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A B S T R A C T   

Detecting spatiotemporal changes in the abundances of organisms is key to effectively conserving species. While 
indices of abundance have long been used, there has been a shift toward model-based estimators that account for 
the detection process. Popular approaches including traditional occupancy models and N-mixture models entail 
tradeoffs. The traditional occupancy approach requires the researcher coarsen the characterization of abundance 
to the probability that a site is occupied or unoccupied. Conversely, N-mixture models make use of variation in 
counts, but perform poorly when individuals have low detectability or move into or out of sites between visits. 
Multistate occupancy models that differentiate relatively abundant from non-abundant states have the potential 
to fill this gap but have been underexplored. We conducted a simulation study to test whether multistate oc
cupancy models could capture spatial abundance patterns and detect population declines in the face of low 
individual detection probability (p ≤ 0.3) and unmodeled heterogeneity (e.g., that arising from individual 
movement). We considered 10,773 scenarios to examine the effects of differing amounts of heterogeneity as well 
as alternative study designs, population parameters, and modeling choices. We tracked bias in the proportion of 
sites estimated to be in the abundant state for single-season models, and power to detect a declining trend across 
multiple years. We also evaluated data diagnostic metrics to provide guidance to users. Multistate occupancy 
models were able to differentiate sites with higher abundances from sites with lower abundances when there 
were at least medium levels of spatial heterogeneity in true abundances. If different sites were randomly selected 
each year, power to detect even large population declines (65%) was poor (power < 0.8). However, if the same 
sites were surveyed each year, and a dynamic multistate occupancy was used, multistate occupancy models could 
detect (power ≥ 0.8) relatively small declines (5-40%) in 20% of scenarios, and frequently detect large declines 
of 45-60% (mean power = 0.92). Conservation decisions rely on detecting change reliably, rarely needing ab
solute abundance information. Multistate occupancy models can improve our ability to detect changing abun
dance while accommodating low individual detection probability and heterogeneity in count monitoring data.   

1. Introduction 

Estimating abundances of animals through space and time is the goal 
of many monitoring programs. Armed with this information, conserva
tion practitioners can understand population trends and prioritize lo
cations for protection and restoration. While raw count data are often 
used as indices of abundance, variation in such estimates can be 
confounded with patterns in the detection process and yield misleading 
results (Bayley and Peterson, 2001; Williams et al., 2002; Royle et al., 
2007; Kéry et al., 2009). Furthermore, given that conservation of species 

often has diverse stakeholders involved, the tenability of reported trends 
or spatial patterns is often as important as the trends themselves (Duarte 
and Peterson, 2021). Therefore, analytical methods that explicitly 
address the detection process are ever more widely used (Mackenzie 
et al., 2017; Kéry and Royle, 2020). 

Numerous analytical approaches have been developed to explicitly 
model detectability of individuals within a population and obtain direct 
estimates of abundance. Among the oldest of these, mark-recapture 
methods use unique identifiers to estimate abundance based on the 
number of marked individuals relative to unmarked individuals (Otis 
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et al., 1978; Pollock et al., 1990; Nichols, 1992; Williams et al., 2002; 
Amstrup et al., 2005; Caci et al., 2013; Alonso et al., 2015). Aside from 
the few animals with unique and visible markings, this requires the 
intensive work of capturing and marking animals. Developed more 
recently, N-mixture models estimate individual detection probabilities 
and abundance from repeat visits to sites using counts of unmarked in
dividuals and thus do not require capturing animals (Royle, 2004). 
Given this convenience, these models have exploded in popularity. 
However, N-mixture models have recently been shown to produce 
biased abundance estimates in the face of low individual detection 
probability (p ≤ 0.3) and unmodeled heterogeneity in the count data 
(Barker et al., 2018; Duarte et al., 2018; Knape et al., 2018; Link et al., 
2018), rendering them a poor choice for many study systems. 

Another related approach to explicitly modeling detectability is to 
use occupancy models where counts of animals are reclassed as detected 
(1) or not detected (0) to estimate occupied and unoccupied site-level 
status (MacKenzie et al., 2002; Tyre et al., 2003). In occupancy 
models, detection probability refers to the detectability of the species – 
rather than the individuals – within a sample unit. Whereas unmodeled 
heterogeneity in count or capture-based models arises from a lack of site 
closure to, for example, individual movement, in occupancy models this 
lack of individual-level closure is less problematic unless it produces a 
change in occupancy state. In the common case where counts number 
higher than one, occupancy modeling entails an information reduction. 
However, this reduction can produce gains in the precision and accuracy 
of model estimates due to the more lenient population closure 
assumption (Mackenzie, 2006). Then, variation in abundance might be 
inferred through variation in occupancy or detectability estimates 
(Royle and Nichols, 2003); monitored as change in occupied area over 
time (e.g. Briscoe et al., 2021); or, inferred by taking advantage of the 
presumed occupancy-abundance relationship in ecological systems 
(Gaston et al., 2000). However, simulation-based studies have found: 
changes in abundance need to be large (Ellis et al., 2014) or species 
detectability needs to be high (Fuller et al., 2016) before occupancy 
models can detect a change; severe positive bias in abundance estimates 
can occur when model assumptions are violated (Stauffer et al., 2021); 
and the occupancy-abundance relationship does not always hold (Ellis 
et al., 2014; Stauffer et al., 2021). Thus, occupancy models may be 
biased or have low sensitivity to detect population change in many 
common circumstances. 

