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Abstract  Citizen science data are increasingly used to infer species distributions and monitor biodiversity at large spatial 
scales. However, recording effort is often uneven across space, potentially biasing inferences about species’ distributions. 
We analysed 51,045 butterfly records submitted via the iRecord Butterflies app in Devon and Cornwall, in the southwest 
of the United Kingdom. We used negative binomial models to examine how land cover and three public access variables 
influenced the number of butterfly records in two groups of species: wider countryside species (WS) and habitat specialists 
(HS). Results show that the area of public access land was a consistently important explanatory variable of recording effort 
across both WS and HS. Footpath density showed a significantly stronger effect on number of records for WS than for HS. 
Moreover, predicted recording deficits, defined as the difference between model predictions of record density under current 
and maximum access scenarios, were widespread. Deficits tended to occur in areas predicted to provide suitable butterfly 
habitat but with relatively low public access, whereas highly accessible areas were more likely to be recorded. Recording 
deficits for HS are predicted in areas with a high density of semi-natural habitats but low public access; by contrast for WS 
recording deficits are predicted in built-up areas and gardens, where these common species may be widespread but recorder 
effort is highly localised. Implications for insect conservation. Improving the spatial representativeness of citizen science 
data may therefore require complementary strategies: encouraging recording close to residences for WS and securing access 
to restricted semi-natural habitats for HS. By explicitly quantifying effects of public access, our f3amework moves beyond 
intuitive explanations and offers empirical, operational guidance for identifying and addressing spatial data gaps, thereby 
helping to improve the spatial representativeness and reliability of citizen science data.
Implications for insect conservation  Improving the spatial representativeness of citizen science data may therefore require 
complementary strategies: encouraging recording close to residences for WS and securing access to restricted semi-natural 
habitats for HS. By explicitly quantifying effects of public access, our framework moves beyond intuitive explanations and 
offers empirical, operational guidance for identifying and addressing spatial data gaps, thereby helping to improve the spatial 
representativeness and reliability of citizen science data.
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Introduction

 Unstructured citizen (community) science provides large-
scale data for investigating insect spatial distributions 
and responses to global drivers (Powney and Isaac, 2015; 
Soroye et al., 2020; Díaz-Calafat et al., 2024) and represents 
an important evidence base for informing insect conserva-
tion policies (Dyer et al., 2017; León-Cortés et al., 2024, 
Roy et al., 2024; Sánchez-Fernández et al., 2026). How-
ever, compared with structured sampling data, unstructured 
citizen science data do not solely represent true species 
abundance, but instead reflect the joint influence of species 
occurrence and recorder behaviour (Mondain-Monval et 
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al., 2024). Thus, the spatial distribution of citizen science 
records may partly reflect where recorders are able to go 
based on public access to land. At the same time, limited 
public access at recording sites may directly restrict or hin-
der recording activity (Jingu and Ogawa, 2025). However, 
the extent to which public access influences the number of 
species records, and the mechanisms through which this 
occurs, remain poorly quantified.

The extent to which land is legally or practically acces-
sible to the public varies substantially between countries. 
In the United Kingdom (UK), legal rights to access differ 
between the constituent nations; in Scotland the public has 
a statutory right of access to most land, while in England 
and Wales there are explicit legal frameworks for public 
rights of access, such as the Countryside and Rights of Way 
Act 2000, which grants the public the right to access certain 
types of rural land and formally designated public rights of 
way (Rischel, 2024; Natural England, 2025). In contrast, 
land tenure in the United States is rooted in a strong tradi-
tion of private property rights, and generally lacks a legal 
framework equivalent to a “freedom to roam” (Robertson, 
2010). As a result, public land access exhibits spatial varia-
tion, which may in turn shape the spatial distribution of citi-
zen science records.

Public access can be quantified by metrics such as the 
density of public footpath networks and the extent of open 
access areas, as well as by proxy measures such as the local 
human population density (Choi et al., 2020). Accessibility 
is expected to be higher in areas with dense public foot-
path networks, short distances to paths or roads, and high 
surrounding human population densities, which increase 
the availability of potential recorders (Mair and Ruete, 
2016; Guetté et al., 2022; Mandeville et al., 2022). Collec-
tively, these factors capture landscape accessibility and are 
expected to shape observed patterns of species occurrence 
in citizen science data.

Beyond public access, citizen science observations inher-
ently reflect the habitats occupied by species, as records can 
only occur where the species is present and are therefore 
constrained by the species’ distribution. For both wide-
spread and range-restricted butterfly species, the influence 
of land cover on their occurrence and abundance has been 
widely documented (Krämer et al., 2012; Börschig et al., 
2013; Dapporto and Dennis, 2013; Habel et al., 2023). 
Therefore, when assessing the effects of public access in 
citizen science data, land cover must be incorporated into 
models to account for underlying ecological constraints 
(Han et al., 2021; Cooper et al., 2024; Kasiske et al., 2025; 
Wang et al., 2025).

