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Abstract
Monitoring provides the foundation for evaluating recovery of endangered species, yet 
many species lack monitoring programs designed to integrate a species’ unique attributes, 
specific monitoring objectives, and principles of statistical sampling theory. We developed 
a framework for monitoring and assessment of endangered light-footed Ridgway’s rails 
(Rallus obsoletus levipes) across their U.S. range, relative to multi-scale recovery goals. 
We created spatially explicit sample units and a sampling frame covering all potential 
habitat to facilitate range-wide probability sampling, and also built a model of the call-
broadcast process commonly used to survey marsh birds that included heterogeneity in 
availability for detection and conditional detectability for each bird during each survey. 
We used the model to simulate 96 sampling strategies that included different levels of 
replication, multiple approaches for sample allocation amongst strata, and both simple ran-
dom and weighted probability sampling (i.e., weights proportional to local rail abundance) 
of sample units within strata. Effective monitoring surveyed ≥ 20–30% of the sampling 
frame on ≥ 3 occasions, with weighted sample selection and more targeted sampling (50% 
of units) for strata that are key to species recovery. We also tested Bayesian N-mixture 
models for estimating abundance and show that multiple models provide reasonable esti-
mates. This work lays the foundation for statistical sampling and multi-scale population 
estimation for an endangered bird, and for refinement of abundance estimation models. 
Moreover, this work provides a replicable process for building customized and statistically 
defensible sampling frameworks to assess recovery of endangered species that can be used 
for other sensitive species.
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Introduction

Monitoring is a cornerstone of applied ecology that provides a foundation for understanding 
and predicting ecological phenomena, as well as their implications for on-the-ground con-
servation (Yoccoz et al. 2001; Nichols and Williams 2006). Monitoring programs provide 
data for testing hypotheses and furthering our understanding of ecological processes (Lin-
denmayer et al. 2022), including changes in abundance (Harrity et al. 2020), occupancy and 
range dynamics (Kéry et al. 2013), habitat relationships (Kissel et al. 2023), and the effects 
of disturbance on wildlife (Kays et al. 2017). Large-scale monitoring programs are also 
increasingly used to develop decision-support tools explicitly for prediction, where models 
are built to inform future conservation and management across broad regions (e.g., Stevens 
and Conway 2020a). Such models are commonly used to predict the spatial distribution of 
organisms (Stevens and Conway 2019; Helmstetter et al. 2021), responses of wildlife to 
anthropogenic and environmental perturbations (Gerber et al. 2015; Stevens and Conway 
2020b), and the effects of global change on organisms and habitats (Conroy et al. 2011; 
Stevens and Conway 2021). Moreover, recovery plans for threatened and endangered spe-
cies (hereafter T&E species) often require monitoring programs to assess progress towards 
recovery goals.

Development of statistically rigorous monitoring frameworks for T&E species across 
large spatial domains is particularly challenging. Recovery planning is often limited by 
inadequate demographic data and insufficient funds to develop new monitoring programs 
(Campbell et al. 2002; Crouse et al. 2002), and range-wide population assessment is made 
more challenging by attributes common to T&E species. Broad geographic ranges paired 
with local rarity, large spatial variation and patchiness of populations, and the cryptic and 
difficult to detect nature of many T&E species combine to provide unique challenges to reli-
able monitoring (McDonald 2004; Mackenzie et al. 2005). In addition, the number of T&E 
species often overwhelms resources available for monitoring population recovery (Crouse 
et al. 2002; Lindenmayer et al. 2020). Thus, examples of rigorously designed and broad-
scale monitoring programs for T&E species are rare (Evansen et al. 2021; Lindenmayer et 
al. 2022).

Secretive marsh birds (hereafter marsh birds) demonstrate many challenges of monitor-
ing T&E species. Breeding populations are broadly, but also patchily distributed across 
North America (Stevens et al. 2022), and several species are listed as threatened or endan-
gered in the U.S., Canada, or Mexico (U.S. Fish and Wildlife Service 1985; COSEWIC 
2002; Diario Oficial de la Federacion 2002; U.S. Department of the Interior 2020). Marsh 
birds inhabit densely vegetated emergent wetlands that are difficult to access, and their 
cryptic behavior results in few visual or auditory detections during passive surveys (Eddle-
man et al. 1988; Lor and Malecki 2002). Consequently, call-broadcast methods that illicit 
marsh bird vocalizations by projecting calls into a wetland are used to increase detection 
(Conway et al. 2004; Conway and Gibbs 2005). Much effort has been devoted to develop-
ing field protocols for sampling marsh birds using call-broadcast techniques, and standard-
ized guidelines for implementing surveys have provided a common methodology for data 
collection across North America (Conway 2011). Less attention has focused on sampling 
frameworks for marsh birds that are rooted in probability sampling concepts (e.g., spatially 
explicit sampling frames, sample units, and stratification, probabilistic sample selection, 
etc.). Johnson et al. (2009) provided recommendations for coordinated probability sampling 
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of marsh birds at a national scale across the U.S., and variations on these recommenda-
tions have been implemented in some areas (e.g., northeastern U.S.; Wiest et al. 2016). Yet 
T&E species often need targeted monitoring and assessment programs that accommodate 
species-specific attributes (e.g., local patchiness) and objectives (Lindenmayer et al. 2020).

The light-footed Ridgway’s rail (Rallus obsoletus levipes) is a rare marsh bird endemic 
to coastal marshes and wetlands of southern California and Baja Mexico (Eddleman and 
Conway 2020). The species inhabits tidal wetlands and uses dense stands of California 
cordgrass (Spartina foliosa) for nesting and escape cover, and areas of vegetated high marsh 
as refugia during periods of high tide (Massey et al. 1984; Zembal et al. 1989; Zedler 1993; 
Barton 2016). Light-footed Ridgway’s rails (hereafter rails when referencing R. o. levipes 
and marsh birds when referencing the broader group of birds, including other members of 
Rallidae) have been federally listed as endangered under the U.S. Endangered Species Act 
(ESA) since 1969 (U.S. Fish and Wildlife Service 1985), and the species’ recovery plan 
provides recovery goals and population targets for downlisting (U.S. Fish and Wildlife Ser-
vice 1985, 2019). However, existing monitoring does not permit estimation of range-wide 
abundance and hence cannot facilitate statistically rigorous tracking of populations relative 
to recovery goals. A statistical sampling framework is therefore needed to track recovery 
progress, and the objectives of this study were to: (1) develop a spatially explicit sampling 
frame for monitoring rails across their U.S. range, (2) develop a simulation model to test 
the efficacy of potential sampling designs, (3) use simulation to identify designs and levels 
of survey effort needed to characterize population status for rails at management-relevant 
scales, and (4) provide a preliminary test of a Bayesian N-mixture model for estimating 
rail abundance using data generated under our sampling framework and study design. This 
work represents an important first step towards development of a formal monitoring and 
assessment framework for estimating rail abundance range wide. Our results will inform 
monitoring not only for rails in California but also future efforts at large-scale population 
monitoring for other T&E species that are rare and patchily distributed over broad regions.

