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Biodiversity modelling is essential for explaining and predicting ecological responses 
to environmental change and assessing progress towards targets in the Kunming-
Montreal Global Biodiversity Framework (CBD 2022). The UK benefits from rich 
biodiversity time-series data and numerous open-source environmental datasets. 
However, integrating these into modelling workflows remains challenging – espe-
cially for those without considerable data processing expertise. Fragmented sources, 
spatial and temporal discrepancies and undocumented or unreproducible processing 
methods often create barriers and hinder coordination. We present ‘ukbioprepr’, a 
user-friendly R package developed to address key environmental data preparation chal-
lenges in UK biodiversity modelling. It provides functions for downloading, harmon-
ising and extracting site-level environmental variables from open-source datasets on 
climate, land cover and soil properties. Data products are processed to align spatially 
and temporarily with UK biodiversity data, allowing consistent covariate generation 
from 2000 onwards. Substantial data engineering – including reprojection, temporal 
interpolation and spatial alignment – supports model-ready outputs, whilst limita-
tions (e.g. sparse soil data in urban areas) are transparently documented. ‘ukbioprepr’ 
supports both point-based and grid-based survey data and includes methods for aggre-
gating climate variables over biologically relevant time periods (e.g. seasons, custom 
annual windows). These features enable integration across spatial and temporal scales 
and support diverse biodiversity modelling approaches. We demonstrate its applica-
tion in a case study modelling occupancy of the native UK wildflower Hyacinthoides 
non-scripta. Using derived environmental predictors, we show how these data products 
can inform ecological forecasts under future climate scenarios, predicting a 12.4% 
reduction in suitable habitat area under the most severe scenario (RCP8.5). By lower-
ing technical barriers and enabling consistent environmental data integration, ‘ukbio-
prepr’ supports scalable, reproducible biodiversity modelling across all four nations in 
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the UK. The package exemplifies how targeted frameworks can streamline modelling workflows and improve coordination 
across biodiversity research and policy – principles that can be applied globally.
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Introduction

The world is facing a biodiversity crisis, with an estimated one 
million species currently at risk of extinction (IPBES 2019). 
Reversing this trend requires coordinated global efforts to 
halt biodiversity loss, conserve species and restore ecosystems 
(Leclère et al. 2020). Biodiversity modelling plays a crucial 
role in this process by helping researchers and policymakers 
understand how species respond to environmental change, 
inform conservation strategies and assess progress towards 
important targets prescribed by the Kunming-Montreal 
Global Biodiversity Framework (GBF; CBD 2022).

The availability of environmental data for biodiversity 
modelling is increasing exponentially, aided by improvements 
in data collection methods (e.g. remote sensing) and the push 
towards open-access, online repositories (Zurell et al. 2020). 
However, integrating these data into modelling workflows 
remains a considerable challenge. Data preparation meth-
ods can be labour intensive, fragmented, poorly documented 
and unreproducible – slowing progress and hindering col-
laboration (Munafò et al. 2017). The highly cited ODMAP 
protocol for reporting biodiversity models (Zurell  et  al. 
2020) highlights the importance of clearly detailing techni-
cal data processing steps to enable reproducibility, facilitate 
peer review and improve model reliability – ultimately lead-
ing to more robust biodiversity estimates and predictions 
(Rapacciuolo 2018).

The UK boasts some of the most comprehensive and 
well-coordinated biodiversity and environmental monitoring 
efforts in the world, producing long-term, high-resolution 
datasets across diverse taxa and habitats (Burns et al. 2018). 
However, despite this wealth of data, the UK remains one 
of the most nature-depleted countries globally (Burns et al. 
2013). In response, and in alignment with the GBF, the 
UK nations have committed to halting the decline in spe-
cies abundance by 2030 under the Environment Act 2021 
(c. 30). Meeting this goal, and others of this nature, relies on 
the ability to translate raw biodiversity data into meaning-
ful policy-relevant outputs that inform conservation action. 
Robust, transparent methods for preparing and integrating 
environmental covariates at appropriate spatial and temporal 
scales are therefore essential to unlock the full potential of 
UK biodiversity data.

Several R packages support different steps of biodiversity 
modelling, including data preparation (www.r-project.org; 
Sillero et al. 2023). However, few are specifically tailored to 
the geographical and temporal contexts required for detailed 
national-scale modelling. Of the 60 packages reviewed by 
Sillero et al. (2023), only three – ‘sdmpredictors’ (Bosch and 
Fernandez 2022), ‘geodata’ (Hijmans et al. 2022) and ‘mcera5’ 

(Klinges et al. 2022) – were designed to streamline environ-
mental data compilation. These packages focus primarily on 
global or continental datasets, often with limitations in spatial 
or temporal resolution. For example, ‘sdmpredictors’ includes 
historical data from WorldClim at a 1 km resolution, but 
future projections are only available as 20-year averages at ~ 
18.5 km resolution (Fick and Hijmans 2017). Similarly, bio-
ORACLE, included in both ‘sdmpredictors’ and ‘geodata’, is 
limited to ~ 5.5 km resolution at the equator (Assis et al. 2017). 
While ‘geodata’ does incorporate some land cover data, these 
are derived from ESA WorldCover, which, although available 
at a fine, 10 m resolution, only spans the years 2020–2021 
(Zanaga et al. 2022). The ‘mcera5’ package provides access to 
ERA5 climate data at a coarse ~ 31 km resolution (Copernicus 
Climate Change Service 2017). Furthermore, existing pack-
ages are heavily skewed towards climate variables and rarely 
integrate soil or land cover data to align with the spatial needs 
of UK biodiversity datasets.

