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Keywords: Estimates of population dynamics and risk of extinction are sensitive to both mean rates of annual change and

PVA also the variation in these rates caused by environmental stochasticity. The analytical machinery to incorporate

PDP“J‘?ﬁ““ trends the latter into estimates of long-term stochastic growth and quasi-extinction risk are well developed for count-

[S::;lihng lll:Eﬂmds based population data. However, analytical methods rarely account for the effects of observation error during

Ciﬁzmglzcl}ie:ce the sampling process, which can inflate apparent stochasticity and thus alter estimates of population behavior.
Here, we applied a Bayesian stochastic population model to estimate the growth rates and quasi-extinction risk of
over 157 plant populations monitored through a collaborative science program in NE Spain, and calculated the
effect of incorporating direct measures of the observation error into our estimates. We found that including the
observation error into models reduced the estimated temporal variation of all populations, which in turn resulted
in modest increases in estimated long-term growth rates but considerable reductions in quasi-extinction risk. In
this study we show how adjusting sampling designs to the size, detectability and density of plant populations,
and repeating surveys in one or more years substantially improves estimates of population growth and viability,
thus contributing to guide a better conservation practice.

Monitoring

1. Introduction

All organisms show fluctuations in their population sizes and growth
rates over time, caused by changes in abiotic conditions, biological in-
teractions, and density effects. These drivers alter vital rates such as
fecundity and survival, which in turn alter population growth. This
stochastic variation in realized population growth rates is generally
predicted to have a negative effect on long-term stochastic growth rate
(Dennis et al., 1991; Gillespie, 1977; Lande, 1993; Tuljapurkar, 1990).
Furthermore, this variability has a direct negative influence on the
extinction risk of a population, as higher variance in growth rates in-
creases the chance of a population having several “bad” years in a row
and thus its probability of hitting quasi-extinction thresholds (Lande,
1993; Lande and Orzack, 1988; Dennis et al., 1991). This is particularly
concerning for small populations because their size may not be sufficient
to buffer the effects of prolonged negative growth (Shaffer, 1931).
Hence, accurately estimating the variability of growth rates through
time, in addition to mean growth, is a fundamental requirement for an
effective management of biodiversity in general, and for population
viability analysis of threatened species in particular (Boyce et al., 2006).
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The most common data sets available to estimate extinction risk or
stochastic dynamics are based on time series of population counts
(Global Population Dynamics Database, Prendergast et al., 2010). For
either density independent or density dependent dynamics, the use of
these types of population size estimates to calculate mean and variance
in growth rates and to predict population behavior is well-established
(Dennis et al., 1991; Morris and Doak, 2002). However, part of the
observed variation in numbers over time results from the observation
process itself, rather than underlying changes in real numbers or den-
sities themselves (Wilson et al., 201 1). Neither the sampling process nor
the observers can be perfect, and they are susceptible to biases that give
us an imperfect picture of the actual population size by, for example,
only sampling part of the population, missing individuals during the
counting process, or counting the same individual twice. Several
frameworks for taking observation errors into account when estimating
demographic parameters from count based data have been proposed
(Buonaccorsi and Staudenmayer, 2009; Carpenter et al., 1994; Dail and
Madsen, 2011; Holmes, 2001), However, although measuring and
considering observation error is common for viability analysis of animal
populations, it is seldom measured during monitoring studies or taken
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into account in plant PVA studies (Kellner and Swihart, 2014;
McLoughlin and Messier, 2004; but see Kery, 2004). When not
accounted for, the observation error is folded into estimated environ-
mental stochasticity in population growth (Holmes, 2001), leading to
biased and inaccurate estimates of population growth and extinction
risk.

