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1 | INTRODUCTION management (Franklin, 2013; Guisan et al., 2013; Pulliam, 2000;

Srivastava et al., 2019). Species distribution models (SDMs), eco-
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distributions and potential suitable habitats. These models have
a wide range of applications, including evaluating climate change
impact on species distributions (Booth, 2018; Brown et al., 2016;
Melo-Merino et al., 2020), assessing invasive species risk (Fournier
et al., 2019; Lyons et al., 2020), understanding ecological interac-
tions (Ge et al., 2024; Hill et al., 2024; Liu et al., 2023) and planning
marine protected areas (Ferrari et al., 2018; Hunt et al., 2020).

The increasing availability of georeferenced species and en-
vironmental data, together with advances in computational
power, has led to an increase in the use of SDMs (GBIF.org, 2020;
Tyberghein et al., 2012). However, these models often require ex-
pertise in data analysis and statistical modelling to address chal-
lenges such as data quality, sampling bias, autocorrelation and
proper model validation (Kass et al., 2025), especially in marine
contexts where datasets are often heterogeneous, data cover-
age is sparse, and spatio-temporal biases are common (Klaassen
et al., 2025; Melo-Merino et al., 2020; Schickele et al., 2025).
While custom scripts for SDM fitting offer flexibility, they are
often poorly documented, designed for specific tasks and require
programming skills. These challenges highlight the need for user-
friendly tools to lower technical barriers (Wallace et al., 2012) in
marine ecological research.

To meet the growing demand for easy-to-use methods, several
tools now provide graphical user interfaces (GUIs) that simplify
model use—see, for example, Osorio-Olvera et al. (2020), Kass
et al. (2023), Coro et al. (2025) or Figueira et al. (2024). Despite
these advances, ongoing work aims to improve documentation, re-
producibility and transparency of workflows (Mislan et al., 2016),
while also achieving higher standards in SDM practices, such as
better sampling bias correction, quantification of model uncertainty
and expanding the range of supported methods (Aratjo et al., 2019;
Kass et al., 2025).

Here, we present GLOSSA (Global Ocean Species Spatio-
temporal Analysis), an open-source R Shiny application designed to
make species distribution modelling using occurrence data and en-
vironmental predictors more accessible, particularly in marine envi-
ronments. GLOSSA implements an intuitive graphical interface that
guides users through a streamlined SDM workflow from data up-
load and preprocessing to model fitting, evaluation, prediction, vi-
sualization and export. The current modelling approach is based on
Bayesian Additive Regression Trees (BART; Chipman et al., 2010),
a flexible, non-parametric method useful for capturing complex
ecological relationships (Fuster-Alonso et al., 2024; Thompson
et al., 2023). GLOSSA supports multiple pseudo-absence gener-
ation strategies, spatial and temporal cross-validation, functional
response curves and variable importance plots, and uncertainty
quantification through summaries of posterior distributions (point
estimates and credible intervals). Interactive visualizations help ex-
plore predictions and diagnostics, and all results can be exported
with a configuration file to ensure reproducibility. The entire work-
flow is accessible through a user-friendly interface that requires no

coding expertise.

The following sections describe GLOSSA's workflow and imple-
mentation, illustrate its application through case studies, and discuss

its current capabilities, limitations and future development.

2 | OVERVIEW OF GLOSSA

GLOSSA is a GUI-based application for species distribution model-
ling that currently uses correlative models based on BART to esti-
mate species response to the environment by using georeferenced
species occurrences and environmental data. GLOSSA's analysis
workflow is organized into four main sequential steps (Figure 1),
supported by an intuitive user interface with a simple learning curve:
Data upload, Data processing, Model fitting, evaluation and prediction,
and Visualization and export. Users interact directly with the shiny
app during the upload and visualization steps, while data process-
ing and modelling are handled automatically. Although some pre-
processing steps may still need to be performed externally, GLOSSA
integrates the core elements of SDM fitting and validation into
an accessible interface designed for usability and reproducibility.