Whilst it is already recognised that limited public access 
can hinder recording by citizen scientists, the magnitude of 
this effect has rarely been quantified. Here, we model the 

effects of public access on butterfly records in the south-
west, explicitly quantifying the influence of public footpaths 
and open access land. We hypothesise that restrictions on 
public access disproportionately limit the number of records 
for both widespread and non-widespread species. By disen-
tangling accessibility-driven recording bias from ecological 
patterns, this approach helps identify species and areas that 
are under recorded and provides a predictive framework for 
guiding future recording effort.

Methods

Study area

The counties of Devon and Cornwall in southwest England 
form a peninsula covering approximately 10,200 km2. The 
region is predominantly rural, with land use dominated by 
agriculture. Major urban centres include Plymouth, Torbay 
and Exeter. Elevation ranges from sea level to approxi-
mately 600 m, with granite upland areas characterised by 
rough grazing, heathland, moorland and blanket bog, while 
lowland areas typically comprise a mosaic of arable farm-
ing, livestock pasture, semi natural woodland and commer-
cial forestry (Gatis et al., 2025). Important butterfly habitats 
include coastal dunes and grasslands, semi natural grass-
lands, woodland and heathland. Hedgerows and suburban 
gardens also provide key habitats for several species (Spald-
ing, 2022).

Data

All data processing, modelling, and prediction were con-
ducted at the level of 1 km2 grid square defined by the Brit-
ish National Grid, which served as the fundamental spatial 
unit of the study. Within each grid square, butterfly occur-
rence records, public access variables, and land cover char-
acteristics were summarised. Butterfly record counts were 
then modelled using species-specific negative binomial 
generalized linear models with public access and land cover 
variables as predictors. Model outputs were used to predict 
record numbers for each grid square under original geo-
graphic conditions and under a high accessibility scenario 
defined as the 95th percentile of public access. All statistical 
analyses were conducted in Python (version 3.12.4; Python 
Software Foundation). Finally, predicted outputs were visu-
alised in QGIS (version 3.34) (Qgis.org, 2025) to identify 
areas with low sampling effort and potential recording gaps.

Butterfly occurrence records were sourced from the iRe-
cord Butterflies mobile application, which collects obser-
vations submitted by citizen scientists. The scheme is run 
by the UK Centre for Ecology & Hydrology in partnership 
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with Butterfly Conservation. We used iRecord Butterflies 
data to focus on spatial variation within a single opportu-
nistic, unstructured recording system, rather than combin-
ing datasets collected under different recording protocols. 
Our analysis focused on Devon and Cornwall in southwest 
UK, corresponding to Watsonian Vice Counties 1, 2, 3 and 
4 (Dandy, 1971). The dataset comprised 51,045 butterfly 
occurrence records collected between 14 July 2011 and 1 
April 2024. All available records were retained for analysis 
because the vast majority had been verified and accepted by 
local taxonomic experts, while only a very small propor-
tion (< 0.05%) remained unconfirmed but were classified as 
plausible.

 Public access was quantified using three indicators (see 
definition in Table 1 and spatial distribution in Fig. 1): Foot-
path length, public access area and human population den-
sity. In terms of land cover, ten aggregated classes of land 
cover in the UKCEH Land Cover Map for 2023 (Morton 
et al., 2024), hedgerow length per kilometre square (Hedge 
length) and area of sand dunes per kilometre square (Sand 

dunes) were used. Each butterfly species recorded in the 
Devon and Cornwall dataset was assigned to the land cover 
types in which it is typically found, based on expert eco-
logical knowledge provided by one of the authors, who has 
extensive experience in regional butterfly recording (Table 
2). The analysis was restricted to wider countryside species 
(WS) and habitat specialists (HS) defined by ASHER et al. 
(2001). A summary of data availability for each species, 
including the total number of records and the number of 
occupied 1 km2 British National Grid monads, is provided 
in Table S2. All other relevant dataset information is avail-
able in the supplementary material.

Statistical modelling and prediction

For each species with a sufficient sample size (more than 
20 records), we modelled number of records per 1 km2 grid 
square as a function of land cover and public access using 
negative binomial generalized linear models. All explana-
tory variables were Z score standardised prior to modelling. 
Pairwise Pearson correlation coefficients were calculated 
among all predictor variables before model fitting to assess 
potential multicollinearity, with correlations |r| > 0.5 con-
sidered indicative of potentially strong correlation. For each 
species, two models were fitted: (1) a full model, including 
public access variables and species-specific land cover vari-
ables; (2) a no public access model, including land cover 
variables only. Model comparison was primarily based on 
differences in AIC and McFadden’s pseudo R2.

