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Abstract  19 

Bias is increasingly a central concern in biodiversity science, yet the term is used 20 

inconsistently. A key source of confusion is the failure to distinguish clearly 21 

between the dimension in which bias manifests (e.g. spatial or taxonomic) and/or 22 

the stage of the observation process that gives rise to it. This distinction matters 23 

because the appropriate method for mitigating bias depends primarily on the 24 

latter rather than the former. We introduce a theory of observation for biodiversity 25 

science that classifies biases according to whether they arise during sampling or 26 

subsequent stages of the observation process (e.g. measurement, databasing). 27 

This classification is more informative than describing bias by its dimension alone 28 

because it directly identifies the mechanisms responsible and therefore the 29 

appropriate mitigation strategies. A key consequence of the framework is that an 30 

observation process may be a source of sampling or nonsampling bias depending 31 

on the scientific question being addressed.    32 

 33 

Keywords: Citizen science; sampling bias; measurement error; estimand; bias 34 

correction 35 

 36 

mailto:r.j.boyd@exeter.ac.uk
mailto:ml902@exeter.ac.uk


Introduction 37 

Biodiversity scientists ask a wide range of questions about ecological systems. 38 

They may seek to determine where species might occur (Pimm et al., 2014, Bowler 39 

et al., 2022b, Chowdhury et al., 2026), how abundant they are (McGill et al., 2007, 40 

Justine et al., 2026), how their distributions or population sizes change over time 41 

(Bates and Bertelsmeier, 2025, Boulanger et al., 2025, Boyd et al., 2025), and which 42 

environmental or anthropogenic factors drive these patterns (Stolar and Nielsen, 43 

2015, Li et al., 2026b). Other questions concern comparisons among sites, taxa, 44 

time periods, or survey methods, or environmental change (Sullivan et al., 2014, 45 

La Sorte and Somveille, 2020, Sánchez-Fernández et al., 2021).  46 

 47 

To address a question quantitatively, it helps to codify its answer as a 48 

mathematical quantity whose value can, in principle, be estimated (Boyd et al., 49 

2026a, Boyd et al., 2026b). In statistical parlance, this quantity is sometimes 50 

referred to as the estimand (from the Latin aestimandus, meaning “that which is 51 

being estimated” (Clark et al., 2022)). An estimand can be thought of as having 52 

three components: a target population, a unit-specific quantity and an 53 

aggregation rule (Lundberg et al., 2021). The target population is the set of units 54 

that is of interest, the unit-specific quantity is the attribute of those units under 55 

study, and the aggregation rule is a mathematical operation that summarises the 56 

unit-specific quantity in the target population (Table 1). For example, we might 57 

want to learn the mean (aggregation rule) abundance of a species (unit-specific 58 

quantity) across sites within a landscape (target population).  59 

 60 
Table 1 Examples of biodiversity estimands and their three key components: target population, unit-specific 61 
quantity, and aggregation rule. 62 

Study Estimand Target population 
Unit-specific 

quantity 
Aggregation rule 

Li et al. (2025) 

Rarity-weighted 
species richness 
at a given 1-km 

grid square 

Butterfly species 
in Devon and 

Cornwall 

Species presence 
at a focal site 
weighted by 

inverse recorded 
frequency 

Sum across 
species 

Newbold et al. 
(2015) 

Local total 
abundance 

Taxa within a 
focal site 

Abundance of 
each taxon 

Sum across taxa 

Gregory et al. 
(2005) 

National bird 
population index 

Survey locations 
within a country 

Abundance of a 
focal bird species 
at each location 

Mean across 
locations 

 63 

Having defined an estimand, the next step is to collect or assemble some data in 64 

the hope that they are informative about its value. In a perfect world, the unit-65 

specific quantity would be measured without error for every unit in the target 66 

population. For example, if the estimand is the mean of a species’ abundance 67 



across sites within a landscape, then every individual would be observed and 68 

recorded at every site. Applying the aggregation rule to this ‘perfect’ dataset 69 

would yield the estimand. In practice, however, the analyst does not see the 70 

perfect dataset but rather an observed dataset that is produced by the 71 

observation process.  72 

 73 

Following the Total Survey Error (TSE) framework (Groves and Lyberg, 2010), we 74 

split the observation process into sampling and nonsampling components. 75 

Sampling comes first and concerns the selection of a subset of units in the target 76 

population on which to collect data. A common example is the selection of a 77 

sample of sites at which to monitor species. Once a sample has been selected, the 78 

observer measures and records the unit-specific quantity on sampled units. These 79 

are nonsampling components of the observation process. The resulting dataset 80 

differs from the ‘perfect’ dataset because it reflects only a subset of the target 81 

population (Lohr, 2021), and, even for that subset, the unit-specific quantity may 82 

be measured with error (Buonaccorsi, 2010). Table 2 demonstrates the distinction 83 

between sampling and nonsampling observation processes using the UK Butterfly 84 

Monitoring Scheme as an example. 85 

 86 
Table 2 Sources of sampling and nonsampling error in the UK Butterfly Monitoring Scheme (UKBMS). For 87 
each species of butterfly and year, the estimand is essentially the mean relative abundance across sites in 88 
the UK. 89 

 Sampling Nonsampling 

Process Site selection Species detection and counting 
throughout the season 

Source of 
error 

Non-random site 
selection 

Imperfect detection and 
measurement error (e.g. species are 

difficult to detect when they are not on 
the wing) 

Correction 
method 

 Impute missing 
values for non-

sampled sites (Boyd 
et al., 2025) 

 Account for seasonal variation in 
detectability using the Generalized 

Abundance Index method (Dennis et 
al., 2016) 