Below, we describe each step in greater detail.

2.1 | Dataupload and processing
2.1.1 | Species occurrences

GLOSSA supports both presence/(pseudo-)absence data and
presence-only data, for which pseudo-absences will be gener-
ated. Input files must contain longitude and latitude in the WGS84
reference system, and a column indicating presence or absence.
A timestamp is optional but required when using time-varying
predictors. Occurrence records may come from different sources
such as survey programs, research studies, fisheries logbooks,
satellite tracking or public data repositories such as the Global
Biodiversity Information Facility (GBIF, https://www.gbif.org/)
and the Ocean Biogeographic Information System (OBIS, https://
obis.org/) (Melo-Merino et al., 2020). GLOSSA automatically re-
moves duplicates, filters points outside the study area and can
apply thinning, but any additional preprocessing steps not imple-
mented in GLOSSA should be performed before using the applica-
tion. Users can analyse multiple species independently within the

same session.

2.1.2 | Environmental data

Environmental predictor variables should be provided as raster
layers. Predictor values are extracted at each occurrence point
matching the timestamps if multiple temporal layers are provided.
Only areas with complete environmental data are used, removing

occurrences with missing predictor values. Input data should be in
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FIGURE 1 GLOSSA workflow overview. The main steps are indicated at the top and box labels match section headings in the text for

clarity.

the WGS84 coordinate reference system, and if raster layers differ
in resolution or extent, GLOSSA harmonizes them by aggregating
to the coarsest resolution and adjusting spatial extents. Predictors
may come from global databases such as the National Oceanic
and Atmospheric Administration (NOAA, https://www.noaa.gov/),
the Inter-Sectoral Impact Model Intercomparison Project (ISIMIP,
https://www.isimip.org/) or Bio-ORACLE (https://www.bio-oracle.
org/) or represent custom variables such as fishing effort (e.g. Global
Fishing Watch, https://globalfishingwatch.org/) or covariates repre-

senting sampling bias.

2.1.3 | Study area

Users can optionally provide a polygon to define the extent of the
study area. This polygon will be used to filter species occurrences and
to crop and mask environmental layers. If the polygon is not provided,
the analysis is performed where environmental data are available.

2.1.4 | Projection layers

To support forecasting and scenario analysis, users can project

the fitted model to other areas or time periods. Users can provide

environmental datasets for different time periods or climate scenar-
ios, and GLOSSA projects the model to each and computes summary
metrics across scenarios to facilitate comparisons of predicted distri-
butions under varying environmental conditions and future climate

scenarios.

2.1.5 | Occurrence processing

GLOSSA automatically removes occurrence records with miss-
ing or duplicated coordinates and those outside the study area
or with missing predictor values. Occurrence datasets with het-
erogeneous sampling efforts or compiled from different sources
often show sampling bias. To help mitigate this, GLOSSA includes
spatial thinning (filtering) using a distance threshold or a regular
grid (Mestre-Tomas, 2025) and also adjusting pseudo-absences,
such as target-group background (Phillips et al., 2009). However,
as marine occurrence data is prone to sampling bias and errors,
additional preprocessing may be required outside of GLOSSA,
using tools such as the CoordinateCleaner package (Zizka
et al., 2019) or GUIl-based platforms like OCCUR (Ronquillo
et al., 2024) for more detailed cleaning of occurrence records or
to apply alternative bias correction methods like environmental
thinning (Moudry et al., 2024).
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2.1.6 | Environmental data processing

Although users are encouraged to harmonize raster layers before up-
load, GLOSSA automatically aligns projections, resolutions and extents
internally. In addition, optional Z-score standardization can be applied
to continuous predictors to have a zero mean and unit variance, which

may help to bring predictor variables to a similar scale.

