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Abstract

Bias is increasingly a central concern in biodiversity science, yet the term is used
inconsistently. A key source of confusion is the failure to distinguish clearly
between the dimension in which bias manifests (e.g. spatial or taxonomic) and/or
the stage of the observation process that gives rise to it. This distinction matters
because the appropriate method for mitigating bias depends primarily on the
latter rather than the former. We introduce a theory of observation for biodiversity
science that classifies biases according to whether they arise during sampling or
subsequent stages of the observation process (e.g. measurement, databasing).
This classification is more informative than describing bias by its dimension alone
because it directly identifies the mechanisms responsible and therefore the
appropriate mitigation strategies. A key consequence of the framework is that an
observation process may be a source of sampling or nonsampling bias depending
on the scientific question being addressed.

Keywords: Citizen science; sampling bias; measurement error; estimand; bias
correction
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Introduction

Biodiversity scientists ask a wide range of questions about ecological systems.
They may seek to determine where species might occur (Pimm et al., 2014, Bowler
et al., 2022b, Chowdhury et al., 2026), how abundant they are (McGill et al., 2007,
Justine et al., 2026), how their distributions or population sizes change over time
(Bates and Bertelsmeier, 2025, Boulanger et al., 2025, Boyd et al., 2025), and which
environmental or anthropogenic factors drive these patterns (Stolar and Nielsen,
2015, Li et al.,, 2026b). Other questions concern comparisons among sites, taxa,
time periods, or survey methods, or environmental change (Sullivan et al., 2014,
La Sorte and Somveille, 2020, Sdnchez-Fernandez et al., 2021).

To address a question quantitatively, it helps to codify its answer as a
mathematical quantity whose value can, in principle, be estimated (Boyd et al.,
2026a, Boyd et al., 2026b). In statistical parlance, this quantity is sometimes
referred to as the estimand (from the Latin aestimandus, meaning “that which is
being estimated” (Clark et al., 2022)). An estimand can be thought of as having
three components: a target population, a unit-specific quantity and an
aggregation rule (Lundberg et al., 2021). The target population is the set of units
that is of interest, the unit-specific quantity is the attribute of those units under
study, and the aggregation rule is a mathematical operation that summarises the
unit-specific quantity in the target population (Table 1). For example, we might
want to learn the mean (aggregation rule) abundance of a species (unit-specific
quantity) across sites within a landscape (target population).

Table 1 Examples of biodiversity estimands and their three key components: target population, unit-specific
quantity, and aggregation rule.

. . Unit-specific .
E T I A |
Study stimand arget population quantity ggregation rule
. . Species presence
R - h
s a;:i&;sjlvrieclﬁnteescsl Butterfly species at a focal site SUm across
Li et al. (2025) P . in Devon and weighted by .
at a given 1-km . species
. Cornwall inverse recorded
grid square
frequency
Newbold et al. Local total Taxa within a Abundance of Sum across taxa
(2015) abundance focal site each taxon
A f
Gregory et al. National bird Survey locations bundance of a Mean across

(2005)

population index

within a country

focal bird species
at each location

locations

Having defined an estimand, the next step is to collect or assemble some data in
the hope that they are informative about its value. In a perfect world, the unit-
specific quantity would be measured without error for every unit in the target
population. For example, if the estimand is the mean of a species’ abundance
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across sites within a landscape, then every individual would be observed and
recorded at every site. Applying the aggregation rule to this ‘perfect’ dataset
would yield the estimand. In practice, however, the analyst does not see the
perfect dataset but rather an observed dataset that is produced by the
observation process.

Following the Total Survey Error (TSE) framework (Groves and Lyberg, 2010), we
split the observation process into sampling and nonsampling components.
Sampling comes first and concerns the selection of a subset of units in the target
population on which to collect data. A common example is the selection of a
sample of sites at which to monitor species. Once a sample has been selected, the
observer measures and records the unit-specific quantity on sampled units. These
are nonsampling components of the observation process. The resulting dataset
differs from the ‘perfect’ dataset because it reflects only a subset of the target
population (Lohr, 2021), and, even for that subset, the unit-specific quantity may
be measured with error (Buonaccorsi, 2010). Table 2 demonstrates the distinction
between sampling and nonsampling observation processes using the UK Butterfly
Monitoring Scheme as an example.

Table 2 Sources of sampling and nonsampling error in the UK Butterfly Monitoring Scheme (UKBMS). For
each species of butterfly and year, the estimand is essentially the mean relative abundance across sites in
the UK.