Methods

Study area

We developed a framework for monitoring breeding rail populations across their U.S. range 
(Fig. 1). The sampling areas included tidally influenced and freshwater wetlands known 
to provide habitat for breeding populations, as well as areas believed to contain potential 
breeding habitat for the subspecies within its range. We focused on breeding birds because 
recovery goals and past monitoring efforts focused on breeding rather than winter popula-
tions (U.S. Fish and Wildlife Service 1985, 2019). Wetlands that support rails are in coastal 
areas of southern California, where the landscape has been severely modified by human 
activities. Therefore, remaining habitat patches are typically adjacent to dense urban areas 
and housing developments, transportation infrastructure, or agriculture (Goodwin et al. 
2001). Coastal wetlands of southern California have been reduced by 75% since the 19th 
century, and few unaltered wetlands remain (Marcus and Kondolf 1989). This loss and deg-
radation of wetlands has led to the decline of wetland-dependent species across the region.
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Spatially explicit sampling frame

We developed a spatially explicit sampling frame to facilitate probabilistic field surveys 
and assessment of rail populations. The sampling frame included potential rail habitat and 
was developed with the goal of facilitating population assessment across their range, as 
well as at specific areas of interest for recovery (e.g., national wildlife refuges). The process 
for developing a sampling frame involved 3 steps (Fig. 2): (1) conduct spatial analyses to 

Fig. 2  Diagram depicting the process for building a sampling frame for monitoring light-footed Ridg-
way’s rails. Rail location data (top left) were paired with spatial layers describing wetland characteristics 
(far left) to create a map of potential breeding habitat (blue, center). A systematic grid of survey points 
and 1 × 1 km grid-cell sample units were superimposed on the habitat layer (upper right), which was then 
stratified (e.g., different colored cells in bottom right) to accommodate local heterogeneity in rail density 
and the multi-scale goals of agencies responsible for monitoring and recovery

 

Fig. 1  Map of study area (left) where we developed a sampling frame for monitoring and assessment of 
light-footed Ridgway’s rails in southern California, USA. The inset map (left panel) shows the geographic 
range (in blue) relative to the contiguous U.S., and the right panel shows only the southern portion of the 
species’ range within the U.S. Areas covering the final sampling strata are indicated by different colors
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develop a simple model that maps potential habitat for rails across their range, (2) create a 
sampling frame that includes a grid of sample units and call-broadcast points covering all 
potential habitat, and (3) partition the sampling frame into spatial strata to accommodate 
anticipated heterogeneity in rail density and the goals of multi-scale abundance estimation.

The first step in building a sampling frame was to develop a habitat model, which resulted 
in the sampling universe of potential habitat available for rails across their range (Johnson 
et al. 2009). This process defined habitat by identifying categories of landcover and aquatic 
inventory variables from existing spatial data that captured as many of the known rail loca-
tions as possible, while also attempting to manage overall size of the habitat layer, and hence 
the feasibility of range-wide sampling, by eliminating sites that are very unlikely to be occu-
pied. To identify wetland attribute variables to include in the habitat model, we used a geo-
database of 8,566 unique rail locations collected during annual survey efforts (1980–2021) 
that were conducted at important sites for the species (Zembal and Hoffman 2021). We 
paired rail location data with 3 publicly available data sets that characterized land cover and 
wetland attributes: (1) a polygon layer of existing vegetation for the coast of California cre-
ated by the U.S. Forest Service (hereafter CalVeg data; Nelson et al. 2015; accessed 2/2022), 
(2) a 30-m resolution raster data set of regional landcover created by the National Oceanic 
and Atmospheric Administration as part of its Coastal Change Analysis Program (hereafter 
NOAA C-CAP data; NOAA Office for Coastal Management 2022; accessed 2/2022), and 
(3) a polygon layer of wetland attributes from the California Aquatic Resource Inventory 
version 0.3 (hereafter CARI data; San Francisco Estuary Institute 2017; accessed 2/2022).

We used these data to develop a spatial habitat model (i.e., an area was considered habitat 
or not) that was inclusive of known rail locations. However, we also managed the overall 
size of the sampling frame in attempt to limit the resources expended to sampling areas 
where breeding status in presently unknown but where extant populations are unlikely 
(i.e., wetland patches far from the Pacific Coast and within watersheds where the birds 
have not historically bred). We tested the model using location data described above and 
2 auxiliary data sets: (1) incidental locations reported to the U.S. Fish and Wildlife Ser-
vice under federal recovery permit requirements (hereafter incidental observations; n = 294 
observations collected 1998–2020), and (2) observations reported by citizen scientists to 
eBird (eBird Basic Dataset 2021, n = 11,358 observations). The final habitat model allowed 
us to focus sampling to areas within watersheds where ≥ 1 rail was detected during annual 
survey efforts (Zembal and Hoffman 2021), and ≤ 7.75 km from the Pacific Coast, reducing 
the area of sampling while also containing > 98% of all known rail locations across the 3 
data sets. Thus, the final habitat model provided a reliable depiction of plausible breeding 
habitat based on known historical records, while excluding local areas within the broader 
geographic range (Fig. 1) where breeding populations have not historically been found. We 
used ArcMap 10.5.1 (ESRI, Redlands, CA) for all spatial analyses, and details of the habitat 
model development are provided in Supplement A.

The second step was to create a grid of call-broadcast points and sample units cover-
ing rail habitat. We generated a systematic grid with a random starting location and points 
spaced 200  m apart across species range and retained only those points that intersected 
with potential habitat. This provided a range-wide network of survey locations sufficiently 
close to ensure possible detection of all rails available (i.e., if all points were surveyed). To 
organize call-broadcast points into groups that could be sampled during a single site visit 
(e.g., similar to a survey route or a cluster of survey locations; Johnson et al. 2009; Conway 
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2011), we overlaid a 1 × 1 km grid of cells across the species range and retained only those 
cells intersecting with habitat. Under this design, each 1 × 1 km grid cell serves as a primary 
sample unit that can be randomly selected in any given year, where the range-wide sampling 
frame is the collection of all sample units (i.e., all grid cells) across the study region. The 
collection of call-broadcast points within randomly selected grid cells can then be repeat-
edly sampled following standardized field protocols.