Multistate occupancy models estimate the detectability and status of 
three or more occupancy states simultaneously (MacKenzie et al., 2009). 
By adding one or more additional states, they increase the sensitivity of 
the basic occupancy model to detect important differences in occupied 
sites. They have commonly been used to differentiate breeding cate
gories of occupied sites (e.g., Nichols et al., 2007; Peterson and Shea, 
2015; McGrady et al., 2017; Duarte et al., 2020; Clawson et al., 2022) 
and to identify disease status of individuals or populations (e.g., Elmore 
et al., 2014; Mosher et al., 2018; Rodrigues et al., 2020; Reddell et al., 
2021). When the abundance across sites is of interest, relative abun
dance categories can be included, such as relatively abundant and not 
abundant. This can increase the ability of occupancy models to detect 
changing abundance. While the utility of this approach has been shown 
in a variety of systems (Royle and Link, 2005; Martin et al., 2010; Jen
sen and Vokoun, 2013; Peterson and Barajas, 2018; Whitlock et al., 
2020) - it has not been widely applied. This is likely because multistate 
occupancy models have not been systematically evaluated for their 
ability to estimate spatiotemporal variation in abundance. Furthermore, 
in study systems where no a priori definition of abundance categories 
exist, guidance is needed on how to optimally define the number of 
animals that would constitute abundant versus not abundant states. 

We used simulations to evaluate the ability of multistate occupancy 
models to estimate variation in abundance among sites (spatial varia
tion) and changes in abundance when populations are declining across 
years or primary sampling occasions (temporal variation). We restricted 
simulation scenarios to situations where the count-based N-mixture 

model performs poorly (i.e., low detection and unmodeled heterogene
ity of individuals). Specifically, we explored (1) how to determine the 
threshold count value that separates abundant and non-abundant states; 
(2) bias in estimates of the proportion of sites (spatial variation) in the 
abundant state given varying study designs elements (number of sites 
and visits); and (3) the power to detect a declining trend (temporal 
variation) in abundance given two common survey designs: a random- 
site design with different sites surveyed from year to year, and a fixed- 
site design using dynamic occupancy models with the same sites sur
veyed from year to year. 

2. Materials and methods 

2.1. Simulations 

2.1.1. Overview 
We generated observed animal count data for each visit at each site 

and then classed the observations into one of three states: not-detected; 
detected in the non-abundant state; and detected in the abundant state. 
To do this, we simulated true latent (i.e., unobserved) site occupancy; 
for occupied sites we simulated true latent abundances. We then 
generated the number of individuals observed (counts) from the latent 
abundances assuming a low individual detection probability. To 
generate sample data under different scenarios, we varied study design 
and population parameters by what we consider to be low, medium, or 
high levels for many studies and systems that do not meet the criteria 
needed to reliably fit N-mixture models (for distributions and parameter 
levels used see Table 1). Each unique combination of mean true abun
dance µ, number of sites i, and number of visits j, along with specified 
levels of among-site (spatial) and within-site heterogeneity (described 
below) in true abundance defined the basic study design and population 
parameter components of a scenario. For population trend simulations, 
we also evaluated random-site and fixed-site designs, alternative levels 
of population decrease, the number of years sampled, and whether the 
‘abundant’ state was determined based on counts from just the first year 
or all years (described below). Collectively, this resulted in the evalua
tion of 10,773 different scenarios. 

2.1.2. Single season; heterogeneity exploration 
Spatial. - We explored the effects of spatial heterogeneity in true 

abundance on bias in abundant state probabilities and the ability to 
detect a trend (Fig. 1.2a). We evaluated four levels of spatial heteroge
neity including a very high level because we wanted to verify our 
expectation that increasing levels of spatial heterogeneity would benefit 
multistate abundant occupancy models; as count distributions become 
longer right-tailed, a larger spread of values presumably facilitates 
differentiating abundance states (Table 1, Fig. 1.2). Our evaluation 
contained 108 scenarios across three levels of abundance, visits, and 
sites, and the four levels of spatial heterogeneity. 