Table 1  Square-level public access variables
Variable name Description
Footpath length Total length (km) of public rights 

of way (footpaths, bridleways and 
byways) within each grid square

Public access area Total public access area (km²) 
within each grid square

Population density Human population density (people 
per km²) within each grid square

Fig. 1  Spatial patterns of access-
related variables. The panels show 
A public access area, B popula-
tion density, C footpath length, 
and D built-up areas and gardens, 
all expressed per km². Although 
built-up areas and gardens is clas-
sified as a land cover category, it 
is shown here because of its con-
ceptual relevance to public access. 
Warmer colours represent higher 
values of each variable, and the 
scale bar applies to all panels
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After model fitting, we extracted the standardised regres-
sion coefficients of the public access variables together with 
their 95% confidence intervals. Coefficients were further 
transformed to the exponential scale to facilitate interpre-
tation of effect sizes. Statistical significance was assessed 
using p values. Residual spatial autocorrelation was also 
assessed using Moran’s I calculated from the Pearson 
residuals of each species-specific negative binomial model. 

Spatial neighbours were defined as grid-cell centroids 
within 1500 m of each focal British National Grid monad 
centroid. This threshold captures directly adjacent and diag-
onal neighbouring monads in the regular 1 km2 grid while 
allowing coastal and boundary cells to have fewer neigh-
bours. Moran’s I was calculated for both the full model and 
the model excluding public access variables.

Table 2  Information on butterfly species in Devon and Cornwall. Land cover types listed represent the main habitats associated with each species 
in Devon and Cornwall
Common name Scientific name Spe-

cies 
type

Land cover types

Brimstone Gonepteryx rhamni WS Broadleaf woodland│Freshwater│Hedge
Brown Argus Aricia agestis WS Semi-natural grassland│Sand dunes
Comma Polygonia c-album WS Broadleaf woodland│Improved grassland│Semi-natural grassland│Built-up 

areas and gardens│Hedge
Common Blue Polyommatus icarus WS Semi-natural grassland
Dark Green Fritillary Speyeria aglaja HS Semi-natural grassland│Sand dunes
Dingy Skipper Erynnis tages HS Semi-natural grassland│Mountain heath and bog│Sand dunes
Gatekeeper Pyronia tithonus WS Arable│Improved grassland│Semi-natural grassland│Built-up areas and 

gardens│Hedge
Grayling Hipparchia semele HS Mountain heath and bog│Coastal
Green Hairstreak Callophrys rubi HS Semi-natural grassland│Mountain heath and bog
Green-veined White Pieris napi WS Broadleaf woodland│Semi-natural grassland│Mountain heath and 

bog│Freshwater│Built-up areas and gardens, Hedge
Grizzled Skipper Pyrgus malvae HS Semi-natural grassland│Sand dunes
Heath Fritillary Melitaea athalia HS Broadleaf woodland│Semi-natural grassland│Mountain heath and bog
High Brown Fritillary Fabriciana adippe HS Semi-natural grassland
Holly Blue Celastrina argiolus WS Broadleaf woodland│Improved grassland│Semi-natural grassland│Built-up 

areas and gardens│Hedge
Large Skipper Ochlodes sylvanus WS Broadleaf woodland│Semi-natural grassland│Sand dunes│Hedge
Large White Pieris brassicae WS Arable│Semi-natural grassland│Built-up areas and gardens│Hedge
Marbled White Melanargia galathea WS Semi-natural grassland
Marsh Fritillary Euphydryas aurinia HS Semi-natural grassland│Mountain heath and bog
Meadow Brown Maniola jurtina WS Arable│Improved grassland│Semi-natural grassland│Built-up areas and 

gardens│Hedge
Orange-tip Anthocharis cardamines WS Semi-natural grassland│Freshwater│Built-up areas and gardens, Hedge
Peacock Aglais io WS Improved grassland│Semi-natural grassland│Built-up areas and gardens│Hedge
Pearl-bordered Fritillary Boloria euphrosyne HS Broadleaf woodland│Semi-natural grassland
Purple Hairstreak Favonius quercus WS Broadleaf woodland│Improved grassland│Semi-natural grassland│Hedge
Ringlet Aphantopus hyperantus WS Broadleaf woodland│Semi-natural grassland│Hedge
Silver-studded Blue Plebejus argus HS Semi-natural grassland│Mountain heath and bog│Sand dunes
Silver-washed Fritillary Argynnis paphia HS Broadleaf woodland│Hedge
Small Copper Lycaena phlaeas WS Improved grassland│Semi-natural grassland
Small Heath Coenonympha 

pamphilus
WS Semi-natural grassland│Mountain heath and bog│Sand dunes

Small Pearl-bordered 
Fritillary

Boloria selene HS Semi-natural grassland│Coastal│Sand dunes

Small Skipper Thymelicus sylvestris WS Semi-natural grassland│Sand dunes
Small Tortoiseshell Aglais urticae WS Improved grassland│Semi-natural grassland│Built-up areas and gardens│Hedge
Small White Pieris rapae WS Arable│Semi-natural grassland│Built-up areas and gardens
Speckled Wood Pararge aegeria WS Broadleaf woodland│Semi-natural grassland│Built-up areas and gardens│Hedge
Wall Lasiommata megera WS Semi-natural grassland│Mountain heath and bog│Coastal│Hedge
White Admiral Limenitis camilla HS Broadleaf woodland
Wood White Leptidea sinapis HS Broadleaf woodland
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We then predicted the number of species occurrence 
records expected under contrasting public access scenar-
ios for each square (Fig. 2). Under the observed scenario, 
predicted numbers of records were generated using the 
observed values of public access and land cover variables 
within each 1 km2 grid square, standardised on the same 
scale as used during model fitting (Fig. 2, panel A and B). 
We also evaluated scenarios under the assumption that the 
relationships among variables remain unchanged when 
public access is increased to high levels, represented by the 

95th percentile values across the study area as proxies for 
maximum access (Fig. 2, panel C). Land cover variables 
were retained at their observed values within each 1 km² 
grid square to simulate potential recording intensity under 
conditions of high accessibility. For each species, the differ-
ence between predicted values under the observed and high 
public access scenarios was then calculated to quantify the 
potential effect of changes in public access on number of 
records (Fig. 2, panel D).

Results

 Among the 36 butterfly species analysed (Table 2), 34 were 
successfully fitted with models (Table 3). Negative binomial 
models could not be fitted for Heath Fritillary and Silver-
studded Blue because the optimisation returned non-finite 
log likelihood values, indicating numerical instability and 
failure to converge, likely arising from extremely sparse 
records and highly restricted spatial occurrence. Delta AIC 
values were positive for only one species and negative for 
all others, indicating that models including public access 
variables generally achieved lower AIC which indicated 
reduced information loss and better relative predictive per-
formance. McFadden’s R2 values of models including both 
access and land cover variables were greater than 0.05 for 
all fitted species, suggesting acceptable model performance. 
Footpath length was significantly associated with the 
number of records for 32 species, of which three showed 
negative relationships. Human population density was sig-
nificantly associated with the number of records for 24 spe-
cies, of which nine showed negative relationships. Public 
access area was significantly associated with the number of 
records for 28 species, of which two showed negative rela-
tionships. Detailed results are provided in Table 3 and Fig-
ure S1. Pairwise correlations among the three public access 
variables were all below |r| = 0.5, indicating no strong cor-
relation among these predictors (Table S3). Residual spatial 
autocorrelation was detected in the species-specific negative 
binomial models. Moran’s I calculated from Pearson residu-
als showed significant positive spatial autocorrelation for all 
fitted models, including both the full models and the models 
excluding public access variables (Table S1). This indicates 
that neighbouring 1 km2 grid cells tended to have more 
similar residuals than expected under spatial independence.

WS exhibited more consistently positive responses to 
footpath length than HS (Fig. 3), where WS had a higher 
mean coefficient (0.29) than HS (0.02), and this differ-
ence was statistically significant based on Welch’s t-test 
(t = 2.19, df = 11.80, p = 0.025). For population density, 
mean coefficients were slightly positive for WS (0.03) but 
more negative for HS (mean = − 1.50), although difference 

Fig. 2  Illustration of the four map types produced in this study, shown 
using Speckled Wood as an example at 1 km2 grid square resolution 
across Devon and Cornwall. A Observed number of records; B Pre-
dicted number of records under observed public access; C Predicted 
number of records under the 95th percentile public access scenario; 
D Recording deficit, calculated as predicted records under observed 
access minus predicted records under the 95th percentile access sce-
nario. Specifically, warmer colours indicate a lower recording deficit 
in panel D
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between WS and HS was not significant (t = 1.32, df = 11.03, 
p = 0.105) (Fig. 3). For public access area, mean coefficients 
were positive for both WS (0.31) and HS (0.38), with HS 
showing greater variability and more negative outliers, 
but no significant group difference (t = − 0.27, df = 12.21, 
p = 0.604) (Fig. 3).