The last step was to partition sample units into strata to accommodate heterogeneity in 
local rail density, as well as to facilitate the multi-scale estimation goals of agencies respon-
sible for monitoring and managing recovery. The objectives for monitoring and assessment 
were based on the species’ recovery plan and included: (1) range-wide abundance estima-
tion, (2) local-scale abundance estimation at 4 national wildlife refuge (NWR) sites impor-
tant for recovery (Seal Beach NWR, South Bay unit of San Diego Bay NWR [hereafter 
South Bay], Sweetwater Marsh unit of San Diego Bay NWR [hereafter Sweetwater], and 
Tijuana Slough NWR [hereafter Tijuana]), and (3) abundance estimation across additional 
protected areas outside of the NWR system that have a history of rail occurrence (here-
after additional important sites, Supplement A). We used spatial stratification to facilitate 
multi-scale sampling, where randomized sampling within each stratum provides a means of 
range-wide abundance estimation via simple addition of the estimates generated within each 
stratum. We started by partitioning our sample units spatially into 6 strata: (1) Seal Beach, 
(2) South Bay, (3) Sweetwater, (4) Tijuana, (5) additional important sites (see Appendix A), 
and (6) other areas not included in strata 1–5 (i.e., all remaining potential habitat).

We also anticipated rail density would differ between more inland freshwater sites (i.e., 
inland sites or coastal sites with infrastructure reducing influence of tidal dynamics) and 
coastal sites with predominantly saltwater influence. Thus, we split the additional important 
sites and the other habitat sites (strata 5 and 6 above) by salinity (i.e., freshwater vs. salt-
water dominant) based on local expert knowledge. This resulted in 4 spatial strata covering 
important NWR sites (Seal Beach, South Bay, Sweetwater, and Tijuana), and 4 strata cover-
ing all remaining sample units (important saltwater, important freshwater, other saltwater, 
and other freshwater; Fig. 1). Lastly, each stratum and each sample unit were reviewed by 
local experts with knowledge of rail ecology and coastal wetlands within southern Califor-
nia (i.e., 2 fish and wildlife biologists, 1 refuge manager, and 1 geospatial specialist with 
U.S. Fish and Wildlife Service) to ensure that: (1) sample units were assigned to the correct 
stratum (e.g., for saltwater vs. freshwater sites), (2) sample units included rail habitat, and 
(3) sample units covered all potential habitat at sites known to harbor breeding rails. This 
resulted in several sample unit deletions, additions, and stratum reassignments to arrive at 
the final sampling frame (Supplement A).

Simulation model

We developed a simulation model to mimic the call-broadcast sampling process of survey-
ing and counting rails. The simulation model included 4 general steps: (1) simulate the 
number of rails inhabiting each sample unit, (2) simulate the spatial location of each bird 
within each sample unit, (3) simulate rail counts from surveys at each survey point, and (4) 
replicate step 3 to simulate repeated visits within a season.

The first step was to simulate the true number of birds inhabiting each sample unit. We 
used data from recent annual surveys (Zembal and Hoffman 2021) to inform the simulation 
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and realistically capture spatial and temporal variation in rail abundance across the study 
area. We counted the number of rails recorded annually within each sample unit for the 
most recent 15 years (2007–2021) and calculated the mean and standard deviation of counts 
within each sample unit. We simulated the true number of rails inhabiting each cell from 
a truncated normal distribution by using the cell-specific means and standard deviations. 
To simulate rail counts under a broader range of plausible conditions for true abundance, 
we also simulated scenarios where true rail densities were much lower (i.e., mimicking 
sampling under reduced populations that would be expected under population decline) and 
higher (i.e., mimicking a larger population expected under population growth or if recent 
counts were severely underestimated) than those reflected by recent survey data (additional 
details below). The randomly generated number of birds was rounded to the nearest whole 
number to provide a discrete count and left truncated at 0 to prevent negative numbers. If 
the summary of recent location data resulted in a mean of zero (i.e., all recent counts equal 
to zero) for a given sample unit, the minimum non-zero value recorded from the other 
sample units within the same stratum was used to simulate truth for that cell. This ensured 
all sample units had potential to harbor breeding rails inside the simulation.

After generating the true number of rails within each cell, we simulated the location of 
each bird and calculated its distances to each survey point. We created unique shapefiles for 
the habitat and survey points located within each cell and used the “sf” package in R (Pebe-
sma 2018) to: (1) generate random locations independently for each rail, and (2) calculate 
the distances between each bird and each survey point. We used the st_sample() function to 
generate locations of individuals within habitat of each sample unit from a spatial uniform 
distribution, with all locations equally likely. We used the st_distance() function to calculate 
distance matrices containing distances of each rail to each survey point within each cell. We 
treated the location of each rail as constant across a breeding season during the simulation, 
and therefore individual rail locations were intended to mimic a breeding season activity 
center for each bird. We believe this is biologically reasonable because small deviations in 
the location of individual birds among surveys would have negligible impact on simulated 
rail counts relative to survey-level variation in detectability already included in the model 
(described below).