Within-site. - We also explored the effects of within-site heteroge
neity in true abundance on bias in abundant state probabilities and the 
power to detect trends (Fig. 1.2b). These scenarios represent conditions 
where individuals enter/leave sample units between replicate surveys. 
In addition to including scenarios with no within-site heterogeneity, we 
explored four additional levels of heterogeneity (Table 1). Within-site 
heterogeneity was simulated for visits j+1 where true abundances 
were drawn from a gamma distribution based on the true abundance 
from the first visit (j) and a level of variation (Table 1). This evaluation 
included 405 scenarios across the three highest levels of spatial het
erogeneity; three levels of abundance, visits and sites; and the five levels 
of within site heterogeneity. 

2.1.3. Trends 
We evaluated the power to detect changes in occupancy states across 

primary sampling occasions using two common survey designs: random- 
site and fixed-site. For the former, sites were randomly selected during 
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each simulated year, whereas the latter included the random selection of 
sites during the first year and the same sites on subsequent years. For 
both designs, we set annual decreases in abundance of 5% and 10% for 
two- and ten-year simulations, although given the stochastic nature of 
the simulations, actual population declines varied (Fig. 1.3). We also 
simulated declines between two primary periods of 5%, 10%, 20%, and 
40% as commonly in natural resource studies, surveys conducted at two 
points in time (whether separated by e.g., 5, 10, or 20 years or more) are 
all that is available. To simulate declines in annual abundance for the 
random-site design, we imposed declines on the overall mean true 
abundance from year to year. We then randomly sampled from the 
yearly overall mean to obtain values for each new randomly selected 
site. For the fixed-site design, we randomly generated true abundances 
for the first year at each site and imposed a proportional change in 
abundance for each subsequent year for each specific site. Because these 
decreases would result in fractions of animals (e.g., a 5% decline for an 
initial abundance of 10 is 9.5 animals), we randomly generated the true 
abundance in subsequent years using a normal distribution with a mean 

equal to the abundance at a site after decrease (e.g., 9.5 above example) 
and a CV of 0.1 rounded to the nearest whole number. This resulted in 
spatial variation in abundance that equaled that specified. We simulated 
9,720 scenarios given varying spatial and within-site heterogeneity, 
mean true abundance, visits, sites, years, population decline, sample 
design, and whether we defined abundant based on the first year or all 
years’ data. 

2.2. Defining the abundant state 

2.2.1. True states 
We used quantiles of the true abundances where N>0 to identify 

simulated sites that were in the abundant state and defined the true 
abundant state as abundance greater than the 60th quantile (Fig. 1.1). 
For simulations with within-site heterogeneity in true abundance, we 
used the maximum true abundances across visits (e.g., five is the 
maximum count for a site with simulated counts for three visits of zero, 
one, and five) to calculate the threshold abundance value and classify 
sites into their true states. 

2.2.2. Observed states 
Multistate occupancy models assume that lower level states (occu

pied, not abundant) are not misclassified as upper-level states (detected 
in the abundant state). Therefore, we explored various thresholds to 
separate simulated count data into abundant and non-abundant states 
that minimized bias in the estimated proportion of abundant sites 
(Fig. 1.1). We evaluated several candidate thresholds using quantiles of 
the maximum non-zero counts at each site across multiple visits and 
tested thresholds of 0.70, 0.75, 0.8, 0.85, and 0.9. We defined abundant 
counts as those values greater than or equal to the threshold (note, this 
was different than how the threshold was applied in defining true 
states). We evaluated bias for 540 scenarios representing all combina
tions of abundance, spatial heterogeneity, sites, and visits simulated for 
200 iterations (Table 1). We summarized bias for each scenario based on 
the mean values across the 200 replicates for each scenario. We found 
that a threshold quantile of 0.8 had the lowest median bias (See the 
Supporting Information). Given that the sensitivity of bias to the optimal 
threshold quantile between scenarios was low, we use this threshold for 
all subsequent steps in this paper (Fig. S1 in the Supporting Informa
tion). For users wanting to optimize their threshold for a given dataset, 
see Data Diagnostics sections in the Supporting Information. 

