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Abstract

1. Species occurrence and abundance data are generated by probability or nonprobability
sampling. Under probability sampling, sites are selected according to a known design (e.g.
stratified random sampling). Under nonprobability sampling—for example, the collection of
data by citizen scientists at sites of their own choosing—they are not. Whereas probability
samples tend to be relatively small but representative of the wider landscape, nonprobability
samples are often much larger but less representative.

2. We evaluate when and how probability and nonprobability samples can be integrated to
estimate temporal change in species occupancy. Using computer simulation, we compare four
estimators that are applied to a small probability sample, a larger nonprobability sample, or
both.

3. Scenarios vary in terms of baseline occupancy and how it changes over time, the size of the
nonprobability sample, and the dependence of site inclusion in the nonprobability sample on
occupancy. To isolate the effects of sampling design, we assume occupancy is measured
without error at sampled sites.

4. Estimators based solely on nonprobability samples were generally biased and did not achieve
nominal confidence interval coverage. Model-based integration improved precision but
suffered from bias unless the dependence of site inclusion in the nonprobability sample on
occupancy was stable over time—a condition that is difficult to verify in practice.

5. A design-based integrated estimator, which has not previously been considered in ecology,
consistently performed well. It was approximately unbiased and achieved nominal confidence
interval coverage in all scenarios, and it had low mean squared error in most scenarios.

6. The desirable statistical properties of the design-based integrated estimator arise from the
sampling design rather than the ecological process and are therefore expected to apply
regardless of study variable (e.g. occupancy, abundance, species richness). Extensions that
account for measurement error are discussed but not tested.

7. Design-based integration provides a more reliable basis for combining probability and
nonprobability samples than the model-based estimators considered here, and we recommend
it as the default approach. More elaborate model-based estimators may perform better in some
settings, but their performance depends on assumptions that are difficult to verify in practice.
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Introduction

Action is needed to reverse losses in species abundance and reduce extinction risk. This sentiment is
reflected in Goal A of the Kunming-Montreal Global Biodiversity Framework, which was endorsed
by 196 countries (Convention on Biological Diversity, n.d.). Whether conservation action has been
successful is ultimately an empirical question that can only be addressed by monitoring species’
abundances and geographic distributions.

Monitoring species’ abundances and distributions is fundamentally a sampling problem. The relevant

geographic area (e.g. a country or administrative unit) can be conceived as a set of sites at which data

could be collected. A target parameter is then defined that summarises a study variable and how it has
changed over time. Examples include mean occupancy and abundance across sites in one year relative
to another. Data are collected periodically at a sample of sites, and a sample-based estimator is used to
transform those data into an estimate of the parameter’s value.

Estimators come in many shapes and sizes. A simple option is to take the same mathematical
operations that define the target parameter and to apply them to the sample. For example, we could
use mean occupancy across sampled sites in one year relative to another as an estimator of its
population analogue. As we explain below, however, more sophisticated estimators that incorporate
statistical models and/or information about the sampling process are often preferable in terms of bias
and precision (Boyd et al., 2024; Fink et al., 2023; Van Swaay et al., 2002).

The bias and variance of an estimator depend on how sites were selected for inclusion in the sample
(i.e. the sampling design). Many standard estimators are at least approximately unbiased! when
sample inclusion does not depend on the study variable (Rubin, 1976; Schuessler & Selb, 2025), and
they are generally more precise when the number of sites included in the sample is larger.
Unfortunately, for reasons that we explain below, it is difficult to achieve both things simultaneously.

One way to ensure that sample inclusion does not depend on the study variable is probability
sampling. Under probability sampling, sites are selected for inclusion using a randomisation
mechanism that depends on known design features (e.g. habitat or geography) rather than the study
variable (Lohr, 2022 p. 31; Pescott et al., 2019).> Conditional on these features, sample inclusion and
the study variable are independent (Sugden & Smith, 1984).

The problem with probability sampling is that it can be expensive. Some randomly selected sites will
inevitably fall in inaccessible or unattractive locations, and people must be paid or otherwise
incentivised to sample them. For example, the UK Pollinator Monitoring Scheme pays professionals
to collect data at sites that volunteers are not willing visit (UK Pollinator Monitoring Scheme, 2026).
As the number of randomly selected sites grows, so does the cost. Under a fixed budget, this places an
upper bound on achievable sample size and hence precision.

! Unless stated otherwise, we use the term “bias” to refer to the bias caused by site selection. Measurement error
(e.g. imperfect detection) at sampled sites is a separate source of bias. We return to the implications of
measurement error in the Discussion.

2 Under simple random sampling, sample inclusion does not depend on anything (i.e. there are no design
features).
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We refer to anything that is not probability sampling as nonprobability sampling (Boyd, Powney, et
al., 2023). This includes convenience sampling by citizen scientists at sites of their own choosing (e.g.
Sullivan et al., 2014) and nominal probability sampling when an appreciable number of sites do not
get sampled despite having been randomly selected for inclusion (e.g. Brereton et al., 2011; Pescott et
al., 2019). Some distinguish between convenience sampling and nominal probability sampling with
appreciable dropout. We find it simpler to put them in the same category, since neither produces a
probability sample (see Lohr, 2022, pp. 539-542).

From a statistical perspective, nonprobability sampling is essentially the flip side of probability
sampling. Giving participants the freedom to choose where to collect data often increases
participation and hence the number of sites that end up in the sample (Broughton & Pocock, 2022).
However, it also means accepting that sample inclusion may depend on the study variable. Hence, we
might expect that an estimator applied to a nonprobability sample would be more precise but also
more biased than if it were applied to a probability sample.