Sampling Nonsampling
Process Site selection Species detection and counting
throughout the season
Imperfect detection and
Source of Non-random site measurement error (e.g. species are
error selection difficult to detect when they are not on
the wing)
Impute missing Account for seasonal variation in
Correction values for non- detectability using the Generalized
method sampled sites (Boyd Abundance Index method (Dennis et
et al., 2025) al., 2016)

Since the observed dataset differs from the perfect dataset, the estimand cannot
be calculated directly. Instead, an estimator must be constructed that transforms
the available data into an estimate of its value. One option is to apply the
aggregation rule to the observed dataset as though it was the perfect one. For
example, one might use the mean count of a species across sampled sites as an
estimator of its mean abundance in the wider landscape. Generally, however,
more sophisticated alternatives are preferred (e.g. Royle (2004)).
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The discrepancy between the estimate produced by applying the estimator to the
available data and the estimand is known as the estimation error. Both sampling
and nonsampling components of the observation process can cause estimation
error (Table 2), although the distinction is not always appreciated in biodiversity
science (Aubry et al., 2026). Rather than the realised error given the data in hand,
we are often more interested in the average (or expected) error across the many
possible datasets that could have arisen had we repeated the data generating
process many times (Aubry et al., 2024). An estimator’s expected error is known
as its bias.

In biodiversity science, the term “bias” is used inconsistently. Datasets are often
described as being biased (Cretois et al., 2021, Boyd et al., 2024a, Diaz-Calafat et
al., 2024, La Sorte et al., 2024, Backstrom et al., 2025a, Chowdhury et al., 2026)
when in fact bias is a property of the estimator (and estimand). A dataset may
induce bias for one estimand and estimator but not another. A second issue is
that biases are often categorised by the dimension in which they manifest (e.g.
spatial, temporal or taxonomic) (Isaac and Pocock, 2015, Bowler et al., 2024, Diaz-
Calafat et al., 2024, Goldstein et al., 2024, La Sorte et al., 2024, Boyd et al., 2025)
rather than by the part of the observation process that gives rise to them (e.g.
sampling, measurement, etc.). The lack of a standardised framework creates the
potential for confusion about how best to conceptualise bias, what gives rise to it
and therefore how it can be mitigated.

We present a theory of observation for biodiversity science that decomposes bias
into sampling and nonsampling components. The framework applies to any
estimand, clarifies the origin of familiar sources of bias, and provides a principled
basis for selecting appropriate mitigation strategies. This perspective shifts
attention away from describing the characteristics of datasets towards
understanding the observation processes that determine whether an estimator
recovers the estimand.

Theory

Let u denote a target population comprising i = 1, ..., N units. These units might
represent sites within a landscape, species within a taxon group, etc. Each unit is
characterised by a vector of attributes X; = {X;1,**+, X;;}. The empirical (relative
frequency) distribution of X in the target population is denoted Px, and the
estimand is some functional f(Px). We will represent the observation process as
two transformations of the empirical distribution Py.

The first transformation is sampling: that is, the selection of a subset of units in
the target population for which data will be collected. Let R; € {0,1} denote a
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sample inclusion indicator taking the value 1 for units included in the sample and
0 otherwise. Conditioning (i.e. focusing) on the sample (R = 1) results in the
conditional distribution Pxjgr=1. This is simply the empirical distribution of X if we
exclude nonsampled units.

Once a set of units has been selected for inclusion in the sample, data on the
variables X are then measured on those units and stored for later use. Let X *=
X + U denote the recorded version of X, where U is the realised discrepancy
between the recorded and true values. U might represent, say, imperfect
detection, instrument failure, false presences, and reporting errors. Applying this
transformation to Pxjg=1 yields the final observed empirical distribution Py.jg=1.

Recall that our estimand is some functional f applied to the true empirical
distribution Px. Suppose that we estimate the estimand by applying the same
functional to the observed empirical distribution Px,jg=1— that is, f (Px.jr=1). The
error of f(Px.r=1) @s an estimator of f(Px) for any given sample and set of
measurements is

realised error = f(Px.r=1) — f (Px).

By adding and subtracting the same quantity, f (Pxjr=1), we can decompose the
error into sampling and nonsampling components (Figure 1):

f(PX*|R=1) - f(PX) = [f(PX|R:1) - f(PX)] + [f(PX*|R=1) - f(PX|R:1)]-

realised error sampling error nonsampling error
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Nonsampling:error
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1

Sampling error

0.6 4
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Figure 1. lllustration of realised error decomposition. The blue, orange, and green curves represent the
distributions of the target population, the sampled units (true values), and the measured values for the
sampled units, respectively. The vertical dashed lines indicate the mean of each distribution. The horizontal
arrows llustrate the sampling error (difference between the target population and sample means),
nonsampling error (difference between the sample and measured sample means), and realised error
(difference between the target population and measured sample means). Gaussian curves are used for
lustration only. The arrows indicate the magnitudes of the differences, while the algebraic decomposition
retains their signs.

