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Abstract 18 

Structured monitoring programs play a key role in identifying whether a population is declining, stable, or 19 
increasing, and power analyses allow program planners to determine the number of sampling units 20 
required to reliably estimate a specified trend (e.g., 1% annual decline) with a specified error rate (e.g., 21 
α=0.20, or 80% power). Increasingly, monitoring programs track trends in site occupancy (i.e., the 22 
proportion of sampling units occupied by the target species) using dynamic occupancy models, but 23 
practical and adequate guidance for conducting power analysis using this framework is extremely limited. 24 
Here, we explored the sensitivity of sample size recommendations from Bayesian occupancy-based power 25 
analysis to variation in trend generation approach (using equilibrium, recursive, and constant survival 26 
methods), power check criteria (ranging from inclusive to strict), and a range of biological scenarios (i.e., 27 
differences in initial occupancy, survival, and detectability) and explored how these technical choices 28 
would translate to cost-optimized monitoring designs. We used a proposed real-world acoustic monitoring 29 
program aimed at tracking the recovery of the federally threatened Mexican spotted owl (Strix 30 
occidentalis lucida) as our motivating example, which requires that a monitoring program can detect a 31 
25% occupancy decline over a 10-year period with 90% power. We demonstrated that power to detect 32 
occupancy trends is highly sensitive to trend generation approach and power check criteria. In the 33 
proposed Mexican spotted owl monitoring program, differences in trend-generation approach alone 34 
resulted in a difference in the number of sampling units required to achieve sufficient power by up to 72% 35 
(n=695 for the constant survival approach; n=1200 for the equilibrium approach) for one biological 36 
scenario, which translates to nearly $500,000 in initial acoustic equipment costs. Our study offers 37 
practical advice to practitioners interested in developing occupancy-based power analyses that allow them 38 
to robustly track realistic population changes in a cost-effective manner.   39 
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Monitoring is a foundational data gathering mechanism for conservation biology. Using repeated 42 
sampling across space and time in a structured or probabilistic sampling framework, monitoring programs 43 
document where species are, how their populations are changing, and the drivers of that change. Data 44 
produced from such programs are critical for identifying conservation concerns and have an outsized 45 
impact on policy development (Hughes et al. 2017). Recognition of the importance of moving from 46 
haphazard and bespoke sampling to systematic sampling for biodiversity conservation is now driving 47 
multi-lateral international agreements on monitoring goals including Article 7 of the Kunming-Montreal 48 
Global Biodiversity Framework, which emphasizes the importance of systematic monitoring for species 49 
of urgent conservation concern (Kunming-Montreal; Gonzalez et al., 2023). It has also prompted the 50 
development of accessible tools for robust monitoring design (Griffith et al. 2024; Norman & Poisot 51 
2025).  52 

Power analysis is a common approach for assessing the ability of a potential monitoring scheme to detect 53 
a target phenomenon of a given effect size (Sanderlin et al. 2019; Weiser et al. 2021; Leung & Gonzalez 54 
2024). Power analysis can be used to inform minimum required sample size for a monitoring program 55 
design by evaluating the rate at which models applied to simulated data recover the true simulated values 56 
of the parameter of interest. For such power analyses to be useful however, the parameters used to 57 
simulate the ecological process must be sufficiently realistic to inform implementation, which requires 58 
extensive knowledge of target species’ natural history (often informed by pilot data), the policy context, 59 
and logistical constraints (Williams et al. 2002). Realistic power analysis is especially important for 60 
monitoring of at-risk species, where potential misestimation of population trends could have dire 61 
implications for species persistence by misdirecting conservation investments or management actions. 62 
Appropriately designing monitoring programs in such high stakes settings therefore requires careful 63 
translation of species recovery requirements to statistical terms, simulation of potential population trends 64 
with high-ecological realism, and design of sampling schemes that operate within logistical and budgetary 65 
constraints (i.e. Sanderlin et al., 2014).  66 

Following the development of occupancy models that correct for imperfect detectability in the early 67 
2000’s (MacKenzie et al. 2002, 2003), an increasingly common population monitoring goal is to detect 68 
trends in site occupancy (White 2019; Moussy et al. 2022). For estimating trends in occupancy a popular 69 
choice is the dynamic occupancy model (MacKenzie et al. 2003; Royle & Kéry 2007; Goldstein et al. 70 
2024a), which models changes to the latent (true) occupancy state at a site in a certain season as the 71 
product of the stochastic process of colonization and persistence, conditional on the site’s occupancy state 72 
in the preceding season. While simulating data from the dynamic occupancy model is straightforward, the 73 
occupancy trend itself is not a model parameter; rather, trend in occupancy is an emergent property of the 74 
survival, colonization, and initial occupancy parameters playing out through time.  75 

As a result, simulating data with a reliable trend magnitude that can align with policy objectives targeting 76 
trends in occupancy is nontrivial, and there is currently no standardized approach for generating a 77 
parameter-driven trend in simulated dynamic occurrence data. In previous work, the decision making 78 
surrounding which parameters will be manipulated to generate the trend and how parameters are derived 79 
to implement a specific trend magnitude are often incompletely described if they are even acknowledged 80 
(Banner et al., 2019; Popescu et al., 2012; Steenweg et al., 2016; Wood et al., 2019). More critically for 81 
conservation contexts, there has been to our knowledge no investigation of how different approaches for 82 
imposing a trend interact with biological elements to impact sample size thresholds. The lack of clarity 83 



around what may initially seem to be minor technical decisions has potentially profound implications for 84 
the ability of the resulting monitoring network to efficiently meet its goals.  85 

Here, we develop a repeatable framework for implementing robust and realistic power analyses to detect 86 
trends in occupancy, exploring how a model’s ability to detect trends is influenced by choice of trend-87 
generation approach, power check criteria, sample size, and their interactions. We outline the important 88 
decision points for translating policy requirements to a power analysis framework, develop a repeatable 89 
approach for simulating realistic occupancy trends informed by empirical data, and optimize sampling 90 
design decisions with respect to cost. Our goals are two-fold: first, to outline key decision points in the 91 
power analysis process and their implications for final monitoring network design, and second, to identify 92 
the minimum sample requirements necessary for a monitoring program that can identify population trends 93 
following policy requirements and under different cost scenarios. Our efforts are organized around the 94 
real-world problem of designing a United States range-wide passive acoustic monitoring program for the 95 
Mexican spotted owl (Strix occidentalis lucida; hereafter, “MSO”), a federally threatened subspecies. 96 

Methods 97 

Species description 98 

The MSO is a federally threatened subspecies emblematic of the complexities associated with monitoring 99 
design and implementation. Originally listed as threatened under the U.S. Endangered Species Act in 100 
1993, the Mexican spotted owl’s management is governed by the 2012 Mexican Spotted Owl Recovery 101 
Plan (U.S. Fish and Wildlife Service, 2012, hereafter “Recovery Plan”), which provides the criteria for 102 
delisting the subspecies and habitat protection recommendations. MSO largely inhabit mature forests and 103 
rocky canyonlands and are predominately found on public lands in Arizona, New Mexico, Colorado, 104 
Texas, and Utah, as well as in northern Mexico. Due to logistical monitoring challenges across its 105 
extensive and disjunct range, mandated monitoring of the owl is inconsistent through time and across 106 
jurisdictions and provides insufficient data for estimation of even broad-scale population trends, despite 107 
significant investments to date. Systematic range-wide monitoring with the power to detect declines or 108 
recovery of the species within budgetary constraints is therefore critical not only for optimal management 109 
of the species, but to meet statutory recovery requirements. 110 

