female survival beta(52.67, 9.29) 0.942(0.04) Monello et al. (2014)
s5 CWD infected adult male survival beta(52.67, 9.29) 0.942(0.04) set equal to infected adult females
m juvenile sex ratio beta(49.5, 49.5) 0.5(0.05) derived from simulation
α1 proportion hunted elk uniform(0, 1) 0.5(0.29) before and including 1988
α2 proportion hunted elk uniform(0, 1) 0.5(0.29) after 1988
σ−2
p,i

σd,1

process st. dev. for each age/sex class
st. dev. for abundance data

gamma(0.001,0.001)
uniform(0, 500)

1(31.65)
250(144.33)

i = {1, ..., 5}
for years 1969− 1994

σd,2 st. dev. for abundance data uniform(0, 500) 250(144.33) for years 1995− 2010

Table 3: Prior distributions for model parameters are informed from previous literature on elk vital
rates. When literature was unavailable, vague priors were used.
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Forecast Description Harvest (αf ) Transmission (βψ)
Harvest and transmission retained (equal to present) αf = α2 δ = .129, ψ = .08 (Monello et al., 2014)
Removed harvest, retained transmission αf = 0 δ = .129, ψ = .08 (Monello et al., 2014)
Removed harvest, removed transmission αf = 0 βψ = 0
Removed harvest, made transmission absolute αf = 0 ψt = 1
Removed harvest, altered transmission prior αf = 0 δ = 0.09,ψ = .01
Harvest constant, altered transmission prior αf = α2 δ = 0.09,ψ = 0.04
Harvest constant, altered transmission prior αf = α2 δ = 0.009(Miller et al., 2000),ψ = 0.001

Table 4: Model parameter values and prior distributions for 10 year forecasts of elk on the winter
range of Rocky Mountain National Park. Parameters include the future proportion of harvested
animals coming from the winter range population out of the total harvest reported from Colorado
Parks and Wildlife Data Analysis Unit 20, which geographically encompasses the park (αf ). Note
that hunting occurs within Rocky Mountain National Park. Alternative priors and values were used
for the per capita rate of transmission (βψ,FD), using prevalence (δ) and the transmission probability
(ψ).

36



Parameters Description Mean Median St.Dev. 0.025 0.975
βψ
βψ

Frequency Dependent Transmission
Density Dependent Transmission

0.60
0.0009

0.60
0.0009

0.16
0.0002

0.29
0.0006

0.88
0.0014

s1
s2
s3
s4
s5

Juvenile survival
Uninfected adult female survival
Uninfected adult male survival
CWD infected adult female survival
CWD infected adult male survival

0.52
0.97
0.88
0.65
0.53

0.52
0.97
0.89
0.66
0.53

0.13
0.02
0.08
0.10
0.10

0.28
0.93
0.71
0.42
0.33

0.78
0.99
1.00
0.82
0.72

µr
σr

Average recruitment
St.dev. recruitment

0.30
0.10

0.30
0.10

0.02
0.02

0.26
0.04

0.34
0.13

m Proportion male juveniles 0.45 0.45 0.05 0.37 0.54
α
α
1

2

Proportion hunted 1968-1989
Proportion hunted 1990-2016

0.19
0.05

0.19
0.05

0.09
0.04

0.03
0.00

0.38
0.15

σo,1
σo,2

St. dev. abundance data
St. dev. abundance data

133
173

130
167

32
94

80
15

205
379

σp,1
σp,2
σp,3
σp,4
σp,5

St. dev. juveniles
St.dev. Uninfected adult females
St.dev. Uninfected adult males
St.dev. CWD infected adult females
St.dev. CWD infected adult males

0.10
0.10
0.20
0.55
1.00

0.08
0.08
0.18
0.51
0.94

0.08
0.07
0.13
0.22
0.34

0.02
0.02
0.03
0.22
0.55

0.34
0.28
0.49
1.08
1.86

Table 5: Marginal posterior means, medians, and standard deviations, with the right two columns
representing the 0.025 and 0.975 quantiles for process model parameters, as well as abundance
data standard deviations for the years without reported standard errors.
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Figure 1: The life cycle diagram represents the elk population in five sex, stage, and disease
classes including juveniles (n1), uninfected adult and yearling females (n2), uninfected adult and
yearling males (n3), CWD infected adult and yearling females (n4), and CWD infected adult and
yearling males (n5). Process model parameters include, survival probabilities (s), hunter harvest
mortality scaled by the proportion of infected to uninfected classes according sex ( µ

