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ARTICLE INFO ABSTRACT
Keywords: Spatially-explicit models are invaluable tools for analyzing the species-environment interactions, even at scales
Modeling approaches beyond that of direct observations. In fisheries context, the observations on species usually consist of data
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Niche overlap analysis
Spatial extrapolation
Fisheries management

derived from survey campaigns, such as the Mediterranean International Bottom Trawl Surveys (MEDITS)
programme. MEDITS survey foresees the use of a standardized protocol for data acquisition on demersal species,
such as the blue and red shrimp Aristeus antennatus and the giant red shrimp Aristaeomorpha foliacea. These two
species are recognized as highly valuable marked resources accounting for about 5 % of the trawl fishing income
in the Mediterranean basin. Here, we developed a modeling framework for the analysis of the MEDITS data on
those species. Within our modeling framework we aimed at detecting the existence of a divergence in the spatial
patterns that could guide the definition of targeted management actions for those two valuable fishing resources.
A Random Forest (RF) machine learning approach has been used to model both the occurrence (i.e., presence/
absence) and the biomass index (kg/km?) of both species in four Geographical SubAreas (GSAs) located in the
central part of the Mediterranean and the Ionian Sea. The RF showed high level of accuracy (i.e., K=0.83 and
K=0.88, for A. antennatus and A. foliacea, respectively) in modeling species occurrence, and good level of per-
formance (i.e., R%=0.63 and R2:0.74, respectively) in modeling their biomass index (kg/kmz). The niche overlap
and statistical analyses we performed on the models outputs revealed the existence of a significant divergence in
the spatial patterns between these species. This provides crucial ecological knowledge for the definition of
targeted (i.e., species-related) management actions. Afterwards, the models have been extrapolated at the spatial
scale of the Mediterranean Sea based on an approach we defined, called hyperspace. The hyperspace approach,
while showing technical and ecological soundness, was meant to guarantee the reliability of model predictions in
unknown areas. It reduces the need for a proper interpretation of “what is beyond a predicted value”, offering a
straightforward method for model extrapolation. Our effort aims to provide insights for prioritizing key areas in
conservation strategies and marine spatial planning. It also represents an important contribution towards
adopting an ecosystem-based approach to fishery resource management in the Mediterranean basin.
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1. Introduction

A proper knowledge of the spatial distribution of species is of para-
mount importance not only for theoretical studies (Austin, 2002), but
also for conservation and management planning (Elith et al., 2006;
Guisan and Zimmermann, 2000; Hirzel and Le Lay, 2008). Modeling
approaches are rooted in the quantification of the species-environment
interactions, and they are critical for providing an ecological insight
into the spatial patterns of a given species, to predict where is likely to
occur, and to extrapolate such knowledge in unsampled locations
(Pennino et al., 2019).

In the last decades, modeling approaches have become crucial for
going beyond the available information, offering a way forward for the
management of natural resources, especially in the context of fisheries
(e.g., Aeberhard et al., 2018; Hazen et al., 2018; Keyl and Wolff, 2008).
In the Mediterranean Sea the blue and red shrimp Aristeus antennatus
(Risso, 1816) and the giant red shrimp Aristaeomorpha foliacea (Risso,
1827) rank among the most important commercial trawl resources
exploited, accounting for about 5 % of the total fishing income in the
whole basin (Podda et al., 2020). Since those species are distributed over
the whole basin their analysis requires large-scale data which in turn
demands massive and mostly multi-national efforts for their acquisition.

In this regard the Mediterranean International Bottom Trawl Survey
(MEDITS) programme (Bertrand et al., 2002) results as an invaluable
source of data. MEDITS is indeed a scientific survey carried out in the
Mediterranean Sea since 1994 on a yearly basis, and is designed to ac-
quire consistent biological data on the demersal biotic component
through the use of a standardized method (Spedicato et al., 2019). The
standardized protocol for gear and haul characteristics, sampling loca-
tions, file-formats of data, among other characteristics (Bertrand et al.,
2002), has been defined jointly by the various partner countries. It was
originally funded as a European Commission project for facilitating the
cooperation among Member States of the European Union, yet over the
years has been extended also to candidate countries for membership to
European Union, e.g., Montenegro.

Since it is based on a common sampling procedure allowing to obtain
consistent data, MEDITS survey provides a unique opportunity to in-
crease our knowledge on distribution and abundance of Mediterranean
species. Indeed, over the years MEDITS data have been widely used to
analyze the spatial patterns of both A. antennatus and A. foliacea. For
instance, Cau et al. (2002) analyzed abundance variability of both spe-
cies in the Mediterranean basin in the 1994-1999 time range. They
assessed the interannual variability in six ‘Reference Areas’ (RARs,
hereafter), i.e., areas identified in the Mediterranean Sea considering the
homogeneity of the environmental conditions (Cau et al., 2002). The
authors pointed out a longitudinal gradient in which A. antennatus
seemed to be more abundant in the RARs located in the western part of
the Mediterranean Sea, while the opposite trend was found for
A. foliacea which prevailed in RAR of the central and eastern part of the
basin (Cau et al., 2002). Similarly, Guijarro et al. (2019) used the
RAR-distinction of the Mediterranean basin to assess the spatial distri-
bution of A. antennatus and A. foliacea and their sex ratio using MEDITS
data acquired between the 1994 and 2015. Masnadi et al. (2018), using
MEDITS data in 1994-2015, described the relationship between their
biomass with the aim of estimating the dominance of one of the two
species in the Tyrrhenian Sea. The authors claimed that A. antennatus
showed a latitudinal gradient, being the dominant species in the
northern part of the Tyrrhenian Sea, and it gradually decreased until a
clear dominance of A. foliacea is reached in the Strait of Sicily (Masnadi
et al., 2018).

MEDITS data were also used to conduct studies at local scale focusing
on only one species. For instance, Orsi Relini et al. (2013) used data
acquired in ten years of sampling (1994-2004) to analyze the popula-
tion dynamics of A. antennatus in the Ligurian Sea. Podda et al. (2020),
on the other hand, used MEDITS data on A. foliacea from 2009 to 2014 to
determine the distribution of this species in the Sea of Sardinia in
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relation to environmental factors reflecting hydrographic conditions
that can facilitate species movement, thus contributing to the peculiar
spatial distributions.

Therefore, MEDITS data have been widely used in research studies
focusing on both A. antennatus and A. foliacea showing different aims (e.
g., assessing the dominance of one species over the other vs. assessing
populations dynamics), different spatial scale of analysis (e.g., RAR in
the Mediterranean vs. regional sub-basins), while considering or not
considering the interannual variability in the data. One of the main
features of the MEDITS survey that can be further exploited is its pro-
vision of data on species in standardized format, allowing to compare
the species spatial patterns (distribution and biomass index) in trawl
fishing areas. Recognizing the above, we aimed at detecting the exis-
tence of a divergence in the spatial patterns through the analysis of
MEDITS data that could guide the definition of targeted management
actions for those two valuable fishing resources. We proposed a unifying
modeling framework for exploiting MEDITS data on both A. antennatus
and A. foliacea that is based on the MEDITS’s standardized format of
data. With the term ‘unifying’ we meant a procedure that directly uses
the MEDITS data in the exact format in which they are provided, using
environmental predictive variables available at Mediterranean spatial
scale for modeling development. Together these features allow to apply
the modeling framework to MEDITS data as soon as they become
available regardless of their location of acquisition. This approach, in a
wider perspective, would benefit from data obtained by MEDITS over
the years, and would value the efforts of such survey.