Since there are pros and cons to probability and nonprobability samples, it is not surprising that there
has been interest in constructing estimators that integrate the two (Wisniowski et al., 2020; see below
for more on data integration in ecology). The hope is that the integrated estimator will strike a better
balance between bias and precision than an estimator based solely on one sample. As will become
clear in later sections, there are even circumstances in which it is possible to integrate the
nonprobability sample without introducing any bias whatsoever (Rao, 2021).

In ecology, data integration has often been framed in terms of “structured” and “unstructured” data
(Farr et al., 2021; Isaac et al., 2020; Miller et al., 2019; Pacifici et al., 2017; Zipkin et al., 2017). The
degree of “structure” in a given dataset captures not only the sampling design, but also the degree to
which data were sampled according to a consistent protocol and what is reported (e.g. presence-only
versus presence-absence data). A canonical problem is the integration of probability samples of
presence-absence data with non-probability samples of presence-only data (Dorazio, 2014; Fithian et
al., 2015; Simmonds et al., 2020). Here, we develop theory for datasets that differ in sampling design
but are consistent in other aspects.

Despite the intuitive appeal of integrating probability and nonprobability samples, several questions
must be answered before the approach can be recommended for biodiversity monitoring. For example,
which integrated estimator has the best statistical properties? Does the optimal estimator vary across
plausible data generating processes? Are there estimators that consistently perform well, even if they
are not optimal?

We conducted an in silico experiment to address these three questions. The experiment comprises 64
scenarios that span a range of plausible data generating processes. Factors that vary between scenarios
include, for example, the focal species’ occupancy, the dependence of the nonprobability sampling
process on the study variable, and the quality of information available for bias correction. The target
parameter is the change in mean occupancy between years (on the log odds scale), but we expect our
results to generalise to other study variables and parameters (see the Discussion). Four estimators are
considered: one each for the probability and nonprobability samples and two that combine the
samples in different ways. The estimators’ statistical properties are compared across scenarios to
understand which performs best and when, and whether any are consistently competitive.
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Methods

Overview

The basic premise of our in silico experiment is as follows. There is a virtual landscape (i.e. target
population) monitored over two years. Some sites are occupied by a focal species each year, some are
included in a relatively small stratified random sample (StRS; a form of probability sample), and
some are included in a much larger nonprobability sample (NS). It is not unusual for both a
probability and a nonprobability sample to be available (Table 1). A confounding variable determines
whether sites are occupied by the focal species and included in the NS, so the two are dependent
(Boyd et al., 2025). The dependence of site selection in the NS on occupancy causes site-selection
bias. Site inclusion in the StRS is independent of occupancy.

There is a virtual analyst seeking to estimate the change in mean occupancy between years. The
analyst considers four estimators: one based on the StRS, one based on the NS, and two that integrate
both samples. Information on the confounding variable is incorporated into the estimators that
leverage the NS to limit the site-selection bias. The statistical properties of the four estimators are
compared across a range of scenarios that differ in terms of the focal species’ mean occupancy, how
occupancy changes between years, the dependence of site inclusion in the NS on occupancy, how this
dependence changes over time (which is important for estimating a trend), and the quality of the
information available to the analyst to correct it. More detail on each component of the simulation
framework is provided in the next section.

Table 1. A non-exhaustive list of scenarios in which both a probability and nonprobability sample are
available for biodiversity monitoring. Programmes that aim for a probability sample but do not
achieve it due to incomplete uptake (i.e. some sites are randomly selected but not sampled) are listed
as producing nonprobability samples.

Application Probability Nonprobability Details of Details of
sample sample probability sample nonprobability
sample
European European National EU-PoMS is due to | National butterfly
Butterflies Pollinator Butterfly be implemented in monitoring schemes
Monitoring Monitoring 2027 as part of the provide count data
Scheme (EU- Schemes; 15- EU Nature for every species,
PoMS) minute counts Restoration but recorders
Regulation (Potts et | decided where data
al., 2021). The are collected.
design will be a Likewise for 15-
stratified random minute counts.
sample.
UK Pollinator | Randomised Public FIT Stratified random All pollinating
Monitoring survey of 1 km | (Flower Insect sample of pan traps | insects are recorded
Scheme squares Timed) counts and FIT counts but data collectors
(O’Connor et (O’Connor et al., decide where to
al., 2019; UK 2019). Professionals | sample. Not
Pollinator are paid to sample resolved to species
Monitoring sites that aren’t level.
Scheme, 2026) taken up by
volunteers (UK
Pollinator
Monitoring Scheme,
2026).
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Birds in in the | Integrated eBird (Sullivan Spatially balanced Recorders decide
Rocky Monitoring in | et al., 2014) design stratified by | where to sample but
Mountains, US | Bird e.g. state boundaries | are encouraged to
Conservation and bird submit complete
Regions conservation regions | lists.
programme (Pavlacky et al.,
2017).
Birds in Periodic Swiss | Ornitho.ch Complete census of | Official birding
Switzerland Breeding Bird 10 x 10 km squares | exchange
Atlases (Knaus in each atlas period. | programme in
etal., 2018)* Switzerland. Houses
data on ~300,000
complete lists from
various sources.
Plants in the Countryside [UK] National Stratified random NPMS aims for a
United Survey Plant Monitoring | sampling. Early stratified random
Kingdom Scheme (NPMS; | surveys were sample but does not
Pescott et al., decadal snapshots; achieve it due to
2019) nowadays there isa | dropout
rotating panel
design (i.e. different
sites sampled in
different years)
Plants in Wales | ERAMMP [UK] National Stratified random NPMS aims for a
Plant Monitoring | sampling. stratified random
Scheme sample but does not
achieve it due to
dropout

* technically this is not a probability sample but a complete census of sites. We include it in the
probability sample column because it shares the same useful property that sample inclusion does not
depend on the study variable.