Rather than the realised error of an estimator, we are often interested in its bias.
An estimator’s bias is its average, or expected, error with respect to whichever
components of the system are considered to be stochastic (random). A process is
stochastic if it has many possible realisations: for example, under random
sampling, we select one sample, but many others were possible. The same logic
extends to sampling that isn't explicitly random if we imagine some model
determining which units are selected (e.g. citizen scientists selecting sites at which
to collect data). Depending on the inferential framework, sampling, measurement,
the population itself (i.e. Px), or any combination thereof may be treated as
stochastic. Regardless, linearity of expectation implies that the bias of f(Px.|r=1)
as an estimator of f(Px) is

E[f(PX*|R=1) - f(PX)] = E[f(PX|R=1) - f(Px)] + E[f(PX*|R=1) - f(PX|R:1)]r

estimator bias sampling bias nonsampling bias

where the expectations are taken with respect to the random components of the
population and/or observation process. Thus, irrespective which components are
treated as stochastic, the bias of f(PX*|R=1) decomposes into sampling and
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nonsampling components. This decomposition provides the organizing principle
for the review that follows by linking bias to the processes through which it arises.

Estimands describing change over time

Many scientific questions do not concern parameters defined at one point in time
but rather how some quantity has changed over time. For example, we might be
interested in the how a per time-period parameter changes between time periods,
the linear trend, etc. When the estimand concerns change over time, what matters
is not the bias in any individual time period but how that bias changes through
time. Indeed, the bias of any linear functional of the time-series is equal to the
same functional applied to the bias itself. For example, if an estimand is calculated
for two time periods, the bias of the difference between the two is equal to the
difference between the period-specific biases. Likewise, the bias of the coefficient
from a simple linear regression of an estimand on time is equal to the coefficient
that would be obtained by regressing the bias itself on time. These results follow
directly from the linearity of expectation. Since the per-period biases have
sampling and non-sampling components, so too does the bias of the estimated
trend. That is, change over time in sampling bias can bias estimates of temporal
change and likewise for nonsampling bias.

The target population determines the bias dimension

It is common for biases in ecological data to be described as “spatial”, “taxonomic”
or “temporal” (Bowler et al., 2024, Goldstein et al., 2024, Alfeus et al., 2025, Boyd
et al,, 2025, Pescott et al., 2025, Boyd et al., 2026b). Our framework reveals that it
iIs more natural to distinguish biases according to the stage of the observation
process at which they arise: sampling bias arises from which units are selected for
inclusion in the sample, whereas nonsampling bias arises from how information
about sampled units is measured, recorded or stored. From a mathematical
perspective, the distinction between spatial and taxonomic sampling bias lies
primarily in the definition of the population units. Temporal bias is somewhat
different, as discussed above.

To illustrate this point, suppose the target population is a set of sites within a
landscape and that the estimand is mean species richness. Data on species
richness are measured with error at sampled sites. In this example, any sampling
bias arises solely from the selection of which sites end up in the sample.
Nonsampling bias, on the other hand, arises from how species richness is
measured at sampled sites and how the resulting data are recorded and stored.
Although it is tempting to describe the failure to detect certain species as a
taxonomic sampling bias, it is in this context a nonsampling bias.
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Sources of sampling bias

Sampling bias arises when the surveyed units do not adequately represent the
target population specified by the estimand. The central question is therefore
whether the surveyed units represent that target population in terms of X.

Spatial populations

When the target population consists of locations, sampling involves selecting sites.
For example, to estimate the mean abundance of a species across a region, it is
usually impossible to sample every location. Therefore, any factor that affects both
sample inclusion and the unit-specific quantity of interest can be considered a
potential source of sampling bias

Public access limitations

Different indicators of public accessibility and their effects on recording have been
widely studied (Stolar and Nielsen, 2015, Geldmann et al., 2016, Mair and Ruete,
2016, Thornhill et al., 2016, Welvaert and Caley, 2016, Tiago et al., 2017, Millar et
al., 2019, Zhang, 2020, Petersen et al., 2021, Guetté et al., 2022). The length and
density of public roads or footpaths, as well as the distance from observation
points to the nearest public footpath, are commonly used indicators of
accessibility (Tiago et al., 2017, Sicacha-Parada et al., 2019, Mandeville et al., 2022,
Ramesh et al., 2022, Dimson and Gillespie, 2023, Geurts et al., 2023, Ostermann -
Miyashita et al., 2023). Generally, more public footpaths mean more observation
opportunities (Li et al., 2026b). At the same time, studies have shown that the
number of citizen science records is negatively correlated with the distance from
footpaths, with more records occurring closer to footpaths (Sicacha-Parada et al.,
2019, Ostermann-Miyashita et al., 2023). The area of publicly accessible land can
also directly represent accessibility (Boakes et al., 2010, Millar et al., 2019, Mentges
et al., 2020, Dimson et al., 2023, Grady et al., 2026). Larger nature reserves or
national parks not only mean a larger extent of potential habitat but also more
space that can be accessed and observed, thereby increasing the likelihood of
recording.