Within our modeling framework, we aimed at (i) modeling the
spatial distribution of these two species in the central Mediterranean and
Ionian Sea using the Random Forest (RF) (Breiman, 2001a) machine
learning method, and at (ii) providing important spatial information for
management measures through models analyses. Moreover, (iii) we
proposed a novel methodological approach for extrapolating the models
at the Mediterranean scale with the purpose of enhancing the reliability
of modeling outcomes for the management of natural resources.

The RF was used for performing a classification task for modeling the
occurrence (i.e., presence/absence) of the species, and a regression task
for modeling the biomass index, i.e., kg/km2 (sensu MEDITS). We
selected predictive variables thoroughly considering our aim of pro-
posing a unifying modeling framework. In particular, we used both
environmental variables, defined as Essential Ocean Variables (EOVs)
(Lindstrom et al., 2012), and geo-morphological factors, along with haul
depth recorded during the sampling. The EOVs are variables that ac-
count for the three-dimensionality of the marine environment providing
crucial information on the ecological characteristics that could affect
A. antennatus and A. foliacea (Melo-Merino et al., 2020; Miloslavich
et al., 2018; Robinson et al., 2011). They are available through the EU
Copernicus Marine Environment and Monitoring Service (CMEMS)
database that provides free access to comprehensive, up-to-date and
historical data on ocean conditions, such as monthly and daily values of
ocean salinity and of dissolved oxygen. While the geo-morphological
variables are freely available for the entire Mediterranean basin as a
result of a completed European project, called MEDISEH project
(Giannoulaki et al., 2013), the use of CMEMS opensource database
guarantees the harmonization of the modeling framework, regardless of
the temporal and/or spatial coverage of data, strengthening the ratio-
nale behind this study. Following a proper validation of the developed
models, a niche overlap analysis has been applied with the purpose of
potentially improving our understanding of the spatial patterns of the
two species, and in turn their management. Finally, our approach for
model spatial extrapolation, while showing technical and ecological
soundness, has been used to identify the sites across the basin that
showed consistency with those upon which our models were built and
validated. The latter allows to guarantee the reliability of models pre-
dictions, thus their usefulness for decision-making in the context of
fisheries.
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2. Materials and methods
2.1. Data on A. antennatus and A. foliacea

We used MEDITS data on A. antennatus and A. foliacea acquired in
four Geographical SubAreas (GSAs, hereafter), i.e., GSA16, GSA1S8,
GSA19 and GSA20, located in the central part of the Mediterranean
basin and the Ionian Sea, from surveys conducted between 1999 and
2020.

For GSA20 only, and only for the years 1999-2001 — accounting for
only about 3 % of the total — the trawl data were obtained from different
surveys, i.e., INTERREG, RESHIO and Deep Fishery projects (Mytilineou
et al., 2005; Papaconstantinou and Kapiris, 2001; Politou et al., 2001).
These surveys were performed based on a protocol largely similar to that
of the MEDITS, in terms of sampling and depth limit 10-800 m, while
covering the entire Eastern Ionian Sea.

Overall, the dataset used in this study included 5961 sampling re-
cords, which about 34 % have been acquired in GSA16 and GSA18,
while about 26 % in GSA19 and the remaining (-6 %) in GSA20 (Fig. 1).

2.2. Predictive variables

The 16 predictive variables (Table 1) consist of haul depth recorded
during the sampling (1st in Table 1), nine EOVs (2nd to 10th in Table 1)
downloaded from the CMEMS (https://marine.copernicus.eu/acc
ess-data), and six geo-morphological time-invariant variables (11th to
16th in Table 1) derived from the MEDISEH project (Giannoulaki et al.,
2013).

Among the EOVs, chlorophyll a (‘Chl’) and net primary production
(‘Npp’) provide information on the productivity of the water column
that may help describing trophic habitat features that can be related to
the two analyzed species (Cartes et al., 2014). While temperature
(‘Temp’), oxygen concentration (‘O2’) and salinity (‘Sal’) at the sea
bottom are used as proxy for the environmental conditions that are
known to influence distribution and biomass of both A. antennatus and
A. foliacea (Carbonell et al., 2017). In addition, four vertical layers of
particulate organic carbon (POC) in the water column were used,
namely ‘POC’ in the deepest layer, ‘POC 1’ and ‘POC 2’ in the second and
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third deepest layers, i.e., at about 10 m and 100 m above the bottom,
respectively, and finally ‘POC mean’ in the 0-200 m depth range. These
variables provide information on possible food sources where the spe-
cies feed (Kapiris and Thessalou-Legaki, 2011).

For the EOVs, monthly mean values corresponding to the period of
the surveys were used, so that the data are associated with conditions
actually reflecting the environment of the sampling period. On the other
hand, the time-invariant variables (i.e., ‘Bottype’, ‘Gebasp’, ‘Distriver’,
‘Gebslo’, ‘Distport’ and ‘Distcoast’; Table 1) provide information on the
morphological aspects of the seafloor as well as other characteristics of
the marine environment.

While the EOVs have a spatial resolution of 1/24 degree (about
4 km), the time-invariant variables show a resolution of ' arcminute
(about 400 m). We resampled the time-invariant data to the coarser
resolution by means of the function ‘resample’ of ‘raster’ package
(version 3.6-26 — Hijmans, 2018) in the R environment (R Development
Core Team, 2022) using the method “bilinear” for the continuous vari-
ables and the “nearest neighbor” for the categorical ones. Accordingly,
our resulting models have a spatial resolution of 1/24 degree, about
4 km in coordinate system WGS84 (EPSG:4326).

The rationale behind such an approach —i.e., interpolating from finer
to coarser resolution — is to maintain consistency within the predictive
variables without introducing artificial information. Since the EOVs
derived from models being validated in their native resolution (Cossarini
et al., 2021; Escudier et al., 2021, 2020; Teruzzi et al., 2021), opting for
the coarser resolution resulted in the most conservative choice.

2.3. Random Forest

RF is a Machine Learning algorithm that is widely used for both
classification and regression tasks (Biau and Scornet, 2016; Boulesteix
et al., 2012; Breiman, 2001a; Catucci and Scardi, 2020a, 2020b; Crim-
inisi et al., 2012; Wager, 2016). It creates an ensemble of Classification
and Regression Trees (CTs) (Breiman et al., 1984) and combines their
predictions into a single model (Breiman, 2001). Each CT is constructed
using a random subset of data (i.e., bootstrap sample) and a random
subset of predictive variables for the splitting procedure. While for
classification tasks the predictions are based on majority voting, for
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Fig. 1. Spatial distribution of trawl data on A. antennatus and A. foliacea gathered from 1999 to 2020.
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Table 1
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Predictive variables used for model development, along with specifications on their temporal coverage, temporal resolution, native spatial resolution and source.

CMEMS: Copernicus Marine Environment and Monitoring Service.

