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Abstract

Population trend analysis is commonplace for researchers tasked with monitor-
ing species and assessing the success of conservation efforts. Though the definition
and estimation of a trend are linked, it is not uncommon for trends to go unde-
fined in ecological publications. This in turn can have a deleterious effect on the
transparency of statistical results informing management decisions. In an effort to
shift this paradigm, we present an overview of methods used to assess trend found
within ecological literature and connect them to formally defined trends. The mo-
tivating example for this paper concerns the number of female grizzly bears with
cubs-of-the-year (FCOY) in the Greater Yellowstone Ecosystem (GYE) based on
yearly mark-resight data. Using posterior distributions of unmarked FCOY from a
Bayesian latent multinomial model, we assess the ability to detect a true decline us-
ing computer simulation under several different definitions of trend. The preliminary
results presented in this paper will hopefully serve as a catalyst for further study
into the complex objective of detecting declines in the GYE grizzly bear population.
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1 Introduction

A trend is a trend is a trend.
But the question is, will it bend?
Will it alter its course

Through some unforeseen force,
And come to a premature end?

Sir Alexander Cairncross

Monitoring trends in population size is an essential conservation tool for long-lived,
slow-reproducing taxa, which are most susceptible to over-harvest (Garshelis et
al., 2006). However, there does not appear to be a consensus regarding the best
way to define and assess trends in the field of ecology. This challenge is often
further perpetuated by a disconnect between the definition and the method used
to assess and estimate a true trend in a population measure. As a result, trends
taken to be self-explanatory may inhibit peer assessment of the appropriateness of
the definition and/or method of assessment. The implications of monitoring trends
are often far-reaching, such as informing decisions to list or delist an animal from
the threatened or endangered species list. For this reason, it is important to be as
clear and transparent as possible in the definition and assessment of trends so that
management decisions can be made on the best available science.

We have two objectives in this paper. First, we present an overview of methods
used to assess trend found within ecological literature and connect them to formally
defined trends. Second, we motivate an example concerning the number of female
grizzly bears with cubs-of-the-year (FCOY) in the Greater Yellowstone Ecosystem
(GYE) based on data from aerial sightings and results from yearly mark-resight
analyses. Using posterior distributions of unmarked FCOY from a Bayesian latent
multinomial model, we assess the ability to detect a true decline using computer
simulation under several different definitions of trend.

2 General Strategies for Assessing Trend

Although not exhaustive, we present an overview of some common methods used to
assess trends in population size by researchers in the field of ecology. Additionally,
we will attempt to highlight each method’s strengths, weaknesses, and connection
to a defined trend. To avoid potential misunderstanding regarding the meaning
of trend, we will hereafter reserve the term trend to mean the true trend that we
wish to model/estimate. For example, we may be interested in estimating the linear
component of how the population size is changing over time, even though the process
is likely more complex than that.
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2.1 Linear Model

The simplest of trends, the linear trend, is defined as a constant change in the re-
sponse variable (e.g., yearly counts of FCOY) for a specified period of time. The
linear trend is commonly estimated by the slope parameter of the least-squares line
and evidence for non-zero linear trends can be assessed using a t-test if assump-
tions are adequately met. The method’s simplicity and natural interpretation of
the estimated slope parameter make it an attractive option for many researchers.
Inferential objectives for this method are twofold: (i) assessing evidence for non-zero
linear trend and (ii) estimating the magnitude and uncertainty of the linear trend.
This method is generally applied to shorter time series (less than 15 years) but ap-
plication to longer series is not uncommon (e.g., Holmes et al. (2001) investigated 30
year trends of forest birds in New Hampshire using linear regression). One potential
drawback of the linear trend is the biologically unrealistic assumption of constant
change in the response for the time period considered. However, this assumption
may be realistic enough for the beginning years of long-term monitoring programs.

2.2 Exponential Model

The exponential growth trend is defined as a constant multiplicative change in the
response variable over a specified period of time (Figure 1). This is equivalent to
a so-called log-linear trend, which is defined as a constant additive change in the
logarithm of the population size for a specified period of time. This reformulation
allows the log-linear trend to be estimated by the slope parameter of the least-
squares line after log transformation of the population size. The exponential growth
trend is common in ecological literature because it is a standard model used to
describe the growth of a single population in the field of population ecology. The
exponential growth trend can be defined in terms of the instantaneous growth rate
(M) and this parameter can be estimated by the exponentiated slope coefficient from
a log-level model fit to a specified period of time. A benefit of defining trend in
terms of A is many management officials are familiar with the parameter and its
connection to population growth. However, because there are several mathematical
definitions of A in this field, it is imperative that any use of A\ be accompanied by a
formal definition.