Recovery criteria 111 

The Recovery Plan (U.S. Fish and Wildlife Service, 2012) outlines two criteria for recovery related to 112 
monitoring of (1) trends in owl occupancy and (2) trends in owl habitat. The monitoring plan described 113 
here focuses on criteria #1, which states:  114 

“Owl occupancy rates must show a stable or increasing trend after 10 years of monitoring. The study 115 
design to verify this criterion must have a power of 90% to detect a 25% decline in occupancy rate 116 
over the 10-year period with a Type I error rate of 0.10.”  117 

The Recovery Plan divides the owl’s United States range into five distinct ecological management units 118 
(EMUs) distinguished by predominant vegetation types and other environmental factors, and outlines 119 
possible approaches to monitoring, including a requirement that 25% of samples be allocated to 120 
“marginal” habitats outside the traditional owl preferences. 121 

Sampling frame 122 



We limited our sampling frame to the EMU boundaries, and within the EMUs to landcover types where 123 
the owl could likely be found in primarily forested environments (Gutierrez et al. 1995). Our initial 124 
sampling design does not emphasize canyonland habitat, though many canyonlands inhabited by owls fall 125 
within primarily forested units in our sampling frame. We defined a hexagon-based sampling grid 126 
spanning the EMU area with each individual hexagonal unit (or “hex”) having an area of 4 km2, the 127 
average estimated territory size of the California spotted owl (S. o. occidentalis) and the best known 128 
surrogate for MSO home range size (Tempel et al. 2016; Jones et al. 2018). All hexes intersecting the 129 
EMU area were included in the sampling frame. For each hex, we identified the predominant (modal) 130 
landcover type using the LandFire Existing Vegetation Type data product (LANDFIRE 2016). We first 131 
restricted our sampling frame to hexes with tree landcover types then restricted to plausible owl habitat, 132 
either high quality or marginal, informed by the habitat requirements listed in the Recovery Plan, expert 133 
opinion, and verified by the landcover types within areas with known owl occupancy (Protected Activity 134 
Centers; PACs). As some patches of habitat were highly disjointed, we included only patches of more 135 
than five contiguous hexes in our sampling frame. All landcover types included in the final sampling 136 
frame are given in Table S1. 137 

Intended sampling method 138 

Traditionally, presence-absence monitoring for MSO uses a callback approach where owl presence is 139 
identified by an expert human surveyor either visually or aurally (Franklin et al. 1996). This method is 140 
time-intensive and requires highly skilled observers, making its implementation costly. Surveys are also 141 
conducted primarily at night, introducing safety concerns. Recently, passive acoustic monitoring (PAM) 142 
has proven to be a successful alternative presence-absence sampling method for identifying spotted owls 143 
and, typically as a “bonus,” the broader avian community (Appel et al. 2023; Kelly et al. 2023; McGinn et 144 
al. 2025). Though the power analysis described here is agnostic to sampling method, we picked method-145 
dependent detection probabilities for our simulations based on existing data from PAM monitoring for 146 
California spotted owls (Wood et al. 2019; Gustafson et al. 2025) and pilot PAM data for MSO (Sanderlin 147 
et al. 2025). The PAM sampling process involves deployment of 1-4 acoustic recording units (ARUs) 148 
within each site (i.e., 4 km2 hexagon) at a sufficient distance between neighboring units to sample non-149 
overlapping audio space. In previous work, ARUs have been programmed to record continuously on a 150 
daily basis during periods when owls are most vocally active (i.e., from before dusk until after dawn) 151 
(Reid et al. 2022) over a multi-week sampling window, with the continuous sampling window split into 152 
two discrete sampling periods to facilitate model estimation (Fig. 1). 153 

Power analysis 154 

We investigated the minimum sample size necessary to identify a 25% decline in occupancy over a 10-155 
year period with 90% power at two different scales, the individual EMU level and the range-wide level, 156 
for multiple biological scenarios. We also examined the sensitivity of sample size recommendations to 157 
multiple technical decisions, including how the trend was generated in simulated data and the criteria used 158 
for considering a model successful in identifying the trend, using the Southern Rocky Mountains EMU as 159 
a case study. For all analyses, we followed the same general steps of (1) simulating many datasets, (2) 160 
fitting a model to each dataset, and (3) checking for success in identifying the trend across replicates to 161 
calculate success rate (i.e., power). We describe each of these steps in detail below. For each set of 162 
conditions, we constructed a power curve to understand how power varied as a function of sample size. 163 
We then used the power curves to produce a final sample size recommendation by calculating the sample 164 



size at which a line connecting the points before and after the threshold crossing intercepted the desired 165 
power threshold. We defined sample size as the number of hexes sampled each year, with the same hexes 166 
sampled across years. 167 

Simulating occupancy 168 

We simulated occupancy dynamics for each hex in the sampling frame according to a dynamic occupancy 169 
model (MacKenzie et al. 2003; Royle & Kéry 2007). The dynamic occupancy model has four key 170 
processes, each of which can be either fixed parameters or functions of other parameters: initial 171 
occupancy, 𝜓!", is the probability that hex i is occupied in the first survey year; survival, 𝜙!#, is the 172 
probability that hex i is occupied during time t + 1 given that it was occupied in year t; colonization, 𝛾!#, 173 
is the probability that hex i is occupied during year t + 1 given that it was not occupied in time t; and 174 
detectability, 𝑝!#, the probability that the species is detected on a single survey during year t in hex i given 175 
that the site is occupied in that year.  176 

During simulation, the latent (true) occupancy state in hex i during the first year 𝑧!" was given by a 177 
Bernoulli trial with a probability given by the initial occupancy probability, which had either a high (0.6 178 
or 0.43) or low (0.03) value to account for different dynamics in the high-quality versus marginal habitat 179 
landcover types, respectively (see below). Occupancy at subsequent time steps was determined by 180 
Bernoulli trials parametrized by either annual survival, if the hex was previously occupied, or annual 181 
colonization, if the hex was not previously occupied (see below for additional details). For all approaches, 182 
we gave annual survival and colonization biologically plausible noise. Survival was drawn from a normal 183 
distribution with a mean of 0 and a standard deviation of 0.04 and noise for colonization was drawn from 184 
a normal distribution with a mean of 0 and a standard deviation of 0.01 on the probability scale (Wood et 185 
al. 2019); all draws resulted in absolute survival or colonization values between 0 and 1. We generated 186 
observed occupancy from the simulated true occupancy history based on a binomial distribution 187 
parameterized by the detection probability as the probability of success and two sampling periods as the 188 
number of trials in each year. We did not allow for false positives, so observed occupancy was always 189 
unoccupied when true occupancy was unoccupied, and observed occupancy for occupied sites was given 190 
by independent binomial draws for each sampling period and year.   191 

Trend generation approaches 192 

To adhere as closely as possible to the criteria of the Recovery Plan, we needed to impose a specific trend 193 
in the expected value of occupancy (i.e., the expected proportion of occupied sites) by appropriately 194 
modifying the survival and colonization parameters. We compared three different approaches for 195 
imposing a trend in occupancy using the Southern Rocky Mountains EMU as a case study.  For the first 196 
two implementations we imposed the trend through changes in annual survival while holding colonization 197 
constant, and for the third we imposed changes by holding survival constant and choosing an 198 
appropriately small, constant colonization rate to generate a decline.  199 