Estimating the variation associated with observation error should
allow us to decompose the observed variance in growth rates into true
(process) variance, and variance due to observation errors, reducing the
estimated stochastic variance of a population’s size and improving our
estimates of long-term growth rates and their variance (Dennis et al.,
2010; Staples et al., 2004). This has direct implications for conservation
practice. First, by reducing the estimated variance in population growth
rates over time we will generally increase the estimated long-term
growth rate of that population, and reduce the estimated probability
of extinction or decline (See and Holmes, 2015). In turn, these improved
assessments of population viability will allow us to develop better
conservation plans and policies to help us manage the cwrent biodi-
versity crisis (Cowie et al., 2022), especially in a context of limited re-
sources for conservation actions that may require focusing our effort on
some organisms over others (Ono et al., 2019).

Here, we use the abundances of 157 plant populations obtained
through the long-term “Adopt a Plant” collaborative citizen science
program in Aragon Province, NE Spain (Garcia et al., 2021) to explore
how accounting for the observation error (OE) measured directly during
the sampling process can affect our estimates of population growth and
long-term quasi-extinction risk. Similar to other plant monitoring pro-
grams like the Threatened Plants Project (Walker et al., 2017), the Adopt
a Plant program monitors dozens of species and populations across a
wide range of environments. The most distinctive aspects of this project
are its long duration (volunteers commit to a 10-year period and some
populations have been monitored uninterrupted since 2010) and the use
of repeated surveys in some years to estimate the observation error in
the monitoring for most species. As we show, the combination of simple
resampling done as part of field surveys and a straightforward Bayesian
modeling approach can substantially improve the parameter estimates
resulting from monitoring, with significant effects on estimated popu-
lation dynamics.

To illustrate this approach, we first develop a stochastic exponential
population model which estimates the long-term growth rate of a pop-
ulation and its stochastic variance, while taking into account the vari-
ance associated with observation error (OE) to calculate the
probabilities of quasi-extinction. Then, we use those estimates for each
population and compare them with those from a model that does not
consider OE. Finally, we compare the growth rates and quasi-extinction
risk probabilities calculated across different groups of species, including
those surveyed using different fieldwork abundance metrics.

Thus, here we strive to test if accounting for observation errors
estimated from repeating surveys substantially alters stochastic growth
or quasi-extinction risk across different abundance metrics. We also use
simulated data sets to compare our approach to other methods of esti-
mating population abundance change in the face of sampling errors.

2. Methods
2.1. Plant population data

The “Adopt a plant” program is a collaborative citizen science
initiative that aims to monitor the population trends and threats of
hundreds of plant populations in NE Spain (Garcia et al., 2021). Many of
the species are listed as threatened and others are considered major
structural elements for habitats of interest by the European Union. The
sampling personnel involves almost 400 people, with the majority being
volunteers and forest and park rangers, although a few are naturalists
with higher botanical skills. All participants are assigned one or more
monitoring units (MU), which they will visit once a year for a period of
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at least 10 years. MUs are always surveyed by the same team to avoid
differences between observers and each of them includes populations of
one or more plant species that are monitored each year at a similar
phenological stage to ensure consistency across years and keep plant
detectability as constant as possible. In addition, all plant species
monitored by this program have multi-annual life cycles, which helps in
relocating individuals from one year to another (Elzinga et al., 2015).
Participants are trained on site by the managing scientists during the
first sampling year to ensure that they conduct the surveying process in a
replicable and consistent manner following a specific sampling design
established by the managing scientists, and that they are able to
consistently identify their focal plant (see Garcia et al., 2021 for more
details). Plant abundance in each population is estimated using plots or
along transects, and in some cases using small quadrats and gridded
plots along transects. These plots and transects are fixed during the first
year, and are revisited each subsequent sampling season (Appendix C).
Plots are placed in order to sample across the different environmental
conditions and plant densities within the population, avoiding extensive
sampling of areas with extremely high or low density. All the data
gathered by the participants is quality checked by the managing team
before being included in the database. The median number of sampling
years is 9, with a minimum of 4 and a maximum of 14, while populations
per species ranges from one to six.