Next, we simulated rail counts from call-broadcast surveys within each sample unit and 
replicated the process to simulate repeated visits over time (Fig. 3). An individual rail may 
or may not be available for detection during a survey because it may or may not respond to 
the call broadcast. Thus, we first simulated availability for detection for each bird during 
each survey (i.e., whether or not the bird responded from each survey point) as a Bernoulli 
random variable (1 = response, 0 = no response). We borrowed the baseline response prob-
ability of 0.4 from the closely related Yuma Ridgway’s rail (R. o. yumanensis; Conway et 
al. 1993), but also considered higher and lower values (described below). If a rail was not 
available for detection it was not counted during the simulated survey at a given point, but 
if the bird responded to the call broadcast it was available and therefore could be detected 
by a surveyor (Fig. 3A). We simulated the call type as either kek-hurrah or paired clatter 
(Conway 2011) when a bird was available for detection. We are unaware of data on the rela-
tive frequency of kek-hurrah or paired clatter calls in response to call broadcast, thus these 
call types were simulated with equal probability. Yet we simulated the call types based on 
local field observations because kek-hurrah and paired clatter calls have different distance-
decay functions for conditional detection probability, where on average kek-hurrah calls are 
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more readily detected at greater distances from the observer (Fig. 3A, Supplement A). We 
randomly generated a conditional distance-decay relationship for each available bird dur-
ing each survey from its corresponding call type (Fig. 3B, Supplement A) and used these 
relationships to calculate the detection probability for each bird based on its distance from 

Fig. 3  Diagram of the model developed for call-broadcast sampling (A) and example detection functions 
for individual birds during surveys (B). For each simulated call-broadcast survey, every bird present 
either responded or not, and birds that responded had a detection function randomly generated for kek-
hurrah (left) or paired clatter (right) calls. The distance-detection functions shown in A provide the central 
tendency for the model. Panel B provides an example of 100 simulated detection functions for conditional 
detection probabilities arising from kek-hurrah (left) and paired clatter (right) calls
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the observer. We used the individual bird- and survey-specific detection probabilities to ran-
domly generate detection (1) or not (0) for each bird on each survey as a Bernoulli random 
variable. Thus, availability and conditional detection probability of each bird present within 
a sample unit could change for each survey point and across site visits. We also simulated 
multiple site visits at a survey location during the breeding season to accommodate common 
statistical modeling frameworks used to correct raw counts for detection error (Kéry and 
Royle 2015). Finally, the total count for each survey was recorded as the sum of detections 
over all survey points within each sample unit.

We replicated simulation of call-broadcast surveys across multiple combinations of rail 
density and availability for detection to understand robustness of sampling recommenda-
tions derived from our model. We considered 3 scenarios of density (low, medium, high), 
where the medium-density scenario used the cell-specific mean counts as described above 
and was therefore intended to mimic current conditions. The low- and high-density scenar-
ios multiplied the cell-level average rail counts by 0.5 and 2.0, respectively. Similarly, we 
considered 3 scenarios of availability (low, medium, high), where the baseline probability 
of response (0.4) was considered the medium availability scenario. The low- and high-
availability scenarios were 0.2 and 0.6, respectively based on the range of response rates 
observed for Yuma Ridgway’s rail (Conway et al. 1993). Thus, we considered 9 total sce-
narios of truth (3 density × 3 availability). We generated 1,000 data sets for each scenario, 
where each data set generated the true number of birds and call-broadcast counts within 
each sample unit for 5 site visits. We used program R version 4.2.2 (R Core Team 2022) to 
program the model and to conduct all simulation analyses.

Simulated monitoring and population assessment

We simulated monitoring with multiple sampling strategies and a range of spatial and tem-
poral replication. We simulated 4 scenarios of sampling intensity that included 20%, 30%, 
40%, and 50% of all sample units from the range-wide sampling frame. We also simulated 
4 scenarios of frequency that included 2, 3, 4, and 5 visits to each site during a breeding 
season. For each of the 16 scenarios of replication (4 spatial intensity × 4 temporal fre-
quency), we tested 6 sample-selection strategies that included: (1) 3 approaches for allocat-
ing the total sample among the 8 strata and, (2) 2 approaches for randomly selecting sample 
units within each stratum. Thus, we tested performance of monitoring under 96 sampling 
strategies (4 space × 4 time × 3 allocation × 2 sample selection). To assess robustness of 
our conclusions, we replicated simulations for each of the 96 sampling strategies across all 
simulated data sets from the 9 truth scenarios described above (3 rail density × 3 availabil-
ity). This resulted in 864,000 simulated data sets that we used to derive monitoring recom-
mendations (96 sampling strategies × 9 truth scenarios × 1,000 data sets each).

Under stratified random sampling, a sample allocation strategy was used to determine 
how many samples to allocate to each stratum (Scheaffer et al. 2006). We tested propor-
tional allocation, Neyman allocation, and a customized strategy we developed to ensure 
adequate samples were allocated to the NWR strata. Proportional allocation divides the 
sample amongst the strata according to the proportion of the sampling frame contained 
therein. For example, if the total sample size was 100 grid cells and stratum A contained 
10% of the total number of cells in the sampling frame, then proportional allocation would 
allocate 10 samples to stratum A. Neyman allocation is the theoretically optimal allocation 
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for range-wide estimation, wherein samples are allocated proportionally to the stratum size 
and within stratum variance. That is, when the spatial variance of rail counts among cells 
within a stratum is larger (i.e., high patchiness of local density), more samples are allocated 
to that stratum. Given the small number of sample units contained within the 4 NWR strata 
(Supplement A), we were concerned that both proportional allocation and Neyman alloca-
tion would not allocate enough samples to these areas to enable accurate local-scale assess-
ment. Consequently, we devised a customized strategy (hereafter targeted allocation) to 
better address the dual goals of population assessment, both range-wide and at local NWRs. 
For this approach we automatically sampled 50% of the grid cells within each of the NWR 
strata and then used Neyman allocation to allocate the remaining samples to the remaining 
strata.

We also tested 2 approaches for randomly selecting sample units within each stratum. 
First, we tested simple random sampling whereby each sample unit has an equal chance of 
being selected. Second, we tested weighted probability sampling, whereby the inclusion 
probability for each sample unit in each stratum was weighted by recent abundance data. 
Inclusion probabilities were calculated as a function of the average cell-level rail counts 
from recent surveys (2007–2021; Supplement A). Weighted sampling increases the chances 
of randomly selecting more populous units and therefore minimizes the risk of missing most 
of the birds in any one stratum due to random chance. Thus, weighted sampling can increase 
the efficiency of sampling when strong spatial variation in abundance exists among cells 
contained within the same stratum.

We simulated monitoring for each sampling strategy by randomly selecting sample 
units and their call-broadcast data from the simulated data sets described above. We ran-
domly selected the appropriate number of grid cells within each stratum from each data set 
and retained the simulated counts corresponding to the desired temporal replication. For 
example, under the 2-visit per year scenario we retained call-broadcast counts from the first 
2 simulated visits for all survey points within each randomly selected grid cell. We used 
a variety of metrics to assess the performance of sampling strategies and implications of 
changing rail density and availability. We assessed the efficacy of sampling by calculating 
the overall fraction of sample units in each data set that were truly unoccupied (because 
sampling is less efficient if surveyors spend too much time visiting unoccupied areas), as 
well as the fraction of occupied cells where ≥ 1 rail was detected. To indicate bias resulting 
from indices created from raw summary counts, we first calculated the maximum cell-level 
counts across site visits for each randomly selected sample unit (i.e., the maximum across 
site visits of the sum of counts over all broadcast points). We then calculated the ratio of 
the maximum count to the true number of rails (count

truth ). Thus, we used these grid cell level 
metrics to indicate how efficacy and bias of count-based indices are likely to change with 
rail density and availability for detection.

