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Introduction

Biogeography was defined by Myers & Giller (1988) as the study of the geographical
distribution of organisms. It aims to identify past, present and future distributions of species and
their underlying drivers. This field has gained interest to monitor changes in species distributions
due to climate change with a large number of studies showing that rising temperatures have
altered species distribution patterns (Barry et al., 1995; Walther et al., 2002; Harley et al., 20006),
with species often migrating polewards (Lathlean et al., 2015). Hence, studying biogeographic
patterns can provide insights into the history and the drivers of distributional change. This is of
utmost importance given that biodiversity is related to ecosystem health and that changes in
biodiversity (e.g. species abundance decline or changes in species composition) can disturb
critical ecological functions (Lotze et al., 2006; Hooper et al., 2012; Harley et al., 2006; Walther
et al., 2010) and the services provided to human societies (Malone et al., 2013). For instance,
studies have shown that biomass production increases with species richness in many
environments, ensuring livelihoods (e.g. food, income) for many humans worldwide (Dufty et
al., 2017).

Coastal ecosystems, known for their important taxa richness and productivity (Watanabe
et al,, 2018), are critical zones at the interface between marine and terrestrial ecosystems
providing diverse habitats and heterogeneous living conditions (Spalding et al., 2007; Halpern et
al., 2008). However, these habitats are facing important anthropogenic pressures due to
cumulative impacts of climate change and other issues including overexploitation, introduction
of invasive species or pollution (Halpern et al., 2019; Bowler et al., 2020) that can drive changes
in species distribution and community composition (Walther et al., 2010). Such changes have
been observed in several coastal benthic organisms such as crustaceans, bivalves, gastropods,
and polychaetes (Pezy & Dauvin, 2016; Philippart et al., 2003; Mieszkowska et al., 2007,
Wethey & Woodin, 2008).

Species Distribution Models (SDMs), based on the concept of the ecological niche, are often
used to understand and predict changes in biodiversity. More specifically, SDMs are representing
the species’ realized niche, defined by Hutchinson (1957) as the range of environmental
characteristics within which a species can maintain positive growth in the presence of other
species and constrained by dispersal limitations (e.g. geographic barriers). In practice, SDMs are
frequently used to predict the presence probability of species based on spatial predictors that
characterize the conditions experienced by species across their distribution and which include
climatic conditions (e.g. temperature, humidity, wind...) but also anthropogenic pressures (e.g.
chemical load, fishing activities; Guisan et al., 2005; Elith et al., 2009; Guillera-Arroita et al.,
2015).

One of the applications of SDMs consists in aggregating the predictions obtained for
individual species to look at changes at higher levels of biological organization (e.g. community



level). Several techniques, including group modeling and individual species modeling can be
used to improve our understanding of the relationships between communities and their
environment (Dubuis et al., 2011; Guisan & Rahbek, 2011; Calabrese et al., 2014). The two most
frequently used methods to model communities are the “assemble first, predict later” and
“predict first, assemble later” (D’Amen et al., 2017). In the “assemble first, predict later”
approach, the data are first grouped using biological criteria or ordination analysis resulting in
community-level groups that represent the object of inference. In the second method, “predict
first, assemble later” the species are first modeled to produce a map of their repartition that is
then aggregated and submitted to a classification to obtain community-level groups (D’Amen et
al., 2017; Ferrier et al., 2006). These two methods are based on the assumption that community
composition is stable in space and time (i.e. only the geography of the community changes) and
view the communities as a set of co-occurring species (Ferrier et al., 2006; D’ Amen et al., 2017).

Modeling species distributions requires spatial data on the distribution of species that can be
collected using various approaches (Bled et al., 2013; Stockwell et al., 2002). Standardized
fieldwork data collected by experts is the gold-standard approach but is expensive and time
consuming (Peterson et al., 2008; Feldman et al., 2021). Another approach consists in using data
from citizen science programmes which are sometimes designed following a standardized
protocol where trained volunteers are collecting the data (Egar et al., 2016). Thanks to citizen
science programs, we can acquire large amounts of data with a wide spatial and temporal
coverage (Greenwood, 2007). Despite being generated using time-saving techniques and by
volunteers without professional training, these databases often produce results comparable to
those obtained from databases collected by specialists (Devictor et al., 2010). Indeed, contrary to
the misconception that volunteer-based efforts produce imprecise outcomes, they actually
maximize sample sizes, thereby increasing statistical power and robustness (Newman et al.,
2003; Schmeller et al., 2009).

In historical Brittany (comprising the region of Brittany and the Loire-Atlantique department),
the OBCE (Observatoire Breton des Changements sur 1’Estran) established by the association
Bretagne Vivante, is a citizen science project that started in 2017 with the aim of collecting
occurrence data for intertidal benthic macrofaunal species. This program is particularly
interesting as Brittany is considered a biodiversity hotspot for various species groups, including
algae, plankton, and benthic macrofauna (VandenHoek & Donze, 1967; Kerswell, 2006;
Santelices et al., 2009; Gallon et al., 2017; Kléparski et al., 2021; Fragkopoulou et al., 2022).
This exceptional diversity can be explained by the location of Brittany between two
biogeographic zones (the English Channel and the Bay of Biscay), that provides a high level of
habitat heterogeneity (Tempera et al., 2019) favoring the establishment of species with various
ecological characteristics. The geographical context of historical Brittany, characterized by the
near absence of stratification in the north and increased stratification in the south, where tides
and currents are less important (Spalding et al., 2007; Penard, 2009; Gallon et al., 2017),



contributes to the unique environmental characteristics of the region (Spalding et al., 2007;
Penard, 2009; Gallon et al., 2017).

To date, most large-scale research on benthic macrofauna were conducted across the north
Atlantic ocean (e.g. Dinter et al., 2001; Chust et al., 2024) and often focused on a limited number
of species or specific taxonomic groups (Melo-Merino et al., 2020). For instance, while it has
been shown, in the United Kingdom, that the distribution of rocky intertidal species is changing
rapidly as a result of climate change (Hawkins et al., 2009; Burrows et al., 2019; Mieszkowska et
al., 2021), most studies focused on soft subtidal species (Gaudin et al., 2018; Hiddink et al.,
2014; Hinz et al., 2011), with low attention to rocky shore communities. Therefore, we still have
a poor understanding of the current distribution and drivers of spatial change in the biodiversity
of benthic macrofauna in intertidal rocky shore habitats. The environmental differences between
North and South and East and West Brittany are well known (Tempera et al., 2019), as well as
the existence of the Ushant front, separating mixed coastal waters in the Iroise sea and the
Manche from thermally stratified open Celtic Sea waters (Le Boyer et al., 2009; Gallon et al.,
2014). However, our understanding of how and to which extent the biogeographical barrier
represented by the Ushant front affects the distribution of shore macrofaunal species remains
limited (Dinter et al., 2001). Using physico-chemical variables, Tempera et al. (2019) presented a
high-resolution partitioning of Brittany’s infralittoral seabed. They identified eight clusters
characterizing the environmental conditions prevailing in bays, estuarine-influenced zones,
coastal areas exposed to waves, and sectors influenced by currents. Although of importance, this
study is only based on abiotic variables providing limited insights on the resulting biodiversity
patterns at the scale of Brittany.

The aim of this study is to describe and spatially predict the biogeography of rocky shore
macrofaunal communities along historical Brittany’s coastlines, using SDMs. We further aim to
identify the main environmental drivers influencing spatial variations in macrofaunal community
composition. This will allow us to evaluate the OBCE program and its potential to be used in
biogeography studies. At the scale of Brittanny, we expect to identify a latitudinal and
longitudinal gradient owing to the presence of known biogeographic barriers (Le Boyer et al.,
2009; Gallon et al., 2014), but we also expect more local patterns with communities specific to
areas like bays and estuaries due to prominent influence of some specific environmental
conditions such as exposition to waves and currents, river plumes, temperature or ocean
stratification (as seen in Tempera et al., 2019 and Derrien-Courtel et al., 2013).



Materials and methods

1. Species occurrence data

Species occurrence data come from the OBCE, a citizen science project supported by the
association Bretagne Vivante (https://www.estran-bretagne-vivante.org/). It covers approximately
800 km? of intertidal area exposed during high tide, and engages in a participatory project
involving a network of over a hundred active observers, including former or still working
professionals, capable of identifying intertidal species. This observatory also collaborates with
taxonomic experts from various institutions such as the [UEM (Institut Universitaire Européen
de la Mer), the Ifremer (Institut Francais de Recherche pour I’exploitation de la Mer) and the
CNRS (Centre National de la Recherche Scientifique). The data collection process is
non-invasive, relying solely on observation techniques without specimen sampling. The
approach, focusing exclusively on occurrence sampling, relies on a straightforward protocol (i.e.
an inventory of all species present in the studied area) easily followed by volunteers.