The abundance metric used varies between plant species and sites, as
it is adjusted in the field to be representative of the variability in species
occupancy and to reduce sampling error (Garcia et al., 2021). These
approaches can be categorized into four general metrics. The first two
approaches involve counts of either all (hereafter referred to as counts),
or only the reproductive (countsy) individuals within permanent sam-
pling units (> 70 % of MUs). The third and fourth approaches score
either the presence/absence (occupancy) or percent cover over multiple
quadrats (plant cover). To facilitate the comparison between estimates
of abundance between populations using different metrics, the total
number of presences and raw plant cover data were used in subsequent
analyses rather than their relative proportion over the total number of
possible presences or surveyed area.

2.2. Estimation of observation error

All participants were asked to do at least one double survey during
one of the monitoring years. These were always conducted by the same
team responsible for that MU and consisted of dismantling and relo-
cating all the sampling plots and repeating the survey on the same day or
a few days after. Resurveys occur in all or part of the sampling units for a
MU, and are required to take the same amount of time.

The mean of the squared difference between the natural logarithms
of the two abundance estimates taken across years and populations of a
species was used as an estimate of the observation error for that species.
Use of the log of abundance to make an estimate of variance is based on
an assumption of constant proportional errors in abundance, relative to
the mean, such that variance on the log scale will be scale invariant,
which was confirmed by examination of abundance vs squared differ-
ences of logged abundances (Appendix A, Fig. Al). If a species lacked a
double survey in a particular population but had an estimate of obser-
vation error in others (19.6 % of the cases), we used the double surveys
from those populations with estimates as an approximation for the error.
A total of 157 populations of 93 different plant species were double
surveyed, and constitute the dataset for this analysis.

2.3. Stochastic exponential model

To estimate the mean and variance of the annual stochastic popu-
lation growth rate of each plant population while accounting for OE, we
fit a density-independent Bayesian stochastic exponential growth model
using JAGS 4.3.0 (Plummer, 2003), rjags (Plummer, 2022) and runjags
(Denwood, 2016). The model is built assuming that the logarithm of
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observed population size at time T, log(M7), has a normal distribution
with mean and variance equal to log(Ny) and £, respectively, and
where log(Ny) is the logarithm of true population size at time T. In
addition, we assume stochastic exponential growth, with Ny = Ar*Np_q,
and where log(i7) is normally distributed with mean log(4) and variance,
Ghrocess We simultaneously fit this population growth process and esti-
mated the variance from OE, £2g. Thus, the model uses both the data on
observed numbers across time for a population as well as pairs of ob-
servations for the years and population plots with resurveys. Use of this
model is based on the assumption that sampling is sufficient in each
survey so that log growth rates are normally distributed due to the
central limit theorem. This model assumes that proportional observation
error is constant through time. This is clearly a simplifying assumption,
and is likely to be particularly poor for mobile organisms, annual plants,
or monitoring studies with non-permanent plot designs. However, all
plants in the Adopt a Plant program are long-lived or multi-annual
species, and thus easily detectable when using a permanent plot sam-
pling design. In addition, the training efforts made to ensure that vol-
unteers are able to identify their assigned plant species, to keep effort
similar across surveys, and to always visit the MUs during the same time
of the year should contribute to keep detectability high and relatively
constant through time.

The £2; and the population sizes from one year to the next advance
according to a model defined by the following equations:

log(Nr) = log(Ar_1) + log(Nr_4) (1)
log(Mr) + er = log(Ar_1) + log(Mr_) + &1, (2)
log(i7) ~ Normal(log(4) , 63.,....) (3
er ~ Normal(0, e}) @
(log(My) — log(My,) )* ~ Gamma(1/2,1/2*1/¢%,) (5