In contrast, ‘ukbioprepr’ is specifically designed to sup-
port UK biodiversity modelling by generating environmental 
covariates at a 1 km resolution, precisely aligned with monads 
– 1 × 1 km grid squares defined within a specified coordinate 
reference system – commonly used in monitoring schemes 
such as the Breeding Bird Survey (Gregory et al. 2004) and 
the National Plant Monitoring Scheme (Pescott et al. 2019). 
Although 1 km may be considered coarse in some ecologi-
cal contexts, it provides a meaningful resolution for many 
UK-wide monitoring initiatives. Crucially, ‘ukbioprepr’ 
offers harmonised data products for land cover and climate 
spanning 2000–2023, alongside static soil variables, pro-
viding broader temporal coverage and greater breadth than 
existing tools. By addressing both the spatial and temporal 
mismatches present in other packages, ‘ukbioprepr’ fills a key 
gap for researchers conducting higher resolution, policy rel-
evant biodiversity analyses in the UK.

‘ukbioprepr’ provides user-friendly functions to down-
load, harmonise, and extract pre-prepared environmental 
attributes from existing, open-source datasets on land cover, 
soil properties and climatic variables. Outputs are aligned 
with UK monads and compatible with both British National 
Grid (EPSG:27700) and Irish Grid (EPSG:29900), overcom-
ing a common challenge for users working with biodiversity 
data collected across the UK using different spatial reference 
systems. To accommodate this, data products and methods 
were developed to handle both coordinate systems seamlessly. 
The package streamlines complex spatial and temporal data 
processing steps – such as reprojection and interpolation – 
thereby saving substantial time and effort while supporting 
reproducible, scalable data preparation for a wide range of 
biodiversity modelling applications.
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In this paper, we describe the methods used to generate 
the environmental data products, outline the core functional-
ity of the package, and demonstrate its application in a case 
study modeling the occupancy of Hyacinthoides non-scripta, 
an iconic native UK wildflower. The case study highlights 
how ‘ukbioprepr’ can not only be used to support biodiver-
sity assessment, but also to forecast species responses under 
alternative future climate scenarios.

Data products and sources

The environmental data products available in ‘ukbioprepr’ 
are derived from a range of open-source datasets on UK soil 
properties, land cover classes and climate variables. These ini-
tial data products originate from diverse sources and vary in 
format, spatial resolution and coordinate reference systems 
(Table 1). To ensure consistency and compatibility with UK 
biodiversity survey data, each original data product under-
went a series of processing steps involving projection, align-
ment, masking, and cropping using methods from the ‘terra’ 
package ver. 1.8.42 (Hijmans 2024).

All data products were projected into the British National 
Grid (EPSG:29903) for the UK and Irish Grid (EPSG:29903) 
for Northern Ireland using the project() function where nec-
essary. This step enables seamless handling of British and 
Irish grid references or XY coordinates, supporting spatial 
extraction of environmental values without additional coor-
dinate transformations. Following this, the align() function 
was used to ensure that all rasters were precisely aligned with 
a 1 km monad grid, ensuring that the environmental data 
products correspond directly with biodiversity surveying 
methods, commonly undertaken at the monad level in UK 
monitoring schemes. Masking was applied using the mask() 
function to remove invalid or placeholder values (e.g. zeros or 
extreme negative values) that represented areas with no data 
in the original sources. This ensures that only valid environ-
mental values are retained to avoid erroneous outputs during 

extraction or analysis. The crop() function was also used to 
spatially subset the data products to either the UK or spe-
cifically to Northern Ireland, depending on the coordinate 
reference system.

These processing steps produce standardised raster data 
products at a 1 km resolution, fully aligned with UK and 
Irish grids, and readily usable for modelling and analysis. The 
harmonised datasets are hosted in dedicated online reposito-
ries and can be openly accessed via ‘ukbioprepr’ functions. 
In the sections that follow, we detail any specific processing 
steps and considerations undertaken for each type of environ-
mental data product. Although the current release focuses on 
long-term, nationally consistent climate, land cover and soil 
datasets, the same workflow can be extended to incorporate 
additional products – such as remote-sensing derived metrics 
– as higher resolution, UK-wide datasets become available.

