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Cover page  
The goal of the DuneFront project is to develop research on Dune-Dike hybrid (DD-hybrid) Nature-based 

Solutions (NbS), to improve coastal protection in a context of climate change and rising sea levels. Coastal 

dune dynamics are intrinsically driven by aeolian processes that interact with vegetation. The design and 

development of dunes as Nature-based Solutions therefore needs an understanding of how their vegetation 

changes under various natural and anthropogenic pressures. This deliverable (4.2) aims to predict and map 

the coastal suitability for key dune vegetation species at the European level, providing a broad-scale picture 

that may serve as foundation for further or more local studies.  

The study domain was chosen in collaboration with DuneFront work package 4.1 (WP4.1), and spans 

coastlines beyond the strict European region, in order to increase the transferability of model predictions: it 

includes the Mediterranean, Black Sea, Baltic Sea, and European Atlantic, Channel, and North Sea regions. 

We used the resources curated in WP4.1 to obtain geophysical, hydrodynamic and climate predictors used 

to fit our models, as well as to determine which sites to select. Given the focus on dune habitats, we selected 

only grid cells containing sandy coasts, leading to a study extent of 39150 1 km² sites. We collected 

biodiversity records from open repositories, focusing on about 20 species including major dune-building 

species, species of conservation interest and non-native introduced species. We created our Species 

Distribution Models using Bayesian Additive Regression Trees, a versatile method that allows for complex 

non-linear relationships between predictor and species, and carries over uncertainty to predictions in a 

principled Bayesian manner. Given the importance of coastal protection for urbanized coastal zones, we 

also developed separate occupancy models specifically to tease out the expected effect or urbanization 

from those of sampling bias in a way that is not possible otherwise from classical Species Distribution 

Models.  

The models recover accurately geographical patterns broadly known from the literature, and are able to 

refine them and then link them to key predictors. In particular, we show that even for the species with the 

broadest ranges, some climatic variables always constrain suitability to some extent. Second, we show that 

the degree by which the coastline is open versus embayed is a major driver of dune species distribution, 

being recovered in most species. This likely reflects the physical dynamics that drives the development of 

dunes. We show nonetheless that responses to predictors vary widely between species, in ways that show 

no clear distinction between major dune-building species, species of conservation interest and non-native 

introduced species. Importantly, the use of a Bayesian method allows us not only to provide maps of 

suitability across Europe for all these species, but to associate each site-level value with an uncertainty. 

We show that this uncertainty can be quite high and is often non-randomly distributed: for many species 

the models are quite certain of where they are not present, but predictions are much more uncertain in 

areas of generally high suitability. Part of this uncertainty may reflect irreducible biological variability, but a 

substantial part is likely due to missing local predictors, which may be changed in future updates. With 

some caveats, which we remind the reader of, predictions from Species Distribution Models can be 

transferred to predicted future climates to make hypotheses about changes in future suitabilities. If key 

assumptions hold, we can expect that our focal species will generally respond negatively to climate change, 

with no clear patterns between dune-building species, species of conservation interest and introduced 

species. Finally, our use of occupancy models allows us to pinpoint precisely how urbanization affects our 

focal species. Interestingly here, we show a divide between native and introduced species: while the former 

show generally negative responses to urbanization, the latter show neutral to positive responses. This 

aligns with expectations on the role of cities as hubs for introduced species, and suggests a potential for 

conflicts between the coastal protection and biodiversity goals of dune Nature-based Solutions in cities, 

which need to be investigated further. Despite the limitations we discuss throughout this report, the 

delivered maps provide a first broad-scale overview of the suitability of sandy coasts to select dune plants, 

which is key information for evaluating the impact of DD-hybrids at the European level. 
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1. Introduction 
1.1 Work package 4 overview 

This section is taken, with modifications, from the equivalent section in the WP4.1 report (Castelle 

& Dahirel, 2024). 

1.1.1 General objectives 

The primary goal of the DuneFront Work Package (WP) 4 is to quantify and map at the level of 

Europe, large scale physical, biological, and socioeconomic boundary conditions that are 

expected to influence the effectiveness of Dune-Dike-hybrid (DD-hybrid) Nature-based Solutions 

(NbS). The spatial data compiled and curated within WP4 can then be used to support the other 

DuneFront tasks, including but not limited to numerical modelling initiatives (WP7, WP11, WP13), 

ecological (WP10) and physical experimental campaigns (WP12), as well as data-driven 

assessments for up-scaling efforts (WP14). 

1.1.2 Work Package sub-tasks, milestones and deliverables 

WP4 is subdivided into three sub-WPs listed below, each associated with a deliverable, with 

milestone (M4.1) involving the compilation of all boundary conditions for transfer to other WPs: 

WP4.1 - Physical Boundary conditions: with D4.1 (December 2024), a database of physical coastal 

boundary conditions for subsequent numerical/physical investigations, and an associated report 

(Castelle & Dahirel, 2024). 

W4.2 - Distribution of important species: with D4.2 (April 2025, this report), a database of the 

suitability of European coasts for important species based on Species Distribution Models, 

providing essential data for data driven analysis and subsequent modelling. 

W4.3 - Socio-economic/admin boundaries: with D4.3 (October 2024), a catalogue/database of 

socio-economic and administrative boundaries for subsequent data driven analysis and upscaling 

analysis (Lojek et al., 2024). 

 

1.2 Goals of WP4.2 

The stated goal of WP4.2 is to deliver maps of environmental suitability for a set of species key to 

coastal dune development, at high resolution across Europe under both current conditions and 

expected future scenarios. This differs from existing European-scale efforts from e.g. EUNIS which 

are focused on predicting habitats, not species (e.g. Hennekens, 2019). This can be divided into 

three steps: 



 

 
• From the large set of plant species inhabiting European coasts (Van Der Maarel & Van Der 

Maarel-Versluys, 1996), delineate a smaller, manageable set of species of conservation 

concern and/or functional importance in the coastal dune context, and collect publicly 

available occurrence data for these species. This includes species known to contribute to 

dune growth, species listed on various conservation lists, and alien introduced species 

which have or might have a negative impact. 

• Use the physical boundary conditions maps compiled in WP4.1, as well as other data 

sources, to compile an ecologically relevant set of potential predictors of species 

distributions. These should include where possible (e.g. climate) expected values under 

future scenarios. 

• Develop Species Distribution Models (SDMs) that link each species’ occurrence to these 

environmental predictors. The performance and shortcomings of these models should be 

critically assessed, before their output is projected spatially as maps of current and 

expected future suitability of the entire European coast for each species. 

An overarching goal of DuneFront is to develop and maintain biodiversity in Dune-Dike hybrids as 

Nature-based solutions for coastal protection. As such, we may need to pay specific attention to 

urbanized coastal areas, where protection needs may be more pressing, and where the risks of 

sandy coast erosion may be exacerbated by hard “grey” coastal infrastructure (Nawarat et al., 

2024). Urbanization is expected to have major disruptive impacts on biodiversity (see e.g. 

Aronson, 2023; Carlon & Dominoni, 2024; Knapp et al., 2021; McKinney, 2008; Szulkin et al., 

2020), including potentially our plants of interest. While urbanization data can be added directly 

into classical Species Distribution Models, its effect there often cannot be separated from spatial 

biases in sampling (locations with more people and/or easier access are usually more likely to be 

sampled, e.g. Geurts et al., 2023). To better inform about the ways urbanization might alter the 

suitability of coasts to key plant species, we therefore added a supplementary step to this sub-

WP: 

• Develop models that can identify the effects of urbanization and separate them from 

those of sampling bias and imperfect detection. While these models may not translate to 

high resolution maps as the SDMs do, their outputs will help adjust expectations regarding 

plant distributions in urban vs. non-urban coasts. 