a j Hjµj+µ
), and

j′

the proportion of juveniles that survive into adult and yearling males (m) or females (1−m). The
probability of moving to a disease state is φt.
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Figure 2: Colorado Parks and Wildlife reported hunter harvest from Data Analysis Unit 20, which
encompases Rocky Mountain National Park, with observations (dots), and±2 standard errors (grey
shaded region) when available.
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Figure 3: (A) The posterior distributions for recruitment, ρ, the average number of offspring pro-
duced per adult and yearling female that survive to their first census, for the years 1968 -1980,
before chronic wasting disease was detected in this population (dark gray) and for the years 1981-
2016, after chronic wasting disease was detected (light gray). (B) The prior (light dotted line)
and posterior (solid black line) for the coefficient βρ describes the change in the log odds of re-
cruitment before and after chronic wasting disease was detected in the elk population in Rocky
Mountain National Park.
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Figure 4: (A) The posterior distributions for adult female survival, s2, for years before chronic
wasting disease was detected in this population (dark gray) and after chronic wasting disease was
detected (light gray) in the elk population in Rocky Mountain National Park.
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Figure 5: The densities of the posterior distributions for the growth rate, λ1, for years before
chronic wasting disease was detected in this population (dark gray), and λ2 for after chronic wast-
ing disease was detected (light gray).
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Figure 6: The posterior distributions of the total population sizes of elk on the winter range of
Rocky Mountain National Park, given by the median (black line) and equal-tailed 95% credible
intervals (gray shaded region), with observations (dots), ±2 standard errors (black bars) when
reported.
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Figure 7: The posterior distributions of the uninfected and CWD infected adult and yearling female
population sizes of elk on the winter range of Rocky Mountain National Park, given by the median
(black line) and equal-tailed 95% credible intervals (gray shaded region), for the frequency depen-
dent transmission model (FD, top row) and density dependent transmission model (DD, bottom
row), with classification observations without regard to disease status (dots), for 1969-2016.
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Figure 8: Marginal posterior distributions of hunter harvest for elk in the Colorado Parks and
Wildlife data analysis unit 20, which includes Rocky Mountain National Park, for yearling and
adult females (top row), yearling and adult males (middle row), and juveniles (lower left), given
by medians of the posteriors (black line) with equal-tailed Bayesian credible intervals (grey shaded
area). The left column represents harvest from uninfected classes, and the right column represents
harvest from CWD infected adult and yearlings.
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Figure 9: The marginal posterior distributions (solid black lines) and prior distributions (light gray
dashed lines) of all survival probabilities (s).
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Figure 10: The marginal posterior distributions (solid black lines) and equal-tailed Bayesian cred-
ible intervals (grey shaded area) of annually varying recruitment for elk on the winter range
of Rocky Mountain National Park. A simple linear regression line (black dashed line) shows
the decreasing trend of recruitment over the years of the study. The overall average recruit-
ment (horizontal grey dotted line) from which the time varying recruitments were drawn, was
µρ =0.3(BCI=0.26,0.34).
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Figure 11: The marginal posterior distributions (solid black lines) and prior distributions (light-
est grey dashed lines) of all model parameters, including the frequency dependent transmission
coeffient βψ,FD, density dependent transmission coeffient βψ,DD, average recruitment (µρ), the stan-
dard deviation of recruitment (σρ), the proportion of juveniles that are males that survive to census
(m), the proportion of harvest that comes from winter range population(α), standard deviations of
observed abundance data (σo), and standard deviations of the process model on the log scale (σp).
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Figure 12: The marginal posterior distributions (solid black lines) and equal-tailed 95% Bayesian
credible intervals (gray shaded area) for the predicted prevalence of chronic wasting disease of elk
on the winter range of Rocky Mountain National Park, under frequency dependent transmission
(A), and density dependent tranmsission (B). Observed prevalences are for 2010 (orange dot) and
2016 (blue dot).
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Figure 13: The marginal posterior distributions (solid black lines) and equal-tailed 95% Bayesian
credible intervals (gray shaded area) for the probability of transmission of chronic wasting dis-
ease for elk on the winter range of Rocky Mountain National Park, under frequency dependent
transmission (A), and density dependent transmission (B).
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Figure 14: The medians of the posterior distributions for the intrinsic growth rate (λ) for elk on
the winter range of Rocky Mountain National Park with different values of recruitment (µρ) used
in the matrix FCWD, versus a theoretical varying prevalence proportion (δ). The mean recruitment
from 2012-2016 (ρτ = 0.247, orange line), and the quantiles of the average recruitment from the
entire study duration µρ for the 0.025 quantile (light blue, µρ = 0.264), 0.25 quantile (green, µρ =
0.286), median (dark blue, µρ = 0.299), 0.75 quantile (red, µρ = 0.311), and 0.975 quantile (purple,
µρ = 0.338). The prevalence posterior distribution distribution for 2016 (vertical dashed line), with
the 95% credible interval (light grey dashed vertical lines).
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Figure 15: (A)The medians of the posterior distributions (solid black line) and equal-tailed 95%
Bayesian credible intervals (darker gray shaded area) for the adult female survival weighted by
varying prevalence (δ) for elk on the winter range of Rocky Mountain National Park. The poste-
rior distribution for prevalence from 2016 (vertical dashed line), with Bayesian credible intervals
(vertical light grey shaded area), is also denoted in (B) with the posterior of the weighted adult
and yearling surival posterior distribution (dashed black line). The median of uninfected adult and
yearling female survival (solid line).
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Model Harvest Transmission
A αf = α2 βψ derived from Monello et al. (2014)
B αf = 0 βψ derived from Monello et al. (2014)
C αf = 0 ψt = 1
D αf = 0 βψ = 0
E αf = 0 βψ prior based on δ = 0.09,ψ = 0.04
F αf = α2 βψ prior based on δ = 0.09,ψ = 0.04
G αf = α2 βψ prior based on δ = 0.009,ψ = 0.001
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Figure 16: The medians of the posterior distributions of forecasted population sizes for elk in
Rocky Mountain National Park under various scenarious are described in the table below. Cred-
ible intervals were omitted because they were too wide to be useful. Hunter harvest was altered
with the proportion of elk hunted from the Rocky Mountain National Park population (α), disease
transmission probability (ψ), prevalence (δ), and the per capita transmission rate βψ. See Table 4
for further details of forecasted scenarios.
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