Soil properties
SoilGrids is a digital mapping system which uses machine 
learning and environmental covariates to map the spatial 
distribution of soil properties, using approximately 240 000 
soil observations worldwide (Poggio et al. 2021, Turek et al. 
2023). SoilGrids was selected for ‘ukbioprepr’ due to its high 
spatial resolution, modern predictive methods and compre-
hensive collection of soil variables. Additionally, predictions 
available at six standardised depth intervals down to 200 cm 
offer more options and scope for biodiversity modelling. A 
further advantage is the inclusion of quantified uncertainty 
estimates, with the UK possessing a relatively low uncertainty 
in a global context (Poggio et al. 2021, Turek et al. 2023). 
While other UK national datasets provide valuable data, they 
often lack the depth resolution and spatial coverage offered 
by SoilGrids (Lawley et al. 2014, UKSO 2025).

Data products for 14 soil properties – including clay pro-
portion, organic carbon density and pH – were created using 
SoilGrids250m ver. 2.0 (Poggio et al. 2021, Turek et al. 2023). 
Original layers were downloaded and converted to standard 
units following SoilGrids guidance (Poggio  et  al. 2021) 

Table 1. Sources and original format for all data products available in the ‘ukbioprepr’ package.

Environmental 
variable type Source Original data product description

Original coordinate 
reference system

Soil properties SoilGrids250m ver. 2.0  
(Poggio et al. 2021,  
Turek et al. 2023)

•	 250 m resolution
•	 Downloadable as one available soil depth for 

one soil property at a maximum of a 2 
longitudinal × 2 latitudinal degrees

•	 Two derived, eight physical and four chemical 
soil properties at up six different depths

EPSG:4326

Land cover UK Centre for Ecology and 
Hydrology (UKCEH) 1 km target 
summary rasters (UKCEH 2025)

•	 1 km resolution
•	 Separate products for Northern Ireland (NI) and 

Great Britain (GB) (Isle of Man not included)
•	 Available for years 2000, 2007, 2015, 

2017–2023

EPSG:29903 for NI, 
EPSG:27700 for GB

Climate variables Met Office HadUK-Grid (Met 
Office et al. 2018)

•	 1 km resolution
•	 Full UK coverage in data product
•	 Monthly measurements for years 1999–2023 

for four climate variables: mean, maximum and 
minimum temperature and precipitation

EPSG:27700
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using the app() function from the ‘terra’ ver. 1.8-42 pack-
age (Hijmans 2024). Two sets of data products were created: 
one covering the UK in British National Grid (EPSG:27700) 
and one for Northern Ireland in Irish Grid (EPSG:29903), 
following the projection and cropping procedures described 
previously. A list of all properties at available depths can be 
found in the Supporting information.

A known limitation of SoilGrids is reduced data avail-
ability for urban areas and inland water bodies, which are 
typically under-represented in soil surveys. These gaps in the 
training data make model fitting more challenging and result 
in higher uncertainties. As a result, SoilGrids does not pro-
vide data for urban areas and coverage is also often incomplete 
around coastal and estuarine locations. Users of ‘ukbioprepr’ 
are advised to interpret soil estimates near these areas with 
caution, as the final data products were masked to assign NA 
values in regions where soil data were sparse. Previous stud-
ies have addressed similar challenges using machine learning 
methods (Tian  et  al. 2022, Qu  et  al. 2024, Siqueira  et  al. 
2024, Wang et al. 2024) and spatial interpolation techniques 
(Madenoglu et al. 2020, Ma et al. 2022, Sanczuk et al. 2022, 
Ariza-Salamanca et al. 2023).

Land cover
Using the 1 km percentage cover data from the UK Centre for 
Ecology and Hydrology (UKCEH), we produced four sets of 
land cover maps: aggregated classes from 2000 onwards and 
detailed classes from 2015 to 2023, each for the UK and for 
Northern Ireland separately. The original UKCEH datasets 

are published separately for Great Britain and Northern 
Ireland and not available every year until 2017 (Table 1).

To maximise consistency across years, we aggregated land 
cover classes where classification schemes and methods had 
changed. For example, the ‘Montane’ class (present in 2000 
and 2007) was removed in 2015 and reclassified as ‘Inland rock’ 
or another upland type (UKCEH 2017). To understand how 
this affected the change in data, we extracted land cover values 
from upland regions in both 2007 and 2015 using the extract() 
function from the ‘terra’ package (Hijmans 2024) and com-
pared the outputs. It was not possible to determine whether 
the differences reflected actual land cover change or reclassi-
fication. As a result, we created a composite ‘Upland’ class to 
ensure consistency in our secondary data products. Similarly, 
variation in grassland classifications across years led us to create 
a general ‘Grasses’ class (Morton et al. 2011, UKCEH 2017; 
Fig. 1). These aggregations were implemented using the app() 
function from the ‘terra’ package (Hijmans 2024).