In addition, human population density can also represent accessibility to a certain
extent (Ward, 2014, Fithian et al., 2015, Stolar and Nielsen, 2015, August et al.,
2020, Zhang, 2020, Grady et al., 2026). In areas with higher population density,
there is usually more infrastructure such as roads and footpaths, as well as more
transport options (Phillips et al., 2009, Fourcade et al., 2014, Zhang, 2020, Arazy
and Malkinson, 2021, Guetté et al.,, 2022, Bowler et al., 2024), so observation
activities are more frequent. Studies have shown that the number of species
records in these areas is often higher than in surrounding rural areas, and the data
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show a clustered pattern, indicating a clear sampling bias (Arazy and Malkinson,
2021, Bowler et al., 2024).

Agricultural land, private gardens, and other types of land that are not typically
open to the public often contain suitable habitats for species, but due to the lack
of accessibility, species records in these areas are usually insufficient, thereby
leading to spatial bias in species distributions (Bach et al., 2022, Potgieter et al.,
2024, Barreiro et al., 2025, Gillard and Rowley, 2026). Similar situations also occur
in other restricted areas, such as railway corridors in cities or military sites
(Potgieter et al., 2024, Gillard and Rowley, 2026). Taking Dartmoor Training Area
within Dartmoor National Park in the United Kingdom as an example, these areas
may contain suitable habitat types, but because the public generally cannot access
them (Wang and Wu, 2013), the species distributions within them are difficult to
record effectively. Moreover, legal regulations regarding access to private land
vary significantly across countries (Nichiforel et al., 2020). For example, in the
United States, relevant laws such as the ‘castle doctrine’ reinforce, to some extent,
the exclusivity of private land, which further limits the collection of citizen science
data in these areas (O'Brien et al., 2021). Fortunately, targeted citizen science
schemes focusing on private land, such as gardens (Wilson et al., 2015, Fontaine
et al., 2016, Hordley and Fox, 2024) or farmland (Billaud et al., 2021), together with
structured sampling by researchers, may help compensate for the lack of citizen
science data from these areas (Dickinson et al., 2010, O'Brien et al., 2021, Agnoux
et al., 2026, Gillard and Rowley, 2026). However, the availability of such data
depends heavily on the subjective willingness of landowners, as not everyone pays
attention to or records the biodiversity on their land (Williams et al., 2015, O'Brien
et al.,, 2021).

Site preference

From the perspective of recorders’ subjective intentions, the selection of sampling
sites itself is also an important source of bias (Williams et al.,, 2015). Before
conducting observations, participants actively or randomly choose survey
locations (Thornhill et al., 2016, Millar et al., 2019, Neyens et al., 2019, Cretois et
al., 2021, Bullion and Bahlai, 2023, Dimson et al., 2023). Studies have shown that
opportunistic recorders tend to visit biodiversity hotspots for recording (Dennis
and Thomas, 2000, Boakes et al., 2016, Totterman, 2021, Mondain-Monval et al.,
2024, Grady et al., 2026), and this behaviour may be influenced by citizen science
projects encouraging the recording of more species or by social media sharing
sightings (Dennis and Thomas, 2000, Catlin-Groves, 2012, Callaghan et al., 2023,
O'Neill et al., 2023, Pernat et al., 2024, Kc and Sapkota, 2025). In contrast, non-
hotspot areas are often overlooked. For example, common species occurring in
the broader areas surrounding regions with high data density may be overlooked
by citizen scientists (Li et al., 2025), resulting in difficulties in accurately mapping
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their distributions (Geldmann et al., 2016, Shirey et al., 2020, Totterman, 2021,
Barreiro et al., 2025, Grady et al.,, 2026), thereby further exacerbating spatial
imbalance of citizen science records.

Temporal issues

When a temporal dimension is added to a spatial sampling problem, the same
principle still applies. For example, if the aim is to estimate the annual mean
abundance of a species across a region, any factor that affects which spatial units
are included in the sample remains a source of sampling bias. Some locations may
only be accessible during particular periods, causing other sites to be excluded,
as in the case of military areas (Wang and Wu, 2013). Unfavourable weather
conditions may also reduce recording activity, particularly during extreme weather
years, potentially exacerbating temporal variation in sampling bias (Rosdrio et al.,
2025).