The exponential growth trend also makes the potentially unrealistic assump-
tion of constant change but this may be useful in some applications. Furthermore,
both linear and exponential growth trends are commonly estimated using methods
that assume observations are independent. Time series almost always violate this
assumption but methods exist to account for the presence of autocorrelation. For
example, Chaloupka et al. (1999) account for autocorrelated errors in the log-level
model by including a second order moving average error term in their assessment of
a linear trend in humpback whale abundance. By explicitly incorporating the tem-
poral autocorrelation, the authors avoid overstating uncertainty in the estimated
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Figure 1: Example of exponential growth trend with A € {0.95, 0.98, 0.99}.

log-linear trend due to the presence of negative autocorrelation.

There are several instances of the exponential model applied to the Ursus genus:
Swedish brown bears (Swenson et al., 1994; Kindberg et al., 2011), North American
black bear (Garshelis et al., 2006), and grizzly bears in GYE (Knight et al., 1995).

2.3 Generalized Additive Model

Wood (2006) defines the generalized additive model (GAM) as a generalized lin-
ear model with a linear predictor that involves the sum of smoothed functions of
covariates. GAMs are often hallowed for their flexibility and ability to avoid, ei-
ther explicitly or implicitly, making assumptions about the parametric form of the
function to be fitted to the time series (Crawley, 2012). That being said, there
is no immediately obvious definition of trend in terms of a model parameter that
can be estimated by GAMs since parameter estimates are not returned. This could
prove problematic if management plans require a definition and method be explicitly
stated in monitoring protocols.

Further complications arise when deciding upon the appropriate degree of smooth-
ing. Although cross-validation methods exist to provide ‘optimal’ smoothness under
some criteria (loss function), it is difficult to assess how the degree of smoothness
affects the estimates of a defined trend. Furthermore, like all smoothers, GAMs
are subject to end effects which is particularly problematic if that is the part of
the series we are most interested in. Although GAMSs appear to be less than ideal
for the purposes of estimating trends, they can be useful as a statistical tool used
to explore potential functional relationships in the response. For example, Donner
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et al. (2008) use a GAM for the purposes of a change point analysis where they
identified key points of change in the gradient of fitted values to describe changes
in the population of Kirtland’s warblers over time.

The recent application of GAMs in ecological literature has primarily been in
the field of ornithology: farmland birds in the United Kingdom (Fewster et al.,
2000; Freeman et al., 2001), male Kirtland’s warblers in Michigan (Donner et al.,
2008), and waterbirds in Great Britain and Northern Ireland (Atkinson et al., 2006).
Additionally, Balazs et al. (2004) present a Bayesian GAM model to assess trends in
Hawaiian green sea turtle nester abundance. All four analyses involve time series at
least 25 years long and Atkinson et al. (2006) state the method “relies on extensive
counts made over long-periods, a situation of data-richness that is unlikely to exist
beyond a few NW European countries.”

2.4 Additional Approaches

This section serves to provide a summary of additional modelling approaches found
in the ecological literature, particularly those applied to the Ursus genus. We do
not attempt to review any of these additional methods or connect them to a defined
trend at this time. However, they may serve as a convenient starting-point for future
efforts aimed at defining and assessing trend.

e Wiener-drift process yielding a lognormal probability distribution of popula-
tion abundance (Dennis et al., 1991)

e Overview of using both MONITOR and TRENDS power analysis programs
(Hatch, 2003) and Poisson regression using TRIM software package (Conrad
et al., 2006)

e Kalman-filter framework of structural time-series models (Visser, 2004) and
applied use of TrendSpotter software (developed by H. Visser) to waterbird
monitoring data (Soldaat et al., 2007)

e Theil’s non-parametric test based on log-mean count annual indices (Morrison
et al., 1994)

e Pradel models implemented in MARK for DNA mark-recapture data from
grizzly bears in Northern Continental Divide Ecosystem (Stetz et al., 2010)
and British Columbia (Boulanger et al., 2004)

e Spatial and temporal trends in harbour porpoise using MCMCglmm in R
(Peschko et al., 2016)

e Finite rate of increase (A = Nyy1/Ny) using a revised Lotka equation for griz-
zly bears in the Swan Mountains, MT (Mace et al., 1998) and Yellowstone
(Eberhardt et al., 1994)

e 3-year moving average using Bayesian latent multinomial model (Higgs et al.,
2013)
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2.5 General Oversights