 

 

2. Data sources 
We detail here the various data sources we accessed to achieve WP4.2’s goals, as well as the way 

they were processed and combined prior to analysis. In line with the open access goals of the 

European Union, we only used openly available data sources. 



 

 
Building broad-scale distribution models of coastal species brings additional challenges, linked to 

the linear and moving nature of the coastline. As a result, several SDM methods explicitly based 

on 2D space cannot be used directly, and many coastal-specific data sources of interest rely on 

different underlying delimitations of the coastline, which requires careful data reconciliation and 

compromise before proceeding to the analyses proper. We explicitly detail below the choices we 

make in this respect. 

 

2.1 Delimitation of the study area 

2.1.1 Region of interest 

The area of interest in this report is defined the same way as in Castelle and Dahirel (2024) (Fig. 

1) and can be summarized as: the European Union “mainland” coastline, as well as 

biogeographically relevant adjacent areas. In more details, it includes the entire Mediterranean, 

Black Sea and Baltic Sea coastlines sensu lato (i.e. including marginal seas such as the Adriatic), 

and the European Atlantic (including marginal seas such as e.g. the Irish Sea), Channel and North 

Sea coasts from Gibraltar up to the approximate latitude of the Arctic circle in Norway (matching 

the latitudes of the northernmost coastal points in mainland EU territory, in the Baltic Sea). 

Islands that fall within these boundaries were included (though very small islands may be 

excluded during the data filtering process). Extra-European territories of EU and EEA member 

states (Outermost Regions and Overseas Countries and Territories) were excluded as they are 

biologically and geographically distinct from the European mainland (this biological criterion for 

exclusion extends to even the nearest Outermost Regions, the Canaries, Azores and Madeira, see 

Hernández-Cordero et al. (2015)) 



 

 

 

Figure 1: Coastlines (in bold black) studied in WP4.1 and WP4.2. Note that coastlines are highlighted here 

independently of sediment type, but only sandy sites were used in WP4.2 analyses. 

 

2.1.2 Reference coastline and reference grid 

Publicly available data sources vary in where they place the coastline, both due to resolution and 

definition choices, with deviations sometimes reaching hundreds of metres. Following others 

(e.g. Athanasiou et al., 2024; Hulskamp et al., 2023; Luijendijk et al., 2018), we use 

OpenStreetMap as our reference here (OpenStreetMap contributors (2025), data as of 2025-01-

05, downloaded from https://osmdata.openstreetmap.de/). The OpenStreetMap coastline is 

generally drawn at a much finer grain than most other Europe-wide sources, and is explicitly 

aiming to be based on mean high water springs (https://wiki.openstreetmap.org/wiki/Coastline). 

Contrary to e.g. Athanasiou et al. (2024), we use the highest resolution of this coastline, and do 

not smooth out local variations: as we will need to filter plant observations that are precisely 

georeferenced, this “anchor” coastline needs to be as precise as possible. 

The statistical methods used in occupancy or distribution models are generally based on a 

discretization of the area of interest, with suitability/probability of occurrence defined at the level 

of the site or of the grid cell. The choice of the target resolution is thus a key parameter to consider 

https://osmdata.openstreetmap.de/
https://wiki.openstreetmap.org/wiki/Coastline


 

 
prior to the analysis. Especially because observation records are geographically biased (Isaac & 

Pocock, 2015), there is a fundamental trade-off between accuracy and usefulness tied to spatial 

resolution (Boyd et al., 2024). On the one hand, studies at very fine resolutions can more directly 

link species responses to the environment, but will often have poor accuracy, because of sampling 

error, and because many sites will simply not have been visited. On the other hand, studies at 

coarser resolutions will be more accurate (at the limit, to directly cite Boyd et al. (2024), “we can 

be surer a species occupies planet Earth than a set of small plots on its surface”); but at the cost 

of understanding how the target species responds to key local environmental drivers. 

Europe-wide maps at ≤ 50 km resolution (or even ≈10 km locally) have long been available for 

many dune plant species (see for instance the Biological Flora of the British Isles series, which 

despite its name also includes European maps in all articles; Davy et al. (2006); Huiskes (1979); 

Bond (1952); Sanyal & Decocq (2015)). This provides an upper limit on the target resolution. At 

the other end of the scale, resolutions finer than 1 km are probably not workable (at least not 

without making very strong assumptions), as (i) most environmental predictors of interest are 

available at European scale only at grid resolutions of a few hundreds metres to a few km, (ii) the 

overwhelming majority of sites would be unvisited and contain no plant records of any species, 

let alone focal ones, (iii) location errors when recording plants may become non-negligible at the 

smallest grid resolutions. 

Therefore, we chose for this deliverable a reference grid of 1 km resolution, as in e.g. Outhwaite 

et al. (2019). As we use the Global Human Settlement Layer project (Joint Research Centre 

(European Commission), 2023) as a source of environmental data related to urbanization in our 

analyses (see below), and they provide ready-made raster layers with nominal resolution 1 km 

(using the Mollweide projection, ESRI:54009), we used the grid underlying these layers as our 

reference grid. The GHSL 1 km grid cells that intersect with the OpenStreetMap coastline 

therefore form the initial set of potential “sites”, which was further filtered out based on the 

presence of sandy coasts (Fig. 2, and see next). 



 

 

Figure 2: Interplay between the GHSL reference grid used in analyses in this report and the shoreline data 

from Castelle and Dahirel (2024), using the western and southern coasts of Jersey as an example. Shoreline 

transects midpoints are marked as white if their sediment type was classified as sandy, black otherwise. 1 

km² grid cells that intersect with the coastline are shown. Grid cells that contain at least one sandy point 

are highlighted in yellow; those are the ones used in further analyses. Map background is © 

OpenStreetMap contributors, under the Open Database License (ODbL). 

 

2.2 Environmental data 

We provide an overview of the environmental layers used in our analyses Table 1. Further details 

are given below. 

 

2.2.1 Geophysical and hydrodynamic variables 

The layers produced in DuneFront WP4.1 (Castelle & Dahirel, 2024) contain the midpoints of a 

series of reference transects, spaced every 300-500 m along the entire coastline, taken from 

previous studies (Castelle et al., 2024; Hulskamp et al., 2023; Luijendijk et al., 2018). As the 

transects were made by alignment to a smoothed, lower resolution, of the OpenStreetMap 

coastline, we first realigned these midpoints to our reference coastline by a nearest neighbour 

approach. Each transect contains information about whether the coastline it intersected with was 

sandy, rocky, vegetated, muddy or “other”. After realignment, we classified as “sandy” all grid 

cells that contained at least one “sandy” transect (Fig. 2). 



 

 
 

Table 1: Variables used in WP4.2 analyses, with their data sources. 