Where Eq. (1) shows the basic underlying process model, Eq. (2) ex-
presses the process using observed population sizes and observation
errors (er values), and Eqgs. (3)—(5) show the distributional relationships
of growth rates and observation errors, where £2; is the estimated
observation error variance and M,; and My, are the values of each
repeated survey within one year. Each pair of double survey values
provide one estimate of 35 and these estimates are assumed to follow a
chi-square distribution (Cochran, 1934), fit in our models as a gamma
distribution using the relationship between chi-square and gamma
variants (Hogg et al., 1978). The gamma distribution in Eq. (5) is shown
with the shape and rate parametrization used in JAGS. Note that in JAGS
the normal distribution is parameterized with precision, the inverse of
the variance, but to explain the model we express the normal with
variance as is more common in the general literature. Finally, in the
actual model we also include a random effect of Plot for the distribution
of the mean log(it) to account for variation between sampling units
within a population, and in JAGS the equations shown above are rear-
ranged to facilitate parameter estimation (see code in Appendix E).
Prior to applying this model to our data, we tested if the stochastic
exponential model performed well on the different abundance metrics
used in the Adopt a plant program by comparing its estimates with three
different approaches commonly used to analyze resurvey data: the N-
mixture model of Royle (2004) for counts, the dynamic site occupancy
model of MacKenzie et al. (2002) for presence/absence data and the
zero-augmented beta regression proposed by Wright et al. (2017) for
plant cover (Appendix D). We simulated data with varying growth rates,
plant detectability, process variances and proportion of observation
error relative to the process variance, as well as different number of
plots. While we simulated data using parameter values that were
broadly comparable to situations seen with the Adopt a Plant program,
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we also simulated data with a broader range of parameters to test the
applicability of our approach to other studies. In most instances the
stochastic exponential model performed comparably well to the rest of
the models and correctly estimated the true population mean growth
rate and process variance (Appendix D). The only exception occurred
when analyzing presence/absence data with a high proportion of
observation error or low detectability. In this case, our model was able to
accurately estimate the true growth rate of the population but tended to
underestimate process variance. Thanks to all the efforts put into
ensuring that participants in the Adopt a Plant program provide robust
estimates of plant abundance, situations in which observation error is
high and plant detectability is low are unlikely. Thus, we considered our
exponential stochastic model a suitable approach for analyzing data
from all plant populations in our dataset, ensuring the comparability of
the estimates between abundance metrics coming from different pop-
ulations and species.

To fit each population model on the Adopt a Plant data, we ran 4
MCMC chains for 1,000,000 iterations with a burn-in period of 100,000
samples and a thinning interval of 10 samples. We used uninformative
priors for all model parameters (Table 1). Convergence of the MCMC
chains was assessed visually and with the Gelman-Rubin statistic, with
values <1.05 being considered a good indicator of chain convergence.
The models were fitted separately with and without OE (henceforth
referred to as models with and without OE) to compare results between
both methods. In addition, we fitted a model to estimate only the OE of
each population, using only the double count information, without the
multi-year count data, as a baseline to compare the estimates of OE in

the full model.
2.4. Probability of quasi-extinction

For each population we calculated the probability of quasi-extinction
according to its estimated average growth rate and process variance. To
take into account the uncertainty estimated by the Bayesian approach,
we extracted the last 1000 samples from each MCMC, for a total of 4000
samples, to obtain samples of the average growth rate and process
variance of each population. Then, we computed the probability of
quasi-extinction as the cumulative probability for that population’s size
to fall below 10 % of the initial population size in the next 50 years using
the extCDF function in the popbio package (Stubben and Milligan, 2007),
which applies the diffusion approximation method of Lande and Orzack
(1988). We set an arbitrary initial size of 5000 for all populations, as the
main goal was to showcase the effect of including OE in those estimates
rather than calculating the extinction risk itself. Finally, we averaged the
results over all 4000 samples to get an estimated overall probability of
quasi-extinction (pg.) along with its variance (oZ,). This process was

Table 1

Prior distributions for the parameters used in each Bayesian model. Normal
distributions are shown with their mean (u) and precision (r), and gamma dis-
tributions with their shape (r) and rate (s) following the parameterization used in
JAGS.