2.1.7 | Pseudo-absence generation

Pseudo-absences are not true absences, generally representing
the available environment in the study area, and their sampling
strategy, number and distribution can affect model perfor-
mance (Barbet-Massin et al., 2012; Phillips et al., 2009; Whitford
et al.,, 2024). When true absences are not provided, GLOSSA
supports four pseudo-absence generation methods: (i) random
background sampling, (ii) target-group background, (iii) buffer-
restricted sampling, which samples from a convex hull of the
presences, excluding areas within a user-defined distance from
presences and (iv) sampling based on the environmental space
constrained to lower suitability regions using the flexsdm pack-
age (Velazco et al., 2022). Users can define the ratio between
presences and pseudo-absences. By default, GLOSSA generates
balanced pseudo-absences (1:1 ratio), which has been shown to
perform well in many classification machine learning algorithms
(Barbet-Massin et al., 2012). However, pseudo-absences must
be created with caution as they can influence model outcomes.
Some considerations include the generation method (Broussin
et al., 2024; Iturbide et al., 2015), location of points (VanDerWal
et al.,, 2009), the number of pseudo-absences (Barbet-Massin
et al., 2012), the modelling technique used (Barbet-Massin
et al.,, 2012) and the sources of biases in the data (Hertzog
et al., 2014; Phillips et al., 2009), among others. For more cus-
tomization, users may also upload externally generated pseudo-
absences created using alternative strategies (Barbet-Massin
et al., 2012), although the use of real absences when available is
preferred (Sillero et al., 2021).

2.2 | Modelling approach
2.21 | Fit BART model

GLOSSA implements species distribution modelling using BART
(Chipman et al., 2010), which leverage the Bayesian framework for
model fitting regularization and uncertainty estimation. Although
relatively new in SDMs, BART has shown to produce promising re-
sults (Baquero et al., 2021; Carlson, 2020; Konowalik & Nosol, 2021),
including when using pseudo-absences Konowalik and Nosol (2021);

Fuster-Alonso et al. (2024), and also in the marine context at regional

and global scales (Fuster-Alonso et al., 2024; Rubbens et al., 2023;
Thompson et al., 2023).

Chipman et al. (2010) introduced BART as a non-parametric
approach to regression modelling based on a sum-of-trees model
where priors are used to regularize inference and avoid overfitting.
By using regularization priors, BART ensures each tree acts as a
‘weak learner’, contributing only a small part of the overall model
(Chipman et al., 2010). This makes BART particularly suitable for
species distribution modelling, which often involves complex, high-
dimensional ecological data.

Since GLOSSA is based on presence and absence data, we
use a logistic regression with a Bernoulli distribution to model
the probability of presence. Therefore, the model applied is as

follows:

where Y, represents the presence/(pseudo-)absence of species
for observation i, and z; is the parameter of interest representing
the probability of presence linked to the predictor by a link func-
tion ¢! that denotes the standard normal cdf (probit link func-
tion). Each g; corresponds to the j-th (j =1, ... ,m) tree of the form
gj(X;T]-,M,»), where m is the total number of trees, X is a vector of
multiple covariates, T; is a binary tree structure consisting of a set
of interior node decision rules and a set of terminal nodes, and
Mj = {ﬂj,
with each of the b; terminal nodes of T. GLOSSA currently uses the

’”ib} represents a set of parameter values associated

default priors recommended by (Chipman et al., 2010) to regular-
ize the fit. Finally, an MCMC algorithm is used to sample from the
posterior distribution.

GLOSSA allows fitting two types of models based on the pre-
dictor structure. The ‘suitable habitat’ model is based only on envi-
ronmental predictors and key drivers (e.g. temperature, salinity) to
estimate where conditions are appropriate for the target species,
even if the species may not currently be present there for other rea-
sons. The ‘native range’ model also includes spatial coordinates (lati-
tude and longitude), capturing the observed distribution with spatial
smoothing.