We used a subset of our simulated data to evaluate performance of algebraic design-
based abundance estimators. We focused on the medium rail density with low availability 
for detection scenario because medium density is most reflective of recent conditions and 
low availability should provide a conservative assessment of effort required (i.e., because a 
smaller fraction of birds is detected). The design-based estimators did not account for detec-
tion error and instead treated the maximum sum of rail counts across all call-broadcast points 
within a sample unit as the index of abundance within that sample unit. The computationally 
intensive nature of models required to estimate abundance while accurately accounting for 
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survey-level heterogeneity in detection prevented us from assessing model-based estimators 
for all simulated datasets (see below). Our assessment of design-based estimators therefore 
provided a straightforward approach to estimation and an understanding of how bias and 
precision of population indices likely change with sampling strategy and replication (John-
son et al. 2009). We calculated estimates of population size for individual strata for each 
simulated data set, and we calculated estimates of the range-wide total abundance as the 
sum of population estimates across all strata. We used the relative difference (truth−estimate

truth
) 

and coefficient of variation (CV) of estimates to assess bias and precision of these popula-
tion indices at the stratum- and range-wide levels. Mathematical details of sampling and 
estimation are found in Supplement A.

Lastly, we used Bayesian N-mixture models to test a proof-of-concept for model-based 
abundance estimation from rail monitoring data generated under our sampling framework. 
We tested 2 models, each with 2 plausible random-effects structures that can account and 
correct for the realistic heterogeneity in availability and detection that our sampling model 
simulated, resulting in 4 total parameterizations. The model parameterizations included 
zero-inflated versions of the Poisson-Lognormal and Poisson-Poisson mixture models, 
where we fit both models with site× survey and site-level random effects in the detection 
function (Kéry and Royle 2015). All models included stratum-level differences in zero-
inflation parameters to account for differences in occupancy rates among strata, and cell-
level random effects in rail density. We randomly selected one of the simulated monitoring 
data sets to implement model fitting, with the goal of conducting an analysis that used a 
conservative but realistic set of conditions consistent with monitoring recommendations 
deduced from analyses described above. Specifically, we selected 1 data set from the low 
availability and medium rail density scenario, under 20% spatial replication (i.e., 20% of 
the total sampling frame randomly selected and sampled), targeted sample allocation, and 
weighted probability sampling within each stratum. Each model was fit assuming 3, 4, and 
5 site visits, respectively. We used JAGS (Plummer 2003) called from within R via the 
R2JAGS package (Su and Yajima 2015) for model fitting. We used 3 Markov Chain Monte 
Carlo (MCMC) chains to fit each model, each with a burn-in period of 250,000 samples 
followed by 750,000 samples that were thinned at a rate of 1:50, which resulted in 15,000 
retained posterior samples per chain (45,000 total samples). We used the multivariate Gel-
man-Rubin statistic (GR < 1.1; Gelman and Rubin 1992) to assess model convergence and 
compared point estimates of abundance to the true simulated abundance within each stratum 
and range-wide. We provide complete model structure details and JAGS code in Supple-
ment A.

Results

The final range-wide sampling frame included 268 grid cells, with stratum sizes ranging 
from 6 sample units in the Sweetwater stratum to 92 in the Additional Important Saltwater 
stratum (Table 1). The total number of survey points within the sampling frame was 2,234 
and ranged from 76 points in Sweetwater to 1,010 in the Additional Important Saltwater 
stratum (Table 1). The final sampling frame contained 98.9% of light-footed Ridgway’s rail 
locations (19,988 of 20,218), including 99.8% (8,553 of 8,566) of locations recorded dur-
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ing annual survey efforts, 92.1% (271 of 294) of incidental locations, and 98.3% (11,164 of 
11,358) of locations reported to eBird.

Simulations showed that sampling efficiency as measured by the proportion of unoccu-
pied grid cells contained within samples changed with strategies for sample allocation and 
randomization (Fig. 4). Targeted and Neyman allocation generally resulted in less sampling 
of unoccupied cells than proportional allocation of samples among strata yet differed little 
from each other. Weighted probability sampling also selected fewer unoccupied cells than 
simple random sampling (Fig. 4). For example, with targeted allocation under the medium 

Fig. 4  Simulated proportion of randomly selected sample units that were unoccupied by light-footed 
Ridgway’s rails under different sampling strategies. Rows indicate sample selection (panels A-C = simple 
random, panels D-F = weighted probability) and columns indicate sample allocation strategies (panels A, 
D = proportional, panels B, E = targeted, panels C, F = Neyman). Within each panel, the vertical dashed 
lines separate spatial replication scenarios (20–50% from left to right), and colors show scenarios of rail 
density (low = red, medium = blue, high = gold). Boxplots show the interquartile range (box boundary), 
median (horizontal black line), and maximum and minimum values (whiskers). These plots are shown for 
the low availability data set

 

Stratum No. sample 
units

No. call-
broad-
cast 
points

Seal Beach 10 128
Sweetwater 6 76
South Bay 16 109
Tijuana 11 133
Additional Important Saltwater 92 1,010
Additional Important Freshwater 44 270
Other Saltwater 56 382
Other Freshwater 33 126
Total 268 2,234

Table 1  Final sampling strata, 
number of sampling units, and 
number of call-broadcast point 
locations for the sampling frame 
developed for range-wide moni-
toring of light-footed Ridgway’s 
rails
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density scenario, weighted sampling decreased the median proportion of unoccupied cells 
by 44%, 38%, 23%, and 10% relative to simple random sampling, under the 20–50% spatial 
replication scenarios. Weighted probability sampling was more efficient in general; under 
weighted sampling differences in efficiency among allocation strategies were eliminated by 
increasing the amount of spatial replication (Fig. 4). Weighted probability sampling was 
also more efficient for detecting ≥ 1 bird in a grid cell when the cell was occupied (Fig. 5). At 
the grid cell level, false zero counts (i.e., occupied sample units where no rails were detected 
during surveys) were recorded at < 10% of occupied cells when sites were visited ≥ 3 times 
per year, irrespective of rail density (Fig. 5, B1). In addition, the maximum sum of raw 
counts (i.e., summed over survey points within a cell) among all site visits provided an 
approximately unbiased index of local abundance, so long as availability for detection was 
low (Fig.  6, B2–B3). However, bias and variance of cell-level maximum counts scaled 
with availability for detection, resulting in systematic over-counting and larger variance of 