The occurrence data were extracted from the Serena database and were collected between 2017
and 2023 in five French departments: Cotes d’Armor (22), Finistére (29), Ille-et-Vilaine (35),
Loire-Atlantique (44) and Morbihan (56, a cartography of the inventories location is available in
appendix 1). Species that are not characteristic of the rocky shore macrofauna such as plants,
pelagic or benthic species characteristic of soft sediments were excluded based on expert
knowledge (J. Grall). Species that are difficult to identify (e.g. small or look-alike species) or that
are unevenly identified at the scale of Brittany (e.g. species only identified by some experts but
not others) were also removed. Remaining species names were harmonized using WORMS
(World Register of Marine Species). The final database contains 29,798 observations of 432
species, from 8 phyla (Annelida, Bryozoa, Chordata, Cnidaria, Crustacea, Echinoderma,
Mollusca, Porifera) for a total of 649 inventories (i.e. species found in a site at a given time) with
an average species richness of 54.6 species per inventory (statistics on species richness and
number of inventories per year are available in appendix 2). Overall, the database contains
information on the species identity, the taxonomic classification (order, family, phyla), the date
of the observation, the geographical coordinates of the inventory, the sampling year and the name
of the group observer. For further analysis, occurrence data were transformed to
presence/absence by assuming that when a species was not present in an inventory, it was truly
absent (i.e. we assumed no observation errors).

2. Environmental data

We used marine and terrestrial environmental data from different models, with spatial resolutions
ranging from lkm? to 4000km? (details on environmental variables, comprising spatial and
temporal resolution, the variables extracted, the sources and the models from which the data was



extracted, are available in Appendix 3). Terrestrial data (cloud cover, humidity, air temperature,
pressure and wind speed) were extracted from the Météo France climate model Arpege (Courtier
et al., 1994). Seabed water characteristics (temperature, salinity, suspended particulate inorganic
matter [Spim] and dissolved concentrations of ammonium, nitrate, phosphate, silicate and
oxygen) were retrieved from the Ifremer model Ecomars (Ardhuin, 2013). For the physical
variables, data on current velocity, tidal magnitude and amplitude were extracted from an
assimilation of TOPEX/Poseidon and Jason altimetry data (Egbert et al. 2010). Wave height was
extracted from the Coordinated Ocean Wave Climate Project (COWCLIP2.0, Morim et al.,
2019). The fetch (i.e. a proxy of coastal exposure that indicates the distance over which the swell
can propagate without encountering any obstacle) was extracted from Burrows (2020) and
summed for every direction. Finally, the coastal type (e.g. Estuary, Erodible rock, Sand beach ...)
was extracted from the EMODnet Geology portal (Salman et al., 2004).

The Ifremer and météo france data were extracted using the Ifremer supercomputer
Datarmor. Overall, we had 20 variables.

This environmental information comes in the form of a grid, with a given spatial resolution. In
order to make the correspondence between environmental data and biotic data, we extracted
environmental values using inventory coordinates. When extracting this data, we had to
overcome the edge effect caused by the location of the inventories at the interface between
terrestrial and marine environments since some environmental data such as Spim or salinity are
only available in marine environments, and the information is often lacking in intertidal zones
(Ge et al., 2005). To address this issue, two methods were tested: the nearest neighbor method
(i.e. associating the inventory with the closest data) with a maximum distance of 4km, and the
buffer method (i.e. associating the inventory to the average value of data within a buffer zone)
with a 4km buffer. These two techniques were compared using a Wilcoxon test (Appendix 4), a
non-parametric alternative to the t-test to compare two independent groups of samples with
non-normal distribution. We found no significant difference between these two methods.
Ultimately, environmental data was extracted using the nearest neighbor method. When temporal
information was available, we computed the mean, the standard deviation, the maximum and the
minimum of each variable over the sampling period (i.e. 2017 to 2023), bringing the number of
variables to 59.

3. Statistical analyses

3.1. Identifying and characterizing benthic communities

3.1.1.  Defining clusters of communities

In order to identify and model the distribution of the different community types, we used the
approach “assemble first, predict later” (D’Amen et al., 2017; Ferrier et al., 2006). We made this



choice relying on previous studies showing that the alternative approach (i.e. predict first,
assemble later) provides less precise outcomes owing to propagation errors associated with each
species model and also tends to predict unrealistic assemblages (Deschamps et al., 2023).
Therefore, the assemble first method is to be privileged when mapping or predicting
community-level indices (Deschamps et al., 2023).

We used the Kmeans clustering method to identify clusters of inventories presenting similar
characteristics in terms of community composition (Hartigan & Wong, 1979). This
non-hierarchical technique requires a pre-defined number of groups. The optimal number of
clusters was determined by testing different numbers of clusters and comparing values of the
Simple Structure Index (SSI; Legendre & Legendre, 2012). This was done with the cascadeKM
function from the vegan R package (Oksanen et al., 2022). In all subsequent analyses, we used
the cascadeKM to performs multiple kmeans considering different number of groups (from 2 to
20) with 1000 permutations each to evaluate the optimal number of clusters based on the SSI
criterion.

To evaluate the temporal stability of the identified clusters, we performed a clustering analysis
on the Hellinger transformed species-by-inventory matrix (Legendre & Gallagher., 2001;
Legendre & Borcard, 2018). The clusters were then visualized for each year within a
two-dimensional space defined by the first two-axis of a principal component analysis (PCA)
performed on the above-mentioned matrix using the rda function from the vegan R package.

To model the spatial distribution of the clusters, a spatial correspondence must be made between
biotic inventories that are defined with coordinates and environmental variables that come in the
form of a grid. We used a Skm? grid to compromise with the different spatial resolution of the
environmental predictors (varying between 1km? and 4000km?). We then aggregated inventories
within environmental pixels, assuming that a species was present within a pixel as long as it is
present in at least one inventory. This implies that the temporal dimension is ignored in this
analysis (i.e. we assumed temporal stability).

Based on this species-by-pixel occurrence matrix summarizing species occurrence across the
2017-2023 period, we conducted a second clustering analysis with the same methodology as
described above. To compare the clusters obtained with the two clustering realized, we drew an
alluvial plot using the ggalluvial extension of the ggplot2 R package.We then explored the extent
to which the identified clusters represent actual ecological differences or methodological issues
(e.g. inventorying bias), by exploring patterns of species richness across the clusters. A boxplot
and a Wilcoxon rank sum test was performed to determine if there was a significant difference in
species richness between the clusters (Appendix 5).



3.1.2.  Characterizing community clusters

From the species-by-pixel presence-absence matrix, we used the Indval index to find out which
species were the most representative of each cluster (Dufréne & Legendre, 1997; De Caceres &
Legendre, 2009) using the multipatt function of the indicspecies R package (Caceres et al.,
2016). This index combines specificity and fidelity by accounting for the frequency of
occurrence of a species within a cluster relative to the other clusters (Dufréne & Legendre,
1997). The significance of Indval values was tested using 1000 permutations.

In order to explore the drivers of cluster composition, we used three explanatory datasets :
environmental predictors, predictors describing the observation process (hereafter referred to as
expertise), and spatial predictors. The environmental predictor dataset corresponds to the
environmental variables introduced above (see appendix 3). The expertise dataset was used to
understand the importance of the observation process in the variability of benthic communities
and in the identity and spatial distribution of the clusters. The variables used were : the average
number of inventories per pixel, the number of observers per pixel and the average expertise per
pixel. The average expertise was obtained by rating each of the 35 groups of observers on a scale
ranging from 1 for the least experienced group to 5 for the most experienced group. This
assessment was carried out by a professional taxonomist (J. Grall) who is familiar with the skills
of the people involved in the sampling. Temporal information on the inventories constitutive of
each cluster (average inventory year per pixel, percentage of inventories observed between
2017-2018, 2020-2021, and 2022-2023 per pixel) were also used to describe expertise variation,
since the expertise was shown to neatly increase over time (appendix 6) as the observer gained
knowledge about species taxonomy. The spatial predictor dataset is composed of a matrix of
dbMEM (Distance-Based Moran’s Eigenvector Maps; Borcard & Legendre, 2002) and was
constructed from the inventories coordinates using the dbmem function from the adespatial R
package (Dray et al., 2018). The dbMEM method produces orthogonal (linearly independent)
spatial descriptors. This method allows a much wider range of spatial scales to be covered and
makes it possible to identify finer spatial patterns than just considering latitude and longitude
(Dray et al., 2006).