 Variable name Source 
Geophysical variables 

  

Sediment type (sandy/not sandy)* 
Castelle and Dahirel (2024) 

(compilation and curation of 
various primary sources, see 

there for full list) 

Coastal orientation (angle relative to North) 
Shoreline trend (accretion/erosion rates) 
Orthogonal distance to nearest shore 

Hydrodynamic variables 

  

100-year return storm surge 

Castelle and Dahirel (2024) 
(compilation and curation of 
various primary sources, see 

there for full list) 

Wave height 
Wave period 
Highest astronomic tide 
Tide range 

Climate variables (averages over 30-year climatological period) 

  

Annual daily temperature** 

CHELSA (https://chelsa-
climate.org/) (Karger et al. 
2017, 2019, 2020, 2021) 

Average daily minimal temperature of coldest 
month** 
Average daily maximal temperature of warmest 
month** 
Annual precipitation** 
Wind speed 
Average wind speed of windiest month 

Bias-control covariate 

  Distance to nearest city*** 
GHSL-SMOD (Schiavina et al. 
2023) 

*not included as predictor in models, used to define which sites are modelled (Fig. 2) 

**The only variables in the dataset for which future projections under various climate change scenarios 

are also available  

***Distance to the nearest DUC or UC, whichever is closest for each site. 

 

These transects also contain information about other geophysical parameters, such as the rate of 

coastal accretion or erosion, the coastline orientation, or the orthogonal distance to the nearest 

shoreline, a measure of whether a site was exposed to the open sea (high distances) or embayed 

(low distances). They also contain hydrodynamic information about wave parameters (height, 

period), tides (range, highest astronomic tide) and storm surges. For each of these except distance 

to the nearest shoreline, we calculated for each grid cell the mean value of its transects, using the 

circular mean for coastal orientation as it is an angle. For the distance to the nearest shoreline, 

https://chelsa-climate.org/
https://chelsa-climate.org/


 

 
values in the WP4.1 dataset were capped after 200 km. Because of this, summarizing transects 

using the mean would lead here to biases, so we used the minimum value in each grid cell. 

 

2.2.2 Climate 

As in Castelle and Dahirel (2024), high resolution climate data for the “present”/recent past 

(1989-2018) were obtained from the CHELSA database (Climatologies at High resolution for the 

Earth’s Land Surface Areas, https://chelsa-climate.org/, version 2.1, Karger et al., 2017, 2019, 

2020, 2021). Here however, rather than simply retaking the point values associated with each 

transect, we recalculated the average values of each climate variable within each grid cell from 

the source raster layers developed during WP4.1. With the exception of wind speed (for which 

the data was not available), 2041-2070 and 2071-2100 predictions were also obtained from 

CHELSA under three Shared Socio-economic Pathways (IPCC, 2023; SSPs, Riahi et al., 2017): 

• SSP1-RCP2.6 (low greenhouse gas emissions, “Sustainability – Taking the Green Road” 

narrative), 

• SSP3-RCP7 (high greenhouse gas emissions, “Regional Rivalry – A Rocky Road” narrative), 

• SSP5-RCP8.5 (very high greenhouse gas emissions, “Fossil-fueled Development – Taking 

the Highway” narrative). 

 

2.2.3 Urbanization 

The Global Human Settlement Layer project (GHSL, Joint Research Centre (European 

Commission), 2023) is an EU project providing open and globally standardized data on human 

presence across the planet, including population density, built-up area and the structure of the 

urban fabric. The GHSL has rapidly become a key resource in urban studies and urban ecology 

(McCallum et al., 2022; e.g. Pacifici et al., 2020; Rezaei & Millard-Ball, 2023; Richardson et al., 

2023; Venter et al., 2021). We used the Degree of Urbanization as recorded in the Settlement 

Model layers (GHS-SMOD, Eurostat (European Commission), 2021; Schiavina et al., 2023). The 

Degree of Urbanization methodology is a hierarchical classification based on population density, 

built-up area and contiguity rules. At the highest level, grid cells are classified as either part of 

continuous high-density Urban Centres (UC), as smaller Dense Urban Clusters (DUC) or as low-

density “rural” cells. For each coastal site, we determined whether it belonged to an Urban Centre 

or Dense Urban Cluster, and measured the distances to the nearest UC and to the nearest DUC 

(from centroid of focal grid cell to perimeter of nearest UC/DUC; the value was 0 if the cell was 

part of a UC/DUC). 

 

 

https://chelsa-climate.org/


 

 
2.2.4 Ecoregions 

For the models aiming to separate the effect of urbanization on occurrence from sampling biases 

(see below), preliminary tests showed it was not computationally practical to include all the 

relevant environmental layers, and especially their possible non-linear effects. Nonetheless, one 

should still attempt to control for the potential effect of these variables on baseline occupancy. 

As climate and other environmental variables vary across biomes and ecoregions (nested in 

biomes), including these as random effects in models offers a way to implicitly account for this 

biogeographical variation without worrying about a large number of parameters or their 

functional forms. We used the Ecoregions 2017 classification (Dinerstein et al., 2017), an update 

of the widely used Olson et al. (2001) classification (Fig. 3). Again, the coastlines do not 

systematically align between layers, resulting in some coastal grid cells in our reference system 

falling into the sea in the Ecoregions 2017 database. We used a nearest neighbour approach to 

assign biome and ecoregion values to each site. 

 

2.2.5 Data filtering 

We filtered the set of coastal grid cells to only keep the 39,350 “sandy” sites, which we then 

combined with the various other environmental datasets described above. A small number of 

sites have missing data for some of the variables coming from Castelle and Dahirel (2024) (see 

there for details). After removing those from the dataset, the extent on which we attempted to 

predict suitability consists of 39,150 sandy grid cells. 

 

Figure 3: Biomes and ecoregions of Europe and the surrounding regions, according to Dinerstein et al. 

(2017). Colour code follows Dinerstein et al. (2017) and distinguishes between biomes, while lines within 

the same biome delineate ecoregions. 

 



 

 
2.3 Plant records 

2.3.1 Defining the list of target species 

At least 2400 vascular plant species or subspecies can be found on European coastal dunes 

(Marcenò et al., 2018), and of these, around 300 could be considered as typical dune taxa (i.e. 

not usually found outside of dunes, Van Der Maarel & Van Der Maarel-Versluys, 1996). To fulfill 

the goals of this deliverable in a timely fashion, a much smaller set of key or reference species 

had to be defined. With respect to the present work package, the DuneFront project proposal 

mentions the need to investigate “species of conservation concern, invasion risk and dune-

building capacity”. From the lists in Van Der Maarel & Van Der Maarel-Versluys (1996) and 

Marcenò et al. (2018), and the list of alien dune species in Giulio et al. (2020), we aimed to refine 

a final shorter list of about 20 species of interest covering all three of these categories, using a 

multi-step approach. First, we elicited expert suggestions from the ecologists involved in the 

DuneFront project, which combined with a qualitative review of the literature led to a list of about 

50 species. Then, for the “dune-building” and “conservation concern” categories, we examined 

the official definitions of Annex I dune habitats under the EU Habitats directive, as well as 

interpretation documents extending and detailing these definitions for practitioners (Bensettiti et 

al., 2004; Directorate-General for Environment (European Commission), 2013). Within the list of 

expert suggestions, we prioritized species explicitly mentioned in these habitat definitions. Given 

the focus of DuneFront, we prioritized species of embryonic and mobile dunes (2110, 2120) and 

Baltic vegetated sandy beaches (1640), but also considered mentions in driftline vegetation 

(1210) and fixed dunes (other 21xx habitats, 22xx) where deemed relevant by consulted experts. 

One species (the hybrid species Calamagrostis × baltica) was removed from the set later at the 

modelling stage, as there were not enough records in the selected datasets for analyses (< 50 

sites with records). For “invasion risk” species, we relied on the expert suggestions, the official EU 

list of Species of Invasive Concern (Commission Implementing Regulation (EU) 2022/1203 of 12 

July 2022 Amending Implementing Regulation (EU) 2016/1141 to Update the List of Invasive Alien 

Species of Union Concern, 2022) and the list in Giulio et al. (2020) to define a shortlist of up to 

five taxa. The final list of modelled species is presented Table 2. 

  



 

 
Table 2: Final list of retained plant species, by category. 

Current accepted name (GBIF Backbone Taxonomy) Number of 1 km² sites 
with records (2015-2024) 

A - Major dune-building species*   
Calamagrostis arenaria (L.) Roth 751 
"Elytrigia juncea" species complex (Thinopyrum spp)** 130 
Leymus arenarius (L.) Hochst. 448 
B - Species of conservation importance   
Achillea maritima (L.) Ehrend. & Y.P.Guo 516 
Anthemis maritima L. 197 
Cakile maritima Scop. 3789 
Cyperus capitatus Vand. 212 
Echinophora spinosa L. 389 
Eryngium maritimum L. 2825 
Euphorbia paralias L. 1446 
Helichrysum stoechas (L.) Moench*** 457 
Honckenya peploides (L.) Ehrh. 1593 
Medicago marina L. 653 
Pancratium maritimum L. 1919 
Polygonum maritimum L. 371 
Salsola kali L. 734 
C - Introduced species non-native in the study area   
Baccharis halimifolia L. 112 
Carpobrotus acinaciformis (L.) L.Bolus**** 334 
Carpobrotus edulis (L.) N.E.Br.**** 1078 
Rosa rugosa Thunb. 1353 
Senecio inaequidens DC. 369 
D - Special case   
Hippophae rhamnoides L.***** 787 

*While some of the species listed in the “Conservation concern” category can also contribute to initial sand 

deposition in embryonic dunes (e.g. Davy et al., 2006), these grass species are widely acknowledged as the 

major dune builders along European coasts (Doody, 1991; Maun, 2009).  

**The dune grass referred to as Elytrigia juncea or Elymus farctus in older (or even recent) publications 

(Bensettiti et al., 2004; Directorate-General for Environment (European Commission), 2013; e.g. Doody, 

1991; Marcenò et al., 2018; Maun, 2009; Van Der Maarel & Van Der Maarel-Versluys, 1996) is now split 

into two accepted species by most reference databases’ taxonomies, including GBIF: Thinopyrum 

junceiforme (Á.Löve & D.Löve) Á.Löve and Thinopyrum junceum (L.) Á.Löve, which were previously 

considered as two subspecies (boreoatlantica and juncea, respectively, Tison & de Foucault, 2014; Banfi, 

2018). However, while they are generally described as having distinct ranges (Atlantic/North Sea/Baltic 

and Mediterranean, respectively), there is actually substantial geographic overlap in GBIF between records 

assigned to the two new species. This may result (from our examination of records and literature) from a 



 

 
combination of genuine sympatry, identification errors, and ambiguous reassignments of older data that 

antedate the species split. Rather than attempting to sort these, we decided for the present report to treat 

and model this taxon as one species complex. New data and further literature investigation might allow us 

to revise this choice in potential updates.  

***Helichrysum stoechas is mainly a species of grey dunes and dune slacks but can be found on the 

sheltered inland side of white dunes (e.g. Demichele et al., 2025).  

****Carpobrotus acinaciformis and C. edulis can sometimes be confused with one another (the former has 

pink-purple flowers, but the latter's yellow flowers can fade to pink as they age) and additionally can 

hybridize (Campoy et al. 2018). In the present report, we present results based on data from the two species 

as they were recorded. However, we additionally ran models, and propose optional maps, treating the 

complex of the two species as a whole. 

*****Hippophae rhamnoides is a special case in this list in that it is native from the overall study area, 

and the definitional species of one coastal Annex I habitat (2160 - Dunes with H. rhamnoides). However, 

its growth can negatively impact other dune habitats, especially but not only in areas of the UK and Ireland 

where it is not native (Isermann et al., 2007; Richards & Burningham, 2011). 

 

2.3.2 Main data sources 

The Global Biodiversity Information Facility (GBIF) is a massive “international network and data 

infrastructure funded by the world’s governments and aimed at providing anyone, anywhere, 

open access to data about all types of life on Earth” (https://www.gbif.org/what-is-gbif). The GBIF 

website provides a central hub from which researchers can access open biodiversity data from a 

myriad of small and large data providers, including research groups, museums or crowdsourced 

biodiversity data collection apps, all under a common standardised format (including a 

standardized species taxonomy). It is a de facto one-stop shop for many Species Distribution 

Modelling applications. 

As mentioned above, the GBIF compiles information from a variety of data sources, which can 

vary in temporal and spatial extent, but most importantly in spatial resolution. Some data sources 

provide exact coordinates, while some only provide open information at administrative unit level 

or on a coarser resolution grid, with exact locations either unavailable or withheld. While many 

coarser-grained SDM applications often download all observations of the relevant species 

irrespective of this (with some post-hoc filtering of edge cases), our goal of (relatively) finer-

grained SDMs means we have to be more selective a priori. 

We explored the GBIF website for datasets that fulfilled the following criteria: 

• Provides point coordinates for each observation, i.e. excluding gridded data. 

• Covers the whole extent of the study area (though see below for precisions on that). We 

aimed to avoid national level datasets, on the basis that not all focal countries had one in 

GBIF. Their inclusion could accentuate potential issues linked to sampling biases. 

https://www.gbif.org/what-is-gbif


 

 
Moreover, many national-level datasets also only provided gridded data, failing the 

previous criterion. This filter may be relaxed in future updates. 

• Provides large numbers of vascular plant (Trachaeophyta) observations. 

• Some degree of human input in the species identification. This excludes datasets 

containing solely machine learning based identification suggestions. While computer-

vision identification of species can often be quite accurate (e.g. 

https://www.inaturalist.org/blog/104015-new-computer-vision-model-v2-18-with-

nearly-1-500-new-species), the error rate in the absence of human validation remains 

non-negligible, and cannot be accounted for by the modelling methods we use here. 

This resulted in a primary set of three datasets, though others may be added in future updates. 

All three datasets come from portals dedicated to opportunistic crowdsourced biodiversity 

observation, which have become a major source of biodiversity data in recent years: 

• iNaturalist Research-Grade Observations (https://www.inaturalist.org/; 

https://doi.org/10.15468/ab3s5x): Georeferenced records uploaded to iNaturalist are 

subject to crowdsourced validation by other users based on provided proofs of 

observation (typically photographs). Observations reach “Research-grade” status only if 

at least 2/3 of the contributing users agree on an identification; that status is dynamic and 

can be reversed if new identifications disagree. While iNaturalist provides well-regarded 

computer vision suggestions, the final decisions always come from human users. 

• Observation.org data (https://observation.org/; https://doi.org/10.15468/5nilie): 

observations are subjected to expert validation either manually based on photographic 

proof, or automatically through predefined criteria based on species life histories, 

identification difficulty and known broad-scale distributions. While image recognition 

tools can be used, the final decision always also relies on the above expert validation 

systems. We note that while most of global Observation.org data are made available with 

point coordinates, data from Belgium and the Netherlands are under different 

management regimes and are only openly available at coarse (> 4 km) resolution, which 

is unsuitable for our purposes. These were excluded before further analyses. 