Model Parameter Definition
Stochastic exponential ~ Growth rate log(h1) ~ Normal(u =0, 7=
model 0.001)
Stochastic exponential ~ Process precision 1/62 peers ~ Gamma(r =
model 0.001, s = 0.001)
Stochastic exponential  Plot precision 1/6%,, ~ Gamma(r = 0.001, 5
model = 0.001)
Stochastic exponential ~ Precision of the 1/e35 ~ Gamma(r = 0.001, s
model observation error = 0.001)
Meta-analysis Growth rate log(3) ~ Normal(p = 0, =
107%)
Meta-analysis Monitoring Unit 1/64yy, ~ Gamma(r= 0.001, s
precision = 0.001)
Meta-analysis Species precision 1/6% yon ~ Gamma(r =

0.001, s = 0.001)
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repeated separately for each population and for the growth rates and
variances estimated by the models with and without OE.

2.5. Analysis of growth rates

To characterize estimates of population dynamics across all pop-
ulations, and to estimate the importance of considering OE and the
magnitude of OE across the populations in our study, we followed the
approach by Haase et al. (2023) and Pilotto et al. (2020) and conducted
a set of Bayesian meta-analyses, using the output from our individual
population model fits as input. In the first of these models, we used log
() and 6pyoees; estimated by models with observation error for each plant
population. For these analyses we only used data from those populations
whose estimates for log().) and oprocess had a Gelman-Rubin statistic be-
tween 0.95 and 1.05, indicating good chain convergence and model fit
(100 % of populations). Using this approach, we modeled the average
trend across populations while taking into account the standard devia-
tion of their posteriors as a measure of their uncertainty. The meta-
analysis model assumed Gaussian distributions for log(3) and 6process,
considered no fixed effects and included two random effects, one for MU
and another for plant species nested within that MU to account for dif-
ferences between monitoring units and species. We ran 4 MCMC chains
for 1000,000 iterations with a burn-in period of 100,000 samples and a
thinning interval of 10. To summarize the quasi-extinction probabilities,
we followed a similar approach but assuming that those probabilities
followed a Beta distribution with a logit link function and whose shape
parameters were estimated via moment matching using the following

equations: @ = ,qu"log(;é:) and f = pg, (] - pqc) *Iog(;%:) were pg, and

og, are, respectively, the average quasi-extinction probability of a pop-
ulation in 50 years (pge) and its variance calculated over the 4000 values
of pg. obtained from the posteriors of our initial model. To test if
including an estimate of OE affected our estimates of growth rates and

their variance as well as quasi-extinction probabilities, we followed the
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same meta-analysis approach just described, but with the posterior
distributions estimated by the model without observation error and
compared the resulting posteriors from both meta-analyses. Finally, we
tested the differences between different abundance metrics with a meta-
regression model, which follows a similar approach as the previous
meta-analysis models but also includes a fixed effect for the abundance
metric used.

3. Results

The stochastic exponential model performed well on most simulated
data (Appendix B, Figs. B1, B2 & B3), correctly estimating the average
growth rates and stochastic variances of the simulated populations and
showing good convergence for a wide range of parameters. When fit to
our real data, including the observation error led to narrower credible
intervals in both parameters (Fig. 1A & 1B). Longer data series improved
the fit of the model and led to narrower credible intervals of the esti-
mated parameters (Fig. 1C & 1D). Including an estimate of OE in the
model did not have a significant effect on the estimated long-term sto-
chastic growth rates of most populations (Fig. 2A), however it sub-
stantially reduced the estimated process variance in all of them (Fig. 2B).
Although the proportion of variation associated with OE differed greatly
between populations, on average it accounted for 31.8 % (SD = 32.1) of
the total variation in observed numbers, and ranged up to a maximum of
98.7 % (Fiz. 3A). In most cases, OE estimated directly within the
exponential model was similar or lower than that estimated on its own
(Fig. 3B), although its 95 % credible intervals tended to be narrower
(Appendix A, Fig. A2).