Regardless of the definition of trend, it is not uncommon for researchers to fail to
keep reference to the number of years the trend is defined for. This is particularly
important when estimating short-term trends because the number of data points
informing the estimate can be influential. When comparing results from several
definitions is of interest, failure to maintain this reference may lead to unwarranted
or misleading comparisons.

3 Motivating Example

Management and government officials alike are interested in both the growth rate
of GYE grizzly bears in the past and how the population is changing now (Harris
et al., 2007). Formed in 1973, the Interagency Grizzly Bear Study Team (IGBST)
is an interdisciplinary team of researchers responsible for research efforts on GYE
grizzly bears. Under the Grizzly Bear Recovery Plan (USFWS, 1993), IGBSTSs
monitoring program includes both annually estimating the number of FCOY in the
GYE population and assessing trend for this segment of the population (IGBST,
2014). FCOY are an easily recognizable cohort and changes in population size for
this segment of the population will generally track changes for the population as a
whole.

3.1 Current Protocol for Estimating FCOY

IGBST (2014) outlines the protocol for estimating population size from counts of
unique FCOY in a given year. First, the number of unique FCOY from ground
observations and aerial sightings is estimated using a rule set developed by Knight
et al. (1995). This estimate of unique females provides a minimum annual estimate
of FCOY in the population (Cherry et al., 2007). Using only FCOY observed within
the Demographic Monitoring Area (Figure 2), the Chao2 estimator (Wilson et al.,
1992; Keating et al., 2002) is applied to sighting frequencies estimated by the rule
set for each unique family. The result is an estimate of the total FCOY present in
the population. It should be noted that simulation studies indicate that the rule set
of Knight et al. (1995) inherently underestimates known numbers of unique FCOY
(Schwartz et al., 2008), which makes sense given that it was meant to estimate a
minimum. Furthermore, simulations suggest an additional, but smaller, source of
underestimation bias comes from the Chao2 estimator itself (Wilson et al., 1992;
Keating et al., 2002; Cherry et al., 2007).

3.2 Mark-Resight Method

In an attempt to obtain more reliable inference for FCOY abundance, Higgs et
al. (2013) propose a mark-resight approach utilizing a Bayesian latent multinomial
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Figure 2: According to IGBST (2014), only FCOY observed within the Demographic
Monitoring Area will be used for population estimation.

model for inference. IGBST has conducted two standardized observation flights
within Bear Observation Areas (Figure 2) per year since 1997. Each year, the
number of marked FCOY sighted zero, one, and two times, and the total number
of sightings of unmarked FCOY are recorded. Using a common sightability model,
assuming homogeneity in sighting probabilities over all previous sampling occasions
(years), and data obtained from aerial surveys each year, we obtain a yearly posterior
distribution for population size of unmarked FCOY.

3.3 Research Question

The IGBST has identified the years 2002-2015 of particular interest. This decision
was motivated by demographic analyses which indicated a slowing of population
growth due to changes in vital rates during 2002-2011 compared to 1983-2001 (IG-
BST, 2012). The study team is interested in examining the following question
regarding the application of the mark-resight estimator: assuming that the popula-
tion of unmarked FCOY has been stable for the years of 2002-2015 (the so-called
‘plateau phase’), can we detect a decline in the population of {1%, 2.5%, 5%} per
year after {5, 10, 15, 20} years time? To address this question, we will begin by pro-
viding several potential definitions of trend followed by an assessment of our ability
to detect a decline in the number of FCOY in the population using simulation.
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3.4 Defining Trend

Before proceeding with any analyses, we will present several definitions of trend and
justify the appropriateness of their application to FCOY monitored by the IGBST.
Note that all of the following definitions represent different mathematical definitions
of change in population size. As introduced in Section 2.2, the exponential growth
model is commonly used in ecology to model the growth (and decline) of popula-
tions. Furthermore, the instantaneous rate of population change is the parameter
of interest in IGBSTs current trend assessment protocol (IGBST, 2014).