2.3. Multistate occupancy model fitting 

We fit single-season multistate occupancy models with program 
MARK (White and Burnham, 1999) in R (R Core Team, 2022) using 
RMark (version 2.2.7; Laake, 2013) to estimate the probability of sites 
being in the abundant state, and the power to detect a trend with the 
random-sites design (below). We used the conditional binomial formu
lation, which estimates parameters: ψ1 the probability of occupancy 
regardless of abundance state, ψ2 the probability of abundant given that 
the site is occupied, p1 the probability of detecting occupancy given it is 
not in the abundant state, p2 the probability of detecting occupancy 
given it is in the abundant state, and δ the probability of detecting the 
abundant state given that the species was detected and the true state was 
abundant. We used intercept-only models for all parameters and allowed 
p1 and p2 to be estimated separately. We calculated the probability of a 
site being in the abundant state as ψ1 × ψ2, and the probability of being 
unoccupied as 1 - ψ1. 

We restricted our trends evaluations to simulations that resulted in a 
true decline in simulated abundances. To test for a true decline, we used 
a generalized linear model with a Poisson distribution and modeled the 
maximum abundance (across visits) for the occupied sites (first year 
only) as a function of year. A true decline was any iteration that found a 
statistically significant decline in simulated true abundances (α = 0.05, 
0.1). 

Table 1 
Parameters, associated method used to simulate sample data in multistate oc
cupancy evaluations, levels, and justification for choice of levels.  

Parameters Method Levels Justification 

Occupancy, 
ψ1 

Bernoulli 
distribution 

0.5 During exploratory 
analyses, we found that 
the occupancy rate ψ1 had 
no effect on estimated bias 
or power to detect trends 
in abundance, thus we 
used a single fixed level. 

Mean 
abundance, 
μ 

NA 3, 6, and 12 Low, medium, and high 
levels of μ. 

Coefficient of 
variation, 
CV 

NA ——————– ————————— 

Among- 
site 
(spatial)  

0.2, 0.6, 1.2, 
and 1.8 

Low, medium, high, and 
very high levels (spatial 
CV; Gibbs et al., 1998) 
and none, low, medium, 
high, and very high levels 
(within-site CV). 

Within- 
site  

0.0, 0.3, 0.6, 
0.9, and 1.2 

Standard 
deviation, 
sd 

µ*CV NA NA 

Gamma 
distribution 
parameters 

α = (µ/sd)2, β =
(sd2)/ µ 

NA Gamma distribution 
allowed us to specify the 
level of heterogeneity. 

Number of 
sites 
sampled, i 

NA 25, 50, and 100 Low, medium, and high 
levels of i. 

Number of 
visits per 
site, j 

NA 2, 3, and 6 Low, medium, and high 
levels of j. 

True 
conditional 
abundance, 
Ni 

Gamma 
distribution 
rounded to 
nearest integer, 
(α, β) 

NA NA 

Individual 
detection 
probability, 
pi 

Uniform 
distribution, 
(min., max.) 

Min. = 0.1; 
max. = 0.3 

Realistic range for many 
animals (e.g., Hammond 
and Anthony, 2006;  
Duarte et al., 2011; Price 
and Peterson, 2010;  
Couturier et al., 2013;  
Howell et al., 2016;  
Lituma et al., 2017), yet 
where N-mixture models 
produce biased estimates ( 
Duarte et al., 2018). 

Observed 
count, yij 

Binomial 
distribution, (Ni, 
pi) 

NA NA  

V.A. Steen et al.                                                                                                                                                                                                                                 



Ecological Modelling 478 (2023) 110303

4

To evaluate our ability to estimate trends in abundance across pri
mary occasions using a random-site design with single-season multistate 
occupancy models, we included a year covariate on ψ2. 

To evaluate our ability to estimate trends in abundance across pri
mary occasions with a fixed-site design, we used dynamic multistate 
occupancy models in RMark to model transition probabilities from state 
2 to state 1 (ψBA) and from state 1 to state 0 (ψA0). We fixed all other 
transition probabilities to zero, because we did not expect, for example, 
transitions to occur from absent to present given our simulations were 
focused on declining trends. For fixed-site and random-site simulations, 
we tracked power, the proportion of simulation replicates where the 
parameter estimate was negative (i.e., declining trend) and statistically 
significant (α = 0.05,0.1). 

2.3.1. Convergence 
For all iterations, we excluded results if parameter estimates did not 

converge. We ascribed this if parameter standard errors were zero or 

larger than 10 on the logit scale. Because p2 is often large (near or at 1 on 
the real scale) due to the strong relationship among N, p, and the number 
of individuals in the count data (Bayley and Peterson, 2001; Royle and 
Nichols, 2003), we did not apply this rule to the standard error for p2; 
standard errors are inestimable by their nature if the parameter is at a 
boundary. We tracked the proportion of simulations that converged for 
each scenario. We ran each scenario until we had 500 replicates that 
converged or for a minimum of 100 replicates where the time exceeded 
30 minutes. We report scenarios where fewer than 100 replicates 
converged. 