Equilibrium approach. The first approach was derived from the equilibrium occupancy equation (eq. 1) 200 
and follows existing approaches wherein declines are imposed by a constant multiplicative decline in 201 
survival (Banner et al., 2019; and see Wood et al., 2019 for a similar approach with an additional change 202 
in colonization). Equilibrium occupancy at a site (𝜓$%&!') with constant survival (𝜙) and colonization (𝛾) 203 
can be calculated as 204 



         𝜓$%&!' =	
(

()	"+,
        (eq. 1)  205 

A decay factor 𝑏 can then be selected to modify annual survival as a function of time according to 𝜙# =206 
𝜙"𝑏#+", yielding a trend in expected occupancy over time. Often the decay factor is chosen by “guess and 207 
check”, where a decay factor is chosen and modified until it most closely produces the desired trend 208 
(Banner et al. 2019). As the trend is a product not just of the survival decay factor but also initial 209 
occupancy, survival, and colonization, it can therefore be a substantial time investment to find the 210 
appropriate decay factor for each of many scenarios that also vary by initial occupancy and colonization.  211 

We developed an approach to automatically select a decay factor where colonization (𝛾) was derived 212 
using the equilibrium occupancy equation (eq. 1), which with algebraic reorganization gives colonization 213 
as a function of initial occupancy and survival (eq. 2), and the decay factor is derived from the desired 214 
occupancy in the final time step. 215 

𝛾! =	
-!"("+,!)
"+	-!"

        (eq. 2) 216 

First, we calculated a target occupancy value at t = 10 (𝜓"0) based on a 25% decline in the given initial 217 
occupancy (𝜓"; therefore, 𝜓"0 = 0.75𝜓"). Then, using the equilibrium occupancy equation (eq. 1) where 218 
occupancy was set to 75% of initial occupancy (0.75𝜓") we found the necessary survival rate for that 219 
occupancy probability at equilibrium: 𝜙"0 = 1 − ("#("+0.23-")	

0.23-"
. We then identified the annual survival 220 

decay factor to go from initial survival 𝜙"to final survival 𝜙"0 using the exponential decay equation 𝜙# =221 

𝜙"𝑏#+", solving for the decay factor b in 𝜙"0 = 1 −	("#("+0.23-")
0.23-"

= 𝜙"𝑏4. Annual survival for the 222 

occupancy processes was then calculated by imposing the decay factor 𝑏 at each time step.  223 

Recursive approach. For the second approach, we imposed a trend on expected occupancy probability by 224 
adjusting survival in each time step based on the recursive occupancy equation (eq. 3), which describes 225 
how occupancy probability in each timestep changes as a function of occupancy in the previous timestep, 226 
colonization, and survival: 227 

𝜓#)" = 𝜓#𝜙# + (1 − 𝜓#)𝛾#          (eq. 3) 228 

We first calculated the annual change in occupancy necessary to get a 25% reduction in occupancy using 229 
the exponential decay formula, with the final value set to 75% of the initial occupancy value: 0.75𝜓" =230 
𝜓"𝑏#, where 𝑏 is the decay factor and 𝑡 = 9 is the number of transition time steps. The decay factor was 231 
therefore 𝑏 = 0.97, and annual occupancy probability for each time step was given by 𝜓#)" = 𝜓"0.97#. 232 
Using 𝜓" and 𝜓#)" in the recursive occupancy equation, we then solved eq. 3 for 𝜙# for each time step to 233 
generate annual survival for the occupancy process. Colonization was derived as in the equilibrium 234 
simulation using the equilibrium occupancy equation. Where the first approach implements a 235 
multiplicative decline in survival, survival in this approach declines in an unpredictable manner. 236 

Constant survival approach. The third approach maintained constant survival based on the 237 
parametrization of initial survival and imposed a decline through selection of an also constant 238 
colonization parameter that is sufficiently small that the population necessarily declines. We selected the 239 
appropriate colonization rate by setting the equilibrium occupancy equation (eq. 1) equal to 0.75𝜓", 240 
parametrizing survival based on initial survival for that scenario and then solving for colonization.  241 



We assessed the power to detect an occupancy trend for multiple biologically plausible occupancy 242 
parameter scenarios. For “high occupancy” areas, defined by their landcover type, we tested two different 243 
initial occupancy levels based on known occupancy for California spotted owls (0.43) (Wood et al. 2019), 244 
and pilot monitoring data in the Southwest (0.6) (data described in Sanderlin et al., 2025). “Low 245 
occupancy” marginal landcover types had an initial occupancy of 0.03 for all scenarios. We tested two 246 
different site survival probabilities representing typical survival (𝜙 = 0.8) and a population under stress 247 
(𝜙 = 0.6), and two detection levels (p = 0.4, 0.8). We reference survival (𝜙 = 1 − 𝜀) rather than the 248 
traditional extinction parameter (𝜀) throughout the paper as the demographic parameter more directly 249 
relevant for conservation management (Popescu et al. 2012; Wood et al. 2019). Together, we tested eight 250 
unique scenarios across sample sizes ranging from 10 to 2000 (or the maximum number of available 251 
hexes for EMU-level models), with interim sample sizes increasing on an approximately log scale (Table 252 
1). Curves were generated from n = 100 replicates for range-level models and n = 200 replicates for 253 
EMU-level trends to balance computational feasibility with sufficient replication to reduce variance. To 254 
assess the sample size threshold necessary to detect EMU- and range-level trends, we generated power 255 
curves based on the recursive trend generation method for reasons discussed in the results. 256 

Model fitting 257 

We fit single-species dynamic occupancy models (MacKenzie et al. 2003; Royle & Kéry 2007) to 258 
simulated data using a Bayesian framework in the R packages nimble (de Valpine et al. 2017) and 259 
nimbleEcology (Goldstein et al. 2024b). Model structure was dependent on both the trend generation 260 
process of the simulation and the scale at which the trend was being assessed. For equilibrium and 261 
recursive simulations where survival changed through time, models included time as a predictor of 262 
survival with a random intercept for year to account for annual heterogeneity. A random intercept for year 263 
was also used to model colonization due to annual noise. All other parameters (initial occupancy, 264 
detection probability) were estimated as intercept-only models. For the constant survival simulation, 265 
survival and colonization had only a random intercept for year and all other parameters were estimated 266 
with intercept-only models. 267 

For EMU-level trends, we fit models for each EMU independently following the structure described 268 
above for the appropriate underlying trend generation process. For range-level trends we fit a model to 269 
range-wide simulations with a random intercept on survival for EMU. All model parameters were given 270 
uniform priors with support from 0 to 1. We fit all models with 2 chains, 1000 iterations, and a burn-in of 271 
500; all models converged according to Gelman-Rubin statistic (𝑅6 <1.1). Full model equations are 272 
provided in the Supplementary Materials and code necessary to reproduce results are archived in a 273 
Zenodo repository at http://doi.org/10.5281/zenodo.18778235. 274 