Definition 1. instantaneous rate of FCOY population change (\) assuming
exponential growth over a specified number of years

An important facet of this definition to keep in mind, and all remaining definitions,
is the explicit number of years for which trend is defined. The exponential growth
model can be expressed mathematically as

Nu,t:Nu,l'Ata (1)

where NN, ; is equal to the number of unmarked FCOY at time ¢. Taking the natural
logarithm of each side yields

In (Ny¢) =In(Ny1) +¢-In (). 2)

The structural form of Equation 2 indicates that A may be estimated by the
exponentiated slope coefficient from the least-squares regression of In (N, ) on t.
It should be noted that this is not the only method available for estimating this
definition of A but it is the method that we will proceed with. A direct result of
the definition is A values less than 1 imply the population is experiencing decline.
Therefore, we will be interested in computing the posterior probability of A < 1 for
each time frame considered.

Harris et al. (2006) consider two alternative definitions of the ‘population tra-
jectory’ summary statistic \:

Definition 2. the geometric mean of the n ratios of unmarked FCOY in n+1
successive years

Definition 3. the arithmetic mean of the n ratios of unmarked FCOY in n+1
successive years

Both definitions define the ratio of unmarked FCOY in successive years in terms of
the finite rate of increase

Nu
M) = S 3

which assumes exponential growth for each successive 1 year period. The geometric
mean of n ratios of unmarked FCOY in n + 1 successive years can be computed as
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Note that the geometric mean can be alternatively expressed as the exponentiated
arithmetic mean of the log-transformed ratios of unmarked FCOY

< 1< Ny, i
)\2 = exp [n Zln <]\7’+1>] . (5)
i—1 U,

Additionally, the arithmetic mean for n ratios of unmarked FCOY in n+1 successive
years can be computed as

3 1 - AN'u7 i+1

A=~ ; N (6)
For either estimate, we are interested in computing the posterior probability of A < 1
for each time frame considered. By taking the geometric or arithmetic mean of the
As’s, we obtain a measure of average finite rate of increase for the time period under
consideration. This can be thought of as an extreme case of smoothing over the
specified time period.

Instead of assuming exponential growth, we can alternatively consider the annual

linear rate of change in population size.

Definition 4. an annual rate of linear FCOY population change over a spec-
ified number of years

We will investigate the annual linear rate of population change as estimated by the
least-squares regression slope coefficient (1) of Ny ¢ on t. Given this definition,
we will be interested in the posterior probability of 51 < 0 for each time frame
considered.

4 Methods

4.1 Simulating FCOY

In order to simulate realizations of FCOY consistent with mark-resight sampling,
we will use R (R Core Team, 2016) and the griz_sim_Fcoy() function from the
grizzly package written by Michael Lerch for IGBST. The user must provide the
function with the following arguments:

e unmarked_total: vector of true number of unmarked FCOY in each year

e marked_total: vector of true number of marked FCOY in each year
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e detect_prob: sighting probabilities w = (mg, w1, m2) where mp, 71, and o
represent the probability that an unmarked FCOY is sighted 0 times, 1 time,
and 2 times in a given year.

To define unmarked_total, we assume the population of FCOY is not changing
from 2002-2015 (i.e., the ‘plateau phase’) followed by a decrease of (1%, 2.5%, 5%)
per year (rounded to nearest integer) for 20 years. The simulated true number
of unmarked FCOY during the period of 2002-2015 was set to 70, which seems
reasonable given the posterior distributions of unmarked FCOY during the period
2002-2012 (Figure A.1) reported in Table 2 of Higgs et al. (2013). Furthermore,
assuming a total of 70 FCOY resulted in simulated numbers of sightings similar to
those observed in practice.

To define marked_total, we assume that IGBST maintains a constant year-to-
year count of marked FCOY. The maximum number of marked FCOY for the entire
region (excluding moth aggregation sites) for years 2002-2014 was 10 (Higgs et al.,
2013), which we use as a “best-case scenario”. Finally, we define detect_prob to
be equal to the sighting probabilities specified by IGBST: = = (0.70, 0.25, 0.05),
which approximates the proportion of marked bears observed zero, one, and two
times over all years since 1997.

4.1.1 Simulation Assumptions

Given that all results derived from this simulation are dependent on the assump-
tions made in simulating the hypothetical realizations, we take this opportunity to
explicitly summarize and justify the assumptions for the reader.