Variable Acronym Unit Temporal Temporal Native spatial Source
coverage resolution resolution
1 Depth Depth m Each haul Each haul Each haul MEDITS
2 Bottom temperature Temp °C 1999-2020 monthly mean 1/24 degree CMEMS
3 Bottom salinity Sal %o 1999-2020 monthly mean 1/24 degree CMEMS
4 Dissolved oxygen at bottom 02 mmol m~—3 1999-2020 monthly mean 1/24 degree CMEMS
5 Chlorophyll a in 0-200 m depth range Chl mgm~3 1999-2020 monthly mean 1/24 degree CMEMS
6 Net primary production — integrated in 0-200 m  Npp mgCm—=>d! 1999-2020 monthly mean 1/24 degree CMEMS
depth
7 Particulate organic carbon at the bottom POC mg Cm° 1999-2020 monthly mean 1/24 degree CMEMS
8 Particulate organic carbon at the second to last POC1 mgCm 1999-2020 monthly mean 1/24 degree CMEMS
depth layer
9 Particulate organic carbon at the third to last POC 2 mg Cm® 1999-2020 monthly mean 1/24 degree CMEMS
depth layer
10  Particulate organic carbon average in 0-200 m POC mg Cm~> 1999-2020 monthly mean 1/24 degree CMEMS
depth mean
11 Bottom type Bottype categorical Time invariant Y4 arcminute MEDISEH
variable project
12 Seafloor aspect Gebasp categorical Time invariant Y4 arcminute MEDISEH
variable project
13 Seafloor slope Gebslo % Time invariant Y4 arcminute MEDISEH
project
14  Distance to river mouth Distriver km Time invariant Y4 arcminute MEDISEH
project
15  Distance to harbors Distport km Time invariant Y4 arcminute MEDISEH
project
16  Distance to coastline Distcoast km Time invariant Y4 arcminute MEDISEH
project

regression applications the predictions are averaged for obtaining the
final estimation.

The number of randomly selected predictive variables available at
each split (mtry), the minimum number of records contained in each leaf
to stop the splitting procedure (ndsize), and the total number of CTs in
the forest (ntree) are the main parameters that deeply affect the algo-
rithm. For classification applications, mtry is usually set to \/p and top/3
for regression, where p is the total number of available predictive vari-
ables, and tuned from half to twice its original value for model
improvement (Cutler et al., 2012; Scornet, 2017). Both classification and
regression tasks have been performed (see Section 2.4.2) and the RF has
been tuned as follows:

— for classification models, mtry was tested in the 3-8 range, while the
ndsize was tested in the 1-10 interval of values, setting ntree to 250;
— for regression models, mtry was tested in the 3-10 range, while the
ndsize was tested in the 5-10 interval of values, setting ntree to 250;

The original RF algorithm implements two different Variable
Importance Measures (VIM) for the assessment of the relative impor-
tance of the predictive variables, namely Gini and permutation mea-
sures. While the permutation measure is directly related to the
prediction accuracy, the Gini one is strictly based on the splitting cri-
terion (Boulesteix et al., 2012; Cutler et al., 2007; Gislason et al., 2006;
Louppe, 2014). The modeling procedure was performed in the R envi-
ronment (R Development Core Team, 2022) using the ‘randomForest’ R
package (Liaw and Wiener, 2002) which implements the original RF
algorithm, i.e., the one provided by Breiman (2001).

2.4. Modeling framework

2.4.1. Data preprocessing

The MEDITS programme is aimed at collecting data on the entire
community of demersal fish and shellfish rather than only on the two
species considered in this study. As such, its sampling design may not
provide a comprehensive representation of the entire spatial distribution
of A. antennatus and A. foliacea. As a matter of fact, those species are

known to occur more frequently at meso-bathyal depths, i.e. 500-800 m
(Chan, 1998; D’Onghia et al., 2009; Komai et al., 2009; Sarda et al.,
2004), with evidence of recruitment at even deeper depth especially for
A. antennatus (Sarda and Cartes, 1997). Yet the majority (~70 %) of the
MEDITS data were mostly collected in the upper part of continental
slope (depth<500 m), meaning that the bulk of information refers to
depths at which those species are hardly present. This may lead to a clear
asymmetry in the distribution of the species occurrence in our dataset,
especially regarding the absence records — the ones showing null
biomass index (kg/krnZ:O). Absence data indeed represented the ma-
jority, i.e., 75 % of the total data on average between the species, and
they were mostly (-90 % on average) located in the upper part of con-
tinental slope (depth<500 m). Accordingly, the distribution of our input
data resulted rather skewed and biased to allow the models to properly
reconstruct and reproduce the potential actual distribution of the two
species (e.g., Sarda and Company, 2012).

To overcome such limitation and to reduce the bias inherent of the
MEDITS data, we incorporated pseudo-absence records into our dataset.
Among the available methods, we adopted the background sampling
approach (Elith et al., 2006) for generating pseudo-absence records. The
latter foresees their selection based on ecological considerations, namely
considering sites where the analyzed species is not expected to occur.
The main ecological driver among those we considered that has the
strongest and most established effect on the species spatial patterns is
definitely depth (Massuti et al., 2008; Maynou, 2008; Rinelli et al.,
2013). Depth is also the central parameter of the sampling protocol of
the MEDITS survey, and in turn of the models that are developed using
data coming from this programme. As such, we exploited the depth
factor for selecting the pseudo-absence data since it guarantees that the
rationale behind the selection of such type of data would consider the
intrinsic nature of the species, of the MEDITS data, and of the models,
integrating not only ecological considerations as the background
approach requires (Barbet-Massin et al., 2012; Wisz and Guisan, 2009),
but also methodological aspects. The selection of pseudo-absence data
was made as follows.

Firstly, we obtained information on depth at Mediterranean scale
from the CMEMS. The depth data show the same spatial resolution of
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that of the EOVs (1/24 degree), accounting for more than 145,000 sites
(i.e., raster pixels) over the whole basin ranging from about 5-5000 m.
Then, within the four GSAs representing our study area, we selected the
sites showing a depth value in the 1400-1500 m range, and we
considered them as pseudo-absence data, as neither of the two species
are expected to be present at this bathymetry. In total, we added 238
records to our dataset.

In a general perspective, these sites represent areas within which
both A. antennatus and A. foliacea are hardily located, and they serve the
purpose of rendering the distribution of the input data on species
occurrence more symmetrical. Such integration could potentially
enhance the overall quality of our modeling framework and related
outcomes (e.g., Aarts et al., 2012; Stokland et al., 2011; Wisz and Gui-
san, 2009).

Finally, presence and absence records have been defined to perform
the classification task as follows: if a given record showed non-null
biomass index (i.e., kg/km2>0), then that record was considered as
‘presence’ instance. On the contrary, all the records showing null
biomass index were clearly identified as ‘absence’ instances. While for
the regression models the data have been used in the format provided by
the MEDITS survey, i.e., biomass index (kg/kmz). Indeed, MEDITS sur-
vey foresees that the data on catches (kg) are standardized based on the
swept area (km?) for providing information on species relative biomass
index, i.e., kg/kmz.