We note a further methodological change identified by 
UKCEH, where areas of mixed woodland with over 20% 
broad-leaved woodland cover may have been assigned to 
the coniferous woodland class in some years (Rowland et al. 
2017a, 2017b, UKCEH 2017). The land cover maps pre-
sented here do not correct for this; users particularly inter-
ested in woodland classes should interpret these classes with 
caution.

For years in which land cover maps were unavailable 
(2001–2006, 2008–2014, 2016), novel data products 
were generated using a simple linear interpolation method 

Figure 1. The change between land cover classifications through the available years. Classes which did not undergo any changes have not 
been included. This figure is for explanatory purposes only and does not show proportional changes.
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between the nearest available years across raster cells for each 
land cover class (Fig. 2). Specifically, values were estimated as:

v v
v v
y y

t yt� �
�� �
�� �

� �� �1
2 1

2 1
1 ,

Where v1 and v2 represent the cell values at years y1 and y2, 
respectively, and vt is the value for missing year t. This was 
applied independently to each raster cell and land cover class 
using the app() function from the ‘terra’ package (Hijmans 
2024). As this is a deterministic interpolation, no model-
based uncertainty is introduced beyond that inherent in 

the source data. Northern Ireland products were projected 
to EPSG:27700 using a bilinear interpolation approach and 
mosaiced with Great Britain to produce unified UK products.

Some original UKCEH products, particularly in coastal 
areas, contained cells with minimal or no land cover data. 
This typically occurred in locations with abrupt environmen-
tal transitions, such as cliff edges or shorelines, where land 
cover classes (e.g. marine, beach, sandy habitats) were not 
captured by the original classification scheme. In produc-
ing our secondary data products, we limited interpolation to 
areas with consistent data coverage across years and excluded 
any inconsistent cells by masking them as NA. These areas are 
therefore not represented in the finalised data products, and 

Figure 2. Illustration of the simple linear interpolation method used to estimate missing years of land cover data. (a) UK maps showing the 
percentage cover of urban land cover for three example years in EPSG:27700 at a 1 km resolution. Greater London is outlined in a black 
square. (b) Enlarged views of Greater London highlighting the spatial variation of urban cover. Three 1-km grid cells (a–c), shown in dif-
ferent colours, were randomly selected to illustrate temporal changes. (c) For each selected grid cell, changes in urban cover across the 
example years are plotted, with linear interpolation applied between the years 2007 and 2015, to estimate values for missing years, i.e. 2011, 
shown by connecting lines.
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users should be aware of this limitation when working with 
data near coastal or inland water boundaries.

The final land cover products integrate and harmonise 
existing datasets, resolving issues related to missing years, 
inconsistent classification schemes, and different coordinate 
reference systems. They offer continuous, annual data from 
2000 to 2023, enabling temporally consistent biodiversity 
modelling. Whilst no additional uncertainty is introduced 
through the linear interpolation method, errors or misclas-
sifications in the original land cover products will propagate 
through interpolated layers. Users are encouraged to consider 
these limitations when conducting downstream analysis. This 
is an improvement over previous approaches that relied on 
land cover data from a single year, despite analysing biodi-
versity data spanning over multiple years (Croft et al. 2019, 
Boyd et al. 2023, Arsevska et al. 2024). See the Supporting 
information for class information for both the detailed and 
aggregated sets of land cover data products, respectively.

Climate variables
Climate data products in ‘ukbioprepr’ are derived from the 
UK Met Office HadUK-Grid dataset, which provides high-
resolution, gridded climate observations across the UK (Met 
Office et al. 2018). Four variables were selected: average tem-
perature (tas), maximum temperature (tasmax), minimum 
temperature (tasmin), and precipitation (rain), measured in 
degrees Celsius and millimeters, respectively. These variables 
are provided as monthly values from the years 1999–2023, 
offering consistent temporal coverage, suitable for long-term 
biodiversity modelling.

To generate Northern Ireland specific products, the origi-
nal UK datasets, initially aligned with the British National 
grid, were cropped to the region and projected to the Irish 
Grid (EPSG:29903), following the methods described in 
previous sections. HadUK-Grid was selected over global or 
continental datasets such as CHELSA (Karger  et  al. 2017) 
or Copernicus Climate Change Service (2024) datasets due 
to its high spatial resolution, greater temporal coverage and 
use of observed meteorological data interpolated to a uni-
form grid (Cornes  et  al. 2018, Chakraborty  et  al. 2020, 
Muñoz Sabater  et  al. 2024). Following projection, the 
Northern Ireland products were aligned with the Irish Grid 
(EPSG:29903) monad system to ensure compatibility with 
monad-based biodiversity monitoring in Northern Ireland. 
The chosen climate variables align with those commonly used 
in global modelling frameworks (Karger et al. 2017) facilitat-
ing broader compatibility. Methods for aggregating monthly 
layers into seasonal and annual values are detailed below.