• Pl@ntNet observations (https://plantnet.org/; https://doi.org/10.15468/gtebaa): as with 

iNaturalist, identifications are based on photographic proofs, with here a combination of 

human input and automated identification used. Pl@ntNet also provides a dataset 

containing records that have been confidently identified only by the deep learning 

algorithm, without human input (https://doi.org/10.15468/mma2ec); despite being one 

order of magnitude larger, we did not use it, in accordance with our selection criteria. 

For each of these three datasets, we downloaded on January 16, 2025 all observations of vascular 

plants (Trachaeophyta) within the study region for the 2015-2024 decade (see Data availability 

statement). 

https://www.inaturalist.org/blog/104015-new-computer-vision-model-v2-18-with-nearly-1-500-new-species
https://www.inaturalist.org/blog/104015-new-computer-vision-model-v2-18-with-nearly-1-500-new-species
https://www.inaturalist.org/
https://doi.org/10.15468/ab3s5x
https://observation.org/
https://doi.org/10.15468/5nilie
https://plantnet.org/
https://doi.org/10.15468/gtebaa
https://doi.org/10.15468/mma2ec


 

 
 

 

2.3.3 Data cleaning and pre-processing 

We filtered plant observations, of any species, to keep only those occurring within the extent 

defined in Environmental data. We further removed observations that were too imprecise and 

might have their true locations outside the focal grid cells (documented precision > 250 m; we 

include in these the Belgian and Dutch Observation.org data, as mentioned above). We then 

formatted the data in two ways, for each modelling method. 

For the environmental suitability maps, we thinned the data to keep only one observation per 

grid cell, for each of the focal species Table 2. That is, was the species recorded at least once at 

this site, or not, during the 2015-2024 decade? 

For the models investigating the effects of urbanization, we divided the data in recorded visits, 

with one visit containing all the observations made in one grid cell by any observer on one day (a 

visit may aggregate observations from multiple observers). During the 2015-2024 decade, 

149,658 visits where at least one vascular plant was recorded were made to 19,376 out of the 

39,350 sandy sites. For each visit we again determined whether the focal species Table 2 were 

recorded at least once, or not. The definition of which taxa to use to define a visit is a key aspect 

of applying occupancy models to opportunistic data (see below), as it determines the set of sites 

that were visited but had no detections of the focal species. Our choice here implies that users 

that recorded any vascular plant within a grid cell could plausibly have also recorded one of our 

focal species. This is not an unreasonable assumption given the small size of the grid cells, and 

the fact that plant observations mostly do not require specialized equipment. We considered 

using narrower reference groups, but issues specific to sandy coastal ecosystems appeared: 

• We could have set a target group based only on the set of species found strictly on sandy 

coasts (based on e.g. Van Der Maarel & Van Der Maarel-Versluys, 1996). However, many 

urban sandy coasts are heavily managed beaches, where there may be no plant at all to 

be found on the coastline itself but recorder activity may exist immediately inland in the 

city. Using a baseline based strictly on sandy coast plants would mean these sites would 

be excluded as having received no visits. We wanted here to include beach management 

as a key component of the effect of urbanization on sandy habitats, so needed to include 

these sites. Different choices may be made depending on the question of interest. 

• Another possibility would have been, rather than using the same reference group for all 

species, to set taxonomically narrower, species-specific references, for instance using 

detections of grasses (Poaceae) as the reference group for dune grasses. However, we run 

into the issue that dunes are often dominated by one or a few very common and drab 

grass species. We can expect that many dune visitors would record non-grass, visually 



 

 
distinct dune species, while ignoring the dominant grass (especially in areas where they 

assume, or know, the dune grass was planted rather than spontaneous). Using 

taxonomically narrower reference groups may remove such visits from the data pool, 

which we do not consider acceptable as they are clearly informative about detection. 

 

3. Models 
All analyses were done in R, version 4.4.2 (R Core Team, 2024). 

3.1 Environmental suitability maps: Bayesian Additive Regression Trees 

Classification and regression trees (CARTs) are popular tools in Species Distribution Modelling, in 

large part due to their ability to handle the expected non-linear relationships between 

environmental predictors and species occurrences without having to specify explicit functional 

forms, thanks to their reliance on nested binary splits. Popular CART methods such as random 

forests or boosted regression trees generally perform well in SDM benchmarks, but have known 

shortcomings, such as tendencies to overfit in the absence of careful tuning, or the absence of 

principled ways to describe uncertainty in model outputs (Carlson, 2020). 

Bayesian Additive Regression Trees (BARTs) have been used in other disciplines since their 

inception by Chipman et al. (2010), but have been more recently popularized for species 

distribution modelling by Carlson (2020). BART differs from other CART methods in that it is 

Bayesian, meaning that outputs are explicitly samples from a posterior distribution, carrying over 

uncertainty to predictions in a principled manner. As BART relies on a sum-of-many weak trees 

approach, the probability that a variable is retained among the set of trees at each iteration can 

provide a measure of relative variable importance. It relies only on a small set of priors, for which 

suitable ranges of default values and distributions have been established, facilitating its out-of-

the-box use. These priors are also typically set in a way that penalises tree depth, limiting 

overfitting. We send the reader to Carlson (2020) for a more thorough overview suitable for 

ecologists, from which the details in this paragraph are largely drawn. 

When using presence-only data as we do here, many SDM methods, including BART, need the 

user to define a sample of pseudo-absences points from the set of sites in which the species has 

not been detected (which does not mean it wasn’t present, hence “pseudo-”absences). There are 

many ways to define pseudo-absences, including purely random sampling or sampling that 

accounts for the distance to presences in geographic or environmental space, with extensive 

discussion of the advantages and shortcomings of each method in the literature, and ongoing 

development of new methods. For each species, we sampled pseudo-absences using the uniform 

method defined in Da Re et al. (2023), which was shown to perform as well or better as common 

alternatives in simulations. Briefly, it is based on sampling the environmental space (defined using 

a PCA on the environmental predictors) uniformly rather than randomly (to better sample rare 



 

 
vs. overrepresented environments in the study area), while avoiding sampling the parts of the 

environmental space where presence records are. We excluded distance to cities from the set of 

variables used in defining the environmental space for this, as it is meant to be a “control” variable 

rather than a “true” environmental variable of interest. As BART is sensitive to class imbalance in 

the training data, we set for each species to sample a number of pseudo-absences equal to the 

number of presences (Carlson, 2020; Carlson et al., 2022) (the specifics of Da Re et al. (2023) 

mean that an exact 50-50 split was not always reached, but deviations were minor). 

For each species, we fit a BART model to the presence and pseudo-absence data, using the 

embarcadero package (Carlson, 2020) as a wrapper around the dbarts package (Dorie et al., 

2024), using 4 chains with 1000 iterations each post burn-in and otherwise default settings. We 

initially included all geophysical, hydrodynamic and present-day climate variables mentioned in 

Table 1 as predictors, as well as distance to the nearest city (whether UC or DUC) as a bias control 

covariate. We then used the model selection procedure embedded in embarcadero (based on 

variable importance) to remove potentially uninformative variables. While this tends to perform 

well for BARTs specifically (Carlson, 2020), the shortcomings of stepwise selection in general are 

well known (Whittingham et al., 2006). Therefore, while we only review the reduced models 

(post-model selection) in the rest of this report, we make available map layers based on both the 

full and reduced models (Data availability). 