Simulation framework

Target population

The target population is a landscape comprising i = 1, ...,10,000 sites monitored over two years t €
{0,1}. For any variable A that varies by both site and year, we denote its value for site i in year t by
A;r. When referring to the vector of site-level values in a given year £, we suppress the site index and
write Ay = {A1¢, Age, -, At }. Likewise, we suppress the year index when referring to the time series
for site i, writing A; = {A;o, 4i1}-

Species occupancy

For simplicity, we simulate one focal species’ occupancy and how it changes between years. Whether
site i is occupied by the species in year t is a Bernoulli random variable with probability ¢;;, which
depends on an environmental variable X;;:

Yie~Bernoulli(p;),  logit(gi) = a + Bx Xy (1)

The parameter a determines the baseline occupancy probability, and Sy is the effect of X;.

To simulate a change in occupancy from one year to the next, we modify X;;. In year one,
X;0~N(0,1). In year two, X;; = X;o + &;, where g;~N (6, 0.1). Hence, the parameter § determines the
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shift in the distribution of X; and therefore in occupancy. Change in the distribution of X; might
reflect, say, the urbanisation of sites or climate change.

Sample inclusion

Probability sample

The probability sample is a StRS with proportional allocation and a fixed panel design. That is, strata
are sampled in proportion to their size, and the same sites are sampled in both years. Whether site i in
stratum h € {1, ..., H} is included in the StRS is a binary variable whose expected value is given by

(StRS)] _ _(StrS) _ "n )
E[REFD| = mF9 = o
where Nj, is the number of sites in stratum h and, here, n, =n (%) is the target sample size in that
stratum. Importantly, (2) implies that Ri(StRS) is independent of occupancy (within strata) by design.
We assume for simplicity that there are H = 10 strata of equal size; more details on the stratification

are provided below. In all scenarios, E [Rl.(StRS)] = 0.01, meaning 100 sites are included in the StRS.

StRS is more efficient (yields lower sampling variability) when the stratifying variables explain more
of the variation in the study variable (here occupancy). In our simple simulation framework, it is only
the variable X that affects occupancy, and this would be the optimal variable on which to stratify
(noting that continuous variables would first have to be discretised).

While optimal, stratifying on X would not reflect real-world practice. Even for a well-studied species,
the analyst is unlikely to have perfect knowledge of all variables explaining its occupancy. And even
if they did, most monitoring programmes target multiple species whose occupancies are explained by
different variables. It would not be sensible for a multi-species programme to stratify on variables that
explain one species’ occupancy.

(obs)
t=0
instead. X t(‘)bs) has a predefined, time-invariant correlation with X;, and the strength of this correlation

Since stratifying on X would not be realistic, we assume that a suboptimal covariate X is used

determines the effectiveness of the stratification. As the correlation approaches +1, the sampling
design approaches maximum efficiency for the focal species.

Nonprobability sample

A more complex model than (2) is needed to simulate sample inclusion in the NS, which is collected
by citizen scientists. The model must accommodate a (possibly time-varying) dependence of site
inclusion on occupancy. It must also permit an increase in the number of sites that are sampled over
time, which is a common feature of citizen science datasets (Di Cecco et al., 2021).

Site inclusion depends on occupancy when the two share a common cause (here X). (Site inclusion
could also depend directly on occupancy, but we do not consider that situation here.) Without loss of
generality, imagine that the environmental variable X;; is the degree to which site i is ‘built-up’, or
urbanised, in year t. The species might be an ‘urban avoider’, in which case it is less likely to occupy
sites with high levels of X;;. At the same time, highly urbanised sites are more accessible, so they
might be preferentially sampled by citizen scientists. In this scenario, occupancy would be lower at
sampled sites than elsewhere (although the sign and magnitude of the bias depend on which
variable(s) X is supposed to represent).

If the composition of citizen scientists, or their motivations, changes over time, then the dependence
of sample inclusion on occupancy might change too. Indeed, Bowler et al. (2022) showed that the
proportion of urban sites in a German citizen science dataset increased over time. Hence, the model
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for site inclusion in the NS must permit change over time in the effect of X on sample inclusion and
thus on the degree to which it depends on occupancy.

A reasonable model for site inclusion in the NS that accommodates a time-varying dependence of
sample inclusion on occupancy and sample size is

Ri(tNS)~Bernoulli (”i(gvs))’ 3

. NS NS NS
logit (1) = (a®™ + B3 year,) + Xie (B + year, Blymn,).

intercept slope for X

The parameter ﬁ,((NS) defines recorders’ preferences for sites with certain values of X;;. If ﬁ)((NS) * 0,

NS
,B( )

then Xj; is a common cause of occupancy and inclusion in the NS, so the two are dependent. X-year

determines whether the effect of X;;, and thus the dependence of site inclusion on occupancy, changes
over time. /35’!22 captures year-to-year shifts in the log-odds of sample inclusion, and hence in the
expected NS sample size, independent of X.

The estimand

The target parameter—or estimand—is

A= logit(Y;) — logit(Yy), 4)

where Y, is mean occupancy (i.e. the proportion of occupied sites) in year t. This quantity is
equivalent to a log odds ratio comparing occupancy between years, is symmetric around zero and
remains well behaved when occupancy in either year is close to 0 or 1. It is also equivalent to the
value of B4, that would be obtained by fitting the model

Vo~Bernoulli(gy),  logit(pu) = & + Byeqr year, 5)
to a census in which Y;; is measured without error for every site in both years.

The estimators

We consider four estimators of A. One is based on the probability sample, one is based on the
nonprobability sample, and the remainder are based on a combination of the two. Our goal was to
construct ‘sensible’ estimators that analysts might opt for in the real world.

Model-based probability sample estimator (StRS-MB)
Under StRS with proportional allocation, the Maximum Likelihood Estimator (MLE) of By,¢q, in (5)
is approximately design-unbiased for A and is therefore a natural estimator.

Model-based nonprobability sample estimator (NS-MB)
Under NS, the MLE of By, is not necessarily unbiased for A unless appropriate weights are applied
to the likelihood. The ideal weight for site i in year t is the reciprocal of the probability that it was

included in the NS: that is, 1/P (Rl(éV ) = 1). Since these probabilities are not known to the analyst,

they must be estimated.

The usual approach to estimating sampling probabilities is to fit a logistic regression (or some other
model) to estimate P (Rl(éV =1 |A), where A is a matrix of ‘auxiliary variables’ that are measured at

every site in every year (e.g. surface temperature or land cover measured by satellite; Boyd et al.,
2024; Elliott & Valliant, 2017; Johnston et al., 2020). If the auxiliary variables completely explain the
dependence of site inclusion in the NS on occupancy, then the weighted MLE of B4, in (5) is
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design-unbiased for A. In our simple simulation framework, the dependence is explained solely by X.
Hence, the weighted MLE of B4, where the weights are given by 1/P (RL(;V =1 |X, it), would be

design-unbiased for A.

As explained in the section Sample inclusion, the analyst is unlikely to have perfect knowledge of or
data on the variable(s) X. Hence, in the same way that it would not have been realistic to stratify the
StRS on X, it would not be realistic to estimate sampling probabilities conditional on X. Rather,
sample inclusion probabilities are estimated conditional on the variable X (°?S) which is correlated
with X. The closer this correlation to +1, the closer the weighted MLE of f,,.4,- based on the NS is to

being unbiased for A.

Integrated estimators

Model-based integrated estimator (I-MB)

The model-based estimator for the combined StRS-NS is the joint MLE of B¢, [i.€. a joint
likelihood integrated model (Miller et al., 2019)]. Since the StRS and NS are independent conditional
on the model parameters, the joint likelihood factorises into the product of their marginal likelihoods
(or, equivalently, the sum of their log-likelihoods). We impose a shared .4, across samples, but

each sample has its own intercept. The weights 1/P (Rl(lfV ) = 11X l-t) are applied to the NS component
of the likelihood as described above.

To prevent double counting, site-year combinations that are included in both samples are split
between the two likelihood components using a fixed fraction 0.5. We do not expect the precise
choice of splitting fraction to have an appreciable effect on the results. Detection is assumed to be
perfect, so overlapping site-year combinations contribute identical occupancy observations.
Moreover, overlap between datasets is expected to be small. The StRS covers 1% of sites, and the NS
covers up to approximately 10% of sites (Fig. 2). Since the StRS is an equal-probability design as
implemented here, inclusion in the StRS is independent of inclusion in the NS. Hence, the maximum
expected proportion of sites appearing in both samples is approximately the product of the sampling
fractions (0.01 X 0.10 = 0.001), corresponding to about 0.1% of sites. Even at maximum NS
coverage, this implies that only around 10% of StRS observations are expected to also feature in the
NS.

Design-based integrated estimator (I-DB)

The design-based estimator for the combined StRS-NS was proposed by Rao (2021). An accessible
introduction to the approach can be found in Fig. 1. Here we provide the technical details.

Let B, be the set of sites included in the nonprobability sample in year t and C; be its complement
(the set not included). Recalling that we assume no measurement error, occupancy in B; is known
exactly from the nonprobability sample (since the nonprobability sample is a census of this stratum).
We come back to potential extensions of the I-DB estimator that can accommodate measurement error
in the Discussion.

For C;, we have a probability sample (the StRS), so design-based inference applies. Under StRS with
proportional allocation, each site has the same probability of being included in the sample, so the
sample proportion of occupied sites is a design-unbiased estimator of stratum-wide occupancy in C;.
Data from the StRS collected at sites also included in B, are ignored, although in practice one might
use them instead of the data from NS at those sites if measurement error is suspected to be smaller in
the StRS. Here the distinction does not matter because we assume no measurement error (see the
Discussion for more on the implications of this assumption).

Population-level occupancy in year t can be estimated as a weighted mean of the known occupancy in
B, and the design-based estimator for C;, with the weights being proportional to each stratum’s size.



275
276

277
278
279
280

281

282
283
284
285
286
287

288

289
290
291
292
293
294
295
296

297

This integrated estimator is design-unbiased for the population occupancy, and its variance is smaller
than a design-based estimator applied solely to the StRS (Rao, 2021; see Discussion).

The difference between the integrated estimators for years one and two is an unbiased estimator of the
true difference in population-level occupancy between years. It is not strictly unbiased for the
estimand A, which is defined on the log odds scale. However, it is approximately unbiased when
occupancy in neither year is close to 0 or 1, and it is consistent for A regardless.