Package and functions

The ‘ukbioprepr’ package was built using R ver. 4.4.0 (www.r-
project.org) and is freely available via GitHub. It provides 
functions to download (referred to as fetch()) and extract 
environmental variables related to soil properties, land cover, 
and climate, based on the data products described in section 

‘Data products and sources’. All required dependencies are 
installed during the initial package setup. Table 2 summarises 
the functions and their respective outputs.

Both fetching and extraction functions operate using files 
hosted in an external online repository and therefore require 
an internet connection. As some files are large, users are 
advised to increase their system timeout settings to ensure 
successful downloads; informative warnings and instruc-
tions within the package support this process. Files are 
downloaded to a temporary directory and remain accessible 
throughout the user’s R session. These files are automatically 
removed at the end of the session, preventing unnecessary 
storage use.

fetch_*() functions
The ‘ukbioprepr’ package includes three fetch_*() functions 
(Table 2) that enable users to download pre-processed raster 
files of soil properties, land cover classes and climate variables 
as described in Section ‘Data products and sources’. Users can 
specify whether to download the data for the entirety of the 
UK (EPSG:27700) or for Northern Ireland (EPSG:29903). 
These are direct downloads of our harmonised, derived data 
products stored in the online repositories described above.

The fetch_climate_raster() function differs from other 
fetch_*() functions as it offers flexible tools for generating 
climate rasters from the original monthly data products. 
Users can aggregate data into seasonal or annual rasters based 
on standard seasonal groupings (e.g. winter as December–
February, spring as March–May, etc.), or define custom 
annual periods (e.g. June–May) relevant to their ecological 
research. This is implemented dynamically using the app() 
function from the ‘terra’ package (Hijmans 2024), stream-
lining workflows and saving effort otherwise spent on data 
aggregation and transformation. This function supports both 
standardised covariates, similar to the BioClim variables 
(Karger et al. 2017), and tailored metrics relevant to specific 
biodiversity study, such as flowering response to winter tem-
peratures or species’ range activity as a response to summer 
precipitation.

extract_*() functions
The four extract_*() functions in ‘ukbioprepr’ allow users to 
extract environmental covariate values from downloaded data 
products. Extractions can be made using monad grid refer-
ences in either British National Grid or Irish Grid, reflecting 
the common formats used in UK biodiversity datasets. The 
functions automatically detect the coordinate reference sys-
tem and convert grid references to coordinates of each 1 km 
square using the ‘igr’ package (Kennedy 2025) for Irish Grid 
and the ‘rnrfa’ package (Vitolo et al. 2018) for British Grid 
references. These coordinates are then used to extract values 
via the extract() function from the ‘terra’ package (Hijmans 
2024).

As an example, use case, Fig. 3 demonstrates how the 
extract_climate_values() function can be used to generate 
annual climate summaries (with a custom June–May year) 
for four UK monads over the period 2000–2023. Code to 
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reproduce this example is available in the accompanying 
repository.

In addition to handling monad grid references, the 
extract_*() functions in ‘ukbioprepr’ can also extract val-
ues using X and Y coordinates, provided with a specified 

coordinate reference system (CRS). If the input CRS is 
EPSG:29903, the Northern Ireland data products are used; 
for all others, the UK-wide products are applied. When 
the input CRS differs from EPSG:27700, coordinates are 
automatically projected to British National Grid before 

Table 2. The functions of ‘ukbioprepr’ and their outputs. The functions can be split into two categories: fetch_*() functions for downloading 
raster data products and extract_*() functions for generating values for chosen variables. More information on the required inputs for these 
functions can be found on the GitHub for the package.

Function Description Output

fetch_soil_raster() •	 Downloads prepared soil property raster files for either 
UK or Northern Ireland (NI)

•	 Users can choose all available soil properties or input a 
specific list

A list of rasters, one for each property with 
layers corresponding to soil depths

fetch_landcover_raster() •	 Downloads prepared land cover raster files for UK or NI 
for user specified years

•	 Raster files with aggregated classes are provided for years 
prior to 2015

A list of rasters, one for each year where 
layers correspond to each land cover 
class

fetch_climate_raster() •	 Downloads prepared climate raster files for UK or NI for 
specified start and end date (YYYY_MM) between 1999–
2023 of a chosen climate variable

•	 Climate variables include: average temperature (tas), 
maximum temperature (tasmax), minimum temperature 
(tasmin) and precipitation (rain)

•	 Original files are in monthly format, however users can 
choose a time parameter of ‘monthly’, ‘seasonal’ or 
‘annual’ for the output. Annual values are calculated from 
input start month, e.g. an input start month of January 
would yield annual data consistent with a calendar year

•	 Users can also choose how the output is calculated from 
monthly data: ‘mean’, ‘min’, ‘max’ and ‘sum’, e.g. the 
mean annual maximum temperature or the total annual 
rainfall using ‘sum’

A raster of the selected climate variable, 
time parameter and date range

extract_soil_values() •	 Extracts values of chosen soil properties from raster files 
for UK and/or NI