2.4.2. Model development and validation

Following the pseudo-absence data inclusion, our dataset includes
6199 records (5961 plus 238), in which only about 17 % accounted for
presence records of A. antennatus and about 28 % for the presence of
A. foliacea. To properly develop and validate the models, the dataset has
been partitioned into two subsets, called training and test sets. The
subsets have been selected using the GFCM Statistical grid, available at
https://www.fao.org/gfcm/data/maps/grid. For each cell of such a
grid, 75 % of the data were randomly assigned to the training set while
the 25 % to the test set. Such partitioning has been made also consid-
ering the necessity to maintain a similar observed proportion of species
occurrence in both subsets. It is indeed paramount to have them as
representative as possible of the modelled ecological process. Accord-
ingly, in both training (n = 4610) and test (n = 1589) sets the portion of
presence of both species was kept largely constant (i.e., 17 % for
A. antennatus and 28 % for A. foliacea).

Furthermore, for dealing with the imbalance of the presence pro-
portions showed by our dataset, the classification models were analyzed
using the Receiver Operating Characteristic (ROC) curve before evalu-
ating their accuracies by means of Cohen’s Kappa (K, hereafter) (Cohen,
1960). The ROC curve, in addition to the value of the Area Under the
Curve (AUC), provides the value of the optimal threshold (t) for
discriminating between presence and absence instances, which is asso-
ciated to the point on the curve at which the sum of sensitivity and
specificity is maximized (Catucci and Scardi, 2022; Shatnawi, 2017). As
the computation of K strictly depends on the true positive rate (TPR) and
true negative rate (TNR), the selection of the optimal t represents a
crucial step for obtaining models as unbiased as possible (Guisan et al.,
2017). The K values range in the 0-1 interval, where O corresponds to a
random agreement between predicted and observed data, while 1 in-
dicates a perfect classification (Landis and Koch, 1977). While the ROC
curve and optimal threshold analyses have been performed using the
”"ROCR” package (Sing et al., 2015), the K was computed using the
“psych” package (Revelle, 2017).

On the other hand, the performance of regression models has been
evaluated by computing the determination coefficient (R%), which
measures the proportion of target variance explained by the model, and
the Root Mean Squared Error (RMSE). The models were optimized based
on the K and R?, respectively, so that the final models show the best
predictive ability, i.e., their maximum values.
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2.5. Niche overlap analysis

To provide an ecological insight into the results of our modeling
framework for A. antennatus and A. foliacea, we performed a niche
overlap analysis based on the Schoener index, called D (Schoener,
1974). D ranges in the 0-1 interval, where values close to 1 suggest
significant niche overlap, while minimal overlapping for values that
tend to 0. In a wider perspective, D quantifies the extent to which the
species may interact, providing information about the similarity in their
habitat requirements (Broennimann et al., 2012; Cardillo and L. Warren,
2016; Hurlbert, 1978). In other words, the niche overlap analysis offers
a measure for estimating the degree to which the habitat requirements of
the two analyzed species match (Dunham, 2013).

We performed such analysis on the RF predictions (i.e., model
output, hereafter) of both the classification and the regression tasks.
When applied to classification models outputs, D provides information
on the degree of similarity of the habitat conditions that determine the
occurrence of A. antennatus and A. foliacea. On the other hand, when
applied to the regression models outputs, such similarity is quantified:
the larger the D, the more similar are the conditions constraining the
abundances of species in terms of biomass index (kg/kmz).

2.6. Extrapolation of models at Mediterranean spatial scale: hyperspace
approach

Spatial extrapolation is the process of extending a model beyond the
spatial scale of data on which it was originally developed. Its underlying
assumption is that the relationships between the predictive variables
and the response remain constant, regardless of space and scales.
However, ecological conditions can vary widely, and any spatial
extension of a model beyond the environmental domain over which it
was built and validated involves uncertainty (Guillaumot et al., 2020;
Merow et al., 2014; Owens et al., 2013).

In this study, we proposed an approach for model spatial extrapo-
lation that is based on the concept of environmental domain, i.e., range
of values (Barry and Elith, 2006). Such environmental domain is the
multidimensional space (or hyper-space) consisting of the set of values
of the predictive variables used for building the models (Barry and Elith,
2006). Consequently, we used the term ‘hyperspace’ when referring to
our approach for model spatial extrapolation.

The main idea of our hyperspace approach was to limit the necessity
of a proper interpretation that is required when a model is extrapolated,
favoring more ecological and methodological aspects. We indeed limited
the spatial extrapolation of the models to only those sites across the
basin that showed consistency with those upon which they were built
and validated, as follows.

Firstly, we exploited the design of the MEDITS protocol for ba-
thymetry for identifying the sites across the Mediterranean Sea that
show a depth value consistent with that survey, i.e., within the
10-800 m range. Hence, based on the depth data for determining the
pseudo-absence records (see Section 2.4.1), the number of sites (raster
pixels) in the Mediterranean basin for spatially extrapolating the models
has been reduced from about 145,000 to 52,372. This procedure allowed
to maintain consistency between the input (MEDITS data in the four
GSAs) and predicted (models extrapolation at Mediterranean scale)
data.

We exploited the above-mentioned rationale also for all the other
predictive variables in our dataset. For the quantitative ones (2nd to
10th and 13th to 16th in Table 1) we calculated their ranges of values, i.
e., min-max. While for the qualitative ones (10th and 11th in Table 1) we
considered the featured categories —i.e., the categories observed — in our
dataset. This set of values (ranges plus categories) defined de facto the
environmental domain of our data (sensu Barry and Elith, 2006), which
we used for selecting the sites at which we extrapolated our models.

For each site in the Mediterranean basin already shown a depth value
consistent with of the MEDITS survey (n = 52,372, see above), we
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determined whether the relative environmental factors fall within the
environmental domain. A site has been selected for model spatial
extrapolation only if all the values of predictive variables ranged within
the set of values of our data. On the contrary, even if only one predictive
variable showed a value outside its range, that site was not considered
for the model spatial extrapolation.

The last assumption for performing a technically sound spatial
extrapolation was made on the temporal scale of the EOVs considering
both the available data and the intrinsic nature of our models. In our
dataset the extraction of EOV was performed to ensure alignment with
the month and year corresponding to those in the MEDITS data, so that
the MEDITS data acquired in a determined month and year are associ-
ated to EOVs reflecting the conditions of that month of that year (see
Section 2.2). We observed that the largest amounts of records for both
A. antennatus and A. foliacea have been acquired in the month of July for
almost all the years. Indeed, about 40 % of the overall hauls have been
carried out in July, while such percentage drops to about 8 % for the
other months on average (Table 1 in supplementary material). Since
July 2019 was the most representative sampling period over the whole
dataset, we used the EOVs in such date. For the time-invariant predictive
variables such consideration did not apply due to their stability over
time by definition.

The selection of the most representative sampling period might help
to reduce the impact of outliers that may be present in the MEDITS data
compared to, for instance, the use of the most recent one, i.e., November
2020, during which the entire world was facing the COVID-19 pandemic
that heavily affected also the fisheries (e.g., Russo et al., 2022), thus
most likely leading to misinforming predictions (Pau et al., 2011). This
time period might also result the most interesting from an ecological
perspective. It is indeed the most recent available case for the July
month, thus the more valuable for the natural resources management.
Therefore, in order to maintain consistency also from a temporal
perspective, we favor constraining the EOVs data to the most repre-
sentative period of sampling, i.e., July 2019.