Fig. 6  Ratio of maximum count to truth (i.e., the maximum count over all surveys / true abundance at the 
sample-unit level) for weighted probability sampling with targeted allocation. The panels are low (A), 
medium (B), and high availability (A). Within each panel, the spatial replication scenarios are separated 
by vertical dashed lines (20%, 30%, 40%, and 50% of cells sampled, left to right). Within each spatial 
replication scenario, color indicates rail density (low = red, medium = blue, high = gold), and the number 
of surveys per year (2–5) are indicated within each color going left to right. Boxplot shows IQR (box 
boundaries), median (solid horizontal lines inside box), and extreme high and low values (whiskers)

 

Fig. 5  Simulated proportion of randomly selected sample units where ≥ 1 rail was detected in the sample 
unit (occupied cells only) as a function of the number of site visits conducted annually. Dots represent the 
mean value across simulation iterations for the low availability scenario with medium rail density. Line 
types represent within-stratum sample selection strategy (solid = simple random, dashed = weighted prob-
ability sampling), and colors represent different levels of spatial replication. The panels represent different 
sample allocation strategies (A = proportional, B = targeted, C = Neyman)
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total rail counts under medium or high availability scenarios (Fig. 6), which was consistent 
across all sampling strategies and rail densities (Figs. B2–B3).

Range-wide population assessment with simple design-based approaches showed that 
increasing the number of site visits per year decreased bias, which otherwise changed little 
among sampling strategies or levels of spatial replication (Fig. 7). The CV of range-wide 
estimates of abundance was minimized with weighted probability sampling and any of the 
sample allocation strategies, yet targeted and Neyman allocations showed more consistency 
of precision among the scenarios of spatial replication (Fig. 8). These patterns were gener-
ally shared at the stratum level, where weighted sampling typically resulted in better preci-
sion than simple random sampling (Figs. B4–B19). Moreover, while spatial replication did 
not meaningfully improve precision of range-wide indices, it did improve precision at the 
stratum level, which were less precise overall. We detected some heterogeneity in the opti-
mal allocation strategy among individual strata, but targeted allocation was either optimal 
or competitive for most strata (Figs. B5–B19; Table B1). The exception was for the Other 
Saltwater and Other Freshwater strata, where proportional allocation of samples resulted 
in better precision (Figs. B17, B19). Collectively these results demonstrate that reasonably 
unbiased estimates with nearly optimal precision for most strata could be achieved through 
weighted probability sampling in tandem with targeted allocation of samples among strata 
and ≥ 20% spatial replication, or through weighted sampling in tandem with proportional 
allocation and ≥ 40% spatial replication (Table B1). Implementing these suggestions range-

Fig. 7  Relative difference of range-wide population estimates from true abundance for simulated light-
footed Ridgway’s rail monitoring and design-based estimators. Dots show mean relative difference across 
simulation replicates and whiskers show 1 standard deviation calculated across replicates for the medium 
rail density and low availability scenario. Rows indicate sample selection (panels A-C = simple random, 
panels D-F = weighted probability) and columns indicate sample allocation strategies (panels A, D = pro-
portional, panels B, E = targeted, panels C, F = Neyman). Within each panel, the vertical dashed lines sep-
arate spatial replication scenarios (20–50%, left to right), colors show scenarios of rail density (low = red, 
med = blue, high = black), and the number of site visits per year (2–5) within each density scenario is 
indicated (left to right). Horizontal dashed lines represent no difference between an estimate and truth
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wide would require approximately 4–7 technicians per year to conduct call-broadcast sur-
veys within randomly selected sample units throughout the species range (Table 2).

All models fit to simulated data for our proof-of-concept analysis of the Bayesian N-mix-
ture model converged (GR < 1.1). The accuracy of range-wide population estimates relative 
to the simulated true abundance was reasonable for most parameterizations and improved 
with the number of site visits per year (Table 3). The exception was for the Poisson-Log-
normal mixture model with the site-level random effect for detection, which underestimated 
range-wide abundance by 23% under the best scenario. However, our analyses demonstrate 
that both Poisson-Poisson mixture models and the Poisson-Lognormal model with site×
survey random effects in detection provided reasonable range-wide abundance estimates 
(Table 3). Abundance estimates at the stratum level varied considerably in accuracy, but 
generally results followed those of range-wide abundance estimation, with improved esti-
mates with more site visits per year (Table 4). Again, the Poisson-Poisson mixture model 
provided reasonable abundance estimates for most strata (Table 4).

Table 2  Estimated number of technicians required to implement range-wide sampling of light-footed Ridg-
way’s rails at various levels of spatial (i.e., percent of sample units surveyed) and temporal replication (no. 
Site visits)

No. site visits
Spatial replication 3 4 5
20% 4a 5 6
30% 5 7 9
40% 7 9 12
50% 9 12 14
aEstimates of the number of field technicians (rounded up to the nearest whole number) required assume: 
(1) one person can survey 10 broadcast points per day for 40 field days in a breeding season, and (2) 8.33 
survey points per 1 × 1 km grid cell sample unit (i.e., the average number of points per cell across all sample 
units)

Fig. 8  Coefficient of variation (CV) of range-wide population estimates for simulated monitoring and 
design-based estimators. Dots represent the mean CV across simulation iterations for the low avail-
ability scenario with medium rail density. Line types represent within-stratum sample selection strategy 
(solid = simple random, dashed = weighted probability sampling), whereas colors represent different lev-
els of spatial replication. The 3 panels represent different sample allocation strategies (A = proportional, 
B = targeted, C = Neyman)
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Discussion

We developed the first statistical sampling framework for monitoring light-footed Ridg-
way’s rail populations across their U.S. range to facilitate population assessment at mul-
tiple scales, including range-wide and at specific sites of interest for monitoring recovery 
under the ESA. This framework includes probability sampling of wetlands located within a 
sampling frame delineated to contain potential habitat and generates data that can be used 
directly to construct population indices (e.g., based on raw counts) or conduct model-based 
estimation that incorporates detection error, and thus provides a statistically defensible 
framework for monitoring rail status and recovery across their range. We also developed 
a simulation model of the call-broadcast process that incorporated variation in detection 
of individual birds based on their availability for detection, distance from the survey loca-
tion, and call type. To our knowledge this is the first simulation model of the call-broadcast 
process that is widely used to sample marsh birds (Conway 2011). We used this model to 
simulate multiple sampling strategies and intensities, which allowed us to make recom-
mendations for effective sampling. Moreover, this model will be useful to further refine 
sampling protocols and population assessment models used to estimate abundance.