•	 Extractions can be performed using X and Y coordinates of a 
specified coordinate reference system, or grid references in 
British National Grid (EPSG:27700) and/or Irish Grid 
(EPSG:29903)

A data frame of locations and extracted 
values for each soil property at each 
depth

extract_landcover_
values()

•	 Extracts values of land cover from raster files for UK and/
or NI for years between 2000–2023

•	 Extractions can be performed using X and Y coordinates of 
a specified coordinate reference system, or monad grid 
references in British National Grid (EPSG:27700) and/or 
Irish Grid (EPSG:29903) e.g. J3480 or NT1565, 
respectively

•	 Based on year, the extractions will be performed using 
either aggregated land cover classes or full land cover 
classes

A data frame of locations and extracted 
values for each land cover class at each 
year. Land cover measurements are 
represented as percentage cover

extract_climate_values() •	 Extracts values of chosen climate variables across chose 
time frames between years 1999–2023 of UK and/or NI

•	 Extractions can be performed using X and Y coordinates of 
a specified coordinate reference system, or grid references 
in British National Grid (EPSG:27700) and/or Irish Grid 
(EPSG:29903)

•	 Users can choose which climate variables they wish to 
extract for as well as the time frames similar to 
fetch_climate_raster()

•	 Users can specific a custom annual window for 
extractions, e.g. annual mean temperature where a year 
runs from September–August

A data frame of locations and extracted 
values of climate variables and time 
frames. When choosing ‘seasonal’, the 
extracted values are the season of the 
entry and the four seasons previous

extract_all_values() •	 A function combining the three extraction functions into 
one, covering soil properties, land cover and climate

•	 Users can choose all three environmental datasets or use 
binary operators to choose two as a combination

A data frame containing locations and 
values for all required variables (as 
above)
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extraction. This automated handling of projections enables 
users to obtain environmental data across the UK regardless 
of coordinate format, reducing the technical burden for non-
expert users.

Case study: modelling occupancy of a 
native UK wildflower – Hyacinthoides 
non-scripta

Occupancy modelling provides a robust framework for predic-
iting species distributions using detection–nondetection data 
while accounting for imperfect detection – an inherent chal-
lenge in biodiversity survey datasets (MacKenzie et al. 2002, 
MacKenzie 2005). In this case study, we model the occupancy 
probability of Hyacinthoides non-scripta, a species potentially 
vulnerable to climate change, under projected climate sce-
narios. Climate change scenarios were sourced from the UK 
Climate Projections 2018 (UKCP18), which provides predic-
tions of temperature and precipitation change up to the end 
of the 21st century (Met Office 2018). Species observations 
were drawn from the National Plant Monitoring Scheme 
(NPMS), a UK-wide, monad-based citizen science initiative, 
that has run from 2015 (Pescott et al. 2019). Volunteers con-
duct repeated plant surveys twice a year within assigned 1-km 
grid squares. NPMS data were converted into detection–
nondetection records for H. non-scripta, and environmental 

covariates on soil properties, land cover and climate, were 
extracted using the extract_all_values() function from the 
‘ukbioprepr’ package. Grid references, recorded in both Irish 
Grid and British National Grid formats, were handled auto-
matically during extraction.

The bluebell Hyacinthoides non-scripta is an iconic wild-
flower of the understorey of ancient forests across north-west 
Europe, with its highest abundance in the UK (Ingrouille 
1995, Verheyen  et  al. 2003, Kohn  et  al. 2009, Sims  et  al. 
2014, Sanczuk et al. 2022). Native populations have histori-
cally been threatened by land-use change, agricultural inten-
sification, and extensive harvesting for trade (Kohn  et  al. 
2009). In 1998, the species was granted legal protection 
under the Wildlife and Countryside Act 1981 c. 69, pro-
hibiting collection from the wild for domestic or commer-
cial purposes, with substantial fines for non-compliance. In 
recent times, H. non-scripta has faced additional threats from 
the non-native Hyacinthoides hispanica (Kohn et al. 2009), as 
well as climate change (Sims et al. 2014). The species is a slow 
coloniser, with seed germination sensitive to seasonal tem-
perature shifts. Additionally, reproductive success depends 
on successful insect pollination, an ecological interaction 
increasingly disrupted by climate-related changes to insect 
abundance (Kohn et  al. 2009, IPBES 2019, Sanczuk et  al. 
2022, Vangansbeke et al. 2022, Mattana et al. 2023). These 
changes, alongside broader habitat and climatic pressures, 
could affect seed production and local occupancy persistance. 

Figure  3. The change in annual climate variables from 2000–2023 using custom annual windows from June–May. Each grid square  
was chosen from monads used by the National Plant Monitoring Scheme (Pescott et al. 2019) near to the four major cities of the nations 
of the UK.
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As climate change continues to drive local extinctions and 
shifts in species distributons (Pereira  et  al. 2010, Román-
Palacios and Wiens 2020), the ability to model and map 
biodiversity change is essential for informing adaptive con-
servation management and policy (Peterman  et  al. 2013, 
Tulloch et al. 2020, Johnson et al. 2024).