We used a random 80%/20% training/test split, splitting presences and pseudo-absences 

separately. Using the posterior mean predictions, we collected multiple metrics of model’s 

performance, as usually recommended (e.g. Da Re et al., 2023): the area under the receiver-

operator curve (ROC-AUC), the continuous Boyce index (Hirzel et al., 2006), the maximized True 

Skill Statistic (Allouche et al., 2006) and the corresponding sensitivity and specificity (Kuhn & 

Wickham, 2020; Leonardi et al., 2024). We estimated and provide all these metrics for both the 

training and test sets. In this report, we focus especially on the Boyce index, as it is the only one 

of these metrics specifically designed for “presence-only + pseudo-absence” workflows. We 

examined partial dependence plots to look at the shape of the relationships between predictors 

and response, and their uncertainty (Carlson, 2020). 

Finally, we used our BART models to estimate the mean suitability at every sandy grid cell (rather 

than just those included in the models), as well as the lower and upper bounds of the 

corresponding 95% credible intervals. The difference between these bounds is used as a measure 

of local prediction uncertainty, with the (un)suitability of cells with wider intervals being more 

uncertain. To control for the effect of sampling bias, we fixed the distance to cities to its average 

value when making predictions for all sites. Map layers containing posterior means and credible 

interval information for each species are made available along with this report (Data availability). 

We also generated maps of expected near-future suitability by using the climate variables from 

the SSP scenarios in predictions. Transforming maps of relative suitability into binary 

presence/absence maps using thresholds is a common practice for SDM interpretation. We do 



 

 
agree with others showing that for presence-only data it can introduce biases and a false sense 

of certainty in estimates, especially in the context of forecasting (Santini et al., 2021; Smith & 

Levine, 2025). We do acknowledge, however, that it may facilitate between-species comparisons, 

and the demand for such maps in applications. We therefore make available along the continuous 

probabilities the discretization thresholds used by embarcadero, which are based on maximizing 

the True Skill Statistic over the average posterior predictions for training data (Carlson, 2020). 

 

3.2 Separating the effect of urbanization from the effect of sampling bias: 
occupancy models 

Occupancy models are powerful tools to study species occupancy and its variation in response to 

environmental drivers in the face of imperfect detection (Kéry & Royle, 2015; MacKenzie et al., 

2002). While they can be quite complex and computationally intensive in some cases, the basic 

underlying principle is simple: 

The probability of observing a species during a site visit depends, intuitively, both on its 

probability of being present and on the probability of detecting/recording it if present. Detection 

probabilities from a single visit are almost never = 1, even for plants (Perret et al., 2023). Assuming 

periods (so-called “closure periods”) in which the true occupancy of a site does not change, 

repeated visits to sites within such intervals allow us to separate detection from occupancy. Both 

occupancy and detection submodels can include predictors, allowing for a finer understanding of 

both the true ecological state and the observation process. Because occupancy models focus only 

on sites that have been visited, the spatial bias in overall sampling effort shared by all species is 

removed from consideration in the model. 

Occupancy models have originally been developed for classical surveys where ecologists visit a 

number of sites repeatedly in a standardized way. However, Kéry et al. (2010), van Strien et al. 

(2010) and van Strien et al. (2013) showed that they could be adapted to opportunistic data (or 

mixes of standardized and opportunistic data) with only minor changes, and Isaac et al. (2014) 

confirmed that they were one of the most efficient methods to separate ecological signal from 

biases in such data. Importantly given the number of visits per site is often power-law distributed 

in opportunistic schemes (with a plurality or slight majority of sites visited only once), occupancy 

models are robust to a substantial proportion of sites receiving only one visit per closure period 

(von Hirschheydt et al., 2023). 

We follow here an approach inspired by e.g. Outhwaite et al. (2019), with differences due to 

different goals and software choices. For each species: 

• the occupancy submodel (on the logit scale) included fixed effects of urbanization (as a 

three-level factor: rural, DUC, UC), as well as random intercept effects of year, to account 

in fluctuations in occupancy between years. Because sites were visited over multiple 



 

 
years, the model also included random effects of site identity. Finally, to account for broad-

scaled spatial patterns in occupancy, the model included random effects of biome and 

ecoregion. 

• the detection submodel (also on the logit scale) included a fixed effect of the so-called 

“list length”, i.e. the number of species seen during a specific visit, as a proxy of sampling 

effort. Visits that recorded one or a few species are unlikely to have been exhaustive, so 

we can generally expect detectability to increase with list length. In practice, we follow 

others and include list length as a three-level factor: 1 species recorded per visit, 2-3 

species, 4 or more (Outhwaite et al., 2019; van Strien et al., 2013). This is because (i) 

detectability might in some cases not increase with list length, as visually striking species 

for instance may be overrepresented in 1-species visits; (ii) using a continuous list length 

variable, differences in regional species richness could lead to wrongly assume higher 

detectability in more species-rich regions (such as the Mediterranean). We considered 

also including non-linear effects of the time of year, to account for the impact of 

phenology on detection. We ended up not doing so because we found in preliminary tests, 

as in Outhwaite et al. (2019), that this greatly increases the computational burden with 

limited impacts on the resulting estimates of occupancy. 

We fit our models in a Bayesian framework using the brms (Bürkner, 2018) and flocker (Socolar & 

Mills, 2023) R packages as interfaces to the Stan language (Gabry et al., 2024; Stan Development 

Team, 2024). We use weakly informative priors based on McElreath (2020) for proportional 

responses, and ran our models with 4 chains for 2000 iterations, with the first half used as warm-

up. 

4. Results and Discussion 
4.1 BART models 

4.1.1 Models performance 

We find that model performance varied between species, but that models have generally good 

to very good performance on testing data, based on the continuous Boyce index (as a correlation 

coefficient, values > 0 are better than random). Whether a species was predicted to be rare or 

common (based on the predicted proportion of sites with presence, using the binary 

discrimination threshold) was not a clear predictor of model performance (Fig. 4, left). By 

contrast, the number of sites with presence records is strongly linked with model performance: 

models for species with smaller amounts of available data tended to perform worse (Fig. 4, right) 

(species predicted to be more common tend to be those with more presence records in the 

database, but the correlation is relatively low, r = 0.61). We note that the relationship between 

Boyce index and number of records is much steeper on testing vs. training data; this is because 

the models overfit much more on species with lower numbers of records (see the testing-training 



 

 
differences Fig. 4). We also note that some of the species with the lowest numbers of records 

(and therefore where the models perform worse) include the key dune-building species, as seen 

Table 2. Other metrics showed similarly good performance, but tended instead to perform slightly 

worse for more common species, or species with more records (not shown, but see Data 

availability). This may reflect the fact that they were not designed for presence-only data, and 

place similar weight on presences and pseudo-absences in their estimation. 

Figure 4. Relationship across species between the continuous Boyce index and the predicted occupancy 

(based on discretized probabilities, left) or the number of sites with observed presence records (right) 

 

4.1.2 Present-day species distribution patterns 

In line with the overall good performance of our models based on continuous Boyce indices, we 

generally recover expected broad scale distribution patterns from the literature, whether it is 

plant species restricted to southern (Campoy et al., 2018) or northern coasts (Bond, 1952), or 

widely distributed across Europe (Davy et al., 2006; Huiskes, 1979) (Figs 5, 6). Even for the widely 

distributed marram grass Calamagrostis arenaria, the model accurately recovers the few regions 

of Europe where it is expected to be absent (northern Baltic; Huiskes (1979); Doody (1991)). 