Although BART effectively reduces overfitting through an en-
semble of decision trees with regularization prior distributions
(Carlson, 2020; Chipman et al., 2010), sparse occurrence data or
sampling bias can still lead to overfitting. To mitigate this, GLOSSA
allows users to choose model parameters like the number of trees (m)
which controls representational flexibility and the amount of shrink-
age in the node parameters by tuning the regularization parameter
k. The prior for node values follows a N(O, o‘i), such that higher
values of k produce more conservative fits (Chipman et al., 2010;
Dorie, 2024; see File S1). These values may be chosen by cross-
validation (Chipman et al., 2010; Dorie, 2024).
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2.3 | Model evaluation
2.3.1 | Model evaluation

After model fitting, GLOSSA determines the presence/absence clas-
sification threshold using the True Skill Statistic (TSS or Youden's
Index, Allouche et al., 2006; Youden, 1950). The model summary
includes a ROC curve with area under the curve (AUC), TSS, F1-
score and diagnostic plots with the confusion matrix and the dis-
tribution of fitted values. Because these metrics can be misleading
when using pseudo-absences instead of true absences (Konowalik &
Nosol, 2021), GLOSSA also computes the Continuous Boyce Index
(CBI), an evaluation metric for models fitted using presence and
background data (Boyce et al., 2002; Hirzel et al., 2006).

Model predictive performance can be assessed using cross-
validation, with a flexible number of folds and data partitioning.
Random k-fold, spatial block and temporal split cross-validation are
supported, where the spatial block size can be defined manually or
estimated from the predictor or residual range of spatial autocor-
relation (Valavi et al., 2018). These options allow users to account for
spatial or temporal autocorrelation in the data and reduce overopti-

mistic performance estimates due to autocorrelation.

2.4 | Model output and projections
2.4.1 | Prediction and uncertainty

GLOSSA uses the fitted BART model to generate predictions from
the posterior predictive distribution, allowing users to summarize
predictions and quantify uncertainty using point estimates (e.g.
mean, median, standard deviation) and credible intervals. By default,
when fitting a model, GLOSSA projects the prediction of the suitable
habitat and/or native range models on an averaged environmental
scenario calculated as the mean of the fitting period. This approach
provides a general prediction to explore the model output.

2.4.2 | Projections

When projection layers are provided (e.g. future scenarios), GLOSSA
applies the fitted model to each scenario independently and com-
putes summary metrics from the predictive posterior distribution

across projections.

2.4.3 | Other model outputs

Additionally, GLOSSA estimates the functional responses (response
curves, the relationship between the occurrence of a species and each
environmental variable) as partial dependence plots (Friedman, 2001).
These plots show the marginal effect that each variable has on the

predicted outcome of the BART model. The response curves are cal-
culated for the suitable habitat model without variable standardization
so they can be interpreted on the original scale. In addition, variable
importance is computed using a permutation-based approach (Wei
et al.,, 2015), measuring the change in the prediction error of the model
using the F-score after we permuted the variable's values.

244 | Visualization and export

After completing the analysis, users can explore the results through in-
teractive visualizations, including predicted maps, model summary and
diagnostic plots, response curves and variable importance. All outputs
can be exported for further analysis, including a configuration JSON

file with all analysis settings and input files for reproducibility.

2.5 | Userinterface and implementation

GLOSSA is implemented as an R package named glossa, accessible on
the Comprehensive R Archive Network (CRAN, https://cran.r-proje
ct.org/package=glossa) and maintained on GitHub (https://github.
com/iMARES-group/glossa). Its intuitive user interface is built using
shiny (Chang et al., 2024), bs4Dash (Granjon, 2024) and shinyWidgets
(Perrier et al., 2024), while the BART modelling approach relies on
the dbarts package (Dorie, 2024).

The app is structured into four main tabs: Home, New Analysis,
Reports and Export. The Home tab offers access to detailed docu-
mentation, quick-start guides for first-time users, and tutorials and
examples. The New Analysis tab (Figure 2a) allows users to upload
input data, select the analysis options and validate and pre-visualize
the loaded data, including species occurrences, environmental data
and the study area boundaries. Additionally, users can define dif-
ferent predictor variables for each species within the same session,
providing flexibility in modelling more than one species dataset.