 90 

Since the observed dataset differs from the perfect dataset, the estimand cannot 91 

be calculated directly. Instead, an estimator must be constructed that transforms 92 

the available data into an estimate of its value. One option is to apply the 93 

aggregation rule to the observed dataset as though it was the perfect one. For 94 

example, one might use the mean count of a species across sampled sites as an 95 

estimator of its mean abundance in the wider landscape. Generally, however, 96 

more sophisticated alternatives are preferred (e.g. Royle (2004)).   97 

 98 



The discrepancy between the estimate produced by applying the estimator to the 99 

available data and the estimand is known as the estimation error. Both sampling 100 

and nonsampling components of the observation process can cause estimation 101 

error (Table 2), although the distinction is not always appreciated in biodiversity 102 

science (Aubry et al., 2026). Rather than the realised error given the data in hand, 103 

we are often more interested in the average (or expected) error across the many 104 

possible datasets that could have arisen had we repeated the data generating 105 

process many times (Aubry et al., 2024). An estimator’s expected error is known 106 

as its bias.  107 

 108 

In biodiversity science, the term “bias” is used inconsistently. Datasets are often 109 

described as being biased (Cretois et al., 2021, Boyd et al., 2024a, Díaz-Calafat et 110 

al., 2024, La Sorte et al., 2024, Backstrom et al., 2025a, Chowdhury et al., 2026) 111 

when in fact bias is a property of the estimator (and estimand). A dataset may 112 

induce bias for one estimand and estimator but not another. A second issue is 113 

that biases are often categorised by the dimension in which they manifest (e.g. 114 

spatial, temporal or taxonomic) (Isaac and Pocock, 2015, Bowler et al., 2024, Díaz-115 

Calafat et al., 2024, Goldstein et al., 2024, La Sorte et al., 2024, Boyd et al., 2025) 116 

rather than by the part of the observation process that gives rise to them (e.g. 117 

sampling, measurement, etc.). The lack of a standardised framework creates the 118 

potential for confusion about how best to conceptualise bias, what gives rise to it 119 

and therefore how it can be mitigated. 120 

 121 

We present a theory of observation for biodiversity science that decomposes bias 122 

into sampling and nonsampling components. The framework applies to any 123 

estimand, clarifies the origin of familiar sources of bias, and provides a principled 124 

basis for selecting appropriate mitigation strategies. This perspective shifts 125 

attention away from describing the characteristics of datasets towards 126 

understanding the observation processes that determine whether an estimator 127 

recovers the estimand. 128 

Theory 129 

Let 𝑢 denote a target population comprising 𝑖 = 1, … , 𝑁 units. These units might 130 

represent sites within a landscape, species within a taxon group, etc. Each unit is 131 

characterised by a vector of attributes 𝑿𝒊 = {𝑋𝑖1,⋯ ,𝑋𝑖𝑗}. The empirical (relative 132 

frequency) distribution of 𝑿  in the target population is denoted 𝑃𝑿 , and the 133 

estimand is some functional 𝑓(𝑃𝑿). We will represent the observation process as 134 

two transformations of the empirical distribution 𝑃𝑿.  135 

 136 

The first transformation is sampling: that is, the selection of a subset of units in 137 

the target population for which data will be collected. Let 𝑅𝑖 ∈ {0,1}  denote a 138 



sample inclusion indicator taking the value 1 for units included in the sample and 139 

0 otherwise. Conditioning (i.e. focusing) on the sample (𝑅 = 1 ) results in the 140 

conditional distribution 𝑃𝑿|𝑹=𝟏. This is simply the empirical distribution of 𝑿 if we 141 

exclude nonsampled units.  142 

 143 

Once a set of units has been selected for inclusion in the sample, data on the 144 

variables 𝑿 are then measured on those units and stored for later use. Let 𝑋 ∗=145 

𝑋 + 𝑈  denote the recorded version of 𝑋 , where 𝑈  is the realised discrepancy 146 

between the recorded and true values. 𝑈  might represent, say, imperfect 147 

detection, instrument failure, false presences, and reporting errors. Applying this 148 

transformation to 𝑃𝑿|𝑹=𝟏 yields the final observed empirical distribution 𝑃𝑿∗|𝑅=1. 149 

 150 

Recall that our estimand is some functional 𝑓  applied to the true empirical 151 

distribution 𝑃𝑿 . Suppose that we estimate the estimand by applying the same 152 

functional to the observed empirical distribution 𝑃𝑿∗|𝑅=1— that is, 𝑓(𝑃𝑿∗|𝑅=1). The 153 

error of 𝑓(𝑃𝑿∗|𝑅=1)  as an estimator of 𝑓(𝑃𝑿)  for any given sample and set of 154 

measurements is  155 

 156 

𝑟𝑒𝑎𝑙𝑖𝑠𝑒𝑑 𝑒𝑟𝑟𝑜𝑟 = 𝑓(𝑃𝑿∗|𝑅=1) − 𝑓(𝑃𝑿). 157 

 158 

By adding and subtracting the same quantity, 𝑓(𝑃𝑿|𝑹=𝟏), we can decompose the 159 

error into sampling and nonsampling components (Figure 1): 160 

 161 

𝑓(𝑃𝑿∗|𝑹=𝟏) − 𝑓(𝑃𝑿)⏟            
𝑟𝑒𝑎𝑙𝑖𝑠𝑒𝑑 𝑒𝑟𝑟𝑜𝑟

= [𝑓(𝑃𝑿|𝑹=𝟏) − 𝑓(𝑃𝑿)]⏟            
𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔 𝑒𝑟𝑟𝑜𝑟

+ [𝑓(𝑃𝑿∗|𝑹=𝟏) − 𝑓(𝑃𝑿|𝑹=𝟏)]⏟              
𝑛𝑜𝑛𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔 𝑒𝑟𝑟𝑜𝑟

. 162 

 163 



 164 
Figure 1. Illustration of realised error decomposition. The blue, orange, and green curves represent the 165 
distributions of the target population, the sampled units (true values), and the measured values for the 166 
sampled units, respectively. The vertical dashed lines indicate the mean of each distribution. The horizontal 167 
arrows illustrate the sampling error (difference between the target population and sample means), 168 
nonsampling error (difference between the sample and measured sample means), and realised error 169 
(difference between the target population and measured sample means). Gaussian curves are used for 170 
illustration only. The arrows indicate the magnitudes of the differences, while the algebraic decomposition 171 
retains their signs. 172 

 173 

Rather than the realised error of an estimator, we are often interested in its bias. 174 

An estimator’s bias is its average, or expected, error with respect to whichever 175 

components of the system are considered to be stochastic (random). A process is 176 

stochastic if it has many possible realisations: for example, under random 177 

sampling, we select one sample, but many others were possible. The same logic 178 

extends to sampling that isn’t explicitly random if we imagine some model 179 

determining which units are selected (e.g. citizen scientists selecting sites at which 180 

to collect data). Depending on the inferential framework, sampling, measurement, 181 

the population itself (i.e. 𝑃𝑿 ), or any combination thereof may be treated as 182 

stochastic. Regardless, linearity of expectation implies that the bias of 𝑓(𝑃𝑿∗|𝑅=1) 183 

as an estimator of 𝑓(𝑃𝑿) is   184 

 185 

𝐸[𝑓(𝑃𝑿∗|𝑹=𝟏) − 𝑓(𝑃𝑿)]⏟              
𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑜𝑟 𝑏𝑖𝑎𝑠

= 𝐸[𝑓(𝑃𝑿|𝑹=𝟏) − 𝑓(𝑃𝑿)]⏟            
𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔 𝑏𝑖𝑎𝑠

+ 𝐸[𝑓(𝑃𝑿∗|𝑹=𝟏) − 𝑓(𝑃𝑿|𝑹=𝟏)]⏟                
𝑛𝑜𝑛𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔 𝑏𝑖𝑎𝑠

, 186 

 187 

where the expectations are taken with respect to the random components of the 188 

population and/or observation process. Thus, irrespective which components are 189 

treated as stochastic, the bias of 𝑓(𝑃𝑿∗|𝑹=𝟏)  decomposes into sampling and 190 



nonsampling components. This decomposition provides the organizing principle 191 

for the review that follows by linking bias to the processes through which it arises.  192 

 193 

Estimands describing change over time  194 

Many scientific questions do not concern parameters defined at one point in time 195 

but rather how some quantity has changed over time. For example, we might be 196 

interested in the how a per time-period parameter changes between time periods, 197 

the linear trend, etc. When the estimand concerns change over time, what matters 198 

is not the bias in any individual time period but how that bias changes through 199 

time. Indeed, the bias of any linear functional of the time-series is equal to the 200 

same functional applied to the bias itself. For example, if an estimand is calculated 201 

for two time periods, the bias of the difference between the two is equal to the 202 

difference between the period-specific biases. Likewise, the bias of the coefficient 203 

from a simple linear regression of an estimand on time is equal to the coefficient 204 

that would be obtained by regressing the bias itself on time. These results follow 205 

directly from the linearity of expectation. Since the per-period biases have 206 

sampling and non-sampling components, so too does the bias of the estimated 207 

trend. That is, change over time in sampling bias can bias estimates of temporal 208 

change and likewise for nonsampling bias.  209 

 210 

The target population determines the bias dimension   211 

It is common for biases in ecological data to be described as “spatial”, “taxonomic” 212 

or “temporal” (Bowler et al., 2024, Goldstein et al., 2024, Alfeus et al., 2025, Boyd 213 

et al., 2025, Pescott et al., 2025, Boyd et al., 2026b). Our framework reveals that it 214 

is more natural to distinguish biases according to the stage of the observation 215 

process at which they arise: sampling bias arises from which units are selected for 216 

inclusion in the sample, whereas nonsampling bias arises from how information 217 

about sampled units is measured, recorded or stored. From a mathematical 218 

perspective, the distinction between spatial and taxonomic sampling bias lies 219 

primarily in the definition of the population units. Temporal bias is somewhat 220 

different, as discussed above. 221 

 222 

To illustrate this point, suppose the target population is a set of sites within a 223 

landscape and that the estimand is mean species richness. Data on species 224 

richness are measured with error at sampled sites. In this example, any sampling 225 

bias arises solely from the selection of which sites end up in the sample. 226 

Nonsampling bias, on the other hand, arises from how species richness is 227 

measured at sampled sites and how the resulting data are recorded and stored. 228 

Although it is tempting to describe the failure to detect certain species as a 229 

taxonomic sampling bias, it is in this context a nonsampling bias.  230 



Sources of sampling bias 231 

Sampling bias arises when the surveyed units do not adequately represent the 232 

target population specified by the estimand. The central question is therefore 233 

whether the surveyed units represent that target population in terms of 𝑿.  234 

 235 

Spatial populations 236 

When the target population consists of locations, sampling involves selecting sites. 237 

For example, to estimate the mean abundance of a species across a region, it is 238 

usually impossible to sample every location. Therefore, any factor that affects both 239 

sample inclusion and the unit-specific quantity of interest can be considered a 240 

potential source of sampling bias 241 

 242 

Public access limitations 243 

Different indicators of public accessibility and their effects on recording have been 244 

widely studied (Stolar and Nielsen, 2015, Geldmann et al., 2016, Mair and Ruete, 245 

2016, Thornhill et al., 2016, Welvaert and Caley, 2016, Tiago et al., 2017, Millar et 246 

al., 2019, Zhang, 2020, Petersen et al., 2021, Guetté et al., 2022). The length and 247 

density of public roads or footpaths, as well as the distance from observation 248 

points to the nearest public footpath, are commonly used indicators of 249 

accessibility (Tiago et al., 2017, Sicacha-Parada et al., 2019, Mandeville et al., 2022, 250 

Ramesh et al., 2022, Dimson and Gillespie, 2023, Geurts et al., 2023, Ostermann-251 

Miyashita et al., 2023). Generally, more public footpaths mean more observation 252 

opportunities (Li et al., 2026b). At the same time, studies have shown that the 253 

number of citizen science records is negatively correlated with the distance from 254 

footpaths, with more records occurring closer to footpaths (Sicacha-Parada et al., 255 

2019, Ostermann-Miyashita et al., 2023). The area of publicly accessible land can 256 

also directly represent accessibility (Boakes et al., 2010, Millar et al., 2019, Mentges 257 

et al., 2020, Dimson et al., 2023, Grady et al., 2026). Larger nature reserves or 258 

national parks not only mean a larger extent of potential habitat but also more 259 

space that can be accessed and observed, thereby increasing the likelihood of 260 

recording.  261 

 262 

In addition, human population density can also represent accessibility to a certain 263 

extent (Ward, 2014, Fithian et al., 2015, Stolar and Nielsen, 2015, August et al., 264 

2020, Zhang, 2020, Grady et al., 2026). In areas with higher population density, 265 

there is usually more infrastructure such as roads and footpaths, as well as more 266 

transport options (Phillips et al., 2009, Fourcade et al., 2014, Zhang, 2020, Arazy 267 

and Malkinson, 2021, Guetté et al., 2022, Bowler et al., 2024), so observation 268 

activities are more frequent. Studies have shown that the number of species 269 

records in these areas is often higher than in surrounding rural areas, and the data 270 



show a clustered pattern, indicating a clear sampling bias (Arazy and Malkinson, 271 

2021, Bowler et al., 2024). 272 

 273 

Agricultural land, private gardens, and other types of land that are not typically 274 

open to the public often contain suitable habitats for species, but due to the lack 275 

of accessibility, species records in these areas are usually insufficient, thereby 276 

leading to spatial bias in species distributions (Bach et al., 2022, Potgieter et al., 277 

2024, Barreiro et al., 2025, Gillard and Rowley, 2026). Similar situations also occur 278 

in other restricted areas, such as railway corridors in cities or military sites 279 

(Potgieter et al., 2024, Gillard and Rowley, 2026). Taking Dartmoor Training Area 280 

within Dartmoor National Park in the United Kingdom as an example, these areas 281 

may contain suitable habitat types, but because the public generally cannot access 282 

them (Wang and Wu, 2013), the species distributions within them are difficult to 283 

record effectively. Moreover, legal regulations regarding access to private land 284 

vary significantly across countries (Nichiforel et al., 2020). For example, in the 285 

United States, relevant laws such as the ‘castle doctrine’ reinforce, to some extent, 286 

the exclusivity of private land, which further limits the collection of citizen science 287 

data in these areas (O'Brien et al., 2021). Fortunately, targeted citizen science 288 

schemes focusing on private land, such as gardens (Wilson et al., 2015, Fontaine 289 

et al., 2016, Hordley and Fox, 2024) or farmland (Billaud et al., 2021), together with 290 

structured sampling by researchers, may help compensate for the lack of citizen 291 

science data from these areas (Dickinson et al., 2010, O'Brien et al., 2021, Agnoux 292 

et al., 2026, Gillard and Rowley, 2026). However, the availability of such data 293 

depends heavily on the subjective willingness of landowners, as not everyone pays 294 

attention to or records the biodiversity on their land (Williams et al., 2015, O'Brien 295 

et al., 2021).  296 

 297 

Site preference  298 

From the perspective of recorders’ subjective intentions, the selection of sampling 299 

sites itself is also an important source of bias (Williams et al., 2015). Before 300 

conducting observations, participants actively or randomly choose survey 301 

locations (Thornhill et al., 2016, Millar et al., 2019, Neyens et al., 2019, Cretois et 302 

al., 2021, Bullion and Bahlai, 2023, Dimson et al., 2023). Studies have shown that 303 

opportunistic recorders tend to visit biodiversity hotspots for recording (Dennis 304 

and Thomas, 2000, Boakes et al., 2016, Totterman, 2021, Mondain-Monval et al., 305 

2024, Grady et al., 2026), and this behaviour may be influenced by citizen science 306 

projects encouraging the recording of more species or by social media sharing 307 

sightings (Dennis and Thomas, 2000, Catlin-Groves, 2012, Callaghan et al., 2023, 308 

O'Neill et al., 2023, Pernat et al., 2024, Kc and Sapkota, 2025). In contrast, non-309 

hotspot areas are often overlooked. For example, common species occurring in 310 

the broader areas surrounding regions with high data density may be overlooked 311 

by citizen scientists (Li et al., 2025), resulting in difficulties in accurately mapping 312 



their distributions (Geldmann et al., 2016, Shirey et al., 2020, Totterman, 2021, 313 

Barreiro et al., 2025, Grady et al., 2026), thereby further exacerbating spatial 314 

imbalance of citizen science records. 315 

 316 

Temporal issues 317 

When a temporal dimension is added to a spatial sampling problem, the same 318 

principle still applies. For example, if the aim is to estimate the annual mean 319 

abundance of a species across a region, any factor that affects which spatial units 320 

are included in the sample remains a source of sampling bias. Some locations may 321 

only be accessible during particular periods, causing other sites to be excluded, 322 

as in the case of military areas (Wang and Wu, 2013). Unfavourable weather 323 

conditions may also reduce recording activity, particularly during extreme weather 324 

years, potentially exacerbating temporal variation in sampling bias (Rosário et al., 325 

2025).  326 

 327 

Changes in public access or transport availability over time may allow recorders 328 

to reach a broader range of locations (Bowler et al., 2022b), thereby altering which 329 

sites are included in the sample. During COVID, restrictions on movement caused 330 

citizen science sampling to become more geographically biased towards urban 331 

or otherwise human modified areas, where people were more likely to record 332 

close to home (Hochachka et al., 2021, Sánchez-Clavijo et al., 2021). 333 

 334 

Taxonomic populations 335 

When species constitute the population units, sampling bias arises when species 336 

differ systematically in their probability of being included in the sample, resulting 337 

in a sampled assemblage that is not representative of the target taxonomic 338 

population. One important source of such unequal inclusion probabilities is 339 

species preference, whereby recorders may preferentially seek, detect, or report 340 

particular species over others. 341 

Species preference 342 

For example, in some citizen science databases, birds account for a 343 

disproportionately large number of records compared with other taxa (Troudet et 344 

al., 2017, La Sorte and Somveille, 2020, Stoudt et al., 2022, Huang et al., 2023, 345 

Backstrom et al., 2025b), while Lepidoptera records often greatly outnumber 346 

those of other insect orders (Díaz-Calafat et al., 2024) indicating clear taxonomic 347 

skew. Within taxa, some recorders exhibit clear bias towards rarer species 348 

(Johnston et al., 2023) or larger species (Callaghan et al., 2021) and may invest 349 

substantial time and effort to locate and record them, for example travelling long 350 

distances to document rare butterfly species (Li et al., 2025). This can lead to 351 

overreporting of rarer species (Backstrom et al., 2025b). Tourists tended to record 352 



taxa that are particularly attractive or distinctive while common species or less 353 

attractive species are overlooked (Tulloch and Szabo, 2012, Dimson et al., 2023) 354 

and this might lead to local underestimation of species richness. 355 

 356 

In addition, smartphone apps, websites and the ways in which they are promoted 357 

can lead to species preference (Habel et al., 2025). Content on these platforms is 358 

often influenced by the preferences of those who post it (Catlin-Groves, 2012). 359 

For example, some content creators are more likely to showcase visually attractive 360 

or particularly charismatic species, which may encourage viewers to record those 361 

species preferentially (Pernat et al., 2024). Social platforms may also encourage 362 

competition among recorders to report the first sighting of a species (Bishop et 363 

al., 2013), which can further increase taxonomic bias (Belitz et al., 2020). Moreover, 364 

species that have already been recorded may be less likely to be reported again, 365 

as recorders may preferentially record species that are new to them (Bowler et al., 366 

2022a). This behavioural pattern further leads to sampling completeness issue.  367 

 368 

In addition, volunteers may simultaneously consider target species and 369 

accessibility when making recording decisions. For example, Li et al. (2025) 370 

illustrated that different type of recorders make trade-offs between observation 371 

benefits and costs, such as distance, and many volunteers tend to submit records 372 

close to their place of residence (Dennis and Thomas, 2000). This ‘site preference’ 373 

further reinforces the clustered spatial pattern of records (Dennis and Thomas, 374 

2000, Arazy and Malkinson, 2021, Totterman, 2021). It also indicates that sampling 375 

bias and measurement bias may occur simultaneously and interact with each 376 

other (Boakes et al., 2010, Ward, 2014, Boakes et al., 2016, Zhang, 2020, Petersen 377 

et al., 2021, Backstrom et al., 2024, Barreiro et al., 2025). 378 

 379 

Temporal issues 380 

 381 

Similarly, when a temporal dimension is added to a taxonomic sampling problem, 382 

the same principle applies. For example, if the aim is to estimate annual species 383 

richness within a region, species are the population units, and any factor that 384 

affects which species are included in the sample remains a source of sampling 385 

bias. Some species may only be detectable during particular periods, causing 386 

them to be excluded from the sampled species set if surveys do not cover those 387 

periods. In terms of phenology, recorders may prefer to record the adult stage of 388 

insects rather than the immature developmental stages, because individuals are 389 

relatively more detectable during the flight period (Bishop et al., 2013, Rosário et 390 

al., 2025).  391 

 392 

Temporal preferences in species occurrence and variation in detectability at 393 

particular times are discussed in more detail under the spatial population section 394 



of nonsampling sources of bias; the underlying mechanisms are similar, but the 395 

classification differs because the target population and population units are 396 

different. 397 

Sources of nonsampling bias 398 

Nonsampling bias arises when, among the units included in the sample, the 399 

observed data do not accurately reflect the true variables specified by the 400 

estimand. The central question is therefore whether the observations collected 401 

from sampled units provide accurate measurements of those variables.  402 

Spatial populations 403 

Species detectability 404 

When spatial locations are the population units, imperfect species detectability is 405 

a source of nonsampling bias because it can distort the quantity estimated for 406 

each sampled location. 407 

 408 

Differences in species characteristics, including body size, colouration, 409 

conspicuousness, and behaviour, can influence the probability that individuals are 410 

detected and subsequently recorded. A large body of research has shown that 411 

detectability error is widespread in some forms of citizen science (Tulloch and 412 

Szabo, 2012, Boakes et al., 2016, Xue et al., 2016, Troudet et al., 2017, Robinson 413 

et al., 2018, Lobo et al., 2021, Petersen et al., 2021, Stoudt et al., 2022, Huang et 414 

al., 2023). For example, large bird species are more frequently recorded because 415 

they are easier to observe and identify (Callaghan et al., 2021, Stoudt et al., 2022, 416 

Alfeus et al., 2025). Similarly, in opportunistic butterfly datasets, species with bright 417 

colours or more visually attractive appearances often receive more records, 418 

whereas common species lacking distinctive features may be overlooked by 419 

recorders (Dennis et al., 2006, Kral-O'Brien et al., 2020).  420 

 421 

Species detectability may also shift abruptly when new technologies or survey 422 

methods are introduced, for example through improved optical equipment, 423 

enhanced identification support from new field guides or AI-based classifiers 424 

(Santoro et al., 2025, Sharpe et al., 2025), and more effective active-sampling tools, 425 

including novel pheromone lures and trap designs (Thomaes et al., 2022). 426 

 427 

Sampling completeness 428 

When spatial locations constitute the population units, incomplete sampling can 429 

introduce nonsampling bias by causing site-level estimates of species richness or 430 

community composition to systematically deviate from their true values. 431 

 432 



Sampling completeness refers to the extent to which a survey records all species 433 

present at a given site (Sánchez-Fernández et al., 2021). At the individual level, 434 

this is often reflected in list length. Sampling completeness may be influenced by 435 

multiple factors, such as recorders’ species preferences, recorders’ skills and 436 

expertise, or the unintentional overlooking of certain species, all of which can 437 

result in incomplete records (Jacobs and Zipf, 2017, Sánchez-Fernández et al., 438 

2021, Backstrom et al., 2024, Alfeus et al., 2025). At larger spatial scales, such 439 

incompleteness may manifest as uneven sampling effort, where some locations 440 

are heavily surveyed while others receive little or no observation (La Sorte and 441 

Somveille, 2020, Chanachai et al., 2024, Barreiro et al., 2025). From a long-term 442 

perspective, the completeness of surveys at a given location typically increases as 443 

observation time accumulates and more visits are conducted (Backstrom et al., 444 

2024). However, ensuring complete sampling across all sites within a short time 445 

frame remains challenging (Backstrom et al., 2024), as it is often uncertain whether 446 

additional species may still be detected in the future. Consequently, assessments 447 

of sampling completeness might use results from previous structured surveys as 448 

a reference (Brown et al., 2020).  449 

 450 

Survey methods  451 

Survey methods can introduce nonsampling bias when they systematically distort 452 

the quantities estimated at sampled sites. Differences among methods in their 453 

ability to detect, capture, identify, or count organisms can cause site-level 454 

observations to deviate from the underlying true values. Active sampling methods 455 

can present particular challenges because the effects of environmental covariates 456 

on the estimand may be complex and non-linear. A classic example is the 457 

relationship between pan-trap capture rates and floral resources (Wilson et al., 458 

2008, Shrestha et al., 2019): traps may capture fewer insects in flower-rich habitats 459 

than in flower-poor habitats, even when the true abundance of insects is higher, 460 

because abundant natural flowers compete with the traps for insect attraction 461 

(Wilson et al., 2008). 462 

 463 

However, the classification of these effects depends on how the target population 464 

is defined. When species rather than spatial locations constitute the population 465 

units, survey methods may also generate taxonomic nonsampling bias by 466 

systematically distorting the quantities estimated for species that have already 467 

been included in the sample. 468 

 469 

Temporal issues 470 

When spatial locations constitute the target population and the sampling units 471 

have already been selected, nonsampling bias arises when any aspect of the 472 



subsequent observation or measurement process causes the estimated values for 473 

those sampled units to systematically deviate from their true values. 474 

 475 

One form of temporal issues occurs when recording activity is disproportionately 476 

concentrated at particular time points or during specific time periods, causing 477 

per-period estimates to overrepresent conditions associated with those times. For 478 

example, studies of volunteer recording activity have shown that observations can 479 

be concentrated in the evening, late at night, or shortly before sunrise rather than 480 

around midnight, potentially reflecting individual recorder preferences or 481 

targeted searches for nocturnal species (Arazy et al., 2024, Willig et al., 2024). It 482 

has also been reported that some species records are substantially more frequent 483 

during daytime than at night, which may be partly attributed to higher species 484 

detectability under daylight conditions and that most human recording activity is 485 

diurnal (Welvaert and Caley, 2016, Fraisl et al., 2022, Arazy et al., 2024). 486 

Approximately 60% of invertebrates are nocturnal, with a similar proportion of 487 

mammals, whereas less than 20% of birds are nocturnal (Hölker et al., 2010). This 488 

mismatch increases the likelihood of recording diurnal taxa, making birds more 489 

likely to be recorded than mammals, and day-flying butterflies more likely to be 490 

recorded than night-flying moths (Hölker et al., 2010). In addition, some studies 491 

have shown that larger bodied species tend to be more active during the warmest 492 

periods of the day, which may further bias records towards these time windows 493 

and contribute to the underrepresentation of nocturnal species (Rosário et al., 494 