2.4. Inference on important relationships 

For each set of simulations (defining the abundant state; heteroge
neity; trend with random-site design and fixed-site design), we assessed 
which simulation parameters most affected bias or power (also, 
convergence; see the Supporting Information for details). We evaluated 

Fig. 1. Example simulated data for each of the three major 
components of the paper which are shown in the order they 
were conducted. We (1) optimized the threshold to class 
sites as in the relatively abundant state based on count data. 
The example shows non-zero latent (true, unobserved) site- 
level abundances (N) versus the maximum count across 
visits. Thresholding the latent abundance data by a 0.6 
quantile defines sites in the true abundant state (right of 
line) and true non-abundant state (left of line). The two 
graphs show the tradeoff between different threshold 
quantiles creating fewer false positives but higher false neg
atives as the threshold is raised. These data were simulated 
using a mean latent abundance µ of 6, latent occupancy ψ1 

of 0.5, site-level detection probability pi between 0.1 and 
0.3, a medium amount of spatial heterogeneity, no within- 
site heterogeneity, 200 sites, and 3 visits. Bias is calcu
lated as the estimated proportion of sites in the abundant 
state minus the true proportion of sites in the abundant 
state. We (2) explored the effects of varying spatial and 
within-site heterogeneity with single-season simulations. 
Based on the true and optimized classed abundant thresh
olds from (1), true and classed abundant sites are identified. 
Within-site heterogeneity causes true abundance to vary 
between visits. ‘Estimated abundant’ is estimated in a 
multistate occupancy model utilizing the multiple visit data. 
We (3) simulated multi-year data and looked at the power to 
detect a declining trend using multistate abundant occu
pancy models. Graphs show 3 sites from an example simu
lated with an initial (year 1) µ of 6, pi 0.1 - 0.3, high spatial 
heterogeneity, low within-site heterogeneity, 10 years of 
data, and 10% annual declines. Given that true abundance 
varied between visits due to the within-site heterogeneity, 
N = Ni-max. Lines are plotted using a smoothing function to 
clarify the patterns. Power is calculated as the proportion of 
simulation replicates, for a given scenario, where a signifi
cant declining trend is detected. If this example had 25, 50, 
or 100 sites (only three are shown), it would represent one 
replicate for that scenario.   
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the relative importance of parameters using ensemble regression trees 
with the randomForest package in R using the default settings (Liaw and 
Wiener, 2002). We tracked permutation importance – a metric that 
describes the relative explanatory ability of variables – to estimate 
variable importance. We report the average relativized importance 
across ten random forest models (Cutler et al., 2012). We discuss 
‘important’ variables as those with a minimum relative importance of 
0.10. 

2.5. Data diagnostics 

See the Supporting Information. 

3. Results 

3.1. Single-season; heterogeneity 

Low levels of spatial heterogeneity resulted in unacceptable levels of 
bias, but otherwise the estimator performed well (Fig. 2A). Medium 
levels resulted in a small positive bias on average, while high or very 
high levels resulted in a small negative bias. This mix of positive and 
negative bias was due to defining a single threshold cutoff optimized 

across our varying levels of heterogeneity, whereas as a threshold could 
be optimized for specific levels of heterogeneity (see DATA DI
AGNOSTICS in the Supporting Information). Increasing the number of 
visits or sites did not lower bias in a consistent fashion (Fig. 2B). 

Within-site heterogeneity had little impact on the ability of multi
state occupancy models to estimate the proportion of sites in the 
abundant state. Mean bias with no within-site heterogeneity was -0.007 
and with very high levels was 0.001. Across levels of spatial heteroge
neity, increasing within-site heterogeneity from none to very high levels 
shifted bias to be more positive (Fig. 2C). Increasing the number of sites 
or visits did not lower bias in a consistent fashion (Fig. 2D). 

3.2. Power to detect a trend 

3.2.1. Random-site design 
Power to detect a trend for the years comparison with the random- 

site design was low on average (x‾ = 0.33 at α = 0.10; Fig. 3A). To 
detect a declining trend, large population decreases were needed; mean 
power across 2-year scenarios (with 5% and 10% decreases) was 0.10, 
while for 10-year simulations mean power was 0.41 for 5% annual de
creases (40% total decline from year 1 to year 10) and 0.69 for 10% 
annual decreases (65% total decline). Besides the large impact of overall 

Fig. 2. Bias in estimates of the proportion of sites in the abundant state given variation in spatial heterogeneity (A); given visits (columns) and sites (rows, B); and 
within-site (between visit) heterogeneity at medium, high, and very high levels of spatial heterogeneity (C) in true abundance; and, given visits and sites (D). Red 
lines show limits of acceptable bias (+/- 0.05). 
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declines (number of years and population decrease), increasing the 
number of sites improved power the most followed by lower levels of 
spatial heterogeneity (Fig. 3B, 3C; Table S1 and Fig. S4 in the Supporting 
Information). 