Moreover, the selection of a specific time period was also determined
considering the modeling perspective. Indeed, due to the machine
learning nature of the RF algorithm our models are totally data-driven
(Breiman, 2001b). These type of models exploit the data for automati-
cally detecting unidentified patterns, and use them for predicting new or
unknown conditions (Murphy, 2012). In this view, July 2019 was the
most representative “data” from which in all the likelihood the patterns
have been detected by the RF.

3. Results
3.1. Modeling framework using Random Forest

The RF showed a high level of accuracy in modeling both the
occurrence and the biomass index for both species (Table 2). The final
RF configurations of the classification models of A. antennatus and
A. foliacea were both based on 250 ntree, presenting 8 and 7 as mtry, and
6 and 3 as ndsize value, respectively. The final RF configurations of the
regression models were based on 250 ntree, presenting 9 and 8 as mtry
value for A. antennatus and A. foliacea, respectively, while the ndsize
value was 7 for both species. The results on the RF training for both tasks

Table 2

Performance of the final models. K and AUC are measures for the classification
models. R> and RMSE are measures for the regression models. t = optimal
threshold value provided by the ROC analysis. The results refer to the test set
data only.

Classification model Regression model

K AUC t R? RMSE
A. antennatus 0.83 0.98 0.34 0.63 1.86
A. foliacea 0.88 0.98 0.48 0.74 1.04
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and both species are shown in Table 2 in the supplementary material.

For the classification models, K value resulted equal to 0.83 for
A. antennatus, while that of A. foliacea to 0.88 (Table 2) indicating high
level of models accuracy. The K values have been computed following
the optimization of the RF outputs using only the data included in test
set by means of the ROC analyses (Fig. 1 in supplementary materials).
The ROC analyses provided an optimal t of 0.34 and AUC value of 0.98
for A. antennatus, and a t=0.48 and AUC= 0.98 for A. foliacea,
respectively (Table 2). Table 3 showed the confusion matrices of the
classification models following the threshold optimization.

The RF showed a largely good level of performance also for the
regression task (R?=0.63 and R®=0.77 for A. antennatus and for
A. foliacea, respectively) (Table 2). The RF was able to explain more than
60 % of A. antennatus variance, and more than 75 % for A. foliacea. The
regression models exhibited a rather small error (i.e., 2.10 kg/km? on
average) which resulted quite negligible when compared to the inner
variability of the biomass index in our dataset, ranging from 1 to about
150 kg/km? for A. antennatus and from 1 to _300 kg/km? for A. foliacea
(Fig. 2 in supplementary material).

Overall, the RF proved to be quite effective in reconstructing the
spatial distribution and biomass index of the two species in the four
GSAs (Fig. 2). The spatial patterns observed in the input data (Figs. 2a
and 2b) were largely reflected in both the classification (Figs. 2c and 2d)
and the regression (Figs. 2e and 2f) models. For instance, A. antennatus
showed the largest portion of presence records (about 33 %) and largest
value of biomass index (about 15.76 kg/km?) in GSA19 representing the
central part of our study area, while A. foliacea was predominant (about
33 % and 72.11 kg/km?) in the easternmost part, i.e., GSA20. Those
spatial patterns, although with some differences in terms of pure values,
are well-recognized and revealed in the RF models outputs. In fact,
A. antennatus showed the largest predicted values (9.54 kg/krnz) of
biomass index in GSA19, where the habitat conditions resulted largely
suitable (mean p = 0.75 — being p the probability of presence). While
A. foliacea exhibited the largest predicted biomass index value
(42.70 kg/km?) in GSA20, the latter showing a high level of habitat
suitability (mean p = 0.79).

3.2. Relative importance of predictive variables

The relative importance of the predictive variables was assessed
using both Gini and permutation measures (Fig. 3). For all the models,
depth was the predictive variable showing the largest relative impor-
tance, regardless of the measure used. The only exception to this is the
result of the classification model for A. foliacea regarding the permuta-
tion measure (Fig. 3b — the plot on the right panel), in which ‘POC 2’
resulted the relative most important variable. Yet, even in the latter case,
depth had a contribution as large as 90 % on respect to that of the "POC
2.

These results underline the fundamental role of depth in the tree-
building process during the RF training, most probably because of its
crucial function in reconstructing the spatial patterns of the two species.
It is worth noticing that those results reflect the high-order relationships
assessed during the tree-building process, rather than merely causality
(Fabbrizzi et al., 2020; Catucci and Scardi, 2020a; Louppe et al., 2013).
Indeed, the RF exploits the spatial resemblance between the response
and the predictive variables, but also that among the predictive vari-
ables themselves. For example, it stands to reason that the ‘POC 2’ shows
a strong spatial resemblance to the depth since it reflects the gravita-
tional settling of the organic carbon. In other words, not surprisingly
depth showed the largest relative importance in our modeling frame-
work, since this variable is the main ecological driver that encompasses
the environmental factors at the surrounding, including the other pre-
dictive variables that we considered. Therefore, the relative importance
of the predictive variables needs always be considered as an expression
of multifaceted interactions that the RF handles that go beyond the
linearity — a one-order function by definition (Breiman et al., 1984).
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Table 3
Final classification models results for A. antennatus and for A. foliacea. The results refer to the data of the test set only.
A. antennatus A. foliacea
observed observed
absence presence absence presence
predicted absence 1250 18 predicted absence 1098 44
presence 71 250 presence 53 410

3.3. Niche overlap analysis

To detect the potential divergences in spatial patterns that might
appear in the RF predictions in relation to the types of models (classi-
fication vs. regression) and species being modelled, we performed a
niche overlap analysis. While the classification models outputs of the
two species showed a partial niche overlap (mean D=0.68), the
regression ones exhibited a rather limited niche overlap (mean D=0.40).

For providing an in-depth insight into the above, we further per-
formed the niche overlap analysis at different depth strata (Table 4). In
doing so, we considered also the pseudo-absence data, i.e., the ones at
1400-1500 m depth, for the sake of completeness. The classification
models outputs of A. antennatus and A. foliacea the maximum degree of
niche overlap (D=0.84) was at the depth stratum 700-800 m, while
minimum degree (D=0.20) at the lowest one, i.e., 10-100 m (Table 4).
With regards to the regression models outputs, the maximum level of
niche overlap (D=0.71) was observed at intermediate depth, i.e.
200-300 m, and minimum level (D=0.19) at 600-700 m depth stratum
(Table 4).

3.4. Models spatial extrapolation in Mediterranean Sea

In Table 5 we reported the ranges of values of the predictive variables
that composed the environmental domain. Using those values, we were
able to select 34,517 sites in the Mediterranean basin out of 52,372 —
about 65 % (Fig. 4). The sites identified using our hyperspace approach
mostly cover the central part of the Mediterranean Sea, being GSA13 and
GSA1S the areas with largest portion of selected sites, i.e., about 85 % on
average, while GSA11.1 the one with the smallest portion, i.e., -3 %
(Table 3 in the supplementary material). Not even a single site located in
GSA21 has been selected for the model spatial extrapolation over about
7000 candidates (Table 3 in the supplementary materials).