Changes in public access or transport availability over time may allow recorders
to reach a broader range of locations (Bowler et al., 2022b), thereby altering which
sites are included in the sample. During COVID, restrictions on movement caused
citizen science sampling to become more geographically biased towards urban
or otherwise human modified areas, where people were more likely to record
close to home (Hochachka et al., 2021, Sanchez-Clavijo et al., 2021).

Taxonomic populations

When species constitute the population units, sampling bias arises when species
differ systematically in their probability of being included in the sample, resulting
in a sampled assemblage that is not representative of the target taxonomic
population. One important source of such unequal inclusion probabilities is
species preference, whereby recorders may preferentially seek, detect, or report
particular species over others.

Species preference

For example, in some citizen science databases, birds account for a
disproportionately large number of records compared with other taxa (Troudet et
al., 2017, La Sorte and Somveille, 2020, Stoudt et al., 2022, Huang et al., 2023,
Backstrom et al., 2025b), while Lepidoptera records often greatly outnumber
those of other insect orders (Diaz-Calafat et al., 2024) indicating clear taxonomic
skew. Within taxa, some recorders exhibit clear bias towards rarer species
(Johnston et al., 2023) or larger species (Callaghan et al., 2021) and may invest
substantial time and effort to locate and record them, for example travelling long
distances to document rare butterfly species (Li et al., 2025). This can lead to
overreporting of rarer species (Backstrom et al., 2025b). Tourists tended to record
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taxa that are particularly attractive or distinctive while common species or less
attractive species are overlooked (Tulloch and Szabo, 2012, Dimson et al., 2023)
and this might lead to local underestimation of species richness.

In addition, smartphone apps, websites and the ways in which they are promoted
can lead to species preference (Habel et al., 2025). Content on these platforms is
often influenced by the preferences of those who post it (Catlin-Groves, 2012).
For example, some content creators are more likely to showcase visually attractive
or particularly charismatic species, which may encourage viewers to record those
species preferentially (Pernat et al., 2024). Social platforms may also encourage
competition among recorders to report the first sighting of a species (Bishop et
al., 2013), which can further increase taxonomic bias (Belitz et al., 2020). Moreover,
species that have already been recorded may be less likely to be reported again,
as recorders may preferentially record species that are new to them (Bowler et al.,
2022a). This behavioural pattern further leads to sampling completeness issue.

In addition, volunteers may simultaneously consider target species and
accessibility when making recording decisions. For example, Li et al. (2025)
illustrated that different type of recorders make trade-offs between observation
benefits and costs, such as distance, and many volunteers tend to submit records
close to their place of residence (Dennis and Thomas, 2000). This ‘site preference’
further reinforces the clustered spatial pattern of records (Dennis and Thomas,
2000, Arazy and Malkinson, 2021, Totterman, 2021). It also indicates that sampling
bias and measurement bias may occur simultaneously and interact with each
other (Boakes et al., 2010, Ward, 2014, Boakes et al., 2016, Zhang, 2020, Petersen
et al,, 2021, Backstrom et al., 2024, Barreiro et al., 2025).

Temporal issues

Similarly, when a temporal dimension is added to a taxonomic sampling problem,
the same principle applies. For example, if the aim is to estimate annual species
richness within a region, species are the population units, and any factor that
affects which species are included in the sample remains a source of sampling
bias. Some species may only be detectable during particular periods, causing
them to be excluded from the sampled species set if surveys do not cover those
periods. In terms of phenology, recorders may prefer to record the adult stage of
insects rather than the immature developmental stages, because individuals are
relatively more detectable during the flight period (Bishop et al., 2013, Rosario et
al., 2025).

Temporal preferences in species occurrence and variation in detectability at
particular times are discussed in more detail under the spatial population section
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of nonsampling sources of bias; the underlying mechanisms are similar, but the
classification differs because the target population and population units are
different.

Sources of nonsampling bias

Nonsampling bias arises when, among the units included in the sample, the
observed data do not accurately reflect the true variables specified by the
estimand. The central question is therefore whether the observations collected
from sampled units provide accurate measurements of those variables.

Spatial populations

Species detectability

When spatial locations are the population units, imperfect species detectability is
a source of nonsampling bias because it can distort the quantity estimated for
each sampled location.

Differences in species characteristics, including body size, colouration,
conspicuousness, and behaviour, can influence the probability that individuals are
detected and subsequently recorded. A large body of research has shown that
detectability error is widespread in some forms of citizen science (Tulloch and
Szabo, 2012, Boakes et al., 2016, Xue et al., 2016, Troudet et al., 2017, Robinson
et al.,, 2018, Lobo et al,, 2021, Petersen et al., 2021, Stoudt et al., 2022, Huang et
al., 2023). For example, large bird species are more frequently recorded because
they are easier to observe and identify (Callaghan et al., 2021, Stoudt et al., 2022,
Alfeus et al., 2025). Similarly, in opportunistic butterfly datasets, species with bright
colours or more visually attractive appearances often receive more records,
whereas common species lacking distinctive features may be overlooked by
recorders (Dennis et al., 2006, Kral-O'Brien et al., 2020).