Power was low using the random-site design to detect a population 
decline as much as 40% between two time periods. Mean power for a 
decrease of 5% was 0.10, for 10% it was 0.10, for 20% it was 0.13, and 
for 40% it was 0.22 (at α = 0.10; Fig. 3A,C). The number of sites 
influenced power the most, followed by the population decline, spatial 
heterogeneity, and the number of visits (Fig. 3B; Table S1). All effects 
were small and positive except spatial heterogeneity which had a small 
negative effect (Fig. 3C). 

3.2.2. Fixed-site design 
Across scenarios for 2- and 10-year periods with 5% and 10% de

clines when using a fixed-site design, mean power to detect a declining 
trend was on average higher for the non-abundant to unoccupied state 

transition (0.71 at α = 0.10; 0.65 at α = 0.05) than for the abundant to 
non-abundant state transition (0.64 at α = 0.10; 0.62 at α = 0.05). Thus, 
we focus on power to detect a trend in the non-abundant to unoccupied 
state transition (at α = 0.10). Mean power was high for 10-year (0.92) 
and moderate for 2-year simulations (0.50; Fig. 3A). Besides the number 
of years, varying sites, mean true abundance, visits, and within-site 
heterogeneity impacted power the most (Fig. 3B; Table S1 and Fig. S5 
in the Supporting Information). Power was highest when within-site 
heterogeneity was zero (Fig. 3C). 

For two periods, again mean power was greater for the non-abundant 
to unoccupied state transition (0.48 at α = 0.10; 0.39 at α = 0.05) than 
the abundant to non-abundant state transition (0.29 at α = 0.10; 0.26 at 
α = 0.05). Focusing on the non-abundant to unoccupied transition, the 
amount of decline for a two-year period had little impact on power 
(Fig. 3B). The number of sites, followed by varying mean true abun
dance, visits, and within-site heterogeneity impacted power the most 
(Fig. 3B; Table S1 in the Supporting Information). Increasing sites 

Fig. 3. Simulation results given random-site and fixed-site de
signs for scenarios that varied by the number of ‘years’ (two and 
ten) and by the population decrease (5, 10, 20, and 40%) be
tween ‘two-periods’. A) Distribution across scenarios in average 
power to detect a trend. B) Relative importance of model pa
rameters in explaining the power to detect a trend (see Table S1 
in the Supporting Information for the values used to create these 
charts). C) Mean power given variation in simulation 
parameters.   
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increased power while increasing visits lowered it (Fig. 3C). The mini
mum of 100 converged replicates was not achieved for 130 2-year sce
narios (see Supporting Information DataS1 for a list of which scenarios 
did not converge). 

3.3. Defining the abundant state 

See the Supporting Information. 

3.4. Convergence 

See the Supporting Information. 

3.5. Data diagnostics 

See the Supporting Information. 

4. Discussion 

Conservation decisions are often based on differentiating areas of 
higher animal populations from lower, and with detecting trends; they 
rarely require information on total abundance (Nichols and Williams, 
2006). Therefore, we evaluated the ability of multistate occupancy 
models that differentiate relatively low and high abundance states to 
detect spatial variation in abundance or a declining trend in the face of 
low individual detection probability and unexplained heterogeneity in 
true abundance between visits. We found, not surprisingly, that this 
approach would not be appropriate if sites differ little in their true 
abundance levels. We otherwise found that this approach could be used 
to differentiate sites with relatively high abundance from sites with 
relatively low abundance even in the face of high levels of individual 
movement, deaths, or recruitment among visits. Multistate occupancy 
models also had a good ability to detect a declining trend if the same 
sites were surveyed each year (i.e., the fixed site design), especially 
when more sites were surveyed. 

The good performance of the estimator for differentiating relative 
abundance patterns among sites under high within-site heterogeneity is 
likely at least partly due to our definition of true abundance. We defined 
true abundance based on the maximum abundance across visits, 
describing the so-called ‘super-population’ (Schwarz and Arnason, 
1996; Williams et al., 2011) which included the surrounding area from 
which animals moved into and out of the site. When we lack closure 
during abundance estimation, we are in fact always estimating super 
population abundance (Kendall, 1999). Classing a site in a relatively 
abundant (or non-abundant) state based on the maximum count, 
therefore, did not generate any additional bias between the true 
superpopulation abundant state and the estimate. However, if we had 
based true abundance on that from the first visit instead of the maximum 
across visits, we would have likely found that bias increased with 
increasing within-site heterogeneity. 