Monitoring population status and trend over large scales are common goals of recovery 
programs for T&E species. Well-planned and implemented monitoring programs reliably 
estimate metrics that track the effectiveness of recovery at management relevant scales 
and are also foundational to adaptive management programs for T&E species (Campbell 
et al. 2002; Conroy et al. 2012). Yet, a lack of statistically defensible, coordinated, and 
broad-scale monitoring programs commonly obfuscates inferences about population status 
of T&E species (Lindenmayer et al. 2020; Evansen et al. 2021). Much research effort has 
focused on the important issue of model-based approaches to correct observed counts for 
detection error at a local level (e.g., Kery and Royle et al. 2015), whereas consideration of 
basic statistical sampling principles for broad-scale monitoring and assessment when not all 
areas can be surveyed (e.g., Johnson et al. 2009) is far less common. Consequently, there is 
a need for well-designed sampling frameworks that address basic questions about popula-
tion status for many species, without which evidence-based conservation is difficult. Such 
frameworks can facilitate evaluation of ongoing recovery efforts and a reduction in uncer-

Table 3  Range-wide abundance estimates for light-footed Ridgway’s rails using Bayesian N-mixture models. 
Two models were fit to simulated data: the Poisson-Lognormal and Poisson-Poisson mixture models (math-
ematical details provided in supplement A). Each model was fit with both site-level and site×survey level 
random effects in detection functions. Models were fit to a single range-wide monitoring data set generated 
from the low availability for detection with medium rail density scenario, under 20% spatial replication, 
targeted allocation of samples amongst strata, and weighted probability sampling of sample units within each 
stratum. Numbers represent posterior mean point estimates of range-wide abundance and estimates within 
10% of true abundance (N = 434) are in boldface

Site visits/year
Model 3 4 5
Poisson-Lognormal
p(site) 334 265 230
p(site×survey) 599 503 417
Poisson-Poisson
p(site) 508 490 456
p(site×survey) 360 352 391
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tainty through adaptive management, while providing data to evaluate ecological dynamics 
and hypotheses that are relevant for rare species conservation (e.g., range dynamics, impacts 
of disturbance; Lindenmayer et al. 2022).

We developed a sampling framework specific for rails in southern California, but this 
example is based on general principles that underlie design of statistical sampling proce-
dures. Basic principles of sampling include the specification of a target population and sam-
pling frame, stratification of sample units based on monitoring objectives and anticipated 
spatial heterogeneity, use of a probabilistic procedure to select areas to conduct surveys (i.e., 
when the entire region cannot be sampled), identification and use of a design that facilitates 
efficiency (i.e., improved precision, approximately unbiased), and implementation of pro-
tocols that facilitate estimation of detection error (e.g., repeated sampling within a season; 
Yoccoz et al. 2001). Unfortunately, many monitoring programs are not based on appropriate 
probabilistic sampling and therefore may not produce reliable estimates of population status 
that can be “scaled up” in any meaningful way to a larger area of interest. Consequently, 
monitoring for many T&E species may not track status or progress towards recovery goals 
in a scientifically defensible manner, and therefore fails to achieve one of its primary goals 
(Evansen et al. 2021; Lindenmayer et al. 2020). Previous survey efforts provided valuable 
data for developing the range-wide sampling framework and parameterizing our simulation 
model, yet these survey efforts did not include the design components described above. 
Hence, inferences about rail population status relative to recovery objectives can be easily 
challenged. Our work builds from past survey efforts and uses those data to inform sampling 
weights, while also using sampling principles that are more statistically defensible. More-
over, while our focus was on the U.S. portion of the light-footed Ridgway’s rail range and 
sampling relative to monitoring status under the ESA, the principles and approaches could 
be applied elsewhere (e.g., the portion of the species’ range in Mexico).

We developed a sampling framework and simulation model that provide not only a 
quantitative foundation for monitoring and statistical assessment but also a foundation for 
further refinement. The final sampling frame contained 98.9% of all known rail locations, 
and therefore is spatially extensive enough to capture rail habitat range wide. Weighted 
sampling, where sample units within each stratum are selected with probabilities propor-
tional to local abundance, is more efficient for sampling patchy rail populations than simple 
random sampling. Moreover, targeted allocation of samples amongst strata, where 50% of 
sample units at important NWR sites are surveyed and Neyman allocation is used to allo-
cate samples at remaining strata, was the most effective allocation for range-wide sampling. 
Our results also show that ≥ 20% of sampling units should be surveyed ≥ 3 times during the 
breeding season. More than 3 surveys per year decreased bias in abundance estimates but 
may not appreciably increase precision (at least with ≤ 5 visits per year). At the strata level, 
greater spatial replication (i.e., > 20% overall replication) will likely improve precision of 
estimates, but a high degree of variation may remain. Lastly, we estimated that implement-
ing these guidelines would require 4–7 dedicated field staff to conduct surveys during each 
breeding season. While costs are nearly always limited for monitoring T&E species (Crouse 
et al. 2002), this appears to be a relatively small effort when considering the task of range-
wide monitoring to assess populations of an endangered species.