Both the classification and the regression models have been extended
at the spatial scale of the Mediterranean basin (Fig. 5) in only those sites
selected by our hyperspace approach. In our results we observed that for
both A. antennatus and A. foliacea the largest mean predicted values
(p = 0.60 on average) of probability of presence was in GSA20, while
smallest ones (p = 0.03 and p = 0.06) were found in GSA17 and GSA14,
respectively. With regard to the regression models extrapolation, the
largest mean predicted value of biomass index (7.83 kg/km?) of
A. antennatus was observed in GSA27, while the smallest one (1.29 kg/
km?) in GSA14. For A. foliacea the largest mean predicted value of
biomass index (33.44 kg/kmz) was observed in GSA20 and the smallest
one (1.45 kg/km?) in GSA14.

4. Discussion
4.1. Unifying modeling framework and spatial analyses

This study proposed a modeling framework for exploiting MEDITS
data to assess the spatial distribution and biomass index of A. antennatus
and A. foliacea, two species that are known to rank among the most
valuable trawl resources over the whole Mediterranean basin. By
applying a RF machine learning approach, we achieved high accuracy in
predicting species occurrence (K=0.83 for A. antennatus and K=0.88 for
A. foliacea, respectively) and largely good performance in modeling

their biomass index (R*=0.63 and R?>=0.74, respectively). Hence, the RF
resulted effective in modeling the spatial patterns of species, thus in
detecting and in reproducing the spatial distribution and biomass index
of both A. antennatus and A. foliacea.

Interestingly, despite being based on the same predictive variables,
the RF provided differences in terms of purely predicted values. Those
differences were related not only to the task (classification vs. regres-
sion), but also to the species being modelled. This suggests an intrinsic
divergence between the spatial patterns of A. antennatus and of
A. foliacea that the RF was able to detect and reproduce in its output.

To examine such divergence, we analyzed the distributions of the
models outputs in relation to the depth — considering only the test set
data. For both the performed tasks, the models outputs showed quite
different values and distributions for the two species in relation to the
depth strata (Fig. 6). Not surprisingly, the differences were mainly
related to the deeper strata (depth>400 m), thus where A. antennatus
and A. foliacea actually occurred. For the sake of completeness and
consistency with the niche overlap analyses, also the pseudo-absence
data are shown, i.e., the ones at 1400-1500 m refer to as depth stra-
tum> 800 m (Fig. 6).

In particular, for the classification models outputs the Kolmogorov-
Smirnov test pointed out a statistically difference (p-value<0.001, on
average) between the distributions of the models outputs of the two
species for the strata ranging from 200 m to 700 m depth (Fig. 6a).
While the Mann-Whitney test suggested a statistically significant dif-
ference between their median values (p-value<0.001 on average — using
Bonferroni correction) for all the strata from 200 m depth to 800 m,
including the 700-800 m one (Fig. 6a).

Similar results were observed for the regression models outputs
(Fig. 6b). The distributions of regression models outputs of the two
species differ at all depths< 700 m (p-value<0.001 on average) ac-
cording to the Kolmogorov-Smirnov test. For Mann-Whitney test sta-
tistically significant difference between their median values (p-
value<0.001 on average — using Bonferroni correction) for all the strata
from 200 m depth to 700 m, but not for the 700-800 m one (p-val-
ue=0.355) (Fig. 6b). None a statistically significant difference has been
observed at depth> 800 m - accounting for the pseudo-absence data at
1400-1500 m - for both the performed tasks.

These results suggested that the species showed spatial distributions
that are statistically different in relation to the depth. Indeed, A. foliacea
is mostly located and more abundant at depth in the 500-600 m range,
while A. antennatus is mostly located in the 700-800 m range. The latter
is a well-known pattern distribution (e.g., D’Onghia et al., 2009; Rinelli
et al., 2013; Sarda and Cartes, 1997), thus observations from literature
confirm our results.

In addition to this, our results further suggested a general spatially-
explicit pattern of the two species according to which A. foliacea ten-
ded to find its optimum - i.e., largest mean predicted values of both
probability of presence and biomass index — at intermediate depth
500-700 m, showing a decrease around 800 m depth. While
A. antennatus, on the other hand, showed a tendency to constantly in-
crease with the depth, having its optimum at 800 m.

When combining these results with those provided by the niche
overlap analyses the following can be drawn. The habitat conditions
determining the suitability for the occurrence of A. antennatus and
A. foliacea, expressed by the classification models outputs in terms of
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Fig. 2. Maps of spatial patterns of species. Input data of a) A. antennatus and b) A. foliacea. Classification model output of ¢) A. antennatus and d) A. foliacea. The
rectangles report the mean predicted values of probability of presence (p). Regression model of e) A. antennatus and f) A. foliacea. The rectangles report the mean
predicted value of biomass index (kg/km?). For the regression models only the sites with biomass index> 1 kg/km? are shown.
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Fig. 3. Relative importance of predictive variables. The results are normalized based on the variable showing the largest relative importance. The subplots show the

classification models for a) A. antennatus and b) A. foliacea, and the regression models for c¢) A. antennatus and d) A. foliacea.
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Table 4
Niche overlap analysis of both classification and regression models in relation to a . §
different depth strata. D refers to the Schoener Index. The results refer to the test _g 3 g
set data only, and for the sake of completeness also the pseudo-absence data © S =
(refer to as at depth>800 m) are analyzed. A
Niche overlap analysis % Z“
Depth D index for D index for R 2‘ j“
m classification regression
models outputs models outputs
10-100 0.20 0.22 v 8
100-200 0.63 0.39 5 &
200-300 0.48 0.71 25
300-400 0.70 0.42 £
400-500 0.73 0.37 2y
500-600 0.53 0.59 2|8 o
600-700 0.60 0.19 S8 ala 2
700-800 0.84 0.56 §|12&|2 &
> 800 0.20 0.22 3
..%
ElE_ |2 s
probability of presence, largely matched in the 300-800 m interval of = g § a8 g
depth. On the other hand, the environmental factors influencing their = a ~
abundance, expressed by the regression models outputs in terms of 930
biomass index, differ to some extent between the two species especially 5 :; a 3
at 300-500 m and in 600-700 m depth. This suggests that while for their £ s &
occurrence A. antennatus and A. foliacea have rather similar habitat re- 3
quirements, the conditions that actually defined their abundance § 5 P
diverge. In other words, the degree of similarity of the habitat conditions ?o)o 5 E E ;
determining the suitability for species occurrence is larger than those 5 R @
constraining their biomass index. ]
Clearly, the assessment of which environmental variables contribute 2 %f
the most to the definition of such (more or less divergent) patterns may —§ § Sle @
be interesting, yet it goes beyond the main objectives of the present Sl gE|lE 2
study. It would indeed require an assessment of the cause-effect re- j': & e °
lationships between predictive variables and the two species, while the S ¥
RF mainly assessed the relative importance of environmental factors 8 N o
based on non-linear interactions. Nonetheless, to the best of our E é' 5 ) 5
knowledge and at the time writing, our work represents the first effort in %
such direction, and our outcomes could be useful to guide future ol 2
research studies, and to design more targeted strategies for natural re- § :I"? g
sources management (see Section 4.3). _%’ E 5 ° g
Moreover, it is worth noting that precisely because establishing with g
absolute certainty which environmental factors are causally related to ol P »
these species is still an open debate (Deval, 2019; Rinelli et al., 2013), % \gd = o =
the use of the RF in our modeling framework represented a rather S & O ®
remarkable advantage. It is largely known as the algorithm most robust a
to the inclusion of predictive variables that may be more or less relevant é Eoﬁ\ o 0
to the modeling (Louppe et al., 2013). Such feature allows us to explore ;%‘ E%ﬁ g g
the use of predictive variables showing different levels of relevance, 5| = E o
such as EOVs and the geo-morphological ones, to the modeling of © o
A. antennatus and A. foliacea, which resulted pivotal to achieve our aim f Eale o
of obtaining accurate and ecologically sound models. In a wider ; k|3 3
perspective, our overall approach can be considered an important step = N
forward in providing a unifying modeling framework for the analysis of % g .
MEDITS data, that yields ecological insights for such valuable species = E‘? § E
and their management. E SCE|~ «
; ~lB 2
SIIS|a o
4.2. Hyperspace approach for model spatial extrapolation T
=
o
Following our hyperspace approach, we were able to extrapolate the E g5 -
models in about 65 % of the sites, within the 10-800 m depth, across the é e 5 K
Mediterranean Sea. Those sites were selected because the predictive S
variables showed values that ranged in the environmental domain, i.e., RS g8 8
. . =] al o o
set of values and categories observed in the data. 3| IE|I" 8
As previously noted, the environmental domain represents the n E
multidimensional space composed of the range of values of the envi- % £ g é
ronmental variables that are used as predictors in developing species £ 4
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Fig. 4. Hyperspace approach for model spatial extrapolation. In blue, the sites selected for model spatial extrapolation. In magenta the sites not selected. In light
orange the sites with a depth value outside that of the MEDITS. The numbers in the white squares refer to the GSAs. The map refers to July 2019.