For WS, there is a predicted recorder deficit in areas 
dominated by built-up areas and gardens (Fig. 4, panel A; 
Fig. 1, panel D) but with few public footpaths or access land 
(Fig. 1, panel A and C), forming a clear suburban deficit 

that represents the predominant spatial pattern for these spe-
cies. For HS, no comparable suburban recorder deficit is 
predicted (Fig. 4, panel B; Fig. 1, panel D). Instead, their 
recorder deficit is concentrated in inland countryside areas 
characterised by high proportions of semi-natural habitats 
(e.g., broadleaf woodland, lowland heath, and sand dunes) 
but limited public access area (Fig. 4, panel B; Fig. 1, panel 
A). In contrast, a generally low recorder deficit is predicted 
across most moorland areas, including Dartmoor, Bod-
min Moor, West Penwith, and the Lizard (Fig. 4, panel B). 

Table 3  Model fit and public access effects from negative binomial models for each butterfly species
Common name McFad-

den’s R2
ΔAIC Footpath 

length coef-
ficient (95% 
CI)

Footpath length 
significance

Population 
density coef-
ficient (95% 
CI)

Popula-
tion density 
significance

Public access 
area coef-
ficient (95% 
CI)

Public 
access 
area sig-
nificance

Brimstone 0.11 −59.88 0.06 ± 0.07 0.21 ± 0.05 *** 0.19 ± 0.07 ***
Brown Argus 0.47 −97.69 0.18 ± 0.12 ** 0.32 ± 0.08 *** 0.78 ± 0.18 ***
Comma 0.13 −151.91 0.32 ± 0.04 *** −0.03 ± 0.06 −0.08 ± 0.09
Common Blue 0.14 −1183.33 0.42 ± 0.04 *** 0.32 ± 0.03 *** 0.64 ± 0.06 ***
Dark Green Fritillary 0.16 −95.46 0.27 ± 0.07 *** 0.28 ± 0.08 *** 0.61 ± 0.16 ***
Dingy Skipper 0.12 1.32 0.17 ± 0.13 * 0.12 ± 0.17 −0.07 ± 0.33
Gatekeeper 0.14 −347.29 0.23 ± 0.03 *** −0.15 ± 0.05 *** 0.32 ± 0.06 ***
Grayling 0.23 −141.19 0.45 ± 0.08 *** 0.27 ± 0.09 *** 0.54 ± 0.12 ***
Green Hairstreak 0.18 −275.52 0.27 ± 0.06 *** 0.04 ± 0.18 0.88 ± 0.11 ***
Green-veined White 0.08 −163.13 0.21 ± 0.04 *** −0.27 ± 0.09 *** 0.37 ± 0.10 ***
Grizzled Skipper 0.43 −17.60 0.27 ± 0.10 *** −1.56 ± 2.79 −1.75 ± 1.75 *
High Brown Fritillary 0.30 −104.49 −1.07 ± 0.61 *** 0.23 ± 0.16 ** 1.24 ± 0.22 ***
Holly Blue 0.22 −160.43 0.31 ± 0.04 *** −0.03 ± 0.05 0.02 ± 0.08
Large Skipper 0.09 −190.20 0.27 ± 0.05 *** 0.24 ± 0.05 *** 0.47 ± 0.10 ***
Large White 0.22 −278.07 0.25 ± 0.03 *** −0.14 ± 0.05 *** 0.24 ± 0.07 ***
Marbled White 0.08 −153.64 0.14 ± 0.07 *** 0.25 ± 0.05 *** 0.57 ± 0.11 ***
Marsh Fritillary 0.11 −143.31 0.15 ± 0.08 *** −14.08 ± 5.01 *** 0.36 ± 0.13 ***
Meadow Brown 0.12 −419.42 0.23 ± 0.03 *** −0.04 ± 0.05 0.36 ± 0.05 ***
Orange tip 0.11 −305.84 0.38 ± 0.04 *** −0.25 ± 0.07 *** 0.02 ± 0.09
Peacock 0.12 −341.29 0.34 ± 0.03 *** −0.13 ± 0.06 *** 0.16 ± 0.07 ***
Pearl-bordered Fritillary 0.28 −97.05 −0.24 ± 0.21 * −1.16 ± 1.84 0.90 ± 0.17 ***
Purple Hairstreak 0.10 −17.07 0.25 ± 0.08 *** 0.21 ± 0.10 *** −0.01 ± 0.27
Ringlet 0.09 −206.46 0.29 ± 0.04 *** 0.27 ± 0.04 *** 0.17 ± 0.09 ***
Silver-washed Fritillary 0.11 −22.29 0.11 ± 0.06 *** 0.10 ± 0.07 ** 0.15 ± 0.08 ***
Small Copper 0.15 −669.87 0.45 ± 0.04 *** 0.18 ± 0.04 *** 0.56 ± 0.07 ***
Small Heath 0.18 −313.96 0.29 ± 0.05 *** 0.17 ± 0.07 *** 0.66 ± 0.09 ***
Small Pearl-bordered 
Fritillary