The design-based integrated estimator (I-DB) of Rao

(2021) is implemented as follows:

o 1. Split the landscape into two strata: one for grid
squares that are included in the nonprobability
sample (blue and black squares on the map to the
left), and one for the rest

2. Calculate mean occupancy across squares in
nonprobability sample stratum. We have data for
every square in this stratum, so no estimation is
required*

3. Estimate mean occupancy for the remaining
squares using the probability sample. Standard
design-based estimators can be used

4. Take the weighted mean of the stratum means,
where each stratum’s weight is proportional to its
size. This is the per time-period estimator

5. If we treat the nonprobability sample as fixed, the
variance of the estimator is determined entirely by
uncertainty in the probability-sampled stratum

6. Repeatfor all time-periods of interest then
summarise change over time using the chosen

metric
aw &W 4w 2w o E

. Both . Nonprobability sample (10%) Probability sample (2%)
*assuming no measurement error. This assumption can
be relaxed by e.g. modelling detection probabilities

Figure 1. ‘Recipe’ for implementing the design-based integrated estimator (I-DB; Rao, 2021). The
map depicts two hypothetical samples collected in the UK. One is a probability sample (a simple
random sample) covering 2% of 5 km grid squares, and the other is a nonprobability sample covering
10% of grid squares. Squares with high population density were preferentially selected for inclusion
in the nonprobability sample. These samples were produced for illustration are not used in the
simulations.

Estimation error

We use the term “estimation error” to describe the discrepancy between a given estimator and the
estimand (assuming no measurement error, a point we come back to in the Discussion). In the design-
based framework, estimation error is defined with respect to the sampling distribution. Hence, for
each scenario (see Scenarios below), we conduct K = 1000 replicate simulations with different
realisations of the sampling design. Of course, occupancy is simulated using the model in equation 1,
so it too varies between simulations. This is standard practice in simulation studies (Monte Carlo
approximation) and means our results should not be interpreted as design-based statistical properties
but rather approximations to them.

We consider the following four metrics of estimation error:
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Mean Squared Error (MSE): % ’,gzl(ﬁk — Ak)z, where A, is the estimate of A, for replicate
k.

Absolute bias: |%Z§=1(ﬁk - Ak)|.

Variance: % ’,\f:l(ﬁk - §)2, where A is the mean of A;, across simulations.

95% confidence interval coverage: 1/K YX_, I(Ly < Ax< Uy), where I(*) is the indicator
function taking the value 1 if the argument is true and zero otherwise, L, is the lower bound
of the confidence interval, and U}, is the upper bound. Confidence intervals were constructed
using the standard approach for each estimator. The STRS and NS model-based estimators
were fitted using the glm () function in R, and profile likelihood confidence intervals were
obtained using confint.glm, For the I-DB estimator, the variance of the estimated
occupancy was propagated to the logit scale using the delta method before constructing a
Wald interval. For the I-MB estimator, Wald confidence intervals were constructed using
standard errors obtained from the inverse observed Hessian.

Scenarios

To understand the estimation error of the four estimators in different situations, we constructed
scenarios that differed in terms of six factors:

L.

The focal species’ baseline mean occupancy in year 1. Scarce species are less likely to picked
up by smaller samples (Delgado, 2022; Hertzog et al., 2021). The risk is greater for
probability samples, which tend to be smaller than nonprobability samples.

The sign and magnitude of the change in occupancy between years.

The baseline size of the nonprobability sample (the number of sites that were sampled in year
1).

The baseline data defect (capturing the dependence of site inclusion in the NS on occupancy
in year 1). The data defect is defined as the correlation between whether a site was included

in the NS R§NS) and occupancy in year 1 (Meng, 2018). Its expectation across replicate
samples is proportional to the bias of the sample mean as an estimator of the population mean
(Aubry et al., 2024). Positive values indicate preferential sampling of occupied sites, whereas
negative values indicate preferential sampling of unoccupied sites.

The change in the data defect between years. 1f the data defect changes over time, then
estimates of temporal change become biased. If the data defect remains constant, then they do
not (Bowler et al., 2022). This result is exact for linear estimands and holds approximately for
non-linear estimands such as the difference in logits considered here.

The correlation between the true biasing variable Z and the available covariate X. The
greater the correlation, the more efficient the STRS estimator and the less biased the NS-MB
and NS-StRS estimators. We assume this correlation is time-invariant.

To construct the scenarios, we first identified the simulation parameters that control the 6 factors
listed above and assigned each one a distribution (see supplementary material). These distributions
were initially derived from first principles (e.g. by choosing logit-scale intercepts that produce
realistic probabilities once back-transformed, reasonable correlations, etc.). From the initial
distributions we randomly sampled 10,000 parameter sets, simulated a dataset for each one and
inspected the resulting distributions of the six factors. This ‘prior predictive check’ prompted us to
make some small refinements to the parameter distributions to obtain more realistic scenarios that
more closely aligned with literature values. The final prior predictive distributions of the six factors
are presented alongside literature values in Fig. 2, demonstrating that our simulated data are in accord
with real studies where data are available. The final distribution for each of the 6 simulation
parameters is listed in the supplementary material.
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Figure 2. Close match between the distributions of the six factors that vary across scenarios
generated by the 10,000 parameter sets (ved) and the 64 sampled parameter sets (turquoise). The
distributions are also generally in accordance with literature values (vertical lines) where data are
available. Row-wise from the top left, the summary statistics are the change in the data defect
between years, the baseline data defect in year 1, the difference in mean occupancy between years,
the baseline occupancy in year 1, the correlation between the available covariate and the true biasing
variable, and the ratio of the nonprobability sample size to the probability sample size in year 1. For
the literature values, different combinations of line type (dashed versus solid) and colour distinguish
studies. For the data defect and how it changes between years, values were taken from Boyd, Harvey,
et al. (2023, see supplementary material for the derivation) and Boyd et al. (2024). The solid blue
lines in the bottom right panel represent the ratio of the number of one-kilometre squares included in
the UK Pollinator Monitoring Scheme randomised survey to the number of squares in which Flower-
Insect Timed counts were conducted by the public. There is one value per year from 2017 to 2022.
The black dashed lines represent the ratio of the number of one-kilometre squares surveyed by the
National Plant Monitoring Scheme in Britain to the number sampled by the Countryside Survey.
There is one value per year from 2019 to 2025.