Given the high number of explanatory variables, we used a variable selection approach to
identify the most relevant variables to explain the spatial distribution of the clusters at the pixel
scale (appendix 7 shows the variables selected at each step of the selection). For this purpose, we
first removed collinear variables within the explanatory datasets (this was realized only for the
environmental and expertise dataset). Specifically, we identified collinear wvariables by
computing Pearson’s correlation coefficient among all variables within each dataset. When a
group of variables had a correlation greater than 0.6, we kept the most relevant variable and
excluded the others from further analysis. Variance inflation factors (VIF), which measure the
extent to which each variable in a dataset is collinear with the others (Borcard et al., 2018) were



calculated to ensure that there was no further redundancy in the remaining variables. Finally, we
used a forward selection approach on a redundancy analysis (RDA; Blanchet., 2008) using the
function forward.sel from the adespatial R package to find the most relevant variables within
each set of predictors (Borcard et al., 2018). The variables chosen for each set of explanatory
data are, for the environment : tidal amplitude, fetch, average salinity, current velocity, average
and maximum air temperature, minimum dissolved oxygen, phosphate and ammonium
concentrations, minimum wind speed and average wave height (informations on the values of the
variables used are available in appendix 8). The coast type variable was not included in the
selection process as we decided to keep it in the final dataset because of its ecological
importance for benthic species. For the expertise dataset, the selected variables are : average year
the inventories and average expertise while for the spatial datasets, the selected variables are : the
first four dbMEMs (i.e. those modeling large-scale variations; Borcard et al., 2018; Brind’ Amour
et al, 2018). The first two MEMs show a latitudinal and longitudinal gradient in the
communities while the two others show a more complex spatial pattern (Appendix 9).We
decided to realize the selection on each dataset instead of on all the variables at the same time to
keep the shared portion of the variance between the dataset, that was to be examined in the
following analysis. After this selection we had 18 variables, comprising 12 environmental
variables, 4 spatial variables and 2 expertise variables.

We used a variance partitioning approach, based on an RDA, to decompose the variation of the
species presence/absence matrix (Hellinger transformed) into fractions explained by each set of
explanatory variables (environmental variables, spatial dbMEMs matrix and expertise variables),
fractions shared between multiple sets of explanatory variables and residuals (Clappe et al.,
2018). For that purpose, we used the rdacca.hp function (Lai et al., 2022) from the rdacca.hp R
package (Lai et al., 2023). The results of this analysis were plotted using the UpSetVP package
(Liu et al., 2022).

3.2. Modeling the spatial distribution of communities

To model the distribution of each identified cluster, we used species distribution models (SDM)
using the package biomod2 (version 4.2-5; Thuiller et al., 2024). To simplify the models and for
ease of comparison between communities, we did not make a variable selection for each model
but chose to use the set of environmental variables selected in the previous analysis as the
correlated variables were already excluded. Different modeling algorithms can be used for spatial
modeling, each with its own set of strengths and weaknesses (Marmion et al. 2009). For instance,
despite their tendency to overfit the data (Cengié et al., 2020), algorithms based on decision trees
usually display good predictive performances, especially in the presence of outliers (Iverson et
al. 2008; Cengic¢ et al., 2020). In contrast, general linear models are less prone to overfit the data
and can be better at extrapolating (Yates et al., 2018) but the constrained shape of the
relationship, usually leads to lower predictive performance (Yee & Mitchell, 1991). Here, we



used three modeling algorithms that have proved efficient in modeling species distributions
(Friedman & Popescu, 2008; Seni & Elder, 2010; Hao et al., 2019) : Generalized linear models
(GLM; Trevor et al., 1992), Generalized additive models (GAM; Trevor & Hastie., 1992), and
Random Forest (RF; Breiman 2001). From these three models, we used a weighted average
approach to combine predictions across models. The averaging was weighted by the predictive
performance of each model (area under a receiver operating characteristic [ROC]; Hanley &
McNeil, 1982), the models with an evaluation score under 0.7 with the ROC metric have been
excluded (Manel et al., 2002; MeiBner et al., 2014).

Ideally, a model should be tested with statically independent data (Thuiller et al., 2009). In this
study such data are not available. We therefore used a data-splitting approach to test the
explanatory and predictive performance of the models. Specifically, we randomly selected 80%
of the data for model training and 20% of the data for model evaluation. This procedure was
repeated 10 times. The evaluation was calculated with the TSS (True Skill Statistic, Allouche et
al., 2006) and ROC (Hanley & McNeil, 1982) indices. The mean results of the evaluation are
then calculated and we obtain a quasi-independent evaluation (Thuiller et al., 2009; appendix
10). The models were then used to make predictions, using the same data as for model
calibration.

To assess the capability of the models to attribute a single cluster to each pixel, we
computed the Pielou’s evenness (corresponding to the value of the Shannon index of the pixel for
all models divided by the maximum value of the Shannon index) of the clusters’ probability of
presence for each pixel. A pixel with an evenness value of 0 indicates that only one cluster is
predicted to occur within that pixel whereas a value of 1 means that all clusters are predicted to
occur in that pixel.

All analyses were conducted with the R programming language version 4.3.2 (2023-10-31).



Results

1. Identifying and characterizing the communities and their relationships with
the environment

1.1.  Spatial and temporal variation of the communities across inventories
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Fig 1 : PCA of the Hellinger-transformed species-by-inventories presence/absence matrix. Scaling 1. Dots represent
inventories and are colored according to the 6 clusters defined from the first clustering. The ellipses correspond to
each group 95% confidence interval (based on multi-normal distribution). To explore the temporal variability of
community patterns, the output from this single PCA were represented separately for each year.

The first clustering, performed on the species-by-inventory matrix, gave us six clusters (Annexe
11). The cluster 2 roughly represents sheltered areas like bays (e.g Bay of Brest, Morbihan Gulf
and Bay of Saint-Malo), the cluster 3 is composed of inventories from the Loire-Atlantique
department, the cluster 4 represents the north of Brittany and the cluster 5 inventories from the
south of Brittany. The clusters 1 and 6 do not show any clear geographical pattern. The
community patterns and distinction among clusters were fairly consistent over time (Fig. 1),
which support our choice to create a second dataset, excluding the temporal dimension.
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1.2.  Spatial variation of the communities across 5km? pixels and relationship with
environmental conditions

1.2.1.  Community clustering at the scale of 5km? and difference with the transect scale
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Fig. 2 : Cartography of the clusters’ occurrence, from the second clusterization at the pixel scale. For the sake of
clarity, the pixels were represented as points, with the coordinates representing the center of the cell.
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From the second clustering, we obtained 8 clusters (Fig. 2). Cluster 1 is located in the south,
cluster 3 is situated in the northwest, cluster 4 represents sheltered areas (e.g. bay of Brest, the
Gulf of Morbihan and the bay of Saint-Malo), cluster 5 shows sites from the Loire-Atlantique
department, cluster 6 displays northeast sites, cluster 7 is situated at the southwest and cluster 8
and 2 have an undefined geography. From now on, the clusters will be renamed as follows : 1 :
South Brittany, 2 : Undefined, 3 : Northwest, 4 : Sheltered areas, 5 : Loire-Atlantique, 6 : North
Brittany, 7 : Southwest, 8 : cluster 8.

Cluster 8
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2 *g \ North.Brittany Cluster
. Cluster 8
400 i Mortest Loire.Atlantique
Sheltered.areas North.Brittany
4 South.Brittany Northwest
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5 South.Brittany
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Southwest . Undefined
6
0 Undefined
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Fig. 3 : Alluvial plot showing the correspondence between the clusters of first clustering (at the inventory scale) and
the clusters of the second clustering (at the pixel scale). The clusters represented by colors are those of the second
clustering. The y-axis represents the number of inventories classified in each group. For the second clustering
conducted at the pixel scale, all transects within a given pixel were attributed to its corresponding group.