Species detectability may also shift abruptly when new technologies or survey
methods are introduced, for example through improved optical equipment,
enhanced identification support from new field guides or Al-based classifiers
(Santoro et al., 2025, Sharpe et al., 2025), and more effective active-sampling tools,
including novel pheromone lures and trap designs (Thomaes et al., 2022).

Sampling completeness

When spatial locations constitute the population units, incomplete sampling can
introduce nonsampling bias by causing site-level estimates of species richness or
community composition to systematically deviate from their true values.
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Sampling completeness refers to the extent to which a survey records all species
present at a given site (Sanchez-Fernandez et al., 2021). At the individual level,
this is often reflected in list length. Sampling completeness may be influenced by
multiple factors, such as recorders’ species preferences, recorders’ skills and
expertise, or the unintentional overlooking of certain species, all of which can
result in incomplete records (Jacobs and Zipf, 2017, Sanchez-Fernandez et al,,
2021, Backstrom et al., 2024, Alfeus et al., 2025). At larger spatial scales, such
incompleteness may manifest as uneven sampling effort, where some locations
are heavily surveyed while others receive little or no observation (La Sorte and
Somuveille, 2020, Chanachai et al., 2024, Barreiro et al., 2025). From a long-term
perspective, the completeness of surveys at a given location typically increases as
observation time accumulates and more visits are conducted (Backstrom et al.,
2024). However, ensuring complete sampling across all sites within a short time
frame remains challenging (Backstrom et al., 2024), as it is often uncertain whether
additional species may still be detected in the future. Consequently, assessments
of sampling completeness might use results from previous structured surveys as
a reference (Brown et al., 2020).

Survey methods

Survey methods can introduce nonsampling bias when they systematically distort
the quantities estimated at sampled sites. Differences among methods in their
ability to detect, capture, identify, or count organisms can cause site-level
observations to deviate from the underlying true values. Active sampling methods
can present particular challenges because the effects of environmental covariates
on the estimand may be complex and non-linear. A classic example is the
relationship between pan-trap capture rates and floral resources (Wilson et al,,
2008, Shrestha et al., 2019): traps may capture fewer insects in flower-rich habitats
than in flower-poor habitats, even when the true abundance of insects is higher,
because abundant natural flowers compete with the traps for insect attraction
(Wilson et al., 2008).

However, the classification of these effects depends on how the target population
is defined. When species rather than spatial locations constitute the population
units, survey methods may also generate taxonomic nonsampling bias by
systematically distorting the quantities estimated for species that have already
been included in the sample.

Temporal issues

When spatial locations constitute the target population and the sampling units
have already been selected, nonsampling bias arises when any aspect of the
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subsequent observation or measurement process causes the estimated values for
those sampled units to systematically deviate from their true values.

One form of temporal issues occurs when recording activity is disproportionately
concentrated at particular time points or during specific time periods, causing
per-period estimates to overrepresent conditions associated with those times. For
example, studies of volunteer recording activity have shown that observations can
be concentrated in the evening, late at night, or shortly before sunrise rather than
around midnight, potentially reflecting individual recorder preferences or
targeted searches for nocturnal species (Arazy et al., 2024, Willig et al., 2024). It
has also been reported that some species records are substantially more frequent
during daytime than at night, which may be partly attributed to higher species
detectability under daylight conditions and that most human recording activity is
diurnal (Welvaert and Caley, 2016, Fraisl et al., 2022, Arazy et al., 2024).
Approximately 60% of invertebrates are nocturnal, with a similar proportion of
mammals, whereas less than 20% of birds are nocturnal (Holker et al., 2010). This
mismatch increases the likelihood of recording diurnal taxa, making birds more
likely to be recorded than mammals, and day-flying butterflies more likely to be
recorded than night-flying moths (Holker et al., 2010). In addition, some studies
have shown that larger bodied species tend to be more active during the warmest
periods of the day, which may further bias records towards these time windows
and contribute to the underrepresentation of nocturnal species (Rosario et al.,
2024, Idec et al., 2025, Rosério et al., 2025).

At the week and seasonal levels, some studies have shown that citizen science
recorders tend to record more frequently during weekends and this pattern is
likely to reflect greater recorder availability during weekends, when many people
have fewer work related commitments and more opportunities to participate in
observation activities (Welvaert and Caley, 2016, Zhang, 2020, Di Cecco et al,,
2021, Fraisl et al., 2022, Rosario et al., 2024, Rosario et al., 2025). However, others
have reported lower submission rates during weekends, which may be explained
by recorders collecting data during spare moments on weekdays (Khoi and
Casteleyn, 2018). This pattern may also be related to the uneven demographics
of citizen science participants, who tend to be older and have higher incomes than
the general population (Pateman et al., 2021), and may therefore have more
flexible schedules or more free time and be less constrained by weekday versus
weekend differences.