While it was possible to conduct 10,000 prior predictive simulations, the same would not have been
possible for the scenarios, since each one involves 1000 replicates. Running 10,000 scenarios, each
with 1000 replicates, would require 107 simulations. Instead, we took a stratified random sample of 64
parameter sets according to the following algorithm. Each of the 6 factors was split at its midpoint to
form two levels, and these were cross tabulated to define 64 strata. One parameter set was randomly
sampled from each stratum. The resulting subset achieved excellent coverage of both the marginal and
joint distributions of the 6 factors from the full set of 10,000 prior predictive simulations (Fig. 2 and
Fig. S1). This algorithm is closely related to Latin hypercube sampling but enabled us to ensure good
coverage of the 6 factors rather than the simulation parameters that generated them.
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Estimator comparisons

When comparing estimators across scenarios, we ask three questions:

1. How often does each estimator perform ‘best’?
2. Under what circumstances does it perform best?
3. Is it competitive across scenarios, even when it does not perform best?

To understand how frequently each estimator performed best, we tallied the number of scenarios in
which it had the lowest MSE, lowest bias, lowest variance and highest confidence interval coverage.
The overall winner for each metric is the estimator that performed best in the most scenarios. To
assess Monte Carlo uncertainty, we bootstrapped the simulation replicates within each scenario,
repeated the comparison, and calculated the proportion of bootstrap samples in which the original
overall winner remained the overall winner.

Identifying the circumstances in which each estimator performs best is a classification problem. For
each scenario, we designated the best estimator the one with the lowest MSE and encoded this as a
categorical response variable. MSE is an appropriate criterion because it reflects both bias and
variance. The 6 factors listed above (baseline occupancy, occupancy trend, baseline data defect, shift
in data defect, baseline NS size and covariate quality) were used as predictors. We fitted a
classification tree using the R package rpart with default setting and pruned it using the
conventional one-standard-error rule (Breiman et al., 1984). To assess the stability of the inferred
splitting rules, we generated 1000 bootstrap resamples, refitted the tree to each one, and tabulated how
often the same variable appeared as the ‘root’ split (i.e. the most important predictor).

To establish whether each estimator was competitive across scenarios, even when it was not the best,
we computed its relative regret. For a given estimator and scenario, the relative regret is the
proportional increase in MSE (since it reflects both bias and variance) relative to the optimal
estimator. The regret is zero for the optimal estimator itself. For each estimator, we summarised its
performance using the median relative regret across scenarios.

Results

Which estimator is the best?

Across the 64 scenarios, the I-DB (design-based integrated) estimator performed best overall. It was
the winner in terms of confidence interval coverage (59% of scenarios) and MSE (52% scenarios),
and it was a close second in terms of bias (44% of scenarios; Fig. 3). The I-MB (model-based
integrated) estimator had the lowest variance in 91% of scenarios, but it ranked second for MSE (41%
of scenarios) because it was almost always more biased than [-DB.

These results were robust to Monte Carlo error. The overall winning estimator remained unchanged in
all 1000 bootstrap replicates for MSE, in 94% of replicates for confidence interval coverage, and in all
1000 replicates for variance (see the supplementary material). Absolute bias was the only exception:
the overall winner alternated between [-DB and StRS-MB across bootstrap replicates, indicating that
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there was little evidence that either estimator consistently outperformed the other for this metric.
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Figure 3. (Two columns.) “Best” performing estimator across the 64 scenarios by performance
metric. I-MB is the model-based integrated estimator, I-DB is the design-based integrated estimator,
NS-MB is the nonprobability sample model-based estimator and StRS-MB is the stratified random
sample model-based estimator.

For an estimator to provide ‘valid’ inference, its confidence interval must achieve nominal coverage
(here 95%). With a tolerance of +5%, only the I-DB and StRS-MB (model-based stratified random
sample) estimators consistently achieved nominal (95%) confidence interval coverage (Fig. 4).
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Figure 4. (One column.) Proportion of scenarios in which each estimator achieved nominal coverage
with a tolerance of £5%. I-MB is the model-based integrated estimator, I-DB is the design-based
integrated estimator, NS-MB is the nonprobability sample model-based estimator and StRS-MB is the
stratified random sample model-based estimator.

What determines which estimator has the lowest MSE?

Recall that we fitted classification trees to understand which of the 6 factors (baseline occupancy,
change in occupancy, baseline data defect, change in data defect, baseline NS sample size, quality of
the covariate data) determined which estimator had the lowest MSE across scenarios. The absolute
magnitude of the shift in the data defect between years Ap(R,Y) (capturing the change in the
dependence of site inclusion in the NS on occupancy between years) consistently emerged as the most
important determinant. It was the ‘root split’ (i.e. the most important predictor) in 96% of the 1000
trees fitted to the bootstrap resamples. When Ap(R,Y) < 0.028, the shift in the dependence of site
inclusion in the NS on occupancy is negligible, and the I-MB estimator wins (Fig. 4). This occurred in
14 of the 64 scenarios. Otherwise, the classification tree predicts that the I-DB estimator has the
lowest MSE. Since we pruned the classification tree to avoid overfitting, neither class is pure in the
sense that it had only one winner (Fig. 4).
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Figure 4. (Two columns.) Splitting rule from the final decision tree classifying which estimator had
the lowest MSE. Ap(R,Y) is the change in the data defect over time. The barplots show the number of
scenarios in which each estimator truly had the lowest MSE in each category (recalling that the
decision tree does not split the data into ‘pure’ classes with only one winner due to pruning).

Which estimators are competitive?

The I-DB and StRS-MB were consistently competitive, even when they did not perform best, whereas
the others were not. For the I-DB estimator, the median increase in MSE relative to the optimal
estimator (i.e. the regret) was 0% (Fig. 5), for StRS-MB it was 7%, for I-MB it was 40% and for the
NS-MB it was 207%. These results imply that the I-DB and StRS-MB estimators are relatively ‘safe’
in the sense that they rarely perform disastrously relative to the optimal estimator.
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Figure 5. (One column.) Median regret across scenarios per estimator. For a given scenario and
estimator, the regret is the proportional increase in MSE relative to the optimal estimator. I-MB is the
model-based integrated estimator, I-DB is the design-based integrated estimator, NS-MB is the
nonprobability sample model-based estimator and StRS-MB is the stratified random sample model-
based estimator.

Discussion

There are many estimators available to analysts seeking to understand biodiversity change. Depending
on what is available, each estimator may leverage one or more datasets. We proposed four candidate
estimators that leverage a small probability sample, a large nonprobability sample, or both. We then
conducted an in silico experiment to test the statistical properties of those estimators across a range of
plausible scenarios.

Which of the tested estimators 1s best?

Of the four estimators that we considered, the model-based estimator that leverages the nonprobability
sample, NS-MB, was by far the worst. It rarely performed best in terms of any performance metric,
and when it lost, it lost by a lot. This is indicated by its median relative regret (i.e. proportional
increase in MSE relative to the best estimator) of 207% (Fig. 5). Basing estimation solely on a
nonprobability sample when a probability sample is available should be avoided.

At first glance the I-MB estimator appears to be a good candidate, since it had the lowest MSE in
many scenarios. On closer inspection, however, it is not a safe option. It rarely achieved nominal
confidence interval coverage, and it generally did not perform well in terms of MSE unless the
dependence of site inclusion in the NS on occupancy was stable over time (Fig. 4). It is challenging to
quantify the dependence of site inclusion on occupancy (or any other relevant study variable), let
alone how it has changed over time (Manski, 2007, pp. 56-57; but see below). Hence, it is hard to see
how the analyst could trust the I-MB’s point estimate or confidence interval in any given situation.
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By far the safest of the tested estimators are the design-based integrated estimator, I-DB, and the
estimator based only on the probability sample, StRS-MB (i.e. discarding the NS data altogether).
Both achieved nominal confidence interval coverage in all scenarios and were consistently
competitive in terms of MSE (median regrets of 0 and 7%). The I-DB estimator slightly outperformed
the StRS-MB in most respects, but usually not by much. Hence, both appear to be good options.

Since both estimators are (approximately) design-unbiased, the improvement in MSE achieved by the
I-DB relative to the StRS-MB is driven by a reduction in variance. Let us set to one side for a moment
the additional variance introduced by using Monte-Carlo simulation to approximate design-based
properties. Rao (2021) shows that the design variance of the I-DB estimator, relative to an estimator
based solely on the probability sample, decreases in proportion to the fraction of sites covered by the
nonprobability sample but not the probability sample. That is, the more sites covered only by the
nonprobability sample, the larger the expected gain in precision from adopting the I-DB estimator.

Alternative estimators

The four estimators tested here are not the only options. Perhaps the most obvious modification would
be to incorporate covariates or site-specific random effects in the model-based estimators.
Incorporating additional model terms that explain a portion of the variation in the outcome variable
would improve the model’s precision. In addition, incorporating variables that jointly affect site
inclusion in the NS and the study variable (the environmental covariate X in our simulations) would
reduce its bias (Boyd et al., 2025). Incorporating site-specific random effects will not necessarily
reduce site-selection bias, because the estimated distribution of site effects might itself be biased due
to preferential sampling.

For a model that includes additional terms, the MLE of its year effect is no longer an appropriate
estimator of the descriptive estimand in equation (4). The problem is that by including additional
terms, the year effect becomes a conditional quantity, which does not align with the marginal
difference in the outcome variable between years. One solution in this case would be to use the model
to predict the outcome for each combination of site and year and then apply the relevant summary
(e.g. the difference in mean occupancy) to those predictions (Boyd et al., 2025; Elliott & Valliant,
2017).

In practice it would also be prudent to extend the estimators in such a way that they can deal with
measurement error. The standard approach is to incorporate “observation” models that compensate for
imperfect detection (Emmet et al., 2023; Pagel et al., 2014; Strebel et al., 2022). By modelling the
observation process and weighting the “state” model’s likelihood, it is possible in principle to
construct a model-based estimator that simultaneously accounts for measurement error and the
dependence of sample inclusion on the study variable (Irvine et al., 2018; Johnston et al., 2020).