Correspondence between the clusters obtained from the two clusterings were drawn and shows
that the clustering at the inventories and pixel scales are fairly consistent (Fig. 3). Clusters at the
pixel scale correspond mainly to one cluster at the inventory scale, except the Southwest, North
Brittany and Northwest clusters that take origin in multiple inventory scale clusters.

1.2.2.  Characterizing the pixel scale clusters
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The southwest cluster is particularly rich with an average of almost 94 species per cell (appendix
2 and 12). It also contains more inventories than the other clusters with 52 pixels containing an
average of 4.75 inventories including few older inventories and the highest mean expertise. The
Loire-Atlantique cluster has a high species richness with an average of 57,1 species per pixel, as
well as sheltered areas and South Brittany which show respectively 65,14 and 54,3 species per
pixel on average. The north Brittany cluster shows a species richness of 42,31 on average, it also
has few older inventories and the lowest average expertise (2,08). Cluster Northwest and
Undefined show poor species richness with a mean of respectively 29 and 20,83 species per
pixel. These clusters also represent few inventories from 2022 to 2023 and the Undefined group
has a relatively low expertise (3.30). Cluster 8 is the poorest with only 5.61 species per pixel on
average and represents older inventories with 60 inventories realized before 2019 and no
inventories from 2022 to 2023. It is also the least represented cluster with only 18 pixels and just
over 1 inventory per pixel. However, the cluster has a good average expertise (4.22). The results
show that the species richness in cluster 8 is significantly lower (W ranging from 404.5 to 936.0;
p<0.0001) than in the other clusters (appendix 5). Combined with the fact that most inventories
constitutive of this cluster are from the beginning of the OBCE program, this cluster (and
associated inventories) was excluded from further analysis since the low richness is not really
representative of the communities.

Clusters strongly varied regarding community compositions (Appendix 13). The
Loire-Atlantique community highly differed from the others, being mostly characterized by
molluscs (e.g. Magallana gigas, Modiolus barbatus, Heteranomia squamula, Tritia incrassata,
Alvania lactea), a few crustaceans (e.g. Pachygrapsus marmoratus, Clibanarius erythropus),
echinoderms (e.g. Asterias rubens, Psammechinus miliaris) and polychaete species such as
Sabellaria alveolata. South and sheltered communities were rather similar and mostly associated
with sponges (e.g. Aplysilla rosea, Aplysilla sulfurea, Ophelia spongia, Terpios gelatinosus),
gastropods (e.g. Rissoa parva, Haliotis tuberculata) and nudibranchs (e.g. Berthella plumula).
The North and Northwest clusters were associated with crustaceans (e.g. Galathea squamifera)
and gastropods (e.g. Calliostoma zizyphinum). The undefined cluster seems to be characterized
only by very common species (e.g. Littorina littorea).

Four clusters (Southwest, Loire-Atlantique, Sheltered areas and North Brittany) were
associated with indicator species with an Indval index above 0.35 (Appendix 14). The majority
of the indicator species are found in the southwest cluster, with 27 species of various phyla being
specific to this group. The loire-atlantique cluster has 12 indicator species, including 9 molluscs,
the sheltered cluster shows 4 indicator species including 2 ascidia, 1 gastropod and a polychaete
while the North Brittany cluster is characterized by one sponge.
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Fig. 4 : UpSet plot showing the number of unique and shared species for each cluster. The lower panel represents,
with the black dots, the clusters included in each combination set. The upper panel displays the number of species
shared by each combination. Only the combinations of clusters sharing at least 10 species have been represented.

Out of the 432 species, 75 species (17%) are shared by all the clusters (Fig. 4). Several species
(64 species, 15%) are found exclusively in the Southwest cluster. It should also be noted that the
Southwest cluster is in every combination of groups represented by at least 10 shared species.
This analysis highlights the exceptional diversity of the Southwest community, in contrast to the
Undefined community, which consists almost entirely of generalist species (i.e. species found in
other clusters), only 0.6% (2 species) of its diversity being unique to this cluster.

1.2.3.  Environmental variations among clusters and drivers of community variation

The environmental characteristics associated with each cluster (Appendix 15) highlight the
unique environmental conditions of the Loire-Atlantique region, exhibiting low values for mean
salinity, tidal amplitude, and fetch, but high values for mean and maximum air temperatures,
current velocity, and minimum concentration of phosphates. In contrast, Northwest and North
Brittany are characterized by low values of maximum air temperature, mean wave height, and
mean air temperature, but high values of mean salinity. North Brittany also has low current
velocity and high tidal amplitude. South Brittany and the Southwest region show low values of
maximum air temperature and tidal amplitude. The Undefined and Sheltered areas are noted for
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their low values of fetch and minimum salinity, with higher average temperature in Sheltered
area and lower current velocity and mean wave height in the Undefined cluster.

The coast type is relatively homogeneous among the clusters (appendix 16), the
Loire-Atlantique cluster is the one with the least rocky and more sandy coastline. The Sheltered
areas are those with a greater proportion of rocky coastline.
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Fig. 5 : A : UpSet plot of a variation partitioning showing the percentage of variance in the Hellinger transformed
species presence/absence matrix at the pixel scale explained by each group of explanatory variables : Env :
environmental, Space : spatial, Exp : experience. The lower panel represents, with the black dots, the datasets
included in each combination set. The upper panel displays the variance explained by each combination, and the left
one displays the total variance explained by each single set of variables. B : RDA biplot on the species
presence/absence matrix at the pixel scale. The percentage represents the variation explained by each axis, the
arrows display the variables and the sites are grouped by clusters represented by a color and an ellipse corresponding
to their 95% confidence interval (based on multi-normal distribution).

The largest proportion of variance in the species presence-absence matrix, 5.71%, is explained
by the shared fraction between environment and space (Fig. 5A), followed by the effect of the
environment alone (4.17%), of the observing process (2.82%) and of the spatial predictors
(1.57%). In total, environmental variables accounted for 7.38% of the variance, spatial
components for 4.82%, and the observer effect for 3.34%. Even if an important part of the
variance explained by the environment is shared with large-scale spatial patterns, there is still
4.17% of the variance that can only be attributed to the environment.

The clusters show clear variation regarding geography and environmental conditions
(Fig. 5B). The first axis represents the latitudinal gradient (MEM1) related to tidal amplitude and
is positively associated with Southwest and Loire-Atlantique clusters and negatively associated
with Undefined and north clusters. The second axis represents the longitudinal gradient (MEM2),
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related to temperature and salinity and is positively associated with Loire-Atlantique and
Undefined and negatively associated with the Southwest cluster. The expertise (represented by
the average inventories year) is positively associated with the Southwest cluster and negatively
with the Undefined cluster.

2. Modeling of the cluster occurrences

The Loire-Atlantique model demonstrates the highest predictive power, with ROC values
exceeding 0.9 for all three algorithms (GAM, GLM, RF; Appendix 10). The other clusters show
values of ROC ranging from 0.8 to 0.9 in all 3 algorithms, except for Sheltered areas and North
Brittany clusters exceeding 0.9 with RF. We observe similar results with the TSS metric, with
lower values ranging from under 0.4 to over 0.8

The predicted probability of presence (Appendix 17, predicted occurrence for each cluster
type is presented in the appendix 18) shows congruent spatial patterns with the observed
occurrence of clusters.
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Fig. 6 : A : Confusion matrix showing the percentage of correspondence between the predicted occurrence of the
clusters (in rows), based on the cluster with the highest probability of presence for each pixel, and the observed
occurrence of the communities (in columns). B : Maps comparing the observed repartition of the clusters (top) to
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Occurence probability

their predicted repartition (bottom). In the predicted repartition map, the cluster represented for each cell is the one
showing the higher predicted presence probability (maps of the predicted probability of each cluster can be found in
Appendix 17).

The models all showed a good predictive performance with a rate of correct predictions ranging
between 70% and 100% (Fig. 6A). The highest error rates occurred between the South Brittany
and Southwest clusters and the Sheltered areas and Undefined clusters. Consequently, the
comparison between predicted and observed communities presented similar spatial patterns (Fig.
6B).
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represents the standard deviation of the values. The importance of the variables are printed in the top right corner of
each facet.