We applied a hierarchical Bayesian occupancy modelling 
approach using the stPG0cc() function from the ‘spOccu-
pancy’ package, which allows for the incorporation of spatial 
autocorrelation and imperfect detection, improving model 
accuracy and inference (Doser  et  al. 2022). Several models 
were fitted using different covariate combinations, including 
a null model, and evaluated using posterior predictive checks. 
Final model selection was based on five-fold cross validation 
and comparison using widely applicable information crite-
ria (Watanabe 2010, Hooten and Hobbs 2015, Doser et al. 
2022). Additional information on model selection and vali-
dation is available in the Supporting information. Table 3 lists 
the covariates included. Model selection was non-exhaustive 
therefore results should be interpreted with caution.

A baseline occupancy prediction was generated across the 
UK using the predict() function in ‘spOccupancy’ (Doser et al. 
2022) (Fig. 4). Environmental rasters were downloaded via 
the fetch_*() functions in ‘ukbioprepr’. Land cover data was 
taken from 2023, and baseline climate conditions were deter-
mined using means from 2000 to 2023.

To generate climate-based occupancy predictions, climate 
covariates were adjusted based on projected changes from 
the UK Climate Projections 2018 (UKCP18; Met Office 
2018), which are aligned with Representative Concentration 
Pathways (RCPs) used in global climate modelling (Moss et al. 
2010, Van Vuuren et al. 2011). Three scenarios, broadly cor-
responding to low (RCP2.6), medium (RCP4.5), and high 
(RCP8.5) greenhouse gas emission trajectories, were used to 
represent potential future conditions by 2100. These scenario 
data were not derived from gridded climate projections but 
created through uniform adjustments to existing covariates, 
intended solely to demonstrate potential applications of 
‘ukbioprepr’ data. They are therefore not included as part of 
the package. Specific adjustments to temperature and precip-
itation variables under each scenario are detailed in Table 4.

Using the predict() function from the ‘spOccupancy’ pack-
age (Doser et al. 2022), the change in occupancy probability 
from the baseline (Fig. 4) was generated for Hyacinthoides 
non-scripta under all combinations of climate scenarios for 
every UK grid cell with available covariate data (Fig. 5). To 
assess habitat availability, we calculated the total weighted 
suitable habitat area, defined as the sum of predicted occu-
pancy probabilities multiplied by the area of each grid cell. 
These estimates, in square kilometres (km2), allow us to quan-
tify how much habitat is climatically suitable under each 
different scenario. Results are reported with 95% credible 
intervals to express uncertainty (Fig. 6).

Baseline occupancy probability for Hyacinthoides non-
scripta varied across the UK, reflecting the species’ association 
with ancient woodlands. Higher occupancy was predicted in 
well-known woodland areas such as Epping Forest (Greater 
London), the Wye Valley and South Downs (Fig. 4). Under 
all future climate scenarios, the change in occupancy prob-
ability was largely negative, with losses over 7% in some 
areas under more severe scenarios (Fig. 5). A corresponding 
decline was observed in the total weighted area of suitable 
habitat, with reductions intensifying under higher emissions 
scenarios; for example, a 5.6% decrease under the low-emis-
sions RCP2.6 and a 12.4% decrease under RCP8.5 (Fig. 6). 
Notably, the 95% credible intervals also widened with sce-
nario severity, indicating increasing uncertainty about future 
outcomes under stronger climate shifts.

These results build upon and extend previous projec-
tions for H. non-scripta, such as those presented by Natural 
England and RSPB (2019), which modelled species–cli-
mate relationships using only climatic variables at a coarser 
10 km resolution. This study projected range contractions 
in southern and central England under a 2°C warming 
scenario and increases in central Scotland. In contrast, our 
model incorporates finer scale (1 km) environmental vari-
ables generated from ‘ukbioprepr’, accounting for not only 
climate but soil properties and land cover – factors known 
to influence H. non-scripta habitat suitability (Kohn et al. 
2009, Sims  et  al. 2014, Vangansbeke  et  al. 2022). This 
enables more spatially detailed and ecologically informed 
predictions. Our results reveal more nuanced patterns of 

Table 3. The covariates used in the final occupancy model. All soil properties are extracted at a depth interval of 5–15 cm. Both annual 
termperature variables were generated from June–May given the impact of seasonal temperatures before flowering (Vangansbeke et al. 2022, 
Mattana et al. 2023).