Once the analysis is complete, the Reports tab (Figure 2b) provides in-
teractive visualizations of model predictions, occurrences, environmental
layers, functional responses, variable importance and validation metrics.
Users can explore summary and uncertainty metrics from the posterior
predictive distribution (e.g. mean, median, credible intervals) and analyse
spatial and temporal trends in habitat suitability. Cross-validation results
show the performance metrics in radar charts and occurrence maps with
fold partitioning. Functional responses are represented using the mean re-
sponse curve, with a shaded area representing the 95% credible interval,
and variable importance is illustrated in boxplots, summarizing the results
of the iterations of permutation variable importance, sorted according to
the mean importance. All plot options can be accessed via the three-dot
button in the top-right corner of each plot. Also, users are able to maximize
plots for better visualization and export them in various formats.

The Export tab enables users to download all results, including
model outputs, and a JSON configuration file containing input meta-

data and analysis settings. This file ensures full reproducibility and

85UB017 SUOLULIOD AR 3|1 [dde 3y Aq pausenob a/e SN YO (38N JO S3IN1 0 ARIqIT BUIUO A8]1M UO (SUORIPUOD-PUR-SWLIBYWOY A8 1M A.q)1 U UO//SAIY) SUORIPUOD PUe SWwe | 8U) 89S *[9202/0/€0] U0 ARiqIT3UIIUO A3|IM BI0US IR A 9Q BDILISYOd IRISIBAIUN AQ L9T0L XOTZ-TY0Z/TTTT OT/I0p/0d M| 1M ALRIq Ul U0 S N0 630//SdNY WO popeojumoa 2 ‘920¢ XOTZTYOZ


https://cran.r-project.org/package=glossa
https://cran.r-project.org/package=glossa
https://github.com/iMARES-group/glossa
https://github.com/iMARES-group/glossa

510

MESTRE-TOMAS T AL.

(a)

-'L Data upload @ clossa = o -:e:- Preview input data

Upload your species B Vi = —— Interactively preview
Data uploac Previsualization
occurrence data, & & your occurrence and
environmental i lﬂ environmental data.
rasters, projection Fesiin Sisantialdeta FRolestion ey bkl = Open additional
layers, and an a e b sl L o e P options using the eee
optional study area Ao @ button
polygon. - 1] S » = g.:.’.
— 1 :
' Run your analysis

‘Select one or more options to compute ©

l,,, Select analysis R Howtocite Nativerange © Sultable habitat © others ©
Choose the model — Vodeliting Wodafiting

Functional responses

Crossvalidation

Click to start the
analysis when

(native range/suitable = comact

everything is ready.

habitat) and enable Advanced opions J[ e ] e
projections or .
additional outputs. R ) g @ vatidate input data
- o - Flesise FormatVatdtion Ensure your data is
) correctly formatted.
Q Predictor variables = 1 g Wpiea um @ Yy
Assign environmental m— 2 $Raes u @
predictors for each T . o @
species. 4 PP puject ayers 120 s @
* Advanced options Occurrences thinning Te—
Access advanced Lot I s Enl lygon (buffer arc degrees) ©
settings for further [
customization. @ Smirimeoians
(b) Select species Potential suitability P/Arecords

If multiple occurrence files are
uploaded, select which species
results to display.

Trend of projected mean
suitable probability and
suitable area over time.

Number of presence and
(pseudo-)absence records
used to fit the model.

1

@ olossa =
A home Presencsbsances
g @ - 2.5e+07 4.7¢-01 32/32
@ Newanalysis 0% Ll 1 R 0% _layers_1 & 1ratio P/A
GLOSSA predictions P ] & | Environmentalvariables L e Environmental variables
Eporis

Projection maps showing
model predictions. You i
can choose the model (SH S
or NR), projection
scenario, timestamp, and
posterior distribution
metric to plot.

A towtocite

A Lastestupdates

& conace

Visualization of the
N environmental predictor
—| variables used in the model.

Presence validation
o Visualization of filtered
—l occurrence records.

Functionsl respanses &P

Additional analysis
Explore functional

importance, and cross-
validation results.

responses, variable i. \/\/\—/ i *

Variable importance & = | Crosmvalidstion s .

eee Plot options
Use the three dots icon to
customize visualizations
and explore the results in
more detail.

Model summary
Validate your model by
checking the ROC curve,
AUC, TSS, CBI, confusion
matrix, and distribution of

Classifiod values

.Jrn Export plots
Use the download icon to
export any plot.

Courtofvaindata

Preckted probaaty

Prediied pobaniy

fitted values.

Developed by @IMARES

CSIC KMz

FIGURE 2 Screenshots of GLOSSA's user interface. (a) Data input and settings in the New Analysis tab. (b) Interactive visualizations in the

Reports tab.

allows users to replicate the analysis under the same conditions.
Outputs are provided in standard and interoperable formats to en-
sure compatibility with other downstream applications such as GIS
platforms and Marine Ecosystem Models (MEMs).

3 | WORKED EXAMPLES

We demonstrate the use of GLOSSA through three case studies in-
volving marine species at global, regional and local scales. Complete
details for these examples, including data and code, are available in

the vignettes provided in Files S1-S3 and on the package website
(https://imares-group.github.io/glossa/). The associated datasets
can also be accessed via Zenodo (https://doi.org/10.5281/zenodo.
13833556). Below, we provide a brief overview of each case study.

3.1 | Casestudy 1. Climate change impacts on
yellowfin tuna global distribution

In our first example, we modelled the global habitat suitability of
yellowfin tuna (Thunnus albacares) under two different climate
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scenarios: SSP1-2.6, representing a sustainable future with reduced
CO, emissions, and SSP5-8.5, a high-emission scenario character-
ized by increased global warming. Yellowfin tuna is an important mi-
gratory predator in the world's oceans and accounts for a significant
portion of the global catch (FAO, 2024), making it essential to under-
stand how climate change could impact its large-scale distribution
(Erauskin-Extramiana et al., 2019).

Occurrence data were obtained from the OBIS (OBIS, 2025),
while environmental variables, including sea surface tempera-
ture (°C), sea surface salinity (psu), primary productivity (mol/
m?) and mesozooplankton (mol/m?) were obtained from the
ISIMIP3b climate dataset using the GFDL-ESM4 Earth System
Model (Warszawski et al., 2014). Bathymetry data were down-
loaded from the ETOPO 2022 Global Relief Model developed by
the National Oceanic and Atmospheric Administration (NOAA,

(a)

SSP1-2.6
2025

https://www.ncei.noaa.gov/products/etopo-global-relief-model).
Before fitting the model, a z-score standardization was applied
to the variables.

The results show a decline in suitable habitat for Thunnus al-
bacares from 2025 to 2100 under both scenarios, with a 7.9% re-
duction under SSP1-2.6 and a more intense 37.4% reduction under
SSP5-8.5 (Figure 3). Under the high-emission scenario, suitable hab-
itats shift from equatorial and tropical regions toward the subtrop-
ics, reflecting the impact of increased warming on the distributional
shift of the species.

Variable importance analysis, measured through permutation ac-
curacy using the F-score, shows that sea surface temperature is the
most influential variable in predicting species occurrences, followed

by salinity and bathymetry. The response curve for temperature

shows a peak occurrence probability around 26-27°C.
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FIGURE 3 (a) Mean posterior probability of projected suitable habitats for Thunnus albacares under the SSP1-2.6 and SSP5-8.5 climate
scenarios on a global scale. (b) Variable importance obtained from a permutation-based approach using the F-score (tos: Sea surface
temperature, so: Salinity, bat: Bathymetry, phyc: Primary productivity, zmeso: Mesozooplankton). (c) Response curve (partial dependence

plot) for sea surface temperature with 95% credible intervals.
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These results highlight the role of temperature in shaping spe-
cies distribution and the potential shifts and losses of suitable hab-
itats under future climate scenarios of a widely distributed species.
Additional results are provided in File S1.