For the Loire-Atlantique cluster, the most important variables were the average and maximum air
temperatures (with importances of 0.82 and 0.58, respectively), current velocity (0.59), and tidal
amplitude (0.32, Fig. 7). Each of these variables showed an increased probability of presence of
the cluster as their values increased. In North Brittany, despite linear models only showing a
negative correlation with average wave height (importance of the variable : 0.75), the RF model
highlights tidal amplitude as an important variable for the model (0.67, appendix 19), with higher
values increasing cluster presence probability. The Northwest cluster’s presence is majoritarily
influenced by salinity (0.51), current velocity (0.39), fetch (0.31), and tidal amplitude (0.31), all
positively correlated with the presence of the cluster. Contrastingly, in Sheltered areas, the most
important variables are average and maximum air temperatures (0.48 and 0.4) which increase
with the cluster's presence probability, while fetch (0.32) is negatively correlated. South Brittany
is mostly correlated to tidal amplitude (0.65), salinity (0.61), and average wave height (0.41).
Salinity and wave height increase with increasing probability of cluster presence, contrary to
tidal amplitudes. The Southwest cluster shows a more complex relationship: higher minimum
ammonium levels (0.44) and maximum air temperature (0.30) decrease the likelihood of the
cluster’s presence, while tidal amplitude (0.35) appears optimal between values of 2 and 4. For
the Undefined cluster, variables with the greatest importance are : fetch (0.47) and wave height
(0.38) negatively impact presence. The cluster is mostly present in estuary coast types
(importance of 0.61 in the GAM algorithm, appendix 21). The 3 algorithms consistently
highlighted similar variable importance and trends (Appendix 19, 20 and 21).
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presence.

The Loire-Atlantique department exhibits the lowest evenness values between the probabilities of
the different clusters (Fig. 8). In these pixels, the predicted probability of occurrence of the
Loire-Atlantique cluster is considerably higher than the predicted probability of occurrence of the
other clusters. Conversely, the highest evenness values are observed in West Brittany. In this
area, the model makes less differences in the probabilities of the different clusters.
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Discussion

In this study, we used the OBCE citizen science program to describe and model the biogeography
of rocky shore macrofauna communities along Brittany’s coastlines and to identify the drivers of
spatial variations in macrofaunal communities. Considering data from all inventories (mixing
spatial and temporal variations in communities), we were able to identify homogeneous clusters
of communities that appeared to be fairly stable over time suggesting a form of robustness in the
identified clusters. This analysis, coupled with data exploration, also allowed us to explore the
effect of expertise on the temporal variability of communities and to limit its impact on the
subsequent analysis. In a second analysis - conducted at the pixel scale, hence ignoring the
temporal dimension - we retrieved the previously identified clusters. These clusters were
characterized by different species assemblages and were associated with different environmental
conditions. SDMs performed well in explaining and predicting their spatial distributions
providing avenues for predicting the probability of occurrence of these clusters in other areas or
time periods.

1. Characteristics of the clusters

We obtained both large scale and finer scale clusters (summary of the identity, environmental and
biotic characteristics of each cluster is available in Table 1). Large scale clusters are divided in
two biogeographic provinces : the Lusitanean province (comprising the Bay of Biscay) and the
Boreal-Lusitanean province (comprising the English Channel; Dinter, 2001), separated by the
Ushant front in the Iroise sea. These results are consistent with the biogeography of intertidal
areas proposed in earlier studies, including studies on subtidal rocky shore communities
(Derrien-Courtel et al., 2013).

The clusters present in the Bay of Biscay (Loire-Atlantique, South Brittany, Southwest)
show higher species richness than those from the English Channel (Northwest and North
Brittany). They represent species coming from a hot-temperate species group (Dinter, 2001).
Some species that originated from the further south can also be found in this cluster probably due
to distributional shifts owing to climate change. For exemples, we noted the presence of species
newly-established in the area, particularly nudibranchs like Spurilla neapolitana (Grall et al.,
2015), Babakina anadoni, Felimida krohni or Berghia verrucicornis (Droual & Bridier., 2020).
We also observed a large diversity of fixed fauna (e.g. sponges, bryozoans) that can be explained
by the foreshore heterogeneity (Archambault & Bourget, 1996). The two clusters present in the
English Channel (Northwest and North Brittany) show lower species richness than the ones in
the Bay of Biscay, as already observed in other studies on soft sediment communities (Gallon et
al., 2017). These areas presented species characteristics from homogeneous rocky intertidal
shores. Two finer scale clusters were further obtained : Sheltered areas and an Undefined cluster.
The sheltered areas cluster shows a high species richness with species characteristic from
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protected conditions, such as Raspailia hispida (present exclusively in this cluster; Picton et al.,
2011) or Ascidiella aspersa (which have been identified as an indicator species for this cluster;
Lynch et al., 2016). This cluster also presents multiple introduced species like Hemigrapsus
sanguineus (present exclusively in this cluster). The Undefined cluster shows poor species
richness, predominantly represented by widespread species.

1.1.  Drivers underlying biogeographical patterns

This variation in species richness could be associated with expertise bias. Indeed, with this study,
we highlighted a non negligible bias due to 1) difference in expertise among the volunteers, ii)
temporal variation of expertise on the duration of the program, due to improvement of the
knowledge of volunteers and iii) heterogeneous sampling effort with a larger amount of
inventories in western Brittany. The species composition of some clusters were likely to be
influenced by this bias, i.e. cluster 8 which was characterized by particularly poor species
richness and predominantly consists of inventories sampled at the very beginning of the project.
In contrast, despite having a small number of inventories, it showed a relatively good average
level of expertise. This cluster was mostly represented by inventories done by experts focusing
on identifying only one or a few species of particular interest, rather than conducting an
exhaustive inventory (Christian Hily, personal communication). This selective sampling
approach means that the data do not accurately reflect the true biodiversity of the area, skewing
the results towards a narrower range of species. Therefore this cluster was removed from further
analysis. The Undefined cluster shows low average expertise and a small number of inventories,
which could explain that it exhibits the lowest species richness after cluster 8. In contrast, the
Southwest cluster, which exhibits the highest species richness, displayed the highest number of
inventories and the greatest average level of expertise among volunteers. The amount of recent
inventories further enhances this group's total number of species, leading to an
over-representation of rare species.

Although expertise seems to play a role in the observed species richness of the clusters, when
quantified, its impact on the variation of communities’ species composition appeared minor
compared to that of the environment and space.

As mentioned above, the Northern Bay of Biscay exhibits higher species richness. This
can be explained by the complex mosaic of habitats present in this area (Dinter, 2001; Le Loc'h et
al., 2008), allowing the coexistence of a large number of species with different ecological
affinities. The large input of freshwater, particularly from the Loire and Vilaine rivers, also
induces a wide range of physicochemical conditions that could increase the region's biodiversity
by being suitable for both cold and warm water species, as well as species adapted to brackish
water (Dinter, 2001; Gallon et al., 2017). The hydrodynamic conditions of the area, characterized
by a high exposure to waves and currents, can favor the presence of engineer species such as
Mussels (Mytilus edulis;, Hammond & Griffiths, 2003). These species form complex structures

21



that facilitate the apparition of a large variety of species by providing habitat, food supply and
reducing physical stress from current and waves (Hammond & Griffiths, 2003; Van der Zee et al.,
2015).

The low species richness in the English Channel (Northwest and North Brittany) has
already been observed in other studies (Gallon et al., 2017) and can be explained by ecological,
geological and evolutionary processes. Indeed, the English channel opened quite recently (after
the last glacial maximum, approximately 20,000 years ago). The recent colonization of the
English Channel by marine species could explain the low species richness observed (Ellingsen &
Gray, 2002).