Covariate type Covariate name Description

Soil property ocd_D5 to 15 cm Organic carbon density kg m−3

phh2o_D5 to 15 cm pH
wv0010_D5 to 15 cm Volumetric water content at −10 kPa (10−2 cm3 cm−3) × 10

Land cover blw Broad-leaved woodland (% cover)
cw Coniferous woodland (% cover)
urb Urban (% cover)
sub Suburban (% cover)

Climate annual_tasmin Annual min. temperature (°C)
annual_tasmax Annual max. temperature (°C)
winter_rain Winter precipiation (mm)
summer_rain Summer precipitation (mm)
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Page 10 of 15

change across nine combinations of temperature and pre-
cipitation scenarios. While some areas show relatively stable 
occupancy probability under low-emission scenarios, occu-
pancy declined more markedly with increasing scenario 
severity. Areas previously projected as potential refugia 

in earlier studies, for example in the Scottish Highlands 
(Natural England and RSPB 2019), exhibited declines from 
their baseline occupancy in our models under some con-
ditions. These results suggest that H. non-scripta may be 
vulnerable to a wider range of regional climatic shifts than 

Figure 4. The occupancy probability for H. non-scripta in the UK at a 1 km resolution. Eight different locations have been included as 
zoomed 25 × 25 km squares to highlight the difference in occupancy across the landscape. Areas known for ancient woodlands (Epping 
Forest, Greater London, South Downs and Wye Valley) were specifically highlighted to show areas of higher occupancy probability. White 
squares denote areas with missing environmental covariates, and therefore probability predictions could not be produced.

Table 4. The changes made to climate covariates based on projections from UKCP18, with temperatures increasing and winters becoming 
drier, and summers becoming wetter.

Relative concentration 
pathway (RCP) Scenario

Annual temperature  
change (°C)

Winter precipitation  
change (%)

Summer precipitation 
change (%)

RCP2.6 Best +1.4 +8 −11
RCP4.5 Mid +2.0 +13 −20
RCP8.5 Worst +3.2 +18 −14
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Page 11 of 15

previously recognised, highlighting the need for context-
specific conservation interventions.

The vulnerability of slow-colonising species such as H. 
non-scripta to climate change underscores the importance of 
integrating predicitve modelling into conservation planning. 
Such projections are vital to inform timely interventions and 
policy measures to mitigate and reverse biodiversity loss, 
and safeguard culturally and ecologically important, native 
species.

This case study also illustrates how ‘ukbioprepr’ can facili-
tate reproducible modelling using typical UK biodiversity 
data formats. The package provides accessible functions for 
downloading and extracting environmental covariates – 
including soil properties, climate and land cover – tailored 
for British and Irish grid references. Through streamlined 
functions, users can seamlessly generate environmental 
data suitable for spatial analysis and biodiversity forecast-
ing. As demonstrated, the package facilitates users to create 

Figure 5. The change from the baseline predicted occupancy probability of H. non-scripta under different climate scenarios of temperature 
(top) and precipitation (right). Light grey cells indicate areas with missing environmental covariates, and therefore probability predictions 
could not be produced.
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projections of species under future climate scenarios, sup-
porting wider applications in ecological research, conserva-
tion planning and policy implementing.

Conclusion

Biodiversity modelling plays a crucial role in understanding 
species distributions, forecasting responses to environmen-
tal change, and informing effective conservation strategies. 
However, the process of sourcing, harmonising, and prepar-
ing relevant environmental data can be labour intensive, 
technically challenging, and a barrier to collaboration, partic-
ularly to non-experts. ‘ukbioprepr’ addresses this by provid-
ing streamlined functions to seamlessly download and extract 
soil, land cover and climate covariates tailored for biodiversity 
data in the UK. In this paper, we have detailed data prod-
ucts, explained how they were processed, and demonstrated 
the functionality of the package, including any limitations of 
the data. Through a case study on Hyacinthoides non-scripta, 
we demonstrated how ‘ukbioprepr’ can be used with typical 
UK biodiversity datasets to model species occupancy under 
future climate scenarios. The package offers an accessible tool 
for researchers, conservation practitioners and decision-mak-
ers, supporting a wide range of applications from ecological 
forecasting to management and policy development. As new, 
nationally consistent environmental datasets become avail-
able, the package framework can be extended easily in the 
future to incorporate additional covariates.

Whilst ‘ukbioprepr’ is designed specifically for the UK, its 
structure and reproducible workflows provide a transferable 

template for other geographic contexts. This framework could 
be adapted by substituting equivalent national or regional 
environmental datasets and building similar data-processing 
and access pipelines. The underlying principles of harmon-
ising, standardising, and improving access to environmental 
data products whilst documenting methods transparently, are 
universally applicable. As countries work towards ambitious 
targets set out in the Kunming-Montreal Global Biodiversity 
Framework (CBD 2022), frameworks like ‘ukbioprepr’ 
should be considered by other nations to expedite and sim-
plify biodiversity research and action.
Software note:To cite ‘ukbioprepr’ or acknowledge its use, 
cite this Software Note as follows, substituting the version 
of the application that you used for ‘version 1.0’: Rush, C. 
R. et al. 2026. ‘ukbioprepr’: an R package to support repro-
ducible preparation of environmental data for biodiversity 
modelling in the UK. – Ecography 2026: e08413 (ver. 1.0).
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