 

 

 

Figure 5. Maps of predicted posterior mean suitability for four selected species. Note that overlapping 

points may obscure local patterns in highly variable regions. These are probabilities of suitability not 

occupancy, and as such may or may not be directly comparable between species. For maps that are directly 

comparable between species, see the discretized maps Fig. 6. 



 

 

 

Figure 6. Maps of sites with posterior mean suitability > the species-specific discretization threshold for 

four selected species. 

However, using BART models allows us to see that these broadly accurate predictions come with 

substantial amounts of uncertainty, and that this uncertainty is not randomly distributed: in many 

though not all species, models tend to be much more certain of their predictions in areas of low 

suitability than in areas of predicted high suitability (Fig. 7). This suggests in our opinion that the 

models accurately recover the general bioclimatic patterns that would be expressed at broad 

European scale, while struggling to predict with certainty the local distribution within that 

generally suitable area. This is despite including relatively fine scale climate data as well as local 

geophysical characteristics in our predictors. This should be taken into account when considering 

practical applications of these maps, or when identifying potential pathways to ameliorate them. 



 

 

 

Figure 7. Differences in predicted posterior uncertainty between sites above (TRUE) and below (FALSE) the 

discretization threshold, by species. 

This uncertainty in geographic space is paralleled in environmental space: partial dependence 

plots showing the effect of each predictor also show quite wide posteriors in many cases (Fig. 8). 

The models performing well at broad scale might indicate that macroclimate is the primary driver 

of distributions, and indeed, at least one climate variable is retained for all species (Fig. 9). This 

does not mean that non-climatic variables are always dropped from the final models during 

model selection, on the contrary (Fig. 9). Notably, orthogonal distance to the closest coast, which 

indicates whether the local coastline is open to the sea (high distances) or embayed (low 

distances), is a key predictor retained in most species (Fig. 9). Further, its effect consistently goes 

in the same direction, with open sandy coasts being more suitable to dune species than embayed 

sandy coasts. 

Interestingly, distance to the nearest city is dropped as a predictor in many species, suggesting 

that it does not inform the model much. Importantly, this does not mean there is no sampling 



 

 
bias; sampling bias (leading to an oversampling in cities) and the negative effects of urbanization 

on true presence may well cancel each other out. 

 

Figure 8. Four representative examples of partial dependence plots, all for Cakile maritima. Blue bands 

represent the 95% credible intervals. Given the very large number of species x predictor combinations, a 

qualitative summary is provided for all cases Fig. 9. 



 

 

 

Figure 9. Qualitative summary of the partial dependence plots for all species × predictor combinations. 

Predictors are ordered as in Table 1, species as in Table 2. Symbols indicate whether suitability is overall 

increasing when the predictor increases, overall decreasing or whether it shows a bell-shaped response. 

Combinations for which the variable is not retained show no symbol; combinations for which the variable 

is retained, but high posterior uncertainty leads to no clear pattern are shown with flat lines. Given coastal 

orientation is an angular variable, an interpretation in terms of overall increases/decreases is not 

meaningful; we therefore only flag whether or not this variable is retained or not. Note that because of the 

sometimes complex shape of partial dependencies, these are to some extent subjective interpretations. 

 

4.1.3 Expected future shifts in suitability 



 

 
As a preamble, we note that these maps should be interpreted even more carefully than the 

present-day ones. First, as many have remarked before, changes in distribution in response to 

environmental change depend not only on how these changes make a site more or less suitable 

for a focal species, but also on whether the species can disperse away from newly unfavourable 

and to newly favourable sites (Essl et al., 2024). Second, using SDMs to forecast future suitabilities 

assumes that the present-day climate-suitability relationships seen Figs 8, 9 are both causal and 

transferrable from space to time (Lovell et al., 2023); these assumptions are rarely tested (but see 

Lovell et al., 2025), and cannot be tested with our own data. Third, in any case only a small set of 

our environmental predictors have been projected into the future; our future maps still assume 

for instance that storm surge or coastal erosion/accretion rates, or even the shape of the coastline 

itself, will stay at the same level than in the 20th century, which is unlikely (van de Wal et al., 

2024). Finally, with climate change many sites are predicted to experience climate conditions that 

have no analogue in the present-day study area on which the models were trained. Predictions 

at these sites should be regarded with the utmost caution, or even disregarded. Indeed, even if 

all the other assumptions were valid, the correctness of the model extrapolation beyond its 

training range cannot be guaranteed. We provide additional map layers indicating which sites 

show no-analogue conditions under the different climate change scenarios (predicted 

temperatures and/or precipitation outside the present-day range in the study area; Fig. 10). We 

find that even under the 2071-2100 SSP5-RCP8.5 scenario, no-analogue conditions remain for the 

most part limited to the extra-European, south Mediterranean area (though Malta, Cyprus, as 

well as Southern Spain, Italy and Greece start showing no-analog conditions; Fig. 10). 

Nonetheless, these expected future suitability maps may provide some guidance about changes 

in potential suitability in the coming decades, especially for the species in our set that most 

strongly respond to temperature and precipitation. 

 

Figure 10. Sites with no-analogue conditions (predicted temperatures and/or precipitation outside the 

present-day range in the study area) under the climate scenario × period combinations least (left) and most 

(right) divergent from present climate. 

 



 

 
We send the interested reader to the archived map files (Data availability) for access to all the 

future scenario maps. We highlight here some salient elements, using the lower emissions 

scenario (SSP1-RCP2.6) as an example and excluding no-analogue sites from calculations (but 

patterns are qualitatively similar if we include them): 

• In the near-term (2041-2070), the overall suitability of the study area generally declines 

for most species, though some species see increases (Fig. 11; note that these estimates 

ignore posterior variation for simplicity and are likely to be quite uncertain); 

• Decreases in suitability are overall of higher magnitude than increases; 

• There is no clear pattern where e.g. the study area becomes systematically more suitable 

for non-native species and/or less suitable for species of conservation concern. Note that 

this reflects in part our species set, which was chosen to balance northern and southern 

European species. There is no guarantee at all whether this would hold considering the 

entire flora of European coastal dunes; 

• In the longer term (2071-2100), almost no focal species should expect increases in 

suitability (Fig. 11). 

 

Figure 11. Expected proportional shifts in the number of occupied sites (based on discretized probabilities) 

between present and future climates, by species. 

 

 



 

 
4.2 Occupancy models 

4.2.1 Differences in detection between species 

Detection probabilities, and how they change with list length, is shown Fig. 12. We find that as 

expected, detectability generally increases with the number of species recorded per visit (the list 

length). However, average detectability and the effect of list length do vary between species. 