3.2 | Case study 2. Suitable habitat of Caretta
caretta in the Mediterranean Sea

This case study illustrates the application of GLOSSA within a user-
defined region, focusing on the loggerhead turtle (Caretta caretta)
in the Mediterranean Sea. While globally listed as vulnerable by
the IUCN Red List, the species is classified as least concern in
the Mediterranean. However, climate change and global warming
represent a risk on their life cycle and ecological niche (Mancino
et al., 2022). Here, we analyse how different future climate sce-
narios will reshape the habitat suitability of the Mediterranean
Sea for Caretta caretta. We used occurrence data from GBIF (GBIF.
org, 2024), and we filtered records from 2000 to 2020. These data
were combined with environmental variables from Bio-ORACLE
v3.0 (Assis et al., 2024, https://www.bio-oracle.org/) from the
2000-2010 and 2010-2020 decades. The environmental vari-
ables used in the analysis included sea surface temperature (°C),
primary productivity (mol/m?), salinity (psu) and bathymetry (m)
from the ETOPO 2022 Global Relief Model by NOAA. After fit-
ting the SDM with the standardized variables, we projected the
suitable habitat under two different climate scenarios: SSP1-2.6
(sustainable development) and SSP5-8.5 (high emissions).

The results show a loss of habitat suitability in both scenarios from
the 2020s to the 2090s (Figure 4). However, the decline is much more
pronounced under SSP5-8.5 and during the last period, where up to
79% of suitable habitat area is lost. Additionally, habitat suitability in
both scenarios tends to be higher in the western Mediterranean and
the Adriatic Sea than in the eastern basin, where the loss of habitat is

clear. Further details on the analysis and results can be found in File S2.

3.3 | Case study 3. Potential risk areas of Siganus
luridus in the Greek Seas

Our third case study demonstrates GLOSSA's application at a local
scale, assessing potential invasion risks of the rabbit fish Siganus
luridus in the Greek Seas. This species is one of many Lessepsian
migrants entering the Mediterranean through the Suez Canal, pos-
ing challenges to native species and making it crucial to predict
their potential spread to inform management strategies (Solanou
et al., 2023). Occurrence data from 2000 to 2020 was obtained from
an individual dataset from OBIS (Sini et al., 2024). The environmen-
tal variables used as predictors were sea surface temperature (°C),
sea water salinity (psu), net primary production of biomass (mg/m3/
day) and dissolved molecular oxygen (mol/m?), obtained from the
Copernicus Marine Environment Monitoring Service (https://marine.
copernicus.eu/). We also included bathymetry (m) from the ETOPO
2022 Global Relief Model by NOAA. These variables were standard-
ized to have a zero mean and unit variance. We used the GLOSSA ap-
plication to predict both the native range and the suitable habitat of
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2020-2030 2050-2060 2090-2100

45°N— - 45°N— - 45°N— -

40°N— 40°N— 40°N—
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30°N— 30°N— 30°N—
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FIGURE 4 Mean posterior probability of projected suitable habitats for Caretta caretta under the SSP1-2.6 and SSP5-8.5 climate

scenarios in the Mediterranean Sea.
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FIGURE 5 Mean posterior probability for the (a) suitable habitat and (b) native range of Siganus luridus in the Greek seas in 2020 and (c)
the difference between both predictions (SH: Suitable habitat, NR: Native range).

Siganus luridus in the year 2020. While the suitable habitat model is
based only on environmental variables, the native range model also
includes latitude and longitude as predictors.

Figure 5 shows the mean probability of the posterior predictive
distribution for the native range and the suitable habitat, revealing
differences between both models. The spatially smoothed native
range predicts where the species is currently present, while the
suitable habitat identifies areas with environmental conditions fa-
vourable for the species, even where it has not yet been recorded.
For example, the Thracian Sea and northeast Aegean islands were
identified as high-risk areas for potential invasion, even though the
species is not currently established there according to the predicted
native range in 2020. However, there is high uncertainty in the
Thracian Sea predictions as the environmental conditions are out-
side the range of the ones matching the occurrence records (Solanou
et al., 2023). More information on this case study can be found in
File S3.