While we tried to mitigate false positive classifications of the abun
dant state by choosing a reasonable optimal threshold for classing 
counts as abundant, this did not eliminate this set of misclassed obser
vations (Fig. 1.1). This violates a key assumption of standard occupancy 
models. The effect of these false positives is to produce positively biased 
estimates; sampling more simply worsens this problem (“the more you 
sample, the worse you do”, Kéry and Royle, 2020). This was apparent as 
we increased the number of visits to sites and – although the pattern is 
less clear – may also be why increasing the number of sites did not 
decrease bias in single season models (Fig. 2B–D). This problem was less 
or not at all apparent in our evaluation of the power to detect a trend 
where increasing sites positively impacted power, and increasing visits 
often did (Fig. 3). 

When sites are randomly selected each year, spatial heterogeneity is 
not seen by a statistical model as explicitly spatial given variation is 
likely occurring within and among sites. Thus, any temporal signal 

needs to overcome the reduction in precision caused by the spatial 
heterogeneity to register as statistically significant (Larsen et al., 2001). 
In other words, a random-site study design can only detect declines that 
are large. We found this to be the case in our multistate occupancy 
model simulations where we only had good power to detect a decline in 
our 10-year simulations which was improved by lower spatial hetero
geneity and higher annual population declines. In additional simula
tions, we found that a very large number of sites (N = 300) allowed 
declines of 40% to be detected (power = 0.8) across two periods with a 
medium level of spatial heterogeneity; if spatial heterogeneity was very 
high, many more sites were needed (N = 1,000; Fig. S7 in the Supporting 
Information). 

Many studies report that large declines are needed in order to detect 
a statistically significant trend. For example, in one study, a 50% decline 
in occupancy could be detected for only 22% of a large, taxonomically 
diverse suite of species (136 species of birds, reptiles, and mammals; 
Southwell et al., 2019). Studies using density estimates or abundance 
indices reported needing large declines: 64% for tropical bats (Meyer 
et al., 2010; note, power cutoff was 0.9); greater than 40% for the 
Sonoran Desert Tortoise (Zylstra et al., 2010; power was 0.43 to detect a 
40% decline); and greater than 50% for 70% of 127 marine mammal 
species (Taylor et al., 2007). With the relatively precise abundance es
timates from mark-recapture or spatial mark-recapture methods (but, 
see Green et al., 2020), the minimum decrease detectable was 45% for a 
population of dolphins (Cantor et al., 2012) and ranged from 20-80% for 
Asian bears (Morin et al., 2022). Using a fixed-site design analyzed with 
dynamic multistate occupancy models, we could detect declines of 5 - 
40% between two periods in 20% of the scenarios we looked at (power 
> 0.8); with 10 years of 5-10% annual declines we had relatively high 
power (≥ 0.75) across all scenarios (Supporting Information Fig.S5A). 
Power appeared unaffected by the actual amount of the population 
decline using a fixed-site design (Fig. 3), indicating that the increase in 
power from two to ten years was due to an increased ability to estimate 
transition probabilities with the repeated samples (i.e., a greater sample 
size), and not because declines themselves were large (i.e., 10% annual 
declines produce 65% declines after 10 years). 

When animals are solitary and hard to find, occupancy-based trends 
analysis can be appropriate; our results indicate that when counts of 
animals vary between sites, multistate occupancy models can be sensi
tive to relatively small declines in abundance. While we only looked at 
two relative abundance states, more relative abundance states might 
increase the sensitivity of this model. We used a three-state multistate 
occupancy model as this parameterization allowed us to account for 
potential misclassifications in the observation data via the δ parameter 
(Nichols et al., 2007). Although more complicated parameterizations 
can be considered, more data would be needed to achieve model 
convergence (Fig. S2, S3, and Results in the Supporting Information). 
This is especially true when trying to estimate trends in abundance 
across years. In our trend simulations, convergence rates ranged from 
low to high (Fig. S3 in the Supporting Information) decreasing with 
increasing model complexity (lower for the more complex dynamic 
multistate occupancy model) and increasing with number of years and 
sites. This supports the notion that even in the simplest of cases a 
multistate dynamic occupancy model requires substantial data to be 
fitted. While we opted to fit our model using a frequentist statistical 
approach, better convergence could possibly be achieved using a 
Bayesian approach where information can be borrowed across param
eters (Kéry and Schaub, 2011). 