distribution models. Hence, variable selection results critical in
enhancing models predictive ability. Indeed, it should encompass all the
environmental conditions affecting species occurrence in order to cap-
ture the complexity of species-environment interactions (Barry and
Elith, 2006; Elith and Leathwick, 2009). Yet, the availability of (high--
resolution) data, their temporal and spatial coverage, and the necessity
to synthetize a natural process in modeling terms showing the best
trade-off between accuracy and generality (Guisan et al., 2017), should
always be considered in this selection. As such, models usually rely on a
subset of environmental conditions that the modeler selects considering
the final goal of its research study.

Here, the goal of developing a unifying modeling framework for
MEDITS data analysis and of proposing a novel method, the hyperspace
approach, to spatially extrapolate the models while guaranteeing the
reliability of predictions — namely, limiting the subjective interpret-
ability and favoring the methodological and ecological aspects — were
the main drivers.

Accordingly, we ensured that our hyperspace approach would rely on:
(i) ecological informative predictive variables, that would be available
at Mediterranean spatial scale considering that MEDITS is carried out by
European countries. This assures the possibility of applying it to all
MEDITS data gathered across the Mediterranean basin, regardless of
their spatial and/or temporal coverage; and (ii) considering the range of
values of only the available input data for maintaining consistency be-
tween the properties of input and extrapolation sites. Since the models
are trained and validated on determined data, i.e., input data, that refer
to specific sites, when a given model is extrapolated in areas showing
consistent conditions with such data, its response can be properly
analyzed without any speculation.

Widening the data sources, i.e., integrate new MEDITS data as soon
as they become available, is not only possible and straightforward in our
modeling framework, but it would also enlarge the environmental
domain which is the main ecological concept on which our hyperspace
approach is built on. As the environmental domain expands, a larger
number of sites may be selected for spatially extrapolating the models.
The greater the number of selected sites, the wider is the area covered by
our predictions that could guide the management more effectively
because of their ecological basis.

From a management perspective, we recognize that extrapolating the
models in 65 % of Mediterranean sites could limit, to some extent, the
possibility of adopting a holistic approach for resources management for
fisheries at the basin level. For instance, not even a single site among
more than 7000 candidates of the GSA21 has been selected for the
models spatial extrapolation. This outcome, rather than only depending
on our hyperspace approach, highlights that our current level of knowl-
edge in this geographical area is profoundly limited and it cannot be
inferred from the current available data. As it stands, any kind of anal-
ysis or management strategy for fisheries in this GSA is not possible, let
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alone effective.

It is worth noting that GSA21 is managed by a not-EU, thus is not
included in the EU Data Collection Framework (https://dcf.ec.europa.eu
/index_en). This framework foresees the use of a systematic and com-
mon method for gathering and sharing data — such as the MEDITS pro-
gramme - to ensure a holistic approach to natural resources
management. Gathering data in this GSA, as well as in other areas that
are not or poorly covered by the EU Data Collection Framework, could
be needed to improve to improve our scientific knowledge on natural
resources for their effective management in the context of fisheries.

In conclusion, it is worth stress that our modeling framework can be
easily applied to other GSAs as soon as new MEDITS data become
available, and even to different species for which the MEDITS provides
standardized data, since we already pre-processed the predictive vari-
ables at Mediterranean spatial scale. This allows to overcome the ne-
cessity of building the models from scratch since our results are already
validated - in this sense we defined our modeling framework unifying.
Similarly, the hyperspace approach can be applied to a wide range of
ecological applications, and it is not limited to the MEDITS data. It can
be easily adapted to different ranges of data and to different tasks, while
maintaining its main crucial feature, i.e., it guarantees the reliability of
modeling outcomes because of the consistency between input and
extrapolation sites. This applies especially to the data-driven models
based on a machine learning algorithm, such as the ones we developed.

4.3. Natural resources management based on a unifying modeling
framework and hyperspace extrapolation: caveats and potentialities

Spatially-explicit models are invaluable tools for the definition of a
wide range of conservation and management actions (Foley et al., 2010)
since their outcomes are largely straightforward, thus easy to under-
stand and to communicate. They have substantially advanced the eco-
systems and natural resources management (Catucci et al., 2022; Coll
etal., 2020; Garofalo et al., 2011; Geary et al., 2020; Howell et al., 2021;
Link et al., 2020; Panzeri et al., 2023, 2021; Townsend et al., 2019).

Modeling allows to analyze the species-environment interactions at
scales beyond that of direct observations (Duarte et al., 2003). In fish-
eries context, usually but not exclusively, these direct observations refer
to data derived from survey campaigns, such as MEDITS. Even though
they typically reflect a rather specific population of the species, these
data are pivotal to increase our ecological understanding on the
demersal biotic component.