Power check criteria 275 

Translating the Recovery Plan requirements into concrete statistical terms of success is one of the major 276 
challenges of creating a realistic power analysis. For each fitted model, we assessed the posterior 277 
distribution of a derived parameter equal to percent change in occupancy from the first to last season 278 
following the percent change formula: (t10 – t1)/ t1. Most commonly, previous power analyses for 279 
monitoring plans have considered a model successful if it detects a negative trend of any kind (Test A, 280 
Fig. 2; Banner et al., 2019; Ellis et al., 2014; Wood et al., 2019). This is the least stringent possible test, 281 
using a right- or two-tailed Bayesian credible interval (CRI) with α = 0.05, and requiring only that the 282 

http://doi.org/10.5281/zenodo.18778235


upper bound of the CRI be less than 0. It does not account for scenarios where the true percent decline 283 
falls outside the model’s estimated CRI upper and lower bounds. A more stringent Test B uses a left-tailed 284 
CRI with α = 0.05 and requires that the maximum value in the posterior distribution is less than zero and 285 
that the interval between the lower bound of the CRI and the maximum posterior value contains the true 286 
trend (Test B, Fig. 2). By being more stringent in the left tail of the posterior, this test does not allow for 287 
underestimation of the decline (where the slope estimated by the model is less negative than the true 288 
slope), which in conservation settings is riskier than overestimating the decline because it could 289 
potentially result in delisting a species prematurely. Test C is the most stringent, using a two-tailed CRI 290 
with α = 0.05, and identifying success when the CRI does not contain 0 and contains the true trend (Test 291 
C, Fig. 2).  292 

To assess sensitivity of sample size recommendations to these power check criteria, we generated power 293 
checks for Tests A, B, and C for a case study EMU, the Southern Rocky Mountains. For EMU- and range-294 
level trend power curves we used the most stringent criteria (Test C) to assure the model and sample 295 
size’s ability to detect the trend of the size required by the Recovery Plan. 296 

Optimizing study design with respect to costs 297 

We used a constrained optimization framework (Taha 2017) to determine optimal study design with 298 
decision variables, an objective function, and constraints in passive acoustic monitoring (Sanderlin et al., 299 
Under Review). Our objective function was to minimize overall project cost with respect to the constraint 300 
of required sample size to achieve power.  301 

Our decision variables (Table 3) included combinations of biological and sampling-related factors. 302 
Biological decision variables included at what spatial scale the monitoring program would be 303 
implemented (at the EMU level or the range-wide level), as well as the eight biological scenarios 304 
described in the previous sections where initial occupancy, survival rates, or detection varied. Sampling-305 
related decision variables included how hexes were distributed with respect to distance to road (i.e., travel 306 
costs) and vegetation cover type (i.e., different vegetation types tend to have different levels of 307 
accessibility), number of observers (10 or 12), observer types (volunteer, paid seasonal, in-kind 308 
government employee), number of ARUs per hex (2 or 4), and number of repeat deployments per year (1, 309 
2, or 3). Number of deployments denotes the timing of ARU placement, with a single deployment 310 
indicating all hexes are sampled at the same time, and >1 deployments indicating that a smaller number of 311 
ARUs are deployed multiple times in the season to achieve full coverage of sample units. We limited 312 
maximum deployments in a year to three as a realistic possible number of deployments within the MSO 313 
breeding season. 314 

We used estimated costs and effort from our pilot study (Sanderlin et al. 2025) to populate a series of cost 315 
equations incorporating initial project start-up costs, total annual costs, sampling unit costs, and sampling 316 
day costs that encompass our cost function (Sanderlin et al., Under Review). Effort and costs were 317 
modified within the cost function to best approximate the expected effort with range-wide or EMU-level 318 
monitoring for Mexican spotted owls (Table S2). We modeled sampling effort to mirror the simulation 319 
process with 25% of the samples allocated to low quality (or marginal) sites, and equal numbers of 320 
samples distributed across all EMUs for the range-wide implementation. All samples were selected using 321 
simple random sampling after the sample sizes were determined from the power threshold step above. We 322 
used minimum distance to road within a hex and vegetation cover type (mixed conifer or not) across the 323 



sampling frame as indicators of sampling time. To capture variation in the site selection process, we used 324 
100 replicates of each set of decision variables. 325 

Results 326 

Our identified sampling frame covered 19% of the EMU area, with most excluded areas being either non-327 
forest or Pinyon-Juniper landcovers that MSO do not typically inhabit. Forty-three percent of the 328 
sampling frame was considered plausibly “high” occupancy based on landcover type (Fig. 3). Sampling 329 
frame area was concentrated in the Upper Gila Mountains and Southern Rocky Mountains EMUs, with 330 
more sparse sampling areas across the other three EMUs. The sampling frame contained 95% of Protected 331 
Activity Center area designated in USDA Forest Service land in New Mexico, Colorado, and Arizona, 332 
giving a strong validation of our landcover criteria.  333 

All three trend simulation approaches were successful in producing a true decline approximating the 334 
desired magnitude (Fig. 4), but with different attributes. Generally, the equilibrium trend generation 335 
approach was more likely to generate a smaller magnitude decline than intended and have either concave 336 
or convex non-linear attributes. Percent decline was smaller for lower initial survival values, and the trend 337 
was more likely to be insufficiently negative for lower initial occupancy values. The constant survival 338 
approach showed a strong non-linearity with most of the decline occurring in the first few years and then 339 
tapering off. Similarly to the equilibrium approach, it did not reach the full decline, particularly for low 340 
initial occupancy and high initial survival scenarios. In contrast, the recursive trend generation approach 341 
consistently resulted in a 25% decline, was not sensitive to initial occupancy or initial survival, and was 342 
strongly linear. In fact, it reproduced the trend so robustly that the two initial survival scenarios overplot 343 
on Figure 4.  344 

Recommended sample size to meet the power threshold showed sometimes substantial sensitivity to trend 345 
generation approach (Fig. 5). While curves (Fig. 5a) were qualitatively similar across the trend 346 
approaches, direct comparison of the differences in threshold sample size across approaches showed 347 
differences of hundreds of samples for multiple scenarios (Fig. 5b). The largest difference was for 348 
scenario 5 (high initial occupancy, low survival, low detection probability), which showed a difference of 349 
over 500 samples necessary to detect the trend, with recursive requiring the most, and constant survival 350 
requiring the least. Low detection probability scenarios showed qualitatively more variation in sample 351 
size across trend approach than their high detection probability counterparts. There did not appear to be a 352 
pattern in which approach required fewer or more samples for a give biological scenario. Sample size also 353 
showed sensitivity to the power check criteria, with Test A (no check for true trend) and Test C (two 354 
tailed, check for true trend) giving similar sample size recommendations and Test B (left-tailed) requiring 355 
substantially more. Power curves for the three trend generation approaches and the three test criteria are 356 
available in the supplement (Fig. S1).  357 

The sample size required to achieve 90% power to detect the trend varied across biological scenarios and 358 
EMUs (Fig. 6, Table 2). Higher detection probability scenarios generally required lower sample sizes 359 
across all EMUs. High initial occupancy and high detection probability scenarios all required the lowest 360 
sample size (n = ~400-500; Table 2). High detection with lower initial occupancy scenarios required for 361 
some twice as many samples to achieve required power (n = ~680-880; Table 2) as their high initial 362 
occupancy counterparts. Lower probability of detection also increased the necessary sample size by a 363 
similar magnitude. Low initial occupancy, low detection probability scenarios required the most samples, 364 



meeting power criteria between n = ~1300-1650 (Table 2). Initial survival parameterization showed small 365 
and inconsistent impacts on required sample size. Two EMUs, Basin and Range East and Basin and 366 
Range West, did not have sufficient sample area to reach the power threshold for all scenarios, indicating 367 
that identifying EMU-level trends in those areas will only be possible under specific biological scenarios. 368 

Meeting the power requirement to detect a trend at the range-wide level, using a hierarchical model, 369 
required marginally more samples for a given scenario than any given EMU-level trend for the same 370 
scenario. The smallest required sample size was for scenario 6 (high initial occupancy, low survival, high 371 
detection probability), needing only n = 423 samples. In contrast, the highest scenario required almost 372 
three times more at n = ~1200 samples. 373 

Optimal study designs with respect to cost differed by simulation scenario, trend scale (EMU- vs range-374 
level), number of deployments, number of observers, and types of observers (Fig. 7, Fig. S2). Optimal 375 
designs across biological simulation scenarios mirrored sample size threshold results (Fig. S2), with 376 
higher initial occupancy, higher survival, and higher detection probability costing less than scenarios with 377 
lower initial occupancy, lower survival, and lower detection probability. Costs were similar for range-378 
wide designs versus EMU-level designs. We used scenario 8 as a case study to visualize potential trade-379 
offs in cost-efficiency with number of deployments and number and type of observers (Fig. 7). For most 380 
sampling and personnel scenarios, a design involving two deployments was optimal; however, for higher-381 
cost personnel implementations (0 volunteers, 8 paid, 2 government employees; 2 volunteers, 6 paid, 2 382 
government employee) a single deployment was optimal for most EMUs and the range-wide scale only if 383 
two ARUs were used per hex. For the lowest cost personnel scenario (8 volunteers, 2 paid, 2 government 384 
employees), three deployments were always optimal. This was also true for other low-cost personnel 385 
implementations if four rather than two ARUs were used per hex.  386 

Discussion 387 

We explored the implications of trend generation approach, power check criteria, and initial simulation 388 
parameterization on the minimum sample size required to achieve power, with acoustic monitoring of the 389 
Mexican spotted owl as a motivating case study. We demonstrated that decision making at each of these 390 
steps can result in variation in the recommended sample size for a monitoring program that represents 391 
significant differences in cost and optimal implementation strategy. We assessed multiple potential 392 
options for generating trends with different properties and outlined reproducible closed-form methods for 393 
selecting appropriate parameterizations for a given trend magnitude. Our results therefore illustrate not 394 
just the critical importance of intentionality and transparency in decision making throughout the power 395 
analysis process but also outline methods that facilitate that goal. 396 

Variation in sample size due to the factors explored here translates to differences in real-world cost on a 397 
scale that could determine whether implementation of a monitoring program is financially feasible or not. 398 
For example, in the most extreme case of differences due to trend generation approach, scenario 5 showed 399 
a difference of 500 samples between the equilibrium and constant survival approaches (Fig. 5b). If a 400 
single ARU unit costs ~$450 and each sample hex requires two ARUs, selecting one trend generation 401 
approach over another could result in an additional $450,000 in hardware costs alone – and this estimate 402 
does not consider implementation costs and the accumulating costs of hardware attrition over time. This 403 
simple calculation demonstrates that selection of the right trend generation approach can have substantial 404 
implications for real-world costs. 405 



As our results indicate that selection of the trend generation approach is nontrivial for sample size 406 
recommendation and resulting costs, how then should practitioners choose the most appropriate method?  407 
For the power analysis to be a fair test of the monitoring program’s goal, the properties of the generated 408 
trend (e.g., curvature, variation in trend magnitude across replicates, etc.) should align as closely as 409 
possible with the biology of the target species, the ecological processes of interest, and the policy context. 410 
We chose the recursive method for our sample size recommendations as its ability to robustly generate a 411 
linear trend of the specified magnitude most closely aligned with the requirements of the Recovery Plan. 412 
In other settings, practitioners may choose an approach based on a priori knowledge of the most 413 
biologically appropriate trend shape for a target species or ecological process. For example, declines 414 
driven by changes in recruitment success by the species may be better matched to the non-linear patterns 415 
generated by the constant survival approach. We also acknowledge that the methods explored here are not 416 
a comprehensive list of possible trend generation approaches, as we focused on methods with a closed 417 
form derivation of initial parameters (rather than “guess and check”). Generation of trends with different 418 
characteristics than the ones identified here may be necessary for other applications. For example, if the 419 
goal is to detect trends responding to an acute disturbance, a discontinuous curve could be generated by a 420 
sudden or one-time drop in survival probabilities. Given that the trend properties are not necessarily 421 
intuitive, we echo other calls for visualization of the generated true trend as a standardly reported product 422 
alongside the power analysis curve and sample size recommendation to ensure properties are well 423 
matched to the goal of interest (Banner et al. 2019).   424 

Sensitivity of sample size to the simulation’s biological parameters illustrates the key role of a priori 425 
natural history knowledge of the target species (including pilot data, wherever possible) in producing a 426 
power analysis with sufficient biological realism to be useful. Sample sizes required to reach power for 427 
different biological scenarios ranged from ~400-1650 hexes required for EMU-level trends and ~520-428 
1200 hexes required for a range-wide trend. While detection probability is often presumed to be the most 429 
influential factor for required sample size, we found that initial occupancy and survival had similar 430 
magnitude impacts on recommended sample size, indicating that knowledge of a target species’ 431 
parameters is critical for appropriate design (Mackenzie & Royle 2005; Mckann et al. 2013; Sanderlin et 432 
al. 2014). Power analyses should therefore ideally be informed by robust pilot data on the current 433 
population parameters or be well justified by expert knowledge. Empirical data can also add useful 434 
realism to other dimensions of the power analysis. For example, landcover data used to define potential 435 
habitat availability put upper bounds on the number of samples available for each EMU, illustrating 436 
biological scenarios for which some EMUs may not have a detectable trend and thus the kind of inference 437 
that could be drawn by the program in the real world. As another example, we considered four 438 
combinations of occupancy and detection to bracket a wide range of plausible realities, which expanded 439 
our battery of simulations substantially. If pilot data can home in on fewer, more realistic values for 440 
occupancy, detection, and even temporal parameters like survival, then fewer scenarios may need to be 441 
considered. Our analysis is therefore a compelling illustration of the volume and depth of data needed to 442 
generate a power analysis that moves beyond academic exercise to being informative for implementation. 443 

There are multiple possible routes for selecting a final sample size recommendation for implementation. 444 
One of the strengths of our approach is that it allows for flexibility in biological reality. We can therefore 445 
select an initial sample size threshold based on our best current knowledge of MSO biological parameters 446 
and either intensify or reduce sample size in subsequent years based on estimates from those data, an 447 
approach advocated for in adaptive management (Moir & Block 2001; Williams 2011; Sanderlin et al. 448 



2019). While we included lower detection probability scenarios to explore the threshold space, pilot data 449 
(described in Sanderlin et al., 2025) show that ARUs can achieve at least 0.8 probability of detection and 450 
would therefore likely start with a recommendation from one of those scenarios. By exploring power to 451 
detect a trend across both EMU and range-wide scales, we also identified potential flexibility in how 452 
samples are allocated. For example, the sample size required to detect an EMU-level trend for scenarios 6 453 
and 8 (high initial occupancy, high detection probability) is close to the recommendation for the range-454 
level trend for those same scenarios. The same hardware investment could therefore be used to assess a 455 
pilot EMU and then reallocated across the range to assess the range-level trend as the implementation 456 
logistics are honed and scaled up.  457 