First, the sighting probabilities 7 are assumed to be constant year-to-year and
identical for both marked and unmarked FCOY. In practice, sighting information
is pooled across years since the information from any given year is very limited
given the relatively small number of marked FCOY and the low sighting proba-
bility. Second, the number of marked FCOY remains constant for the entire time
period considered. Although a simplifying assumption, we believe it is reasonable
since the number of marked females has remained relatively constant over time de-
spite changes in the population size. Third, we simulate a multiplicative decline in
unmarked FCOY using the following equation

Nyt=70-A" t=1,...,20, (7)

where N, + is rounded to the nearest integer and A € {0.99, 0.975, 0.95}. Assuming
a multiplicative decline in the population of unmarked FCOY is consistent with
current IGBST methods of assessing trend in FCOY. However, Equation 7 intrin-
sically assumes the multiplicative decline is constant across years. While this is
not a realistic assumption, it is necessary to assess ability to detect a decline of
{1%, 2.5%, 5%} per year after {5, 10, 15, 20} years time.
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Typically when considering trend, we are simulating a decline in the population
size due to death of individuals. The FCOY trend is not only based on annual
survival, but also on annual reproduction rates. Furthermore, female grizzly bears
reproduce, on average, every three years. Therefore, a bear who is an FCOY one year
may still be alive the following year, but unlikely as an FCOY. To remedy this, we
could simulate a decline in the number of female grizzly bears each year through the
use of a Markov process with transition probabilities for mortality and reproduction.
Sighting probabilities could then be sampled each year from Dirichlet(62.5, 18.5, 1.5)
(Higgs et al., 2013) which would be applied to the subset of females that have cubs.
Although there are numerous ways to simulate more realistic data, we believe the
results presented in this paper represent a useful starting point.

4.2 Estimating FCOY

We used the Gibbs sampler outlined in Section 3.3 of Higgs et al. (2013) to es-
timate the number of unmarked FCOY using the realizations of simulated FCOY
from Section 4.1. An implementation of the Gibbs sampler is available via the
griz_Fcoy_sampler () function in the grizzly package. For each realization, the
sampler was run for 100,000 iterations, saving every fifth iteration. Preliminary
runs indicated the number of iterations was sufficient to feel comfortable with con-
vergence, as assessed by the Gelman and Rubin Statistic R and visual inspection of
the traceplots. The posterior distributions of unmarked FCOY for each year (N, +)
are then obtained after removing the first 500 saved draws, for a total of 19,500 used
to approximate each posterior distribution.

4.3 Posterior Distribution of Estimated Trend

As stated previously, we obtain posterior distributions of unmarked FCOY for each
year of the simulation. Given the posterior distributions for N, the posterior dis-
tribution for g(N,) is completely specified (Link et al., 2009). In other words, we
can obtain a posterior distribution of the estimated trend so long as it is defined as
a function of the posterior distributions for N,,.

Using the ith posterior draw from each independent posterior distribution of
unmarked FCOY, we obtain a time series of length 20 years. Using all posterior
draws yields 19,500 time series where each individual series can be interpreted as a
series of point estimates of yearly unmarked FCOY that could have resulted from
the realization of simulated FCOY. To each individual series, a summary measure
g(NVy) used to estimate a defined trend will be computed for varying lengths of time
(e.g., first five years, first ten years, etc). Saving the estimated parameter from each
draw results in a posterior distribution for that parameter for the specified number
of years. From this posterior distribution we can compute the posterior probability
of interest related to population decline.



DEFINING AND ASSESSING TREND 11

100
1

Pr(A <1) =0.7622

80
1
600
|

60
1

Frequency
400
I

40

Unmarked FCOY

20
1

T T T [ T T T 1
2015 2020 2025 0.8 0.9 1.0 11 12

A

Figure 3: (Left) Posterior distributions of N, for the first 10 years of data simulated
under a 1% yearly reduction in population size beginning with 70 unmarked FCOY.
Back-transformed log-level regression lines displayed for a random sample of 100
posterior draws. (Right) Posterior distribution of A defined for the first 5 years with
posterior probability of A < 1 displayed.