At the individual population level, models without OE estimated that
only 3 populations (1.9 %) had average growth rates that deviated from
0 (Clgs not overlapping with 0), with one showing an increase in pop-
ulation size over time whereas two showed signs of decline. On the other
hand, models with OE estimated that six populations (3.8 %) had growth
rates that deviated from stability, of which four had negative growth

rates and two positive ones.
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The Bayesian meta-analysis of the models with observation error
estimated an overall population growth rate of —0.0024 with a 95 %
credible interval (Clgs) of —0.017 and 0.014 (Fig. 4A), and an average
Oprocess Of 0.25 (Clgs = 0.19, 0.31) (Fig. 4B). The average quasi-
extinction probability in 50 years was 0.28 (SD = 0.086) (Fig. 4C). In
contrast, the average growth rate estimated by models that did not ac-
count for OE was —0.0039 (Clgs = —0.021, 0.014) with an average
Oprocess Of 0.37 (Clos = 0.3, 0.44) and an average quasi-extinction
probability in 50 years of 0.42 (SD = 0.081). We also found that the
magnitude of OEs were similar across all four survey methods, although
occupancy had the lowest OE variance (Median = 0.075, Clgs = 0.043,
0.11), followed by plant cover (Median = 0.09, Clgs = 0.043, 0.14),
counts (Median = 0.098, Clgs = 0.078, 0.12) and countsg (Median =
0.15, Clgs = 0.062, 0.23).

4. Discussion

In this study we developed a Bayesian approach to population
viability analysis that takes into account the variance estimated with
easily collected data on observation error. We applied it to data from
157 plant populations living across a wide range of environmental
conditions and for which we had measures of observation error taken
during the sampling process. We found that including such estimates
directly into the population model improved the precision of parameter
estimates. Whereas this had little to no impact on estimates of mean
growth, it greatly reduced both the estimated stochastic variance of
growth rates and the estimated quasi-extinction probabilities. The
relative contribution of OE to the estimated variation in growth rates
differed between populations, but on average it accounted for almost a
third of the total variation. We also compared the observation error
estimated by different abundance sampling metrics. Population growth
estimates and their credible intervals were similar between metrics,

although results based on populations surveyed with occupancy-based
methods tended to be more accurate, followed by plant cover and
counts of individuals, with counts on only reproductive individuals
being the least accurate. However, as only one metric was used for each
population and we intentionally chose the metric to suit the studied
species, this result must be interpreted cautiously. Most of the plant
species that we studied show stable population growth rates over time,
with only a very small fraction of them having significantly decreasing
or increasing population sizes.

4.1. Accounting for observation error improves PVA estimates

The importance of observation error as a source of bias in population
viability analysis is widely acknowledged in population viability liter-
ature, and different methods have been proposed to account for it
(Dennis et al.,, 2006, 2010; Humbert et al., 2009; Kéry et al., 2009;
Staples et al., 2004). However, very few studies on plant population
viability have measured observation error directly during the sampling
process or incorporated it into their models, although specific efforts in
this regard have been made for vegetation cover (Pardo et al., 2015; van
Strien et al., 2024; Sykes et al., 1983; Wright et al., 2017). Here, we
estimated observation error by following a simple protocol: surveying
twice all or part of the population of interest, and parameterizing the
variance of those double surveys directly in our models. By considering
the OE during the sampling process we were able to decompose the
variance of growth rates into its process and observation components,
improving our estimates of both. Including an error term slightly
increased the estimated growth rates and greatly reduced the estimated
variance in comparison with model fits that ignored OE. These results
are consistent with theoretical expectations, since observed variance
should be the sum of process variance and observation error, and higher
process variance will negatively influence population viability
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(Gillespie, 1977; Lande, 1993; Lande and Orzack, 1988). Accordingly,
this reduction in the estimated environmental stochasticity (process
variance) and the slight increase in average growth rates should have an
important positive effect on the predicted quasi-extinction probabilities
of all populations, which were 14 % lower when estimated using the
growth rates and variances obtained from the model with observation
error.