3.4 | Memory usage and computation time

The runtime and memory usage of GLOSSA are influenced by sev-
eral factors that increase the complexity of the analysis, including
the number of species analysed in a single run, the number of species
occurrences, the number of predictor variables, the size and reso-
lution of the study area and the number of requested projections.
High-resolution rasters and large spatial extents can increase mem-
ory requirements and slow performance. We therefore recommend
first testing with cropped or aggregated rasters. To provide some
benchmarks, we report the computation time from the analysis of
the worked examples. The analyses were conducted on a single
Windows 11 machine equipped with 64GB of RAM and an Intel(R)
Core(TM) i7-1165G7 processor. This processor features 4 cores and
8 threads, with a base clock speed of 2.80GHz. The global analysis

of Thunnus albacares took 2h and 13 min, while the regional models
for Caretta caretta and Siganus luridus took 20 and 4 minutes, respec-
tively. Detailed computation times for each step of the analysis are
provided in the Files S1-S3.

4 | CONCLUSIONS AND FUTURE
DIRECTIONS

We introduced GLOSSA, an open-source R Shiny application that
lowers technical barriers for species distribution modelling through
an intuitive GUI and comprehensive documentation, making it ac-
cessible to a broader audience. It provides tools for occurrence and
environmental data processing, pseudo-absence generation, model
fitting using BART, model evaluation and interactive visualizations
within a reproducible framework.

Currently, GLOSSA relies on BART, a promising method for
SDMs based on an ensemble of trees, similar to boosted regression
trees and Bayesian inference. This allows modelling complex non-
linear relationships while generating posterior distributions for pre-
dictions, improving the estimation of uncertainty. However, the use
of BART in SDMs is relatively new, and questions remain regard-
ing its behaviour with different pseudo-absence strategies, sample
sizes, multicollinearity and its transferability across space and time.
Recent developments, such as BART extensions for supporting con-
tinuous spatial effects (Jiang & Wakefield, 2023) and improving ex-
trapolation (Maia et al., 2024), may be particularly relevant in the
SDM context.

We demonstrated the use of GLOSSA through three marine case
studies addressing different ecological scenarios and spatial scales,
such as evaluating the effects of climate change on Thunnus alb-
acares and Caretta caretta range shifts and identifying potential inva-
sion risk areas for Siganus luridus. Although GLOSSA is designed for
SDM workflows, its outputs, such as suitability maps and functional
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responses, can be integrated into broader analysis frameworks. For
example, Marine Ecosystem Models (MEMs), which often rely on
extensive parametrization and require a large amount of data to op-
erate effectively (Robson et al., 2018; Steenbeek et al., 2021), could
benefit from SDM outputs (Coll et al., 2019, 2020). Future work
should explore this link.

Users should remain aware of common challenges associated with
SDMs, including sampling bias, autocorrelation, scale mismatches and
spatial and temporal misalignment between occurrences and predic-
tors (Araujo et al., 2019; Kass et al., 2025; Melo-Merino et al., 2020).
While GLOSSA provides some tools for spatial thinning, pseudo-
absences generation and model validation, it has limited function-
alities, so preprocessing and thoughtful modelling decisions remain
essential and may need to be performed outside the GLOSSA app,
like detailed occurrence cleaning or environmental bias correction.

Future development will focus on expanding bias correction op-
tions, including additional pseudo-absence generation methods and
thinning methods that account for the environmental space. Although
users can adjust BART configuration parameters, adding simpler mod-
elling alternatives and ensemble modelling may help reduce overfitting
under biased or limited data. Additionally, extrapolation diagnostics
such as Multivariate Environmental Similarity Surface (MESS) maps
could complement current model uncertainty estimates of BART.

Finally, documentation, as well as updates, examples and tuto-
rials, is available at the GLOSSA project site: https://imares-group.
github.io/glossa/.
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