The design-based integrated estimator, too, could be extended to account for measurement error.
Recall that this estimator is constructed by first partitioning sites into those that are covered by the
nonprobability sample and those that are not (Fig. 1). The estimate of the mean of the study variable
in the first stratum is simply the mean of the observations, and for the second stratum standard design-
based estimators are used. In principle, estimators that account for measurement error (i.e. that include
observation models) could be used for both strata to create a model-assisted extension of the basic
design-based estimator tested here.

In fact, one way to view Rao’s (2021) integrated design-based estimator is as a special case of a
broader class of estimators based on the decomposition of sites into those that are covered by the
nonprobability sample and those that are not. Any estimators of the stratum means that account for the
relevant observation processes can then be applied. This class of estimators has the extremely
desirable property that, under standard design-based assumptions and appropriate within-stratum
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estimators, it unbiased with respect to site selection for linear estimands and approximately so for
nonlinear ones. Measurement error may still cause bias, but the stratum mean estimators can be set up
to address this.

Each of the estimators tested here requires datasets that are reasonably consistent in terms of sampling
protocol. For example, the two datasets might both yield counts or detections and non-detections.
More elaborate estimators are required when the two datasets are not directly comparable (Dorazio,
2014; Farr et al., 2021; Fithian et al., 2015; Isaac et al., 2020; Mékinen et al., 2023; Mostert &
O’Hara, 2023).

Importance of probability sampling

Our results emphasise the fact that probability sampling is needed to guarantee that any given
estimator will have good statistical properties. Without it, strong and untestable assumptions are
required. If those assumptions fail, bias is to be expected, and confidence intervals cannot be trusted.
It is important to be clear about limitations of nonprobability sampling; otherwise, funders might
default to cheaper and lower quality forms of data collection (Boyd, Powney, et al., 2023).

We are not the first to find that integrating multiple datasets for parameter estimation increases
precision (Hertzog et al., 2021; Mancini et al., 2022). Indeed, this result could be derived from first
principles. Given an unbiased estimator, precision is clearly desirable for detecting change (Leung &
Gonzalez, 2024; Valdez et al., 2023). However, we should remember that a precise and biased
estimator merely gives us false confidence in the wrong answer (Aubry et al., 2026; Meng, 2018).

What if there 1s no probability sample?

Of course, there are many circumstances in which a probability sample is not available. In these cases,
we must do the best that we can. An example of good practice might be to conduct a risk of bias
assessment (Boyd et al., 2022), which can be used to qualify results (Powney et al., 2025) or better
still to inform quantitative sensitivity analyses (Hartman & Huang, 2024; Little et al., 2020).

It is also important to recognise that not all nonprobability samples are equal. An estimator applied to
a nominal probability sample with a small amount of dropout is likely to be less biased than the same
estimator applied to an opportunistic dataset with no formal sampling design (Bailey, 2023). Defining
a threshold level of uptake below which a probability sample should instead be regarded as a
nonprobability will require individual judgement based on the potential level of bias that is considered
acceptable.

Faced with multiple nonprobability samples, a Rao-type integrated estimator might still be a good
option. One pragmatic approach would be to treat the sample that most closely resembles a
probability sample as the “reference sample” and the other as the nonprobability sample. The strata
would then be defined as 1) sites included in the nonprobability sample and ii) the rest. Set up like this,
the integrated estimator would inherit the bias of the estimator for the uncovered stratum based on the
reference sample. If the reference-sample estimator is less biased than an estimator applied directly to
the nonprobability sample, and the nonprobability sample covers a substantial fraction of the
population, the resulting integrated estimator may exhibit substantially less bias while also benefiting
from increased precision.

If neither sample resembles a probability sample, then alternative approaches will be required. One
option would be to estimate sample inclusion probabilities for both datasets and use their inverses to
weight the likelihood of a model-based estimator. Whetten et al. (2026) proposed an “R learner”
integrated estimator that essentially operates on this premise.



557

558
559
560
561
562
563
564
565
566

567

568
569

570
571
572
573
574

575
576
577
578
579
580

581

582
583
584
585
586
587
588
589
590

591

592
593
594

595
596
597

Applicability to alternative study variables and estimands

The advantage of Rao-type estimators is not limited to estimating change over time in species
occupancy. Under mild assumptions, this class of estimators is unbiased for the population mean,
regardless of the study variable (Rao, 2021; e.g. occupancy, abundance or species richness).
Consequently, change over time in the population mean can also be estimated without site-selection
bias by differencing estimates from successive years. These guarantees do not generally extend to
nonlinear functionals of the study variable (e.g. the difference in the logit of mean occupancy between
years). Nevertheless, for smooth transformations the resulting site-selection bias should be small
except in extreme cases, and the estimators remain consistent. Measurement error may still introduce
bias and should be addressed separately using appropriate observation models.

Recommendations

Based on our results, we recommend that analysts of biodiversity monitoring data adopt the following
three principles:

1. Always use a probability sample for estimation if one is available

2. If a nonprobability sample is also available, and it covers many sites not included in the
probability sample, consider integrating the two

3. When integrating probability and nonprobability samples, consider a Rao-type estimator
(what we refer to as I-DB).

By following these principles, the analyst may be able to benefit from the best of both worlds—the
bias properties of a design-based estimator applied to the probability sample, and an increase in
precision due to incorporating the larger nonprobability sample. This may be contrasted with model-
based integration, where strong assumptions are needed to claim unbiasedness. Measurement error
may still cause bias but can be addressed using standard measurement models already familiar to
ecologists.
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