While the direction of effects we find is entirely as predicted, another
important finding was that OE accounted for a meaningful portion of the
variation in population sizes and growth rates for most of our species
and populations, suggesting that ignoring it when assessing the viability
of populations might significantly bias our estimates of growth and
extinction (McNamara and Harding, 2004; See and Holmes, 2015).

We also found that longer time series resulted in better estimates for
all population parameters, evidenced by narrower credible intervals in
growth rates and their variance. Although the use of repeated measures
through time is a well-known method for improving the estimates of
different PVA parameters (Dennis et al., 2010; Knape et al., 2013; See
and Holmes, 2015), to our knowledge this is the first study to directly
estimate the error associated with the observation process for such a
large and varied set of plant populations and years. A simple procedure
like this could be implemented in other monitoring programmes to
improve estimates of extinction risk and thus contribute to better pop-
ulation management (Lindenmayer and Likens, 2010).

While taking some double count data is clearly valuable, these can be
used in different ways to estimate OE. In particular, an alternative
approach to ours would be making a separate estimate of OE using only
the double count data, then incorporating these estimates into a model
to estimate the mean and variance in growth rates. However, we found
that incorporating OE estimation directly into the model led not only to
better estimates of the demographic parameters, but also to more

accurate estimates of observation error itself. While this means using a
more involved analysis method, it is still not difficult and could also be
easily modified to, for example, include models in which annual growth
rates depend upon environmental drivers such as climate variables, or is

density-dependent.

4.2. The importance of the sampling method

When it comes to sampling plant populations and its changes in
abundance, many metrics can be used, although the choice between
them often boils down to the detectability of the focal plant (Elzinga
et al., 2015; Morrison, 2016). This, in turn, is determined by the size of
the plant, its density in the study area, how easy it is to tell apart from
other plants or the density of the surrounding vegetation (Morrison,
2016; Perret et al., 2023). The goal of choosing the appropriate abun-
dance metric and sampling method is to reduce any biases during the
observation process and produce the most accurate estimates of abun-
dance possible (Bonham, 2013). The Adopt a Plant program follows the
workflow proposed by Garcia et al. (2021) to choose between four
abundance metrics widely used in plant ecology and conservation
(Bonham, 2013; Elzinga et al., 2015). Each metric is chosen according to
the characteristics of the focal plant within its local context, in order to
minimize observation error. Thus, the abundance of plants that are
difficult to count, such as those forming mats, was assessed using pres-
ence/absence or abundance-cover methods in quadrats. For larger spe-
cies with clearer distinction between individuals we used counts of all
individuals when possible or only reproductive individuals when
distinction between those in vegetative states was difficult. Plots and
quadrats are placed in a stratified manner across the population,
including different environmental conditions and plant densities while
avoiding extensive sampling of areas with extremely high or low
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Fig. 4. Posterior distributions of the average long-term stochastic growth rate (A) of all populations, their variance (B) and the average quasi-extinction probability
(C) estimated by the models with (blue) and without observation error (yellow). (D) Posterior distributions of the estimated effect of sampling method on observation
error along with the number of populations where that method is used. In all panels points and whiskers indicate the median value of the corresponding distribution
and its 95 % credible interval. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

density. Many authors have discussed the potential consequences of
preferential sampling based on abundance of the focal organism, which
may lead to spurious positive or negative estimates of abundance change
when plots are placed in very dense or sparse areas (Aubry et al., 2024;
Fournier et al., 2019; Mentges et al., 2021). However, by sampling a
wide number of conditions and densities within each population the
design used in the Adopt a Plant program may be less affected by these
biases. In addition, plant detectability should not be affected by pref-
erential sampling and thus estimates of observation error obtained with
the scheme used in the Adopt a Plant program are likely to be robust to
potential biases in this regard.