Our results indicate an opportunity to optimize monitoring implementation based on the recommended 458 
sample size and landscape characteristics, as recommendations for optimal strategy varied by 459 
implementation scenarios and trend of interest (individual EMU or range-wide). Optimal sample design 460 
for a given EMU-level or range-wide trend differed by the number of acoustic recorders per hex, observer 461 
types, number of observers, and number of deployments. Given the assumptions of the cost equations, we 462 
found a trade-off between the number of deployments and number and types of observers for the optimal 463 
design. This tradeoff is likely due to relative costs of acoustic recorder units compared to observer wages, 464 
and shifts comparing between two versus four acoustic recorder units per hex. While the cost optimization 465 
analysis gives a strong first indication of which trends may be most costly to identify and how 466 
implementation should occur to minimize those costs, incorporation of further realism could improve 467 
recommendations. For example, in our simulations we assumed that additional deployments did not affect 468 
detection probability and therefore that detectability is constant throughout the breeding season. This 469 
assumption is supported by some work with California spotted owl (Winiarski et al. 2026, but see Reid et 470 
al. 2022), and would have meaningful implications for the interaction between implementation strategy 471 
and biological parameters of the underlying power simulations. 472 

The program described here is designed to meet specific criteria for detecting a decline as described in the 473 
Recovery Plan. However, the Recovery Plan also includes more ambiguous language for meeting 474 
recovery goals regarding the programs ability to demonstrate a “stable or increasing trend”.  Given that it 475 
is generally easier to identify larger magnitude changes, with a 25% decline being a substantial change, 476 
how does this power analysis ensure the ability to detect more subtle declines, occupancy stability, or 477 
increases? One of the strengths of the Bayesian approach used here is that it produces a full posterior 478 
distribution for occupancy at each time step as well as the derived percent change posterior. We can 479 
therefore say with what percent confidence a population has increased or remained stable based on how 480 
much of the posterior is greater than zero or falls within a predefined “stability” range respectively. The 481 
approach here is also easily adapted to changes in the criteria for success, with potential options including 482 
generating an increasing trend of various sizes, or stable populations, and comparing sample sizes for 483 
those scenarios to the ones examined here to determine the minimum threshold to detect all three potential 484 
occupancy trajectories.  485 

While we incorporated the major costs associated with implementing a program of this scale, we did not 486 
factor in one of the major benefits of an acoustic monitoring program, which is the potential for collecting 487 
data on non-target species (e.g., Brunk et al., 2025; Sanderlin et al., 2025). Multi-species monitoring is 488 
increasingly the gold standard of monitoring implementation as it efficiently gathers data on multiple 489 
species of interest simultaneously. The program described here covers a substantial geographic and 490 



environmental space, making it particularly well suited for capturing data on many other forest-dwelling 491 
species and providing the opportunity to calculate community-level metrics related to ecological integrity 492 
(Miller-ter Kuile et al. 2025). Land management agencies like the USDA Forest Service are required to 493 
monitor focal species outlined in forest planning documents – many of which are vocalizing birds such as 494 
great-horned owls (Bubo virginianus), American goshawk (Astur atricapillus), and Grace’s warbler 495 
(Setophaga graciae). While not specifically targeted, these species would be ‘bycatch’ in our MSO-496 
focused monitoring program, and similar trend analysis could be implemented for these non-target 497 
species. For species that have initial occupancy, survival, and detectability within the range explored here, 498 
our analysis can also say with what likelihood we can detect a 25% decline in their populations, as the 499 
power analysis is technically species-agnostic. Of course, multi-species passive acoustic monitoring does 500 
come with some additional non-field costs, mostly relative to data storage at both the ARU-level, where 501 
the ARU may be recording for longer time periods to capture the active periods of diurnal birds, and the 502 
data processing level, where additional hours of data must be stored long-term and validated. Reaching 503 
sufficient detectability for non-MSO species may necessitate additional ARUs per sample unit, 504 
particularly for rare species or species with smaller home ranges than the hex, with additional 505 
implications for cost and optimal implementation strategy.  506 

In addition to making recommendations for sampling and implementation decisions, we found here 507 
compelling evidence that power analysis sample size thresholds are highly sensitive to parameterization 508 
of the occupancy process and trend generation simulation approach, and that those differences impact the 509 
cost-optimal implementation strategy for a given monitoring plan. These findings imply that, despite 510 
perception of power analysis as a straightforward procedure in the study or monitoring design process, 511 
poorly justified decisions at any point in the process risk misallocation of conservation funds on the scale 512 
of hundreds of thousands of dollars. In settings where robustness of produced data may be challenged in a 513 
court of law (e.g., for the listing or delisting of a species), inappropriate or incomplete power analysis 514 
implementation is an underappreciated point of vulnerability. Future work can shore up this vulnerability 515 
by homing in on the decision points with greatest sensitivity, helping practitioners identify the a priori 516 
information most critical to accurately identify sample size.  517 
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 616 



Table 1. Occupancy parameters for each of the 8 simulation scenarios, with colonization and initial 617 
occupancy split by whether the hex is a plausibly low or high occupancy landcover type. Standard 618 
deviations are fixed, with 𝜸𝒔.𝒅. = 0.01, and 𝝓𝒔.𝒅. = 0.04. 619 

Scenario Survival (𝜙) Detection (p) 
Colonization (𝛾) Initial Occupancy (Ψ) 

Low High Low High 

1 0.6 0.4 0.01 0.30 0.03 0.43 

2 0.6 0.8 0.01 0.30 0.03 0.43 

3 0.8 0.4 0.01 0.15 0.03 0.43 

4 0.8 0.8 0.01 0.15 0.03 0.43 

5 0.6 0.4 0.01 0.60 0.03 0.60 

6 0.6 0.8 0.01 0.60 0.03 0.60 

7 0.8 0.4 0.01 0.30 0.03 0.60 

8 0.8 0.8 0.01 0.30 0.03 0.60 

 620 

 621 



Table 2. Estimated threshold sample size to detect the trend for different biological scenarios (rows), 622 
trend scale (EMUs and range-wide model), and the three distinct trend generation approaches 623 
(implemented for the Southern Rocky Mountains EMU). Abbreviations: BRE = Basin and Range East, 624 
BRW = Basin and Range West, CP = Colorado Plateau, SRM = Southern Rocky Mountains, UGM = 625 
Upper Gila Mountains. 626 

Scenario BRE BRW CP SRM UGM Range 
trend 

Constant 
survival  Equilibrium Recursive  

1 - - 1441 1476 1650 1200 1618 1400 1476 

2 777 - 746 775 782 938 820 760 775 

3 - - 1304 1538 1538 - 1786 1921 1538 

4 680 - 880 825 800 800 908 1000 825 

5 904 - 1083 1200 987 1071 838 695 1200 

6 409 412 402 412 451 586 434 448 412 

7 815 - 931 973 922 1036 880 1214 973 

8 442 408 448 504 408 423 495 445 504 

 627 

 628 



Table 3. Decision variables for passive acoustic monitoring optimal study design. 629 

Variable type Component Description Values 

Biological spatial scale Spatial scale of simulation individual EMUs, range-wide 
(hierarchical’) 

Biological simulation 
scenario 

biological scenarios 
described in Table 1 

scenario 1 (Ψ=0.43, φ=0.6, p=0.4), 
scenario 2 (Ψ=0.43, φ=0.6, p=0.8), 
scenario 3 (Ψ=0.43, φ=0.8, p=0.4), 
scenario 4 (Ψ=0.43, φ=0.8, p=0.8), 
scenario 5 (Ψ=0.60, φ=0.6, p=0.4), 
scenario 6 (Ψ=0.60, φ=0.6, p=0.8), 
scenario 7 (Ψ=0.60, φ=0.8, p=0.4), 
scenario 8 (Ψ=0.60, φ=0.8, p=0.8) 

Sampling site selection Distribution of hexagonal 
units with simple random 
sample 

Sample sizes determined from power 
thresholds and sample influences road 
distance and vegetation cover type 

Sampling observers Number and type of 
observers (volunteer, paid 
technician, governmental 
employee) 

10 obs (0 volunteer, 0 paid, 10 GE), 
10 obs (0 volunteer, 8 paid, 2 GE), 
12 obs (10 volunteer, 0 paid, 2 GE), 
10 obs (2 volunteer, 6 paid, 2 GE), 
10 obs (4 volunteer, 4, paid, 2 GE), 
12 obs (8 volunteer, 2 paid, 2 GE) 

Sampling n ARUs Number of acoustic 
recorder units per 
hexagonal unit 

2, 4 

Sampling n deployments number of deployments in 
each year 

1, 2, 3 

 630 



 631 

Figure 1. Conceptual diagram illustrating the passive acoustic monitoring approach. (a) Acoustic 632 
monitors detect vocalizations of Mexican spotted owls, primarily four-note territorial calls shown in the 633 
spectrogram. (b) Three acoustic monitors (black circles) out of five possible sub-sampling locations 634 
(black and white circles) are placed within selected hexagonal sampling units (dark blue hexagons). 635 
Individual acoustic monitors detect owl calls, and if any individual monitor in a hex has a positive 636 
detection, the hexagonal sampling unit is considered to be occupied. (c) Recordings are split into two 637 
discrete secondary sampling periods for each primary sampling period, and detection histories across all 638 
sampled hexes are (d) aggregated and modeled to estimate the occupancy trend across 10-year monitoring 639 
study. 640 

 641 



 642 

 643 

Figure 2. Conceptual figure illustrating the three possible power check tests for identifying model success 644 
in detecting the true trend (white dotted vertical line). The posterior distribution for percent change in 645 
occupancy is given by the black curve, and vertical colored dashed lines indicate the upper and lower 646 
bounds of credible intervals (CRIs) for a two tailed test in green, and a left-tailed test in yellow. For all 647 
tests the upper bound of the credible interval must be less than zero to be considered successful in 648 
detecting a negative trend. Shaded areas indicated the “region of success” where the true trend must fall 649 
for the model to be considered successful in identifying the trend for different tests, with the region 650 
bounded by CRI for test B and C (vertical colored dashed lines) and bounded by only zero for Test A 651 
(vertical solid colored line). Test A (blue) uses a right-tailed CRI with 𝜶 = 𝟎. 𝟎𝟓 and requires only that 652 
the upper bound of the CI be less than 0. Test B (gold) uses a left-tailed CRI with 𝜶 = 𝟎. 𝟎𝟓 and requires 653 
the maximum value of the posterior distribution is less than zero and that the posterior contains the true 654 
trend. Test C (green) uses a two tailed credible interval with 𝜶 = 𝟎. 𝟎𝟓, where success requires the CRI 655 
does not contain 0 and contains the true trend.  656 



 657 

Figure 3. Map showing the five Mexican spotted owl Ecological Monitoring Units and the portion of 658 
each unit included in the sampling frame. Included hexes are colored by a simplified landcover type.  659 



 660 

Figure 4. Simulated trends in occupancy for constant survival (purple), equilibrium (orange), and 661 
recursive (red) trend generation approaches. Trends are shown for two initial survival values (dashed for 662 
0.6, solid for 0.8) and three different initial occupancy values (vertical panels). The horizontal dashed 663 
lines indicate initial occupancy (top line) and final occupancy (bottom line) if a true 25% decline was 664 
realized.  665 



 666 

Figure 5. Comparison of power curves for three different trend generation approaches (indicated by 667 
individual plots in panel A and shape in panel B) and eight different biological scenarios (indicated by 668 
line color and type in panel A and color and shape fill in panel B). Panel A depicts the power curve for all 669 
scenarios with the target power level of 0.9 indicated by the horizontal grey dashed line. Panel B 670 
compares the sample size at the power threshold for a given scenario across trend generation approaches, 671 
with the sample size range for a scenario annotated on the plot. Dashed lines correspond to simulations 672 
with lower detection probabilities while solid lines had higher detection probabilities. 673 

 674 



 675 

Figure 6. Power curves for trend estimation at the EMU- (panel A) and range-level (panel B) using the 676 
recursive trend generation approach for each of the 8 scenarios, with solid lines indicating higher 677 
probability of detection and dashed lines indicating lower.  678 

 679 



 680 

Figure 7. Mean cost of implementation for study designs for scenario 8 under different sampling and 681 
personnel implementations (volunteer, paid employee, government employee) for two or four ARUs per 682 
hexagonal unit. Each column depicts implementation for an EMU or the entire range, with differences 683 
between EMUs (or range-wide) due to both the sample size threshold and distribution of landcover types. 684 
The optimal deployment design for each personnel scenario is indicated by a star. Error in mean cost is 685 
too small to be visualized and therefore not included in the figure. GE = government employee. 686 
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Supplemental Figures and Tables for “Robust and realistic power analysis for cost-
e;ective monitoring of occupancy trends” 

 

 

Figure S1. Power curves for each combination of trend generation approach and power check 
criteria, with line color indicating the biological scenario and line type indicating the detection 
probability.  

 

 



 

Figure S2. Mean cost of implementation for monitoring programs that meet the sample size 
threshold for each biological simulation scenario (given by color) under different potential 
observer (point shape), deployment implementations, and number of ARUs per hexagonal unit 
(rows). Optimal study design with respect to costs differs by number of deployments and number 
and types of observers across all simulation scenarios.  

 



LandFire Existing Vegetation Type 
Inclusion in 

sampling frame 
Occupancy type 

Madrean Pinyon-Juniper Woodland yes  

Madrean Encinal no  

Interior West Ruderal Riparian Forest no  

Madrean Lower Montane Pine-Oak Forest and 
Woodland 

yes  high 

Western Warm Temperate Orchard no  

Southern Rocky Mountain Dry-Mesic Montane Mixed 
Conifer Forest and Woodland 

yes  high   

North American Warm Desert Riparian Woodland no  

North American Warm Desert Riparian Mesquite Bosque 
Woodland 

no  

Southern Rocky Mountain Ponderosa Pine Woodland yes  low 

Madrean Upper Montane Conifer-Oak Forest and 
Woodland 

yes  high 

North American Warm Desert Lower Montane Riparian 
Woodland 

no  

Madrean Juniper Savanna no  

Rocky Mountain Subalpine Dry-Mesic Spruce-Fir Forest 
and Woodland 

yes  low 

Colorado Plateau Pinyon-Juniper Woodland no  

Rocky Mountain Aspen Forest and Woodland yes  low 

Inter-Mountain Basins Aspen-Mixed Conifer Forest and 
Woodland 

yes  low 

Southern Rocky Mountain Juniper Woodland and 
Savanna 

no   



Southern Rocky Mountain Mesic Montane Mixed 
Conifer Forest and Woodland 

yes  high 

Great Basin Pinyon-Juniper Woodland no  

Southern Rocky Mountain Pinyon-Juniper Woodland no  

Southern Rocky Mountain Ponderosa Pine Savanna yes  low 

Inter-Mountain Basins Subalpine Limber-Bristlecone 
Pine Woodland 

yes  low 

Inter-Mountain Basins Curl-leaf Mountain Mahogany 
Woodland 

no   

Rocky Mountain Bigtooth Maple Ravine Woodland yes  low 

Rocky Mountain Subalpine Mesic-Wet Spruce-Fir Forest 
and Woodland 

yes  low 

Rocky Mountain Subalpine-Montane Riparian Woodland yes  low 

Western Cool Temperate Urban Evergreen Forest no   

Rocky Mountain Lodgepole Pine Forest yes  low 

Rocky Mountain Subalpine-Montane Limber-Bristlecone 
Pine Woodland 

yes  low 

Western Cool Temperate Orchard no   

Rocky Mountain Foothill Limber Pine-Juniper Woodland no  

Rocky Mountain Lower Montane-Foothill Riparian 
Woodland 

no  

Western Great Plains Riparian Woodland no  

 