4.3.1 Posterior of Derived Parameter Example

Here, we outline the steps taken to obtain the posterior distribution of A for a real-
ization of 20 years of data under a 1% yearly reduction in population size beginning
with 70 unmarked FCOY. Figure 3 displays the posterior distributions of N, from
the latent multinomial model for the first 10 simulated years. For this example, we
will focus on A defined for the first 5 years and fit a log-level regression to every
5-year series of posterior draws of N,. The back-transformed log-level regression
lines for a random sample of 100 posterior draws are displayed in Figure 3. For each
log-level regression, we compute the derived parameter A as the exponentiated slope
coefficient. Collectively, all 19,500 derived values of A make up the posterior distri-
bution of A (Figure 3) from which posterior quantities of interest (e.g., Pr(A < 1))
can be readily computed.

5 Results

5.1 Exponential Rate of Change (\)

We observe, as expected, our ability to detect the true decline increases both with
increasing number of years of decline considered and increasing percent decline per
year. From a practical management perspective, IGBST is interested in the ability
to detect declines after at most 10 years. There is poor ability to detect declines
after 5 years, regardless of the yearly percent decline, as evidenced by the wide range
of posterior probabilities (Figure 4). Considering 10 years also indicates poor ability



12 DEFINING AND ASSESSING TREND

1% Decline Per Year 2.5% Decline Per Year 5% Decline Per Year
1.00+ | 1 | 1 _— | l
— .
\ .
= 0.751 I H i
> | J !
= ' .
5 : : i
S 0501 ! : 5
& | :
= ] .
o ]
2 i . :
Q 0.254 H *
7] H i *
o . 4
o 3 ] H H
0.004

5 10 15 20 5 10 15 20 5 10 15 20
Number of Years Decline

Figure 4: Boxplots of posterior probabilities of A < 1 for 500 realizations at each
specified percent decline and ¢ years of decline.

to detect declines of 1% and 2.5% per year and moderate ability for a 5% per year
decline.

5.2 Geometric Mean (\;)

We observe wider ranges of posterior probabilities compared to the posterior prob-
abilities for \ (Figure 4). Ability to detect a true decline after 5 or 10 years is poor,
regardless of the percent decline considered.
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Figure 5: Boxplots of posterior probabilities of Ay < 1 for 500 realizations at each
specified percent decline and years of decline.
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Figure 6: Boxplots of posterior probabilities of A3 < 1 for 500 realizations at each
specified percent decline and years of decline.

5.3 Arithmetic Mean ()\3)

It is immediately apparent that the ability of A3 to detect a true decline is extremely
poor. Additionally, we observe that increasing the number of years considered fur-
ther decreases the detection accuracy. While seemingly counterintuitive, this result
is a product of the year-to-year variability inherent in the posterior distributions.
For example, consider the random sample of 20 posterior draws from one simulated
realization (Figure A.2). It is clear that some yearly ratios result in values much
greater than 1, which in turn inflates A\3. By considering longer periods of decline,
we in turn increase the instances of ratios greater than 1 which lowers our ability to
detect decline based on the posterior probability of Az < 1.
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Figure 7: Boxplots of posterior probabilities of 81 < 0 for 500 realizations at each
specified percent decline and t years of decline.
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5.4 Linear Rate of Change (5)

Again, we observe poor ability to detect declines after 5 years, regardless of the
yearly percent decline. The 10 year period also indicates poor ability for declines
of 1% and 2.5% per year and moderate ability for a 5% per year decline. The
exponential trend underlying the simulation is not distinguishable from linear due
to the lack of curvature, so both A and (; definitions are nearly identical in their
ability to detect the true decline.

5.5 Direct Comparisons

As mentioned previously, the ability to detect declines after 5 or 10 years is practi-
cally meaningful from a management perspective. Accordingly, we present a more
direct comparison of detection ability among the mathematical definitions of trend
considered (Figure 8).
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Figure 8: Comparison of posterior probabilities of decline across mathematical def-
initions of trend. Each boxplot contains 500 realizations at each specified percent
decline (columns) and years of decline (rows).
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6 Discussion