Some studies have also shown that citizen science participants tend to conduct
sampling more frequently in spring and summer (Bishop et al., 2013, Hadj-
Hammou et al., 2017, Rosério et al., 2024, Rosério et al., 2025). However, others
have reported an overrepresentation of records in winter, which is mainly related
to the characteristics of target species (Milberg et al., 2024).
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Specific events may alter the number of records for particular species even when
observation locations remain fixed, potentially distorting species-level estimates
during the affected period. For example, the COVID 19 pandemic had a significant
impact on citizen science data (Basile et al., 2021, Crimmins et al., 2021, Sanchez-
Clavijo et al., 2021, Sweet et al., 2022, Dimson and Gillespie, 2023, Zhang et al.,
2024). Some studies have illustrated that, under social distancing measures,
people showed a significantly increased willingness to participate in outdoor
activities and some countries did not impose strict restrictions on outdoor
activities, which led to a peak in data submissions during this period (Dimson and
Gillespie, 2023, Zhang et al., 2024).

Taxonomic populations

For taxonomic populations, nonsampling bias arises when the values associated
with sampled species are systematically mismeasured or misestimated.

Species preference

Species preference can also generate nonsampling bias in taxonomic populations
when it alters the estimated values of already sampled species, rather than
determining which species enter the sample. Because the underlying mechanisms
of species preference have been discussed above, they are not considered in
detail again here.

Species detectability

The underlying mechanism is similar to that discussed for spatial populations, but
here species rather than locations constitute the population units. Differences in
detectability can therefore affect the probability that individual species are
included in the sample. For example, visually attractive or conspicuous species
may be more likely to be noticed and recorded, resulting in their
overrepresentation in the observed species list. As the mechanisms affecting
detectability have already been discussed above for spatial populations, they are
not repeated in detail here.

Recorder’s skill level

Recorder skill level affects the measurement component because differences in
observers’' ability to detect, identify, and count species can lead to missed
detections, misidentifications, and inaccurate abundance estimates (Johnston et
al., 2023).

Recorders can be classified according to their level of expertise, such as experts
and non-experts (Kosmala et al., 2016, Brown and Williams, 2019, McCarthy et al.,
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2021, Huang et al., 2023, Zheng et al., 2025), or according to their residential
status, such as tourists and residents (Tulloch and Szabo, 2012, Dimson and
Gillespie, 2023). Studies have shown that data provided by tourists and residents
may differ in both spatial distribution and the types of species recorded, and their
levels of observational skill may also vary (Dimson and Gillespie, 2023, Li et al.,
2025, Grady et al., 2026). Some recorders, due to limited taxonomic skills, may be
more inclined to record common or easily identifiable species, while overlooking
species that are more difficult to identify (Crall et al., 2011, Kelling et al., 2015, van
der Wal et al.,, 2016, Santos-Fernandez and Mengersen, 2021, Goldstein et al.,
2024). Incorporating measures of recorder expertise into models can improve
analysis of citizen science data (Johnston et al., 2018). However, while attempts
have been made to classify recorders (Boakes et al., 2016, August et al., 2020) and
assess the impact of recorder behaviour on biodiversity assessments (Pocock et
al., 2023), there are practical challenges in characterising recorder expertise,
including how expertise should be measured and its likely dependence on context,
such as time, space and taxonomic group. Consequently, a widely accepted and
unified framework is still lacking.

Recorder skill can also contribute to nonsampling bias in spatial populations,
depending on how the population units and estimand are defined. For example,
if locations are treated as the population units, differences in recorder skill may
affect the accuracy of site-level estimates by altering species detection,
identification, or counting within sampled sites. Thus, the same mechanism may
be classified differently depending on whether the unit of interest is a site or a
species.

Temporal issues

When species constitute the target population and the sampled species have
already been selected, nonsampling bias arises when any aspect of the
subsequent observation or measurement process causes the estimated values for
those species to systematically deviate from their true values. The classification of
bias therefore depends on how the target population is defined. Many of the
underlying mechanisms are the same as those discussed for spatial populations,
so they are not repeated here; instead, we focus on aspects that differ when
species are treated as the population units.

For example, if the aim is to estimate annual abundance for a sampled species,
the magnitude or direction of bias in that estimate may vary among years. Such
temporal variation can arise for several reasons, including changes over time in
recorder preference for that species or in recorders’ ability to identify it correctly
(Kelling et al., 2015). As the season progresses, recorders may gradually lose
interest in routine species recording and instead focus on specific time points or
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events (Bishop et al., 2013). Consequently, the bias may vary across time points,
resulting in differences in both its magnitude and direction over time.