The two biogeographical regions cited above are separated by the Iroise sea, corresponding to the
Northwest and Southwest clusters. These two clusters represent an ecotone, a “sharp transition
zone between two or more different ecological communities or regions, that often occur in areas
of steep environmental transition, along environmental gradients” (Kark, 2007). The Southwest
cluster represents the transition area between north and south Brittany, leading to a high
variability of habitats and environmental conditions and thus higher species richness (Kark &
Van Rensburg, 2006; Gallon et al., 2017). This high species richness has been observed in many
transition zones, hosting the different species from the area it divides and sometimes species that
are characteristic of the ecotone (Dinter, 2001; Kark, 2007). We observe this special
ecotonal-species in the Southwest cluster as 15% of all the species in the study are only found in
this region. The Northwest cluster represents the geographical barrier : the Ushant front. Being
situated at the front, its low species richness can be explained by the lack of exchanges between
species from this cluster and the other clusters due to the front, limiting larval dispersal (Ayata et
al., 2010). In the summer, the Iroise sea hosts a thermohaline front (the Ushant front), and
constitutes a cold-water enclave (Dinter, 2001; Penard, 2009; Gallon et al., 2014, Dauvin, 2015;
gallon et al., 2017). Thermal and saline structures in these regions can disrupt the dispersal
between the Eastern Channel and the Bay of Biscay (Pingree et al., 1982; Boyer et al., 2009;
Ayata et al., 2010), potentially limiting the number of shared species between these two coasts.
Indeed, the pelagic stages are highly sensitive to hydrological discontinuities—areas where water
bodies differ in their physical and chemical properties—such as thermal and haline fronts (Ayata
et al., 2010; Gallon et al., 2017). This cluster is composed of generalist species, found all around
Brittany. It seems like only these eurythermal and euryhaline species can support the conditions
of the front, leading to poor species richness in this area of the ecotone. Species at their northern
limit have long fluctuated in their distribution. They have occasionally managed to cross the
Ouessant front, but they did not establish themselves permanently, probably due to physical
factors such as water temperature preventing reproduction. After decades of fluctuation, some
species have finally managed to cross the barrier and establish themselves in the eastern English
Channel and/or along the English coasts or in eastern Brittany (e.g. Clibanarius erythropus;
Southward & Southward, 2009; Patterson et al., 2020, Eriphia, Pachygrapsus marmoratus; Ingle
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& Clark, 2009, Asthenognatus atlanticus; Jourde et al., 2012, and Gregariella semigranata;
Jacques Grall, personal communication). However, they may remain scarce along the northwest
coasts.

The front represents a physico-chemical barrier for species but also for gene flows, as
shown on studies on abalones (Chauvaud, 2022), polychaetes (Jolly et al., 2005) and Ophiothrix
fragilis (Muths et al., 2009), a species found in the OBCE dataset. These studies showed
differences in genetic structures within species between the two sides of the front. These studies
place ecotones as important zones of evolution processes and lead to the idea that transition
zones could be regions where speciation may take place (Jolly et al., 2005; Kark, 2007). In the
ecotone, the evenness in the cluster probabilities predicted by the models is the highest, meaning
that the models struggle to find which cluster is the most likely in this area. This suggests that the
environmental conditions in west Brittany are suitable for different clusters.

The clustering also highlighted two finer scale clusters : the Sheltered areas and the Undefined
cluster. The Undefined cluster when first defined did not show any obvious geographical pattern.
Yet, the environmental characteristics revealed by the distribution models (low values of salinity,
current velocity, wave height, fetch and wind speed with high values of Spim and nitrates)
combined with its geographical distribution, lead us to believe that this cluster actually
corresponds to sheltered regions of varying salinity. The model also showed the coast type
variable to be the most important for this cluster, with estuaries presenting the highest probability
of presence. Estuaries being subject to high anthropogenic pressure, including pollution and
habitat modification, can explain the low biodiversity observed in estuarine communities
(Vasconcelos et al., 2007; Wetz & Yoskowitz, 2013; Monteiro et al., 2016).

It should be noted that the assumption that any species not detected in an inventory was truly
absent, implying no observation errors, while generally accurate, is not completely realistic as
exhaustive inventories can still miss some species, introducing inevitable errors. Furthermore,
discrepancies in data resolution can also introduce biases. For instance, finer spatial resolution
improves prediction accuracy for fixed or locally mobile organisms (Guisan & Thuiller, 2005),
whereas lower resolution data can reduce predictive performance.

Overall, our results are consistent with the biogeographic classification found in the litterature
(Dinter, 2001) and similar to the results of Tempera et al. (2019) obtained from a clustering of
Brittany’s coasts based on environmental abiotic variables, with northern and southern clusters,
bays and estuaries. These similarities with our study suggest that community composition shows
similar spatial patterns as environmental conditions. Some differences can still be observed as we
did not show clusters representing areas exposed to currents and waves. The biogeographic
regions identified, as well as the placement of the barrier between these two regions are
congruent with what have been found in Hayden et al. (1984) and Golikov et al. (1990) but show
a more precise spatial delimitation. We showed that the influence of the expertise does not
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overtake the influence of space and environmental conditions to explain the variation in species
composition and in the biogeography of the communities.

Further studies and data would be needed to confirm or refute the above hypotheses
describing the west clusters as an ecotone and putting the geographical barrier in the region of
the Northwest cluster. In the context of climate change, special attention should be paid to these
clusters and their specific evolution, particularly the weakening of the Ouessant front, as well as
the homogenization of the biodiversity of the shorelines at the tip of Brittany. These evolutions
could be predicted by the models generated in this study. Macroalgae should in the future be
included in the analysis, considering not only species but perhaps also biomasses as a driving
factor as well.

2. Evaluation of a cityzen science program : the OBCE

Working with citizen science data is highly practical for researchers as they can access a large
amount of cost-effective data (i.e. by optimizing time, effort and resources). However, despite its
convenience, it still has its challenges. Working with non-professional volunteers can result in
lower quality data. A wide range of data quality can be observed (Feldman et al., 2021), making
it difficult to compare observations. These discrepancies can stem from differences in observer
expertise (Cooper et al., 2007; Yu et al., 2010; Kelling et al., 2015). In particular, species richness
might have artificially increased from 2017 to 2023 due to increase in volunteers' expertise.
Additionally, some volunteers can have a high experience but be specialized in a specific taxa
and lead to an over-representation of this taxa in the region where observations are made.
Environmental conditions during the day of the inventory can also play a role in data quality. For
instance, depending on the tidal coefficient, lower parts of the shore can emerge or not. In this
case, some species that are only found in the lowest part of the intertidal region can be accessible
or not. The time spent doing the inventory, the search area and the number of observers involved
can also play a role as less common species can be harder and take more time to find (Kelling et
al., 2015). Another bias that can be introduced with citizen science is the heterogeneity in spatial
coverage. Indeed, we observed significantly more inventories in west Brittany than in east
Brittany, which may lead to an apparent increase in species richness in the over-represented
regions.

To enhance data quality, it is crucial to provide standardized observation methods and
train volunteers (Mackechnie et al., 2011). Communication between volunteers and experts can
also improve data quality by enhancing volunteers' knowledge (Sullivan et al., 2014).
Additionally, paying attention to details like sampling effort, identification uncertainty, and
species absences can help understanding differences in observer expertise (Amano et al., 2016).

The expertise bias observed in this study was taken into account by incorporating expertise

variables to assess the quality of the data. The species richness was also taken into account in the
study as a measure of expertise, leading to the exclusion of the inventories belonging to cluster 8.
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Furthermore, even if the expertise dataset was the one that better explained variations in
community composition, after the environmental dataset, the effect of space and environment
appears to be mostly independent from expertise.

Citizen science shows many challenges but is increasingly used in research and
particularly in biogeography such as when using SDM as it allows access to a considerable
amount of data with high spatial and temporal resolution. Furthermore, even if data quality is
usually lower than with professional inventories, the large amount of data offers more statistical
power and in the end can yield results comparable to those collected by professionals
(Greenwood, 2007; Schmeller et al., 2009). Remarkably, over half of the species discovered
between 1998 and 2007 were identified by amateur taxonomists (Fontaine et al., 2010;
Silvertown, 2010), highlighting the significant contribution of non-professionals to biodiversity
science (Beceuf et al., 2012) that can also serve as a tool to monitor invasive species (Kleitou et
al., 2019).

Another advantage of citizen science is that it actively involves local communities in
ecological conservation efforts and raises awareness about environmental issues and conservation
initiatives (Devictor et al., 2010).

Despite the presence of a significant expertise bias, the identity of the clusters remains stable
over time, reinforcing the confidence regarding cluster identification and associated
biogeographic patterns. This might not have been observed at the species scale, and supports the
chosen community scale approach as it allows us to smooth the noise coming from this bias. The
OBCE program's data quality has seen continuous improvement over the years and is gaining
stability as volunteers benefit from ongoing training, including regular taxonomic workshops led
by professionals and post-inventory meetings to discuss observed species. Although the program
is still young, entering its eighth year, it shows considerable promise and potential for the future
by providing extensive coverage of the rocky shores of historical Brittany, enabling fine scale
studies of a wide variety of species.