2024, Idec et al., 2025, Rosário et al., 2025).  495 

 496 

At the week and seasonal levels, some studies have shown that citizen science 497 

recorders tend to record more frequently during weekends and this pattern is 498 

likely to reflect greater recorder availability during weekends, when many people 499 

have fewer work related commitments and more opportunities to participate in 500 

observation activities (Welvaert and Caley, 2016, Zhang, 2020, Di Cecco et al., 501 

2021, Fraisl et al., 2022, Rosário et al., 2024, Rosário et al., 2025). However, others 502 

have reported lower submission rates during weekends, which may be explained 503 

by recorders collecting data during spare moments on weekdays (Khoi and 504 

Casteleyn, 2018). This pattern may also be related to the uneven demographics 505 

of citizen science participants, who tend to be older and have higher incomes than 506 

the general population (Pateman et al., 2021), and may therefore have more 507 

flexible schedules or more free time and be less constrained by weekday versus 508 

weekend differences. 509 

Some studies have also shown that citizen science participants tend to conduct 510 

sampling more frequently in spring and summer (Bishop et al., 2013, Hadj-511 

Hammou et al., 2017, Rosário et al., 2024, Rosário et al., 2025). However, others 512 

have reported an overrepresentation of records in winter, which is mainly related 513 

to the characteristics of target species (Milberg et al., 2024).  514 



 515 

Specific events may alter the number of records for particular species even when 516 

observation locations remain fixed, potentially distorting species-level estimates 517 

during the affected period. For example, the COVID 19 pandemic had a significant 518 

impact on citizen science data (Basile et al., 2021, Crimmins et al., 2021, Sánchez-519 

Clavijo et al., 2021, Sweet et al., 2022, Dimson and Gillespie, 2023, Zhang et al., 520 

2024). Some studies have illustrated that, under social distancing measures, 521 

people showed a significantly increased willingness to participate in outdoor 522 

activities and some countries did not impose strict restrictions on outdoor 523 

activities, which led to a peak in data submissions during this period (Dimson and 524 

Gillespie, 2023, Zhang et al., 2024).  525 

 526 

Taxonomic populations 527 

For taxonomic populations, nonsampling bias arises when the values associated 528 

with sampled species are systematically mismeasured or misestimated. 529 

Species preference 530 

Species preference can also generate nonsampling bias in taxonomic populations 531 

when it alters the estimated values of already sampled species, rather than 532 

determining which species enter the sample. Because the underlying mechanisms 533 

of species preference have been discussed above, they are not considered in 534 

detail again here. 535 

Species detectability 536 

The underlying mechanism is similar to that discussed for spatial populations, but 537 

here species rather than locations constitute the population units. Differences in 538 

detectability can therefore affect the probability that individual species are 539 

included in the sample. For example, visually attractive or conspicuous species 540 

may be more likely to be noticed and recorded, resulting in their 541 

overrepresentation in the observed species list. As the mechanisms affecting 542 

detectability have already been discussed above for spatial populations, they are 543 

not repeated in detail here. 544 

 545 

Recorder’s skill level 546 

Recorder skill level affects the measurement component because differences in 547 

observers’ ability to detect, identify, and count species can lead to missed 548 

detections, misidentifications, and inaccurate abundance estimates (Johnston et 549 

al., 2023). 550 

 551 

Recorders can be classified according to their level of expertise, such as experts 552 

and non-experts (Kosmala et al., 2016, Brown and Williams, 2019, McCarthy et al., 553 



2021, Huang et al., 2023, Zheng et al., 2025), or according to their residential 554 

status, such as tourists and residents (Tulloch and Szabo, 2012, Dimson and 555 

Gillespie, 2023). Studies have shown that data provided by tourists and residents 556 

may differ in both spatial distribution and the types of species recorded, and their 557 

levels of observational skill may also vary (Dimson and Gillespie, 2023, Li et al., 558 

2025, Grady et al., 2026). Some recorders, due to limited taxonomic skills, may be 559 

more inclined to record common or easily identifiable species, while overlooking 560 

species that are more difficult to identify (Crall et al., 2011, Kelling et al., 2015, van 561 

der Wal et al., 2016, Santos-Fernandez and Mengersen, 2021, Goldstein et al., 562 

2024). Incorporating measures of recorder expertise into models can improve 563 

analysis of citizen science data (Johnston et al., 2018). However, while attempts 564 

have been made to classify recorders (Boakes et al., 2016, August et al., 2020) and 565 

assess the impact of recorder behaviour on biodiversity assessments (Pocock et 566 

al., 2023), there are practical challenges in characterising recorder expertise, 567 

including how expertise should be measured and its likely dependence on context, 568 

such as time, space and taxonomic group. Consequently, a widely accepted and 569 

unified framework is still lacking. 570 

 571 

Recorder skill can also contribute to nonsampling bias in spatial populations, 572 

depending on how the population units and estimand are defined. For example, 573 

if locations are treated as the population units, differences in recorder skill may 574 

affect the accuracy of site-level estimates by altering species detection, 575 

identification, or counting within sampled sites. Thus, the same mechanism may 576 

be classified differently depending on whether the unit of interest is a site or a 577 

species. 578 

Temporal issues 579 

When species constitute the target population and the sampled species have 580 

already been selected, nonsampling bias arises when any aspect of the 581 

subsequent observation or measurement process causes the estimated values for 582 

those species to systematically deviate from their true values. The classification of 583 

bias therefore depends on how the target population is defined. Many of the 584 

underlying mechanisms are the same as those discussed for spatial populations, 585 

so they are not repeated here; instead, we focus on aspects that differ when 586 

species are treated as the population units. 587 

 588 

For example, if the aim is to estimate annual abundance for a sampled species, 589 

the magnitude or direction of bias in that estimate may vary among years. Such 590 

temporal variation can arise for several reasons, including changes over time in 591 

recorder preference for that species or in recorders’ ability to identify it correctly 592 

(Kelling et al., 2015). As the season progresses, recorders may gradually lose 593 

interest in routine species recording and instead focus on specific time points or 594 



events (Bishop et al., 2013). Consequently, the bias may vary across time points, 595 

resulting in differences in both its magnitude and direction over time. 596 

 597 

In addition, when species constitute the target population, temporally clustered 598 

citizen science recording events may introduce taxonomic nonsampling bias by 599 

systematically affecting species-level estimates (Kullenberg and Kasperowski, 600 

2016), such as World Migratory Bird Day on 11 May, bioblitz (Lundmark, 2003), 601 

and the Big Butterfly Count held in the UK during summer (Dennis et al., 2024). 602 

Although these semi-structured recording activities can alleviate some limitations 603 

of unstructured data (often by encouraging complete or constrained taxonomic 604 

lists), they may also concentrate observations within specific dates or time 605 

windows, thereby reinforcing temporal unevenness in records (Dennis et al., 2017). 606 

 607 

Moreover, citizen science participants may compete to become the first to record 608 

a species, which may lead to mismatches between phenology estimated from 609 

citizen science data and that from structured data (Li et al., 2026a), thereby 610 

affecting the prediction of phenological metrics (Bishop et al., 2013); For example, 611 

it has been reported that volunteers may record some species earlier than experts 612 

(Soroye et al., 2018). 613 

 614 

Bias correction 615 

So far, we have defined the estimator as the same functional that defines the 616 

estimand but applied to the available data. This is the ‘plug-in’ estimator and is 617 

the natural starting point. However, more sophisticated estimators often have 618 

lower bias than the plug-in estimator and should therefore be preferred. We 619 

argue that many such estimators can be viewed as attempts to ‘undo’ the 620 

sampling and measurement processes. Starting with sampling, we review these 621 

estimators below.  622 

Estimators that correct sampling bias 623 

Sampling removes units from the target population, thereby changing the relative 624 

frequencies of the variables in 𝑿. Many estimators of population parameters can 625 

be viewed as approaches to restoring the population relative frequencies before 626 

applying the plug-in estimator.  627 

 628 

One approach is to apply weights to sampled units. The idea is to place more 629 

weight on values of 𝑿 that are underrepresented in the sample relative to the 630 

population and vice versa, thereby reconstructing a “pseudopopulation”. 631 

Specifying weights is simple under probability sampling, in which case each unit’s 632 

weight is the reciprocal of the probability that it was included in the sample (Boyd 633 



et al., 2023). Under nonprobability sampling, weights must be estimated (Elliott 634 

and Valliant, 2017). Having specified weights, one effectively applies the plug-in 635 

estimator to the weighted sample. This approach has been used to estimate 636 

population means, totals and regression coefficients for decades (Horvitz and 637 

Thompson, 1952). In biodiversity science, weighted estimators have been used to 638 

estimate trends in species occupancy, correlates of species occupancy, and trends 639 

in species abundance (Van Swaay et al., 2002, Irvine et al., 2018, Johnston et al., 640 

2020, Fink et al., 2023, Boyd et al., 2024b). 641 

 642 

Closely related to weighting is subsampling. The idea is to create a representative 643 

miniature of the target population (Meng, 2022). Some units are removed, which 644 

effectively gives them zero weight. The plug-in estimator is then applied to the 645 

subsample. This approach has been used to estimate species distributions and 646 

temporal trends thereof (Beck et al., 2014, Boyd et al., 2024b).  647 

 648 

Rather than reweighting the sample, a second class of estimators reconstructs the 649 

population by predicting or imputing values for nonsampled population units 650 

(Elliott and Valliant, 2017). The plug-in estimator is then applied to imputed or 651 

predicted dataset. This approach has been used in biodiversity science to estimate 652 

trends in species abundance (Boyd et al., 2025) and parameters describing species 653 

traits (Johnson et al., 2021).  654 

Estimators that correct nonsampling bias 655 

Many estimators of population parameters can be viewed as attempts to recover 656 

the latent value of the variable(s) of interest on sampled units, thereby 657 

reconstructing the hypothetical error-free sampled population. Canonical 658 

examples in biodiversity science include occupancy-detection and N-mixture 659 

models (MacKenzie et al., 2002, Royle, 2004). These models exploit replicate data 660 

on plant and animal occupancy or abundance to estimate detection probabilities, 661 

which are then used to infer the true latent occupancy or abundance. Importantly, 662 

as emphasised by MacKenzie et al. (2002), these models do not deal with sampling 663 

bias.  664 

Estimators that correct sampling and nonsampling bias 665 

It is also possible to construct estimators that simultaneously correct sampling and 666 

nonsampling biases. For example, Irvine et al. (2018) and Johnston et al. 667 

(2020)constructed likelihood-weighted occupancy detection-models. The 668 

likelihood weights represent an attempt to ‘undo’ the sampling process, and the 669 

detection sub-model uses data on replicate visits to correct for imperfect 670 

detection.  671 



Recommendations 672 

We recommend that researchers first define the estimand clearly, including the 673 

target population, variables, and parameter of interest, and then determine which 674 

component of the inferential process each source of bias affects. Corrections 675 

should be selected according to the underlying source of error, with explicit 676 

consideration of which limitations can be corrected analytically or through study 677 

design and which can only be addressed by narrowing or changing the scope of 678 

interpretation. In this way, the estimand framework supports both more 679 

appropriate treatment of inferential error and the identification of further 680 

questions about how biodiversity data are generated and interpreted. 681 
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