In addition, when species constitute the target population, temporally clustered
citizen science recording events may introduce taxonomic nonsampling bias by
systematically affecting species-level estimates (Kullenberg and Kasperowski,
2016), such as World Migratory Bird Day on 11 May, bioblitz (Lundmark, 2003),
and the Big Butterfly Count held in the UK during summer (Dennis et al., 2024).
Although these semi-structured recording activities can alleviate some limitations
of unstructured data (often by encouraging complete or constrained taxonomic
lists), they may also concentrate observations within specific dates or time
windows, thereby reinforcing temporal unevenness in records (Dennis et al., 2017).

Moreover, citizen science participants may compete to become the first to record
a species, which may lead to mismatches between phenology estimated from
citizen science data and that from structured data (Li et al., 2026a), thereby
affecting the prediction of phenological metrics (Bishop et al., 2013); For example,
it has been reported that volunteers may record some species earlier than experts
(Soroye et al., 2018).

Bias correction

So far, we have defined the estimator as the same functional that defines the
estimand but applied to the available data. This is the ‘plug-in" estimator and is
the natural starting point. However, more sophisticated estimators often have
lower bias than the plug-in estimator and should therefore be preferred. We
argue that many such estimators can be viewed as attempts to ‘undo’ the
sampling and measurement processes. Starting with sampling, we review these
estimators below.

Estimators that correct sampling bias

Sampling removes units from the target population, thereby changing the relative
frequencies of the variables in X. Many estimators of population parameters can
be viewed as approaches to restoring the population relative frequencies before
applying the plug-in estimator.

One approach is to apply weights to sampled units. The idea is to place more
weight on values of X that are underrepresented in the sample relative to the
population and vice versa, thereby reconstructing a “pseudopopulation”.
Specifying weights is simple under probability sampling, in which case each unit’s
weight is the reciprocal of the probability that it was included in the sample (Boyd
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et al., 2023). Under nonprobability sampling, weights must be estimated (Elliott
and Valliant, 2017). Having specified weights, one effectively applies the plug-in
estimator to the weighted sample. This approach has been used to estimate
population means, totals and regression coefficients for decades (Horvitz and
Thompson, 1952). In biodiversity science, weighted estimators have been used to
estimate trends in species occupancy, correlates of species occupancy, and trends
in species abundance (Van Swaay et al., 2002, Irvine et al., 2018, Johnston et al.,
2020, Fink et al., 2023, Boyd et al., 2024b).

Closely related to weighting is subsampling. The idea is to create a representative
miniature of the target population (Meng, 2022). Some units are removed, which
effectively gives them zero weight. The plug-in estimator is then applied to the
subsample. This approach has been used to estimate species distributions and
temporal trends thereof (Beck et al., 2014, Boyd et al., 2024Db).

Rather than reweighting the sample, a second class of estimators reconstructs the
population by predicting or imputing values for nonsampled population units
(Elliott and Valliant, 2017). The plug-in estimator is then applied to imputed or
predicted dataset. This approach has been used in biodiversity science to estimate
trends in species abundance (Boyd et al., 2025) and parameters describing species
traits (Johnson et al., 2021).

Estimators that correct nonsampling bias

Many estimators of population parameters can be viewed as attempts to recover
the latent value of the variable(s) of interest on sampled units, thereby
reconstructing the hypothetical error-free sampled population. Canonical
examples in biodiversity science include occupancy-detection and N-mixture
models (MacKenzie et al., 2002, Royle, 2004). These models exploit replicate data
on plant and animal occupancy or abundance to estimate detection probabilities,
which are then used to infer the true latent occupancy or abundance. Importantly,
as emphasised by MacKenzie et al. (2002), these models do not deal with sampling
bias.

Estimators that correct sampling and nonsampling bias

It is also possible to construct estimators that simultaneously correct sampling and
nonsampling biases. For example, Irvine et al. (2018) and Johnston et al.
(2020)constructed  likelihood-weighted occupancy detection-models. The
likelihood weights represent an attempt to ‘undo’ the sampling process, and the
detection sub-model uses data on replicate visits to correct for imperfect
detection.
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Recommendations

We recommend that researchers first define the estimand clearly, including the
target population, variables, and parameter of interest, and then determine which
component of the inferential process each source of bias affects. Corrections
should be selected according to the underlying source of error, with explicit
consideration of which limitations can be corrected analytically or through study
design and which can only be addressed by narrowing or changing the scope of
interpretation. In this way, the estimand framework supports both more
appropriate treatment of inferential error and the identification of further
questions about how biodiversity data are generated and interpreted.
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