In the future, it would be valuable to harmonize sampling efforts. This could be achieved
by revising the sampling protocol toward something more stringent and informative. For
instance, additional information such as the tide coefficient, the time dedicated to the inventory,
the number of volunteers involved, and the approximate size of the area surveyed could be used
to better account for sampling conditions in analyses. Additionally, establishing a few
consistently monitored sites across Brittany would be beneficial for studying temporal variations
more effectively. These sites could be strategically located within each of the seven clusters
identified by this study. This would also allow us to acquire information on the true species
richness (e.g. by doing rarefaction curves or species accumulation curves, as done in Kelling et
al., 2015) and quantify the level of expertise.
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3. Modelisation of Brittany rocky shores

Species Distribution Models (SDMs) is also based on the assumption that the community types
modeled are in pseudo-equilibrium with their environment (Guisan & Theurillat, 2000; Guisan &
Thuiller, 2005; Ferrier et al., 2006; D’ Amen et al., 2017; Deschamps et al., 2023). Although our
findings indicated that the identity of the clusters remains relatively stable over time, confirming
their equilibrium with the environment is challenging.

Despite this assumption whose validity cannot be fully proven, models demonstrated good
predictive power, particularly within the Loire-Atlantique cluster. The partial dependence plots
mostly confirmed the findings from earlier analyses and is congruent with the existing literature.
These plots reveal non-linear relationships between clusters’ probability of presence and
environmental drivers, offering deeper insights into the factors influencing the spatial patterns of
these clusters. Notably, they confirmed the hypothesis that the Undefined cluster is associated
with estuaries, providing a clearer understanding of its environmental characteristics.

One possible improvement in future models could be to better account for the different
scales of community spatial patterns. The use of positive dbMEM in the models allowed us to
take into account broad scale spatial patterns, which is already an improvement compared to the
sole use of the inventories coordinates (that would have only allowed us to study the longitudinal
and latitudinal gradients). However, many parameters are still excluded, such as the geographical
barriers or the currents. For example, in this study, we believe that the Ushant front prevents the
interactions between some, yet close, communities. In order to include these parameters and have
a model that is closer to reality, we could take into account the distance from the shoreline and
integrate current and larval dispersion models. This improvement to the model would allow to
better understand how connectivity affects the spatial distribution of the clusters. At the end,
these models could be used to generate continuous spatial predictions and future projections in
order to study the influence of climate change in the repartition of the clusters.

Table 1 : Summary of the results from this study

Initial Final Environmental characteristics Biotic characteristics
interpretation | interpretation
Loire - | Loire - [ Most sandy region, Influence by the Loire | High species richness,
Atlantique Atlantique river : low salinity, high concentration of | dominated by  molluscs
chla, Spim, nitrates, phosphates and | species and south affinity
silicates. species (Eriphia,
Southern East region : high air temperature, | Clybanarius,
dryer climate Pachygrapsus...).
High exposition to ocean swells and
currents High presence of exotic
species (Crepidula fornicata,
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Magalana gigas,
Hemigrapsus sanguineus)

South South Diverse range of environmental conditions | High species richness, species
Brittany Brittany and habitat. composition representative of
exposed  conditions  and
dominated by Mytilus edulis
and its associated predators
(e.g. Marthasterias, Asterias)
Southwest West Diverse range of environmental conditions | Greatest species richness with
Brittany /| and habitat. 15% of species exclusive to
Ecotone area this cluster. Include a large
part of fixed species (e.g.
sponges and bryozoans) and
some species novelty found in
Brittany (e.g. Spurilla
neapolitana, Babakina
anadoni, Felimida krohni or
Berghia verrucicornis)
Northwest Ushant front | Low air and water temperature and high | Low species richness,
salinity, humidity and nebulosity representing generalist (i.e.
eurythermal and euryhaline)
species.
North North Low values of maximum air temperature, | Low species richness,
Brittany Brittany mean wave helght’ current Ve]ocity and | dominate by species of rocky
mean air temperature, but high values of | Shore gastropods (Gibbula,
. . . . Patella, Calliostoma,
mean salinity and tidal amplitude. o
Haliotis)
Sheltered Sheltered Protected zones small fetch, tidal | High species richness,
areas areas amplitude and wind speed presence of sheltered and
Anthropized zones : high concentration of | invasive species only found in
chla, nitrates and ammonium this cluster
Undefined Estuaries Low values of salinity, current velocity, | Poor species richness,
wave height, fetch and wind speed with high repr§senting mostly common
values of Spim and nitrates Species
Cluster 8 Excluded Cluster driven by methodological bias Very low species richness
cluster (non-exhaustive inventories) and not

environmental ones
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Conclusion

With this study, we characterized and modeled the biodiversity of rocky shore fauna at a regional
scale (i.e. across Brittany) using data from a citizen science program, the OBCE. We observed an
expertise bias with temporal variations in the database and included expertise as an explanatory
variable in our analyses. Overall, while the influence of expertise bias was significant, its effect
can be disentangled from environmental and spatial conditions that showed a stronger influence
on the spatial variations observed in the clusters’ repartition. Ultimately, the clusters we
identified showed patterns consistent with previous descriptions of the biogeography along the
coast of Brittany and our primary hypothesis. These results provide new insights into the
biogeography of rocky shore macrofauna at a community level with high spatial resolution. This
allowed us to precisely describe the transition zone in terms of spatial distribution, ecological
characteristics, and species composition. The models developed for each cluster demonstrated
good predictive performance, enabling us to confirm and detail the major environmental
characteristics structuring the observed clusters. Further, these models could allow us to build up
continuous maps of cluster distribution and predict future changes in a context of climate change.
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Appendix 1 : Cartography of the location of the inventories represented as black dots.
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Appendix 2 : Barplot of the inventories’ species richness, mean species richness and total number of inventories by
year are represented in the top right corner.
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Appendix 3 : Table of information regarding the environmental data tested

Extracted from Temporal Spatial Variables Source
resolution resolution
Ecomars3D Daily 16km? Ammonium, nitrate, phosphate, | Ardhuin, 2013
silicate and dissolved oxygen [ (Ifremer)
concentration, water temperature,
salinity, Spim
(Seabed)
Arpege Hourly 10km? Cloud cover, Humidity, air | Courtier et al., 1994
temperature, pressure, wind speed | (météo france)
Wave fetch GIS | None 1km? Global averaged fetch Burrows, 2020
layers for Europe
at 100m scale
Assimilation of | None 10km? Current velocity, tide amplitude, | Egbert et al., 2010
TOPEX/Poseidon bed shear stress based on the
and Jason current magnitude
altimetry data
Coordinated None 0.703° Maximum and average wave | Morim etal., 2019
Ocean Wave longitude, helght
Climate Project ?'4690 I?tmtldle
approximately
(COWCLIP2.0) 20km
longitude,
50km latitude,
4000km?)
Coastal type None 1km? Coastal type Salman et al., 2004

EMODnet Geology
portal




15 Wilcoxon test, W = 10575400.5, p = 1, n = 9198

--

Buffer Nearest neighbor

mean_t2m
P

Appendix 4 : Boxplot showing the values of the average air temperature (mean t2m), for the 2 techniques of
extraction tested (Buffer and Nearest neighbor) with the results of the Wilcoxon test used to compare the 2 methods.
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Appendix 5 : Boxplot of the species richness of each cluster (from the second clustering performed at the scale of the
pixels).
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Appendix 6 : Temporal evolution of the species richness from 2017 to 2023, in the 5 departments studied : Cotes
d’Armor (22), Finistere (29), Ille-et-Vilaine (35), Loire-Atlantique (44) and Morbihan (56). The blue line represents
a loess regression to illustrate the trends.