As MEDITS sampling is performed in in a rather specific temporal
range, i.e., mostly during summer, the possibility of providing a holistic
temporal analysis on the biology (such as intra-annual seasonal varia-
tion) of A. antennatus and A. foliacea is quite hindered. Clearly, we are
not claiming that a temporal analysis based on the MEDITS data cannot
be done, yet the inherent limits to the available information must be
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taken into account when the goal is to analyze them as a time series (e.g., Nonetheless, we believe that the proposed modeling framework

Guijarro et al., 2019). Considering such data features, in this study we strengthened the usefulness of MEDITS programme by enabling a syn-
meant to reconstruct the spatial patterns of A. antennatus and A. foliacea thesis on the data, providing critical information that could guide more
without considering the difference that might appear in temporal scale. effective management actions.
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Indeed, the analyses performed on the models outputs of the four
GSAs revealed that A. antennatus seemed to find its optimum - i.e.,
largest mean predicted values of probability of presence and of biomass
index - at the deepest MEDITS depth, i.e., around 800 m. While
A. foliacea showed an increase of values (in terms of both probability of
presence and biomass index) from 10 to 500, being the 500-700 m the
depth strata for the species optimum, followed by a decrease in those
values in the 700-800 m range of depth. Our results further highlighted
that in the 300-500 m range of depth A. foliacea is statistically more
frequent and more abundant than A. antennatus. The niche overlap an-
alyses also revealed that the degree of similarity of the habitat re-
quirements is rather high for the occurrence of both A. antennatus and
A. foliacea (mean D=0.54). Whereas the similarity is rather limited when
it accounts for their biomass index (mean D=0.40). Particularly in the
300-500 m range of depth those species showed the lowest degree of
similarity of habitat requirements constraining their abundance (kg/
km?), i.e., mean D= 0.38.

Accordingly, the 300-500 m depth range seemed the strata more
suitable for defining management actions targeted to A. foliacea. While
deeper depth, i.e., around 800 m, seemed to be more suitable for
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management strategies specifically targeted to A. antennatus, being the

latter statistically more frequent and more abundant than A. foliacea.
Precisely to enhance the usefulness of our outcomes in the context of

fisheries management and governance, we analyzed the distribution of

Table 6

Mean predicted values of both classification and regression models for A.
antennatus and A. foliacea in relation to the Mediterranean subregions identified
by the GFCM over the whole basin. The values of the classification models refer
to the mean probability of presence while that of the regression models to the
mean biomass index, i.e. kg/km?2.

GFCM subregion Classification Models Regression Models
A. antennatus  A. foliacea  A. antennatus  A. foliacea

Western 0.37 0.30 4.08 3.12
Mediterranean

Central 0.49 0.42 3.37 7.90
Mediterranean

Adriatic Sea 0.25 0.22 2.43 4.53
Eastern 0.29 0.58 2.39 6.13
Mediterranean
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the extrapolated predictions in relation to the GFCM distinction of the
basin (GFCM/33/2009/2, https://www.fao.org/gfcm/data/maps/gsas
/en/), according to which four (macro) subregions are recognized
across the whole basin, i.e., ‘Western Mediterranean’, ‘Central Medi-
terranean’, ‘Eastern Mediterranean’ and ‘Adriatic Sea’ subregion
(Table 6). Both the species found quite suitable habitat conditions
(p = 0.46 on average) in the ‘Central Mediterranean’ subregion, while
rather limited suitability is shown by the ‘Adriatic Sea’ subregion
(p =0.23 on average). With regards to their biomass indices,
A. antennatus showed the largest mean predicted value (4.08 kg/km?) in
the ‘Western Mediterranean’ subregion and smallest mean predicted
value (2.39 kg/km?) in the ‘Eastern Mediterranean’ subregion. A largely
opposite trend was observed for A. foliacea, for which large mean pre-
dicted value of biomass index (6.13 kg/kmz) has been observed in the
‘Eastern Mediterranean’ subregion — with slightly larger value (7.90 kg/
km?) in the ‘Central Mediterranean’ one — and smallest mean value
(3.12 kg/kmz) in the ‘Western Mediterranean’ subregion.

These results largely reflected the well-known longitudinal gradient
(Cau et al., 2002; Guijarro et al., 2019) exhibited from these species,
highlighting a consistency between our outcomes and observations from
literature. Considering the narrow spatial distribution of our input data
compared to that of the research studies above-mentioned, such con-
sistency can be deemed rather remarkable. Mostly, it might highlight the
robustness of the technical-ecological soundness of the hyperspace
approach for model spatial extrapolation, and in turn its potential.

To this regard, it is worth noting that the four GFCM’s subregions are
usually used for statistical purposes in management contexts. They
substantially differ from the RAR-distinction used in previous research
studies (e.g. Cau et al., 2002) dealing with the two analyzed species. The
RAR distinction is based on the concept of ecological homogeneity, that
is clearly important, but it does not have political and/or management
acknowledged meaning.

Our modeling framework and related outcomes have the potential to
be applied for mapping the Essential Fish Habitat including critical
spawning and nursery areas, and to meet the requirements outlined in
GFCM Recommendations (GFCM/42/2018/3 and GFCM/43/2019/6),
which have led to the establishment of multiannual management plans
to ensure sustainable trawl fisheries targeting for A. antennatus and A.
foliacea, in the Ionian Sea (GSA19, GSA20, and GSA21) and the Strait of
Sicily (GSA12, GSA13, GSA14, GSA15, and GSA16), respectively. These
recommendations have led to the designation of spatial/temporal re-
strictions, such as Fishery Restricted Areas (FRAs), that advocate for
various measures. FRAs are defined as geographical areas in which some
specific fishing activities are temporarily or permanently restricted in
order to improve the exploitation patterns of the targeted species and
promote fishery sustainability.

In a wider perspective our outcomes can inform fisheries manage-
ment by identifying areas of high suitability and abundance, aiding in
the implementation of effective measures. The latter would precisely
align with the current necessity of implementing a holistic approach for
the definition of management actions. It could indeed provide valuable
information for assessing the status and the

exploitation of the species, when integrated with the data on fishery
stocks. By leveraging these combined sources of information, stake-
holders can make well-informed decisions to ensure the long-term
conservation and responsible exploitation of precious natural re-
sources, such as A. antennatus and A. foliacea.

5. Conclusions

In this study, a unifying modeling framework for the analysis of
MEDITS data on A. antennatus and A. foliacea has been proposed based
on a RF machine learning approach. Those species are widely recognized
as commercially important demersal resources over the Mediterranean
Sea.

The RF proved to be quite effective for modeling the occurrence and
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the biomass index for both the species. Interestingly, despite being based
on the exact same predictive variables, the RF statistically provided
different predicted values in relation to the species being modelled,
suggesting an intrinsic divergence between them. Such divergence has
been also assessed using the niche overlap analyses through the Scho-
ener Index. Based on our results, the possibility of drawing more tar-
geted management and conservation actions for both A. antennatus and
A. foliacea based on MEDITS data has been revealed. This framework
offers a valuable tool for the development of conservation planning and
management strategies.

We further defined a novel approach for spatially extrapolating our
models at Mediterranean scale. Using our hyperspace approach, we were
able to identify the sites across the basin that resulted consistent with
those upon which our models have been trained and validated. This
substantially reduces the necessity of a proper interpretation of “what is
beyond a predicted value”, offering a more straightforward method for
spatially-extending a model while enhancing its reliability, and in turn
its usefulness for management. Our outcomes highlight the need to value
these modeling approaches in areas not or poorly covered by the EU
Data Collection Framework to achieve the ecosystem-based approach
for natural resources management.

The lack of a common approach for data sharing and for data analysis
could always limit the feasibility of adopting a holistic and effective
management approach. This study could represent an important effort in
such direction, providing a modeling framework for the analysis of
MEDITS data and a technically sound approach for models spatial
extrapolation. It represents a step forward for a more comprehensive
ecological understanding and effective assessment and management of
fisheries resources.
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