0.27 −428.61 0.39 ± 0.06 *** −0.28 ± 0.39 1.18 ± 0.12 ***

Small Skipper 0.08 −198.21 0.25 ± 0.05 *** 0.25 ± 0.04 *** 0.44 ± 0.10 ***
Small Tortoiseshell 0.16 −487.25 0.46 ± 0.03 *** −0.18 ± 0.06 *** −0.11 ± 0.09 *
Small White 0.19 −491.97 0.23 ± 0.03 *** −0.14 ± 0.05 *** 0.45 ± 0.06 ***
Speckled Wood 0.17 −820.52 0.44 ± 0.03 *** −0.06 ± 0.05 * 0.24 ± 0.06 ***
Wall 0.16 −465.80 0.52 ± 0.04 *** 0.12 ± 0.07 *** 0.40 ± 0.09 ***
White Admiral 0.29 −18.42 −0.06 ± 0.25 0.18 ± 0.23 0.52 ± 0.18 ***
Wood White 0.07 −6.92 −0.52 ± 0.47 * −2.16 ± 3.27 −0.03 ± 0.30
McFadden’s R2 refers to the fit of the full model including all public access variables. ΔAIC represents the difference between the full model 
and a reduced model excluding all public access variables and negative values indicate stronger support for the full model. Coefficients are 
untransformed log-scale estimates from the full negative binomial model; positive values indicate higher predicted records with increasing 
predictor values, and negative values indicate the opposite
Significance levels are shown as: * p < 0.05, ** p < 0.01, *** p < 0.001
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These patterns should be interpreted as relative spatial pat-
terns within each species or species group, rather than as 
direct comparisons of absolute deficit values among species. 
Because a small number of grid cells had extreme predicted 
values, species-specific relative scales were used to high-
light where under-recording was most pronounced within 
each species; the underlying grid-level predicted deficit val-
ues are provided as supplementary TIFF files.

Discussion

Based on negative binomial models predicting the spatial 
distribution of number of records of butterfly species in the 
southwest of the UK, we show how public access to land 
systematically shapes recording patterns across space. Spe-
cies-level coefficients revealed that wider countryside spe-
cies (WS) had a significantly stronger positive association 
with footpath length than habitat specialists (HS), while no 
significant group differences were detected for population 
density or public access area. Footpath length and public 
access area had significantly positive effects on the record-
ing of most species in both groups. We also found that a 
predicted recording deficit, calculated as predicted records 
under observed access minus predicted records under the 
95th percentile access scenario, was widespread and primar-
ily driven by two factors: (1) whether a site was predicted 
to be suitable butterfly habitat based on land cover, and (2) 
whether recorders have physical access to that site. Conse-
quently, a recording deficit tended to emerge in sites that 
were likely to provide good butterfly habitat for a species 
but had relatively low public access. Overall, the map indi-
cates that sites with higher public access are more likely to 
be observed and recorded by citizen scientists, correspond-
ing to the red areas in the recording deficit maps (Fig. 4).

For WS, predicted recording deficits were evident in 
areas dominated by built-up areas and gardens but with 
limited footpath length or public access area (Fig. 4, panel 
A). This is likely because, in urban and suburban areas 
where recorders are active, disproportionate recording of 
widespread butterfly species are derived from private gar-
dens (Dennis et al., 2017; Pendl et al., 2021; Prudic et al., 
2022; Plummer et al., 2023). However, although recorder 
density is typically higher in major urban areas, access to 
private gardens remains restricted (i.e. no public access is 
available). Recording is therefore largely confined to pub-
licly accessible spaces, and/or the private gardens of record-
ers, resulting in highly localised and comparatively scarce 
records within residential landscapes (Jain et al., 2021; 
Pendl et al., 2021; Plummer et al., 2023). Moreover, in 
inland rural regions, the predicted recording deficit showed 
a fragmented pattern across the landscape (Fig. 4, panel A). 
This pattern reflects the uneven distribution of public access 
in rural landscapes (Fig. 1). For example, arable farmland 
is largely inaccessible to the public (Frigerio et al., 2020) 
and such limited access constrains recorder movement and 
likely contributes to reduced recording of WS in these areas 
(Videvall et al., 2016).

In contrast to WS, overall, for HS, predicted record-
ing deficits are lower in coastal areas and in many upland 
moorland areas. Although these areas may host habitat 
specialist species, large portions of the landscape remain 
publicly accessible, especially along the coast with high 
footpath length (Fig. 1, panel C), as these regions tend to 
attract many visitors and recorders (Arkema et al., 2021). In 
built-up areas and gardens, however, low recording deficit 
occurs because many HS do not occur in people’s gardens 
in the first place (Pla-Narbona et al., 2021; Donkersley et 
al., 2022). Instead, their recording deficits are mainly con-
centrated in inland rural areas, which often contain highly 

Fig. 3  Species-level coefficients of public access variables for WS and 
HS. Each boxplot is based on the distribution of species-specific coef-
ficients within each classification (WS or HS) for (a) Footpath length, 
b Population density, and c Public access area; the orange central line 

denotes the median, boxes represent the interquartile range, and whis-
kers show the data range. Reported p-values test differences in mean 
coefficients between WS and HS. The dashed horizontal line indicates 
zero effect
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aggregated semi-natural habitats (such as broadleaf wood-
land, lowland heath, and semi-natural grassland) but have 
relatively poor public access (Henle et al., 2016; Plummer et 
al., 2023). Comparisons between WS and HS species should 
also be interpreted cautiously because the two groups differ 
in species numbers and data density, with some habitat spe-
cialists having fewer records and occupied grid cells, lead-
ing to greater uncertainty in their species-level coefficient 
estimates.

Factors relating to human demographics may also be 
influencing the predicted recording deficit in built-up areas 
and gardens for some species of both HS and WS. Par-
ticipation in biological recording, as with other forms of 
citizen science, lacks diversity, with severe biases based 
on socioeconomic status, ethnicity, gender, age and other 

characteristics (Merenlender et al., 2016; Domhnaill et al., 
2020; Paleco et al., 2021; Walker et al., 2021; Grade et al., 
2022; Nesbit et al., 2024, Pateman et al., 2026).

Implications

The access-related variables yield several important implica-
tions for improving the spatial representativeness of citizen 
science data. Public access area represents a broadly appli-
cable explanatory variable across WS and HS. The signifi-
cantly stronger effect of footpath length for WS compared 
with HS suggests the value of targeting low footpath density 
areas to reduce spatial recording gaps for widespread but-
terfly species. Moreover, built-up areas and gardens may be 
more appropriately treated as a proxy for recording effort, 
rather than solely as a habitat variable (Fig. 1). This is 
because built-up areas typically have higher human popula-
tion densities (Fig. 1) and therefore more potential record-
ers. At the same time, a substantial proportion of urban 
space consists of private gardens or privately owned land 
that are inaccessible to the public (Guzmán Fernández et 
al., 2020; Verheij et al., 2023; Michelle and Satwiko, 2025). 
At the same time, it is possible that private gardens provide 
higher quality habitat for some species than the surrounding 
countryside, and that such habitats are under recorded for 
WS. Thus, built-up areas and gardens are more indicative 
of where people are located and their limited access to sam-
pling sites, not only the underlying quality or suitability of 
butterfly habitats.

To improve the spatial representativeness of recording 
data, two complementary strategies could be adopted. For 
WS, the public could be encouraged to record butterflies 
in and around their residential area, such as in private gar-
dens, for example through initiatives such as the Big Butter-
fly Count (Dennis et al., 2017). For HS, targeted recording 
could be promoted by securing access permissions to cur-
rently restricted inland semi-natural habitats where public 
access is limited.

Our models suggest that the largest recording deficits are 
found in urban areas. Whilst this may be exacerbated by our 
restricted definition of public access parameters in urban 
areas it may also represent a socio-economic effect. The 
models therefore suggest that recording in urban areas war-
rants specific attention, particularly in residential settings 
where access to private gardens may limit spatial coverage 
(Dennis et al., 2017).

By quantifying public access, we can both better under-
stand current recording biases and identify practical routes 
to address data gaps. Through explicitly incorporating 
public access into a negative binomial generalized linear 
model, we can separate ecological patterns from recording 
bias and estimate the potential distribution of records under 

Fig. 4  Mean recording deficit across Devon and Cornwall at 1 km2 grid 
square resolution for (A) WS and (B) HS. Colours indicate the relative 
magnitude of predicted recording deficit within each species group, 
with bluer colours indicating higher relative deficit. Colour scales are 
group-specific and should not be interpreted as directly comparable 
between panels. The scale bar and north arrow apply to both panels
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unrestricted access. Beyond individual species, aggregating 
predicted recording deficits across species could also help 
identify grid cells where species richness may be under-
estimated because multiple species are likely to be under-
recorded, supporting more targeted recording strategies and 
improving the use of citizen science data in biodiversity 
assessment and conservation planning.