6.1 Connections to Traditional Power Curves

Had we considered some cutoff value ¢ indicative of ability to capture true decline
(e.g., ¢ = 0.9), we could compute the number of realizations out of 500 resulting
in a posterior probability greater than c¢. This would result in curves similar to
traditional ‘power curves’ in each of the facets of Figures 4—6. However, we chose
not to disseminate the results in this manner for two reasons. First, the choice of
the cutoff value c is arbitrary (see Section 6.2 for discussion). Second, by observing
the raw posterior probabilities, we can visually assess the variability in our ability to
detect trend. For example, consider the posterior probabilities from two hypothetical
definitions of trend, each containing 33 realizations (Figure 9). If we consider the
cutoff ¢ = 0.85, we would conclude that both have similar ability to detect a true
decline since both have 11 out of 33 realizations that were above ¢ = 0.85. However,
it is clearly evident that the left boxplot is inferior in its ability to detect a true
decline due to its variability as compared to the right boxplot. For this reason, we
decided the raw posterior probabilities are not only more useful in assessing ability
to detect trend, but it also better aligns with our belief in transparency. We do,
however, recognize that a cutoff may have to be implemented in order to make
management decisions.

1.00 | |

0.754

0.50 1

0.254

Posterior Probability of Decline

0.00

Figure 9: Hypothetical situation in which assessment of ability to detect trend may
be less informative if we consider the number of realizations above the cutoff value
¢ = 0.85 (red horizontal line) instead of observing the raw posterior probabilities.
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6.2 Cutoff Value Considerations

The choice of a cutoff value c is technically arbitrary. However, this does not imply
that the selection of a cutoff value should be made without considerable thought
concerning its implications from a management perspective. For example, we can
think about each posterior draw as a hypothetical mark-resight time series of N,, that
could be observed given the observed sighted counts. We can then ask questions such
as “what proportion of the 19,500 hypothetical time series would need to indicate
a decline for managers to feel comfortable or confident concluding the population is
in decline?”

6.3 Autocorrelation

Since the data were simulated in the absence of autocorrelation and the latent multi-
nomial referenced in Section 4.2 obtains results for each year separately, we did not
pursue time dependence in our estimation of trend. Additionally, an ACF plot of the
observed FCOY counts during 1997-2012 does not indicate strong autocorrelation
within the series (Figure A.3).

This naturally begs the question of whether or not incorporating autocorrelation
into the estimate of a defined trend is appropriate in this particular application. If
positive autocorrelation is expected, then incorporating autocorrelation will improve
ability to detect the trend. However, it is important to remember that in these sim-
ulations we are introducing an unrealistic process (see Section 4.1.1). Therefore, the
combination of not accounting for autocorrelation and having an unrealistic process
might balance each other out somehow. Regardless, we encourage a thorough inves-
tigation of trend detection sensitivity in the presence of time dependence in future
work. In particular, the implications of both positive and negative autocorrelation
on more realistic simulations of the underlying process should be explored.

6.4 Additional Considerations

The practicality of the results presented in Section 5 are constrained by the assump-
tions made in Section 4.1.1. Lack of verity to the true underlying process of female
grizzly bear reproduction and large uncertainty in posterior distributions of NV, pose
the greatest impediments.

The general lack of ability to detect a true decline can be primarily attributed
to the amount of uncertainty present in the posterior distributions of unmarked
FCOY. A primary source of uncertainty in the posterior for N, is the uncertainty in
the estimates of the sighting probabilities 7r. This is largely due to the low number
of marked females in the population. However, increasing the number of marked
females is a non-trivial task subject to many logistical and bureaucratic constraints.
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7 Conclusion

In this paper, we summarized common methods used to assess trends in population
size and connected them to formally defined trends. As a motivating example, we
provided an assessment of trend detection ability based on several different defini-
tions using simulated realizations of FCOY consistent with mark-resight sampling.
We observed poor ability to detect a true decline within a practically meaningful
time frame across all definitions of trend considered. This, however, represents only
a preliminary investigation of the ability to detect trends in FCOY within the GYE.
We hope this paper serves as a catalyst for further study of this complex research
objective.
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A Supplementary Figures
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Figure A.1: Posterior means (open circles) and medians (closed circles) for total
unmarked FCOY from the latent multinomial model based on data presented in
Table 2 of Higgs et al. (2013). Horizontal dashed line set at 70 unmarked FCOY.
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Figure A.2: Traces of 20 random posterior draws for a realization of 20 years of data
under a 1% yearly decline in population size beginning with 70 unmarked FCOY.

Each trace comprises the ith draw from each posterior distribution connected across
the 20 year time period.
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Figure A.3: ACF plot of observed FCOY counts (marked + unmarked) during
1997-2012 as given in Table 1 of Higgs et al. (2013).