Interestingly, we find indication that the main dune-building grasses (Calamagrostis arenaria, 

Leymus arenarius, and the Elytrigia juncea species complex) have lower than average 

detectability at small list lengths. This is also reflected on the number of sites with records of 

these species (Table 2). This is in line with some expectations about the expected behaviour of 

opportunistic recorders, which might preferentially record more visually striking species (in 

animals, see Callaghan et al., 2021; Goldstein et al., 2024). This may lead to a paradox where we 

have less spatial information (at least from individual, on the ground biodiversity records) on what 

are actually among the most abundant and structurally important species of the dune 

ecosystems. To solve this, the presence of high-coverage dune-building species might be detected 

by alternate methods such as remote sensing, with spectral or RGB signature, aggregation 

patterns and location on the shore potentially differentiating species. Work in that direction is 

ongoing in other DuneFront work packages (WP5, 6), and combining these two methodologies 

may yield more complete insights on dune communities at European scale. 

 

4.2.2 Effect of urbanization 

The effect of urbanization was highly variable between species, and depending on whether the 

city was a smaller Dense Urban Cluster, or a larger Urban Centre according to the GHSL (Fig. 13). 

Overall, however, urbanization had a generally negative impact on dune-building species and 

species of conservation concern, with effects stronger on the latter. Notably though, introduced 

species were an apparent exception to this, all showing either neutral or positive responses to 

urbanization. These results are fully in line with the expected role of cities as major hubs shaping 

introduction and invasion dynamics (Potgieter et al., 2024). 

 



 

 

 

Figure 12. Relationship between list length and detectability, by species. Points are posterior means and 

bars 95% credible intervals. 



 

 

Figure 13. Effect of urbanization on predicted occupancy (posterior differences vs. rural, on the logit scale), 

by species. Points are posterior means and bars 95% credible intervals. 

 

4.2.3 Important note 

At this point, one might have noticed that outputs from both the BART and occupancy models 

are expressed as probabilities, and wondered whether it might be possible to somehow 

quantitatively combine these probabilities to inject the effect of urbanization back into the BART 

outputs. We explicitly advise against doing so, and to focus instead on qualitatively discussing 

their interplay. Indeed, while the BART outputs are expressed as probabilities, SDMs fitted from 

presence-only models might not directly reflect true probabilities of presence, only relative 

suitabilities, as the pseudo-absence points are not true absences (the species may be present but 

not observed). While our use of an environmentally-informed method to choose pseudo-



 

 
absences may mitigate that issue and make them more likely to reflect true absences (Da Re et 

al., 2023), it may not be enough. 

 

5. Conclusion and perspectives 
This report shows that meaningful and usable ecological information about key dune species can 

be extracted and summarized at the European level from opportunistic biodiversity data. Our 

work confirms the usefulness of BART as a Species Distribution Modelling method, and reveals 

substantial variation in ecological responses between species sharing the same space. BART 

models were especially valuable in highlighting the uncertainty of our suitability estimates and 

how it is distributed, which points to the need for more detailed local data. Furthermore, our 

application of occupancy models to crowdsourced data shows that impacts of urbanization are 

both strong and species-dependent. The differing responses to urbanization between native and 

non-native species point to potential conflicts in goals for Dune-Dike hybrids in urban settings: 

while urban DD-hybrids might be able to achieve their coastal protection goals, they might also 

favour the installation and connectivity of non-native species compared to non-urban dunes. 

Future work, including in other DuneFront work packages, might help shed light on these issues. 

From an ecologist’s perspective, future studies and updates might expand on the work presented 

here in the following ways: 

• We relied here on a relatively coarse detection of sandy coasts, with a simple sandy/not-

sandy binary classification based on a few transects per site. This means we likely missed 

from our analysis sites with very small sandy beaches (i.e. smaller than the typical ≈ 300-

500 m between the reference transects), but which could have harboured our species of 

interest. Given the continued debates about the benefits of small habitat patches for 

conservation (in urbanized contexts, see e.g. Vega & Küffer, 2021), a re-analysis that 

accounts for the quantity of sandy habitat available per site may prove useful. There are 

however major technical and data hurdles here, and there should be careful evaluations 

of the costs and benefits of attempting to do this at the European scale, rather than at 

more local scales where accessing that quantitative information is more achievable. 

• We were quite stringent in our selection criteria for biodiversity dataset inclusion; there 

is reason to believe that slightly loosening the filtering here might enable us to increase 

our dataset size without compromising quality. For instance, we excluded datasets that 

were limited to one country, to avoid injecting even more spatial bias in records, as not all 

countries have open recording schemes in GBIF. Extensions of BART with country-specific 

random effects might here be helpful (Carlson et al., 2022). 

• A larger range of environmental variables may improve the predictive success of our BART 

models. For instance, the physical and chemical properties of the substrate have an impact 



 

 
in shaping plant distributions (Mod et al., 2016). However, while there has been significant 

effort to develop open maps of these data for both marine (e.g. 

https://www.coastal.hub.copernicus.eu/) and terrestrial (e.g. https://soilgrids.org/) 

environments, there are no European-wide equivalent, as far as we know, specifically 

tailored to coastal systems (the physico-chemical layers available in the Copernicus 

Coastal Hub for instance, actually mostly relate to the marine realm). It is not necessarily 

clear how to relate marine and terrestrial patterns in any useable way to physico-chemical 

variation experienced on the coastal sandy interface in-between. Even if not as a proxy of 

coastal characteristics, these variables may still be useful as indicators of the influence of 

inland land use on the coast (e.g. runoffs…). With an increase in the number of predictors, 

issues around variable selection and overfitting will become more important, especially 

for species with fewer records. Modifications of BART with priors that allow for principled 

in-model variable selection might here be useful (for an example, see e.g. Becker et al., 

2022). 

• While we compared species responses informally and qualitatively in this report, there is 

significant added value in doing so systematically and quantitatively. Comparison of 

species responses, for instance through meta-analyses, can yield major insights on the 

higher-level mechanisms behind biodiversity responses, including the role of species traits 

and evolutionary history/ phylogeny (e.g. Capilla-Lasheras et al., 2022; Liang et al., 2023; 

Merckx et al., 2018; Murray et al., 2019). BART is a black-box non-parametric method, 

which means it does not provide meaningful effect sizes that would be analysable in that 

way across models/species. However, various summary metrics could be generated along 

with their uncertainty and compared in this framework. By contrast, parameters from the 

occupancy models (detectabilities, baseline occupancies, effects of urbanization…) can be 

readily and meaningfully compared between species. Rather than meta-analysing 

summary statistics from series of single-species models, occupancy models can even be 

expanded to multi-species models where traits and phylogeny are included directly 

(Bürkner, 2018; Socolar & Mills, 2023). New methodological developments, reducing the 

computational needs for fitting such multi-species models to crowdsourced data, are here 

very promising (Fajgenblat et al., 2025). 

 

 

 

6. Data availability statement 
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The BART suitability maps for present and future scenarios are archived on Zenodo as 

geopackages, along with a copy of this report (https://doi.org/10.5281/zenodo.15044553). The 

processed environmental and species data tables, as well as the R code to reproduce the BART 

and occupancy models are available on GitHub (https://github.com/mdahirel/DuneFront_WP4-

2_analysis) and archived separately in Zenodo (https://doi.org/10.5281/zenodo.15044685). The 

“raw” environmental data layers (i.e. before any processing described here) are openly available 

from a variety of sources all cited in this report. The reference coastline data are © 

OpenStreetMap contributors and were made available under the Open Database License (ODbL). 

The raw GBIF downloads are archived under the following DOIs:  

https://doi.org/10.15468/dl.z8sdfd, https://doi.org/10.15468/dl.xc3pkg, and 

https://doi.org/10.15468/dl.m635ds for iNaturalist, Observation.org and Pl@ntNet, respectively. 
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