Table S1. All landcover types found within the EMU boundaries as classified by the LandFire 
existing vegetation type data product, with whether they were included in the sampling frame or 
not, and if so if they were high or low occupancy landcover types. 



 

Component Description Data Source Fixed values 

Ce Cost to establish study, 

including design, database, 

supplies, and QA/QC protocols 

Sanderlin et al. (2025), 

Sanderlin et al. (in prep) 

$10,000 

𝐶!! Cost per acoustic recorder unit 

that includes one strap, 

microphone, batteries, and SD 

cards at the start of the study 

Cornell Lab of Ornithology, 

K. Lisa Yang Center for 

Conservation Bioacoustics, 

commercial sites for batteries 

and SD cards  

$430 

𝐶"#$! Cost per replacement 

microphone at start of study 

Cornell Lab of Ornithology, 

K. Lisa Yang Center for 

Conservation Bioacoustics  

$25 

𝐶%&'()! Cost per replacement strap at 

start of study 

Commercial sites for 

replacement straps 

$3 

pmics Average yearly proportion of 

replacement microphones 

Sanderlin et al. (2025), 

Sanderlin et al. (in prep) 

0.124  

pstraps Average yearly proportion of 

replacement straps 

Sanderlin et al. (2025), 

Sanderlin et al. (in prep) 

0.055 



punits Average yearly proportion of 

replacement ARUs 

Sanderlin et al. (2025), 

Sanderlin et al. (in prep) 

0.140 

x Duty station distance (km) to 

each EMU, assuming local 

units are responsible for each 

EMU 

Sanderlin et al. (2025), 

Sanderlin et al. (in prep) 

20 

n.years Number of years in the study This study 10 

n.arus Number of acoustic recorder 

units in each hexagonal unit 

Sanderlin et al. (2025), 

Sanderlin et al. (in prep) 

4 

wage.vol Volunteer per diem for 

participatory scientists 

Sanderlin et al. (in prep) $6.25/hour 

wage.paid Paid technician wage Sanderlin et al. (in prep) $21.50/hour 

wage.GE Governmental employee wage 

covered through other funds 

than project funds. No per 

diem because the EMU 

distances can be covered in a 

day. 

This study $0/hour 



speedlimit Average speed limit within 

study areas (km/hour) 

Sanderlin et al. (in prep) 104.61 km/hour 

Cv Pro-rated vehicle 

rental/mileage per day 

Sanderlin et al. (in prep) $50 

𝑇𝑖𝑚𝑒*" Total time per sampling unit 

determined from a linear 

model for coefficient estimates 

with the top model in Sanderlin 

et al. (in prep) 

Sanderlin et al. (2025), 

Sanderlin et al. (in prep) 

linear model estimates 

(β0 = 1.67, βMC = 0.32, 

βroad = 0.34) and values 

(μroad = 134.008. σroad = 

180.763) for 

standardizing road 

distance with pilot data 

to use regression 

equation 

 

Table S2. Estimates of costs and effort used in cost equations for passive acoustic monitoring 
optimal study design with Mexican spotted owls. We assumed that there were no cost increases 
with acoustic recorder units, microphones, or straps across the duration of the study. We also 
assumed that pairs would sample each hexagonal unit for safety and efficiency in deployments. 
Deployment and pick up time were equal within this study. All time estimates assumed a fixed 8-
hour workday, regardless of observer type. 

 



NIMBLE model equations for “Robust and realistic power analysis

for monitoring of occupancy trends: a case study with the Mexican

Spotted Owl”

1 Introduction

During the power analysis, we fit NIMBLE models to data simulated under different conditions. We defined
two different models: a model for evaluating power to detect trends within a single ecological management
unit (EMU; EMU-specific model), and a model for range-level trends aggregating across EMUs (range-level
model). In this supplemental file, we provide the full definitions of the models used. All code necessary to
reproduce our results is archived in a Zenodo repository at 10.5281/zenodo.18778235.

2 EMU-specific model

The EMU-specific model was defined by the following equations. First, the detection history at

yi ∼ DynOcc(ψ0,ϕ,γ, p)

Here, DynOcc() represents the full marginal likelihood distribution of the dynamic occupancy model which
treats the full detection history in hex i across seasons and replicates as a single multivariate datum. The
distribution DynOcc() provided by nimbleEcology (Goldstein et al. 2021) marginalizes over the latent occu-
pancy state to improve mixing in some cases and also simplifies code specification (Ponisio et al. 2020). The
distribution has three parameters: ψ0 is the initial occupancy probability, which we modeled as constant
across sites; ϕ is a vector of season-specific survival probabilities, where ϕt represents the probability of a site
that was occupied in time t remaining occupied in time t+ 1, modeled as varying with season but constant
across hexes; γ is a vector of colonization probabilities, where γt represents the probability of a site that
was unoccupied in time t becoming occupied in time t + 1, modeled as varying with season but constant
across hexes; and p is the probability of observing the species on a single visit given it is present within a
hex, modeled as constant across sites, seasons, and replicates.

Colonization in each year was modeled as a separate parameter, with priors γt ∼ Unif(0, 1). Detection
and initial occupancy were also given uniform priors p ∼ Unif(0, 1) and ψ0 ∼ Unif(0, 1).

In the “recursive” and “equilibrium” simulation cases, persistence was modeled as potentially varying
with time according to the equation

logit(ϕt) = logit(ϕ0) + logit(β)× t

with priors ϕ0 ∼ Unif(0, 1) and β ∼ Unif(0, 1). In the “constant” case, persistence in each season was
modeled as an independent parameter like colonization, with ϕt ∼ Unif(0, 1).

3 Range-level model

The range-level model followed the same parameterization as the EMU-specific model, but differed in that it
included a hierarchical representation of persistence as varying between EMUs. Detection histories in each
hex were modeled as

yi ∼ DynOcc(ψ0,ϕi,γ, p)

1



following the same definitions as in the EMU-specific model but with the addition of a site-specific index on
ϕi. Then, persistence within hex i was modeled as

logit(ϕi,t) = logit(ϕ0) + logit(β)× t+ αEMU(i)

where αEMU(i) is an additive random effect of EMU identity on persistence. Then, random effects were
modeled as

αk ∼ N (0, σα)

for each k in 1 to the number of EMUs. The parameter σα was assigned the prior σα ∼ Unif(0, 10) and all
other priors were the same as in the EMU-specific model.
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