Previous studies developed recommendations for sampling marsh birds as a group across 
the continuous U.S. (Johnson et al. 2009) and implemented similar designs regionally to 
assess multiple species (including species other than marsh birds; Weist et al. 2016; Ladin 
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et al. 2020). Our approach was species-specific and focused only on the range, habitat, and 
sampling objectives for the target species, but followed many of the recommendations of 
Johnson et al. (2009), including: (1) a sampling universe built around spatial depictions 
of habitat, (2) use of probability sampling to select survey locations to make inference to 
clearly defined areas, (3) a hierarchical design that allows for aggregating estimates across 
strata for larger-scale assessment, (4) use of sample inclusion probabilities that are propor-
tional to local abundance, (5) spatial aggregation of on-the-ground survey locations within 
larger sample units, where the number of survey points is conditional on area of habitat, (6) 
an assumption that field protocols will be implemented in a standardized fashion to mini-
mize spatial-temporal variation in detection error, and (7) use of a design-based approach 
to generate counts as indices of abundance at scales of interest for management. Despite 
these similarities, there were several differences between our framework and those used or 
suggested previously: (1) we did not differentiate discrete from continuous wetlands, (2) we 
used a random systematic point grid to cover all habitat within sample units, as opposed to 
spatially-balanced random sampling within each sample unit, and (3) we proposed sampling 
all survey points within each randomly selected sample unit (i.e., to cover all habitat), as 
opposed to a random subset of points across the area. We believe these differences are jus-
tified and reflect differences in study objectives, scale of application, and species-specific 
attributes (e.g., strong spatial patchiness, endangered status, relatively small breeding range, 
non-migratory resident behavior). In addition, we developed a novel simulation model of 
the sampling process that realistically incorporated heterogeneity in detectability by indi-
vidual rails and used this model to deduce sampling recommendations.

We also provide a preliminary test of Bayesian N-mixture models for estimating abun-
dance from simulated call-broadcast data collected under our design. Obviously, we do not 
expect detection probability during surveys to be homogeneous in space and time, as is 
required for use of raw counts as abundance indices (Pollock et al. 2002), and therefore our 
model was designed to realistically incorporate heterogeneity in detection. Our proof-of-
concept analysis showed that multiple parameterizations of N-mixture models have promise 
for range-wide and stratum-specific abundance estimation for rails, even under the most 
conservative availability scenario. Previous authors used frequentist analyses of N-mixture 
models for estimating abundance of clapper rails (R. crepitans; Wiest et al. 2016; Ladin et 
al. 2020), yet these analyses could not accommodate heterogeneity in detection through ran-
dom effects. Recent work has called into question the robustness of N-mixture models for 
abundance estimation when heterogeneity in detection is present (e.g., Duarte et al. 2018). 
Thus, realistically incorporating detection heterogeneity in simulation models and using 
random effects to capture site- and site×survey level variation in detection, as we did here, 
are important aspects of realistically assessing model performance when estimating marsh 
bird abundance.

Our preliminary test showed that Bayesian N-mixture models produced reasonable esti-
mates of abundance, but additional work is needed to determine which model and param-
eterization produce the most robust estimates under realistic field conditions. Specifically, 
more simulation is needed to understand model performance across different combina-
tions of sampling replication, rail density, and availability of rails to sampling. Further, the 
N-mixture framework requires a closure assumption which could be violated by migratory 
birds during the breeding season (Shirkey et al. 2024). This issue is unlikely to limit applica-
tion of the model to light-footed Ridgway’s rail because we are sampling resident popula-

1 3



Biodiversity and Conservation

tions that are not believed to be migratory. However, the practical implication of closure 
violation means that some birds are not available for detection during each sampling event. 
Thus, our current simulation model could be easily updated to understand the implications 
of migration on marsh bird abundance estimation by changing availability for detection 
systematically across repeated site visits conducted during a breeding season. Alternative 
estimation models could also be tested by using our call-broadcast simulation. For example, 
hierarchical distance sampling estimators could be tested as an alternative to N-mixture 
models, assuming that rail distances from broadcast points can be accurately estimated and 
that birds do not move in response to broadcasting recorded calls prior to responding (Bui 
et al. 2015). After the best model for estimating rail abundance is established, formal power 
analyses can be used to test the ability of sampling and assessment procedures to estimate 
population trends reliably.

Our framework provides a foundation for statistical monitoring and assessment of prog-
ress towards recovery goals but can also serve as a starting point for further refinement. In 
addition to refining the estimation model, other components provide the opportunity for 
updates, including the habitat model (i.e., sampling universe) and the call-broadcast and 
sampling simulations. First, the spatial habitat model can be updated over time. This could 
occur by manually digitizing habitat boundaries of areas sampled in the field, or by using 
satellite imagery and remote sensing to identify wetland boundaries. These approaches 
would help accommodate changes in wetland area over time. For example, one approach 
would be to delineate habitat area annually within randomly selected cells prior to or during 
sampling, accounting for temporal changes in conditions.

In addition, habitat suitability models could map intensity of use for areas inside the habi-
tat layer using rail location data and distribution models (Stevens and Conway 2020a; Helm-
stetter et al. 2021). Habitat suitability could be used to further stratify sampling based on 
anticipated changes in density (high vs. low) within current strata. Habitat suitability could 
also be used to update call-broadcast simulations, which currently simulate the locations 
of birds with all locations equally likely to serve as an activity center. A habitat suitability 
model would allow for locations of individuals to be simulated proportional to suitability 
within each grid cell and could also allow locations of individuals to change among surveys 
and incorporate lack of spatial independence (e.g., territoriality) in a biologically realistic 
manner. Individual parameters of the simulation model could also be refined through tar-
geted field studies. For example, we approximated availability during call-broadcast sur-
veys by using data collected from Yuma Ridgway’s rail, whereas field studies could estimate 
this parameter directly within the study region.

Lastly, modifications to the simulation model can be used to evaluate robustness of sam-
pling and assessment procedures under other plausible scenarios. For example, Johnson et 
al. (2009) warned about the challenges of sampling wetland habitats when some areas are 
not directly accessible to sampling. Limited accessibility could be simulated directly by ran-
domly omitting data from individual survey points, or clusters of points, within each sample 
unit and evaluating the impacts for population assessment. This would provide an under-
standing of the impacts of partial accessibility for inferences about marsh bird abundance, 
which have not been formally evaluated. Our simulations also assumed designs whereby all 
randomly selected sites were visited with the same intensity during a breeding season. Yet, 
improved sampling efficiency may be attainable by conducting repeated site visits at only a 
subset of locations (Pollock et al. 2002). Consequently, additional simulations could explore 
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the fraction of grid cells that should be visited > 1 time per season, and where these repeat 
visits should be conducted. Although we highlight the need for further work to optimize 
sampling and assessment, we provide the conceptual foundation, quantitative starting point, 
and simulation models to make such work possible. Moreover, we provide an example of 
building a fit-for-purpose framework to assess recovery for a T&E species (Lindenmayer et 
al. 2020, 2022) based on general sampling principles, and therefore demonstrate a process 
that can be used as a blueprint for developing rigorous monitoring programs for other taxa.
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