Appendix 7 : Variables chosen at each step of the variable selection for the 3 datasets used (Environment, Space and

Expertise)

Environmental dataset

Expertise dataset

Spatial dataset

Variables tested Ammonium, nitrate, | Average number of | MEM 1 to 46
phosphate, silicate and | inventories,  average
oxygen concentration, | expertise, average
water temperature, [ number of observers,
salinity, Spim, Cloud | average inventory year,
cover, Humidity, air | percentage of
temperature, pressure, | inventories  observed
wind speed between  2017-2018,

Global averaged fetch | 2020-2021, and

(sd, min max et mean | percentage of

for each variables) inventories  observed
between 2022-2023

Current velocity, tide

amplitude, bed shear

stress based on the

current magnitude,

Maximum and average

wave height

Coastal type (not

included in the

selection)

Non collinear variables | Average : water and air | Average number of | (This step was not
temperature, spim, | inventories,  average | realized for the spatial
salinité, oxygen | expertise, average | variables)
concentration number of observers,

percentage of
Minimum wind | inventories  observed
speed, phosphate, | between  2017-2018,
oxygen and | 2020-2021, and
ammonium percentage of
concentration inventories  observed

between 2022-2023
Maximum  humidity,

water temperature, air
temperature, salinity

Tidal amplitude,
average wave height,
fetch, current velocity




Coastal  type (not
included in the
selection)

Output of the forward
selection

Average wave height,
fetch, tidal amplitude,
average salinity,
current velocity,
minimum  phosphate,
ammonium and
oxygen concentration,

maximum air
temperature, average
air temperature,

minimum wind speed

Average inventory
year, average expertise

MEM 1 to 4

Coastal  type (not
included in the
selection)
current_velocity fetch max_air_temp mean_air_temps
(m/s) (m) (°C) (°C)
25 Mean : 1.74 30 Meary: 16554.92 30 Mean : 28.7 Mean : §2.81
20 15
20
20
15 10
10
10 10
5 5
0 = 0 = o 0 | = [ | 0
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mean_salinity mean_wave_height min_ammonium min_oxygen
(PSU) (m) (micromole.l-1) (mg.I-1)
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Appendix 8 : Barplot showing the values of the environmental variables selected and their average value.
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Appendix 9 : Significant canonical axes of the dbMEM (Distance-Based Moran’s Eigenvector Maps)
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Appendix 10 : Evaluation scores of the seven models with 2 metrics (ROC and TSS), for the 3 algorithms used
(GAM, GLM, RF).
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Appendix 11 : Cartography of the clusters repartition, from the first clusterization at the inventory scale. Dots
represent inventory locations.



Appendix 12 : Table of the characteristics of the 8 clusters defined at the scale of the pixels

% of % of % of Average
Average = Average @ Total Average . . . . . .
. inventories = inventories = inventories number
year of the = species number Prevalence number of . . . Average
clusters inventories = richness of (%) transects n n n expertise of
. . . ’ . 20172018 | 20202021 | 2022-2023 P observer
per pixels = per pixel pixels per pixel ) . . .
per pixel per pixel per pixel per pixel
South Brittany 2020 54,3 43 16 1,4 11,67 36,67 15 4,41 1,16
Undefined 2020 20,83 24 9 1,29 16,13 45,16 9,68 3,30 1,09
Northwest 2019 29 26 10 1,96 27,45 15,69 5,88 4,37 1,35
Sheltered areas 2020 65,14 37 14 2,05 11,84 23,68 10,53 3,88 1,35
Loire-Atlantique 2021 57,1 29 11 2,59 12 14,67 20 3,96 1,24
North Brittany 2021 42,31 39 15 2,28 3,37 25,84 28,09 2,08 1,05
Southwest 2021 93,94 52 19 4,75 3,64 17,81 19,43 4,56 1,90
Cluster 8 2018 5,61 18 7 1,11 60 15 0 4,22 1,00

total 2020 46,03 268 100 2,18 18,26 24,32 13,58 3,85 1,27
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Appendix 13 : PCA biplot of species presence / absence data, Hellinger transformed. The points represent each
inventory, the clusters are represented by color, with the ellipse corresponding to their 95% confidence interval
(based on multi-normal distribution). For the sake of clarity, the species represented are those with a goodness of fit
of at least 0.25 (.i.e. species whose at least 25% variance is represented) in the ordination plane formed by axes 1 and
2.
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Appendix 14 : Heatmap showing the 7 clusters and their indicator species, represented by the highest Indval index
species (> 0.35). The color gradient represents the value of the Indval index, the “***” symbol is present when the
value of the Indval index is significant (p < 0.005). The upper dendrogram represents the similarity tree of the
clusters based on the Indval value of the species and the one on the left side represent the similarities of the species

based on their Indval value in each cluster



Heatmap on scaled environmental variables

min_ammonium 15
max_air_temp 1
current_velocity
mean_wave_height 05
mean_air_temp 0
fetch -0.5
min_phosphate -1
L] min_wind_speed 15

tidal_amp

mean_salinity

min_oxygen

Appendix 15 : Heatmap on the chosen scaled environmental variables by clusters. The color gradient represents the
scaled average value of the variables. The upper dendrogram represents the similarity of the clusters based on their
environmental variables and the one on the side represents the similarity between the environmental values based on
their values in the clusters.
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Appendix 16 : Barplot showing coast type by cluster.
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Appendix 17 : Probability of presence of the seven clusters predicted by the models. For the sake of clarity, the
pixels were represented as points.
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Appendix 18 : Predicted occurrence of the seven communities, calculated by converting the probabilities to
occurrence (based on the ROC metric) to find the threshold for each model. For the sake of clarity, the pixels were
represented as red dots.
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Partial dependence plots for the RF algorithm
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Appendix 19 : Partial dependence plots for the RF algorithm showing the influence of each variables (current
velocity, fetch, maximum and average ar temperature, minimum dissolved concentration of ammonium, oxygen, and
phosphate, Salinity, tidal amplitude, mean wave height and wind speed), in columns, on the predicted probability of
presence of each cluster, in rows and by color. The line represents the mean values of the 10 runs and the ribbon
represents the standard deviation of the values. The importance of the variables are printed in the top right corner of
each facet.




Partial dependence plots for the GLM algorithm
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Appendix 20 : Partial dependence plots for the GLM algorithm showing the influence of each variables (current
velocity, fetch, maximum and average ar temperature, minimum dissolved concentration of ammonium, oxygen, and
phosphate, Salinity, tidal amplitude, mean wave height and wind speed), in columns, on the predicted probability of
presence of each cluster, in rows and by color. The line represents the mean values of the 10 runs and the ribbon
represents the standard deviation of the values. The importance of the variables are printed in the top right corner of

each facet.
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Appendix 21 : Partial dependence plots showing the influence of coast type on the predicted probability of presence
of each cluster ( in columns) for the 3 algorithms used (RF, GAM, GLM, in rows). The importance of the variables
are printed in the top right corner of each fac



Abstract

In this study, we used the OBCE citizen-science program to describe and model the
biogeography of rocky shore macrofaunal communities along Brittany’s coastlines, while
identifying the drivers of the identified biogeographic patterns. For this purpose, we used
multivariate analyses to identify homogeneous clusters of communities and highlight the
environmental conditions characterizing these clusters. We further used spatial distribution
models to identify the drivers of spatial variations in the probability of presence of each cluster.
We found 8 clusters that were distributed following longitudinal and latitudinal gradients but
which were also characteristics of smaller scale patterns such as bays and estuaries. While the
identity and distribution of clusters was affected by expertise bias to some extent, its influence
was minor relative to the effect of space and environmental conditions. An ecotone cluster was
identified in west Brittany as well as a cluster representing the geographical barrier : the Ushant
front. The models showed good predictive power and permitted us to precise environmental
characteristics of some clusters. These models could further be used to draw continuous maps
and future predictions of the clusters.

Keywords : Biogeography, Rocky shore, Macrofauna, Citizen science, SDM

Résumé

Cette ¢étude se base sur les données de I’OBCE, un programme de science participative, pour
décrire et modéliser la biogéographie de la macrofaune des estrans rocheux le long des cotes
bretonnes et d’identifier ses drivers. Pour ce faire, des analyses multivariées ont ét¢ utilisées pour
identifier des clusters de communautés homogeénes et mettre en avant les conditions
environnementales caractéristiques des clusters. Des modeles de distribution spatiale ont par la
suite ét¢ utilisés pour identifier les drivers des variations spatiales dans la probabilité de présence
des clusters. 8 clusters ont été identifiés suivant un gradient longitudinal et latitudinal mais aussi
montrant des caractéristiques de patron spatiaux a plus fine échelle comme les baies et les
estuaires. L’identité et la distribution des clusters ont été¢ dans une certaine mesure affectées par
un biais d’expertise, son influence était cependant mineure au regard de I’effet de 1’espace et de
I’environnement. Un cluster écotone a été identifié dans 1’ouest de la Bretagne, ainsi qu’un
cluster représentant la barriére géographique caractérisée par le front d’Ouessant. Les modéeles
ont montré un bon pouvoir prédictif et ont permis de préciser les caractéristiques
environnementales de certains clusters. Ces mod¢les pourraient ultérieurement étre utilisés pour
obtenir des cartes continues de la répartition des clusters et des prédictions futures.

Mots clés : Biogéographie, Estrans rocheux, Macrofaune, Science participative, SDM