5. Conclusion 

Based on our simulations, multistate occupancy models are able to 
model varying spatial abundance patterns and detect declining trends 
where N-mixture models fail. In particular, dynamic multistate occu
pancy models utilizing surveys conducted at the same sites from year to 
year (fixed-site design) were effective at detecting declining trends, 
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especially with more years and sites (Fig. S7 in the Supporting Infor
mation). By utilizing data diagnostic summaries (ICC, QCV-spatial, 
MMC0) along with study design elements (i.e., number of visits, sites, 
and years) users can evaluate, for a given dataset, whether bias in the 
estimated proportion of abundant sites will be low, and/or the likeli
hood they will be able to detect a declining trend should one exist 
(Fig. S6 in the Supporting Information). 
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Royle, J.A., Kéry, M., Gautier, R., Schmid, H., 2007. Hierarchical spatial models of 
abundance and occurrence from imperfect survey data. Ecol. Monogr. 77 (3), 
465–481. 

Schwarz, C.J., Arnason, A.N., 1996. A general methodology for the analysis of capture- 
recapture experiments in open populations. Biometrics 860–873. 

Southwell, D.M., Einoder, L.D., Lahoz-Monfort, J.J., Fisher, A., Gillespie, G.R., Wintle, B. 
A., 2019. Spatially explicit power analysis for detecting occupancy trends for 
multiple species. Ecol. Appl. 29 (6), e01950. 

Stauffer, G.E., Roberts, N.M., Macfarland, D.M., Van Deelen, T.R., 2021. Scaling 
occupancy estimates up to abundance for wolves. J. Wildl. Manag. 85 (7), 
1410–1422. 

Taylor, B.L., Martinez, M., Gerrodette, T., Barlow, J., Hrovat, Y.N., 2007. Lessons from 
monitoring trends in abundance of marine mammals. Mar. Mammal Sci. 23 (1), 
157–175. 

Tyre, A.J., Tenhumberg, B., Field, S.A., Niejalke, D., Parris, K., Possingham, H.P., 2003. 
Improving precision and reducing bias in biological surveys: estimating false- 
negative error rates. Ecol. Appl. 13 (6), 1790–1801. 

White, G.C., Burnham, K.P., 1999. Program MARK: survival estimation from populations 
of marked animals. Bird Study 46, S120–S139 sup1.  

Whitlock, S.L., Lewis, T.M., Peterson, J.T., 2020. Using a bayesian multistate occupancy 
model to assess seabird and shorebird status in Glacier Bay, Alaska. Wildl. Soc. Bull. 
44 (3), 451–467. 

Williams, B.K., Nichols, J.D., Conroy, M.J., 2002. Analysis and Management of Animal 
Populations. Academic Press. 

Williams, K.A., Frederick, P.C., Nichols, J.D., 2011. Use of the superpopulation approach 
to estimate breeding population size: an example in asynchronously breeding birds. 
Ecology 92 (4), 821–828. 

Zylstra, E.R., Steidl, R.J., Swann, D.E., 2010. Evaluating survey methods for monitoring a 
rare vertebrate, the Sonoran desert tortoise. J. Wildl. Manag. 74 (6), 1311–1313. 

V.A. Steen et al.                                                                                                                                                                                                                                 

http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0039
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0039
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0040
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0040
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0040
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0041
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0041
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0042
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0043
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0043
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0044
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0044
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0044
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0045
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0045
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0046
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0046
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0047
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0047
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0047
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0047
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0048
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0048
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0049
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0049
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0049
https://www.R-project.org/
https://www.R-project.org/
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0051
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0051
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0051
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0052
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0052
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0052
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0052
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0053
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0053
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0054
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0054
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0055
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0055
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0056
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0056
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0056
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0057
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0057
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0058
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0058
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0058
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0059
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0059
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0059
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0060
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0060
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0060
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0061
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0061
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0061
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0062
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0062
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0063
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0063
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0063
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0064
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0064
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0065
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0065
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0065
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0066
http://refhub.elsevier.com/S0304-3800(23)00031-5/sbref0066

	An evaluation of multistate occupancy models for estimating relative abundance and population trends
	1 Introduction
	2 Materials and methods
	2.1 Simulations
	2.1.1 Overview
	2.1.2 Single season; heterogeneity exploration
	2.1.3 Trends

	2.2 Defining the abundant state
	2.2.1 True states
	2.2.2 Observed states

	2.3 Multistate occupancy model fitting
	2.3.1 Convergence

	2.4 Inference on important relationships
	2.5 Data diagnostics

	3 Results
	3.1 Single-season; heterogeneity
	3.2 Power to detect a trend
	3.2.1 Random-site design
	3.2.2 Fixed-site design

	3.3 Defining the abundant state
	3.4 Convergence
	3.5 Data diagnostics

	4 Discussion
	5 Conclusion
	CRediT authorship contribution statement
	Declaration of Competing Interest
	Data availability
	Acknowledgments
	Supplementary materials
	References