Future directions

We acknowledge some limitations of the data sources that 
we used for access related variables. Our model may pre-
dict a relatively high recording deficit due to low footpath 
density (Figs. 1 and 4). This might be because the footpath 
data may only include public rights of way and, therefore, 
do not include all the pavements along public roads in cities, 
towns and villages throughout the two counties. However, 
there may in fact be active recorders observing butterflies in 
private gardens within that grid. Conversely, the same grid 
could consist largely of high-density apartments or heavily 
sealed surfaces, where butterfly habitat is genuinely lim-
ited. Moreover, as the present model does not distinguish 
between different types of built-up areas and gardens, it may 
overlook important within-urban heterogeneity. These mod-
els could be adapted to divide built-up areas and gardens 
into more detailed categories and incorporate these into a 
refitted model in finer spatial scale and improved metrics of 
public access, thereby enhancing the separation of recording 
bias from genuine ecological signals in urban landscapes.

Another limitation of the study is the way that species 
have been associated with relative broad land use classes. 
Each of these classes encompasses a wide range of habi-
tats and ecological communities. For example, here Marsh 
Fritillary is associated with semi-natural grassland but, in 
reality, the species can only occur in a small proportion 
of such grasslands which have a high density of its larval 
hostplants (Smee et al., 2011; Johansson et al., 2020). Thus, 
our approach may overestimate the extent of suitable habi-
tat for some species and consequently influence estimates 
of recording deficit, which are derived from species–land-
cover relationships. These relationships were based on 
expert judgement from a single specialist and may therefore 
introduce some subjectivity.

Residual spatial autocorrelation was detected in the fitted 
models, with Moran’s I tests showing significant positive 
spatial autocorrelation in the Pearson residuals of both the 
full models and the models excluding public access vari-
ables (Table S1). This suggests that some spatially struc-
tured variation in recording intensity remained unexplained, 
and future work could incorporate spatial random effects or 
spatial smooth terms to better account for spatial structure.

Our cross-species comparisons were based on Welch’s 
t-tests applied to species-level coefficient estimates. This 
approach does not propagate the uncertainty associated with 
individual species-level estimates, and results should there-
fore be interpreted as broad comparative patterns rather than 
formal hierarchical inference. Future work could use hier-
archical models to estimate group-level differences while 
accounting for species-level uncertainty.

In addition, the current model does not explicitly incor-
porate other spatial or temporal sources of bias that may 
influence recording patterns, such as sampling preferences 
(Goldstein et al., 2024; Backstrom et al., 2025; Habel et al., 
2025), the spatial distribution of recorders (Li et al., 2025), 
temporal variation in effort (Bishop et al., 2013; Mas-
simino et al. 2021, Li et al., 2026; Sánchez-Fernández et 
al., 2026), or sampling completeness (Sánchez-Fernández 
et al., 2021). We argue that the predicted maps themselves 
likely capture, to some extent, the spatial patterns of these 
underlying biases, rather than reflecting only true species 
distributions or accessibility constraints. Future research 
should, therefore, more systematically disentangle the rela-
tionships among different driving factors, for example by 
assessing interactions between variables or by construct-
ing explicit Directed Acyclic Graphs and quantifying both 
direct and indirect causal pathways (Boyd et al., 2025). 
Such approaches would allow a more precise evaluation of 
the relative contribution of public access to land on varia-
tion in the number of species records, while distinguishing 
its effects from other spatial or temporal sources of bias 
(Pearl, 2009).

Conclusions

Our findings demonstrate that the spatial patterns of spe-
cies distributions recorded by citizen science are shaped not 
only by species’ habitat but also by systematic differences 
in public access. Public access area emerges as a consis-
tently important explanatory variable across both WS and 
HS. In contrast, the stronger effect of footpath length for WS 
highlights the differential sensitivity of species groups to 
access infrastructure and its role in shaping spatial record-
ing patterns. Recording deficits are most likely to emerge 
where suitable butterfly habitat coincides with limited pub-
lic access. Addressing this therefore involves differentiated 
strategies, whereby recording close to residences is priori-
tised for WS, while access to restricted semi-natural habi-
tats is facilitated for HS. By incorporating public access into 
a negative binomial modelling framework, we provide an 
operational tool for identifying potential under recorded sites 
prior to resource allocation, and strengthening management 
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decision making, and supporting more equitable and effec-
tive monitoring strategies.
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