The differences in estimated sampling error between metrics used in
our study were low. Initially, we expected quadrat-based methods, such
as occupancy or plant-cover, to have lower observation error due to their
reduced sensitivity to changes in their respective metrics in comparison
to counts of individuals (Vittoz et al., 2010). However, the variance
associated with observation error in counts was comparable to other
methods, suggesting that incorporating measures to increase plant
detectability (ie., observer training, permanent plots, monitoring of
multi-annual plant species) can reduce observation error to similar
levels across measurement metrics while keeping the higher resolution
of counting individuals. On the other hand, counting reproductive in-
dividuals led to the highest error rates, which was unexpected since
colorful flowers and fruit tend to be more conspicuous and thus easily
detected than plants alone (Perret et al., 2023). However, counts based
on flowering plants can vary considerably in a few days, and only three
of the populations in our study used that abundance metric, so this
pattern might be a consequence of the small sample size for this method.
With this exception, the patterns of observation error are fairly

consistent with what could be intuitively expected, although a direct
comparison between different abundance metries in the same popula-
tion would be necessary to better understand the relative importance of
the sampling method versus the local features of the plant populations in
determining detectability and observation error. Nevertheless, our re-
sults highlight the importance of choosing the appropriate sampling
method during the design process of any population under monitoring to
reduce any potential biases, putting special attention on plant detect-
ability as well as the context of the focal population (Morrison, 2016). It
is also interesting to note that despite our efforts to reduce observation
error, all metries had substantial estimated OE, stressing the importance
of using the adequate statistical procedures to control for OE in studies
of population growth and viability.

The sampling method of choice also determines how best to analyze
the resulting data to estimate plant abundance or occupancy and its
changes through time. Many analytical approaches have been developed
to deal with the specific needs and assumptions of different metrics,
especially when using repeated surveys with imperfect detection. The
ideal practice may be to use the method that best accommodates all the
assumptions and limitations of a particular data set (ie., occupancy and
plant cover data are inherently bounded between 0 and the number of
sites or total area surveyed). N-mixture models, for example, are better
suited for repeated counts over several sampling units (Royle, 2004).
Similarly, occupancy models work best to estimate the abundance and
detection probability of a species based on presence/absence data in
discrete sites (MacKenzie et al., 2002), and zero-augmented beta
regression approaches are the best choice when working with plant
cover data (Wright et al., 2017). When trying to estimate and compare
overall abundance changes across populations monitored using different
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abundance metrics, it may also be useful to have a common method able
to give reasonable trend estimates even if some assumptions of the data
are not met, and even then, the model can be easily modified to better
accommodate these nuances. Our model also allows the estimation of
other parameters important for population viability analysis such as the
variance of mean growth rates in a straightforward way. This can be
easily decomposed into its process and observation error components
and compared between populations monitored using different metrics.
In addition, these could be used to estimate other common metrics of
PVA such as quasi-extinction probabilities or mean time to extinction.
Our simulation tests showed that our single approach can be a good
option in such circumstances, given that certain assumptions about the
population and the sampling methods are met. These include having a
relatively constant detection probability, surveying plant species with
multi-annual life cycles, using permanent sampling units which are
representative of the population as a whole or that few sampling unit is
empty or entirely covered by the plant. This good result is certainly
caused by the central limit theorem, which guarantees that when data
are aggregated, assumptions of normality (on the proper scale) are
approximately correct, and thus a single relatively simple approach to
population growth estimation can work quite well.

5. Conclusions

Population viability analysis is a fundamental tool in conservation
biology, but estimates of extinction risk are heavily influenced by the
data that are used to parameterize population models, including inac-
curacies and biases in even the simplest metrics of population size or
change. These inaccuracies can in turn bias our estimates of important
population parameters like growth rates and their variability, namely by
giving the impression that populations may fluctuate more than they
actually do. Our study demonstrated that by using a simple method such
as repeated surveys in all or part of the sampling area of a population,
observation error can be taken easily into account, which considerably
improves the estimates of viability models. In the current crisis of
biodiversity loss, this is a erucial procedure for the correct assessment of
the state of populations, which can help our decision-making regarding
species conservation.
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