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 A B S T R A C T

Marine coastal ecosystems (MCEs) are crucial for human health, playing a key role in climate change 
adaptation. However, MCEs are globally threatened by environmental and human pressures. This study 
applies Graph Neural Networks (GNNs) to model seagrass distribution in the Italian Seas using a dataset of 
2244 spatial units with environmental, climatic, and anthropogenic factors harmonised at 4 km resolution. 
GNN models, including Graph Convolutional and Attention Networks, were benchmarked against traditional 
machine learning methods: Random Forest, Support Vector Machine, and Multi-Layer Perceptron. GNNs 
achieved comparable overall accuracy (91%) but delivered more spatially consistent predictions and higher 
F1-scores (0.89) for the minority class (seagrass presence). Sensitivity analysis identified climatic and human 
variables as key drivers of seagrass distribution. These insights support the implementation of blue Nature-
based Solutions (NbS) to protect and restore seagrass habitats, aiding biodiversity conservation and climate 
change mitigation while guiding effective policymaking.
1. Introduction

Marine and coastal ecosystems (MCEs) are of key importance for 
human well-being, playing a critical role in climate regulation mech-
anisms on Earth and producing life-support functions and services 
such as carbon sequestration, coastal protection against sea level rise 
and flood control (Albert et al., 2021). However, they face serious 
threats, Watson et al. (2019) including one deriving from the inter-
action between multiple human pressures (e.g. land and sea-based 
pollution, over-exploitation of fish, aquaculture) and pressures more 
closely related to climate change (e.g. rising sea temperatures some-
times resulting in marine heat waves, increased occurrence of climate 
and weather extremes, ocean acidification, etc.). The cumulative and 
interacting nature of these pressures poses a significant challenge to 
the health and resilience of MCEs (Salomidi et al., 2012; Berrouet 
et al., 2018; Watson et al., 2019). To respond to this urgent global 
challenge, recent studies have highlighted the critical role of Nature-
based Solutions (NbS), including coastal vegetation, wetlands, and 
particularly seagrasses, in mitigating the impacts of climate change 
and preserving biodiversity (do Amaral Camara Lima et al., 2023; 
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O’Leary et al., 2023; Forrester et al., 2024; Ozkiper et al., 2024; Casal 
et al., 2025). These nature-driven interventions harness the intrinsic 
functions of healthy ecosystems to deliver both climate resilience and 
ecological benefits, offering cost-effective and sustainable alternatives 
or complements to engineered solutions. Among MCEs, seagrass mead-
ows, salt marshes, and mangroves are especially important due to 
their capacity to act as blue carbon sinks, stabilise coastlines, and 
support high levels of biodiversity (Duarte et al., 2010; Zhu and Yan, 
2022). However, the effectiveness of NbS is inherently dependent on 
the health and integrity of the ecosystems involved. Degraded or frag-
mented habitats significantly reduce their potential to buffer climate 
extremes, regulate nutrient cycles, or provide refuge for marine species. 
Protecting the condition of MCEs is therefore essential not only for 
maintaining biodiversity but also to ensure that NbS delivers their 
full potential in achieving climate adaptation and mitigation goals. 
Monitoring, modelling, and protecting these systems, especially under 
growing anthropogenic pressures, has become a priority in interna-
tional conservation agendas, including the EU Biodiversity Strategy 
and the UN Decade on Ecosystem Restoration. However, the inherent 
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complexity and multidimensionality of MCEs often limit the effec-
tiveness of traditional ecological modelling approaches. Mathematical 
models have been widely used to investigate the impacts of climate 
change on marine ecosystems (Mandal et al., 2021a,b, 2022a,b), pro-
viding valuable insights into species interactions, trophic dynamics, and 
long-term ecological scenarios. These models, however, often rely on 
predefined equations or assumptions and are less flexible when dealing 
with heterogeneous, large-scale environmental datasets. In contrast, 
machine learning (ML) techniques offer data-driven alternatives that 
can efficiently model non-linear relationships and extract patterns from 
high-dimensional environmental data (Simeoni et al., 2022).

Notable examples include the study by Teichert et al. (2016) that 
investigated the influence of multiple stressors on fish ecological qual-
ity in European estuaries by using a RF. This algorithm is employed 
to model the response of the ‘ecological quality ratio’ (EQR), the 
indicator representing ecological status, to the effects of different stres-
sors. Another study concerning the prediction of ecological indicators 
using ML methods is performed by Stock et al. (2018), in which ten 
statistical and ML algorithms (e.g., Classification and Regression Trees, 
RF and Boosted regression trees) were used and compared in order 
to understand the cumulative effects of multiple stressors through the 
forecast of three ecological indicators of MCEs condition (i.e., kelp 
biodiversity, fish biomass, and rocky intertidal biodiversity) within 
the California coast. Although current ML methods are useful for the 
assessment of environmental stressors on MCEs, they often over-look 
the spatial dependence of pressure effects. This limitation could be 
addressed through the adoption of alternative models, particularly 
those leveraging Graph Neural Networks (GNNs).

In recent years, GNNs have gained some popularity in research 
related to ML (Wu et al., 2020), but in the field of environmental 
science are still barely used. Few applications use them for predicting 
extreme events (Yang et al., 2022; Cachay et al., 2021), monitoring 
air quality (Wang et al., 2020; Ouyang et al., 2021; Dun et al., 2022), 
forecasting weather (Yu et al., 2021; Ni et al., 2022; Lira et al., 2022; 
Ma et al., 2022; Lin et al., 2022) and managing water resources (Zan-
fei et al., 2022; Sun et al., 2021). These studies demonstrate that 
modelling data as graphs provides a powerful way to capture the 
spatial structure of environmental processes, enabling the model to 
learn from both local and non-local interactions. In parallel, Gaussian 
Processes (GPs) (Jiao and Tao, 2025) have demonstrated substantial 
value in modelling environmental data, particularly in contexts where 
quantifying predictive uncertainty is critical. By leveraging kernel-
based formulations, GPs can naturally model spatial and spatiotemporal 
correlations, making them especially suitable for interpolation tasks 
such as kriging in geostatistics or for characterising complex physical 
processes in data-scarce regimes (Feng et al., 2025; Camps-Valls et al., 
2016; Rasmussen, 2003). Their non-parametric nature allows flexible 
modelling without strong assumptions on functional forms. Recent 
applications include: air pollution mapping (Xu et al., 2021; Patel et al., 
2022), groundwater salinity prediction (Lal and Datta, 2018; Cui et al., 
2021; Shadrin et al., 2021), weather and climate forecasting (Wang 
et al., 2022; Donnelly et al., 2024) and carbon flux estimation from 
satellite data (Campos-Taberner et al., 2024). While traditional GPs are 
computationally expensive with large datasets due to their cubic scal-
ing with data size, recent innovations such as sparse approximations, 
inducing point methods, and variational inference have significantly 
enhanced their scalability and practical use in environmental applica-
tions. More recently, Physics-Informed Neural Networks (PINNs) have 
emerged as a compelling alternative for problems governed by known 
physical laws. PINNs integrate partial differential equations (PDEs) 
directly into the training objective of neural networks, ensuring that 
learned models respect physical constraints such as conservation of 
mass, momentum, or energy (Raissi et al., 2017). This approach is 
particularly advantageous for scenarios where observational data is 
limited but physical equations are well established. In environmental 
sciences, PINNs have been successfully used as surrogate models for 
2 
computationally intensive simulators, including hydrodynamic mod-
els, climate systems, and atmospheric transport. Applications include 
simulating coastal flooding and storm surges (Fu et al., 2024; Zhu 
et al., 2025), contaminant transport (Bertels and Willems, 2023; Ke 
et al., 2025), and groundwater systems (Cuomo et al., 2023; Ali et al., 
2024), where PINNs can capture complex dynamics with relatively 
little training data. By embedding domain knowledge directly into 
the learning process, PINNs offer data efficiency, interpretability, and 
physical consistency, which are essential for trustworthy modelling in 
environmental contexts. Within this diverse and evolving modelling 
landscape, this study explores the potential of Graph Neural Networks 
(GNNs) for large-scale ecological prediction. Particularly, this is the 
first application of GNNs to predict the spatial distribution of seagrass 
(i.e., Posidonia Oceanica and Cymodocea Nodosa) across the entire Ital-
ian coastal zone. While previous AI-based studies on seagrasses have 
primarily focused on local mapping tasks using remote sensing with 
Sentinel-2 data or image classification (Traganos et al., 2018; Carpenter 
et al., 2022; Li et al., 2023), this approach investigates whether spa-
tially structured deep learning models can improve predictive accuracy 
under the combined influence of anthropogenic and climate-related 
pressures. The main contributions of the study are as follow:

• A comprehensive, spatially explicit dataset of 2244 grid cells
(4 km resolution) was compiled, integrating environmental
drivers and human-induced pressures to model seagrass
presence/absence.

• Two GNN architectures, Graph Convolutional Network and Graph 
Attention Network, were developed and benchmarked against 
widely used ML models, including Random Forest, Support Vector 
Machine, and Multi-layer Perceptron.

• A detailed performance evaluation and sensitivity analysis was 
conducted to assess model accuracy and identify the most rele-
vant predictors.

• By bridging spatial ecology, environmental data science, and deep 
learning, the study introduces a novel modelling framework that 
can be scaled or adapted to other marine ecosystems worldwide.

Unlike the few environmental applications that employ GNNs and the 
many traffic forecasting applications where they are widely used (Jiang 
et al., 2022; Lan et al., 2022; Li et al., 2022; Wang et al., 2020), 
the temporal component of the data is not modelled in this study 
due to the significant lack of available data on seagrasses at the 
Mediterranean and Italian scale (McKenzie et al., 2020). However, the 
spatial component is included in the graph construction. Accordingly, 
this work aims to evaluate how GNNs can be a key tool in representing 
the environmental processes that characterise MCEs, especially the 
Seagrasses ecosystem. Moreover, as they create biodiversity hotspots, 
this work aims to evaluate how deep learning can be a strategic 
tool to support the implementation of EU Marine Strategy Framework 
Directive, contributing to the monitoring of biodiversity as an element 
in achieving good environmental status.

2. Case study

The Italian Seas (Fig.  1) are part of the Mediterranean Sea. Their 
maximum depth exceeds 5000 m (in the Ionian Sea), and their av-
erage depth is about 1500 m. The Italian peninsula exhibit diverse 
oceanographic features influenced by the entire Mediterranean dy-
namics, encompassing ecological conditions from both Western and 
Eastern subbasins. Understanding their oceanographic features requires 
considering the Mediterranean Sea as a whole (Danovaro and Boero, 
2019). Having narrow continental shelves and a large surface of open 
sea, much of the Mediterranean basin can be classified as a deep sea and 
includes some unusual features such as the variation of temperatures 
from 12.8 ◦C–13.5 ◦C in the western basin to 1–3.5 ◦C–15.5 ◦C in 
the eastern basin and the high salinity of 37.5–39.5 psu (Coll et al., 
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2010; Piroddi et al., 2015; Guiot et al., 2020). In terms of climate, 
the Mediterranean region is characterised by windy, mild, wet winters, 
hot and dry summers (UNEP, 2014), while in terms of biodiversity, 
it is one of the world’s 25 hotspots for biodiversity because of the 
presence of a high number of different ecosystems (Coll et al., 2010). 
Many of them are subjected to the rapid alteration under the combined 
pressure of climate change and human impact (Coll et al., 2010). 
Among all the species in the Mediterranean, the seagrass ecosystem 
deserves special attention as one of the most productive and valuable 
ecosystems in the entire Mediterranean basin (Chefaoui et al., 2018). 
Indeed, it plays an important role in providing critical ES such as 
carbon sequestration and storage, nursery habitat and food, water 
quality improvement and coastal erosion prevention (UNEP, 2020). 
Seagrasses are flowering plants which produce seeds and grow through 
the substrate by extension of their underground rhizomes and pro-
duction of new leaves, creating complex, rich and highly productive 
habitats (Hemminga and Duarte, 2000). Although in the Mediterranean 
basin the photic zone reaches a maximum depth of 150 m (Maes et al., 
2020), seagrasses are mainly located in shallow water (up to 40–50 
m depth) (Weatherdon et al., 2017; UNEP, 2020), where there is the 
right amount of light to allow their photosynthetic pigments to perform 
photosynthesis. The collective term ‘‘seagrasses’’ includes more than 
70 species around the world. Nevertheless, in the Mediterranean Sea, 
species that can be recognised are Posidonia oceanica (representing 
the 23% of all shallow bottoms) (Castejón-Silvo and Terrados, 2012), 
Cymodocea nodosa, Zostera marina, Zostera noltii, Ruppia cirrhosa, 
Ruppia maritima, and Halophila stipulacea (Ruiz et al., 2015). Focusing 
on the seas of the Italian peninsula, however, the most widespread 
species is P. oceanica. Initially, the meadows were characterised by 
a rather continuous distribution along the continental and insular 
coasts of the Tyrrhenian, Ionian, and southwestern Adriatic, with the 
exception of the main river mouths. Subsequently, regression has been 
documented along the continental coasts of Liguria, the Ionian Sea, and 
the southwestern Adriatic, recording a total regressed area of 34,472 
hectares nationwide over the past 20–30 years (Telesca et al., 2015). 
In addition, a decrease on the habitat has also been observed in the 
Venice lagoon where the sub-habitat of Cymodocea nodosa beds had 
greatly declined since the beginning of the 20th century. Small patches 
are also present in Friuli (northeast) (Telesca et al., 2015). In the map 
in Fig.  1, the distribution of seagrasses in the Italian Seas is reported, 
based on Emodnet1 and UNEP2 data for the years 2016, 2017 and 
2018. Key requirements for seagrasses growth can be summarised into 
three main classes: (i) habitat suitability: depth, sediment substrate, 
temperature and water movement; (ii) water quality: adequate light 
for photosynthesis (high minimum light requirements, 4.4%–29% of 
surface irradiance), salinity, absence of toxicants; (iii) grazing and 
recruitment processes: suitable assemblages of grazing animals, water 
movement to transport seeds and vegetation fragments (O’Brien et al., 
2018). As mentioned above, Seagrass habitat plays a key ecological 
role in the marine environment, providing a long list of valuable ES 
such as food security, climate change mitigation, ocean acidification 
buffer (covering only 0.1% of the ocean floor, they efficiently store 
up to 18% of the world’s ocean carbon) (UNEP, 2020). Moreover, 
they also contribute to fishery by supporting food webs, enrichment 
of biodiversity by providing valuable nursery habitat, nutrients cycling, 
absorption of pollutants by filtrating water, diseases control, protection 
against coastal erosion and tourism (Campagne et al., 2015). Unfortu-
nately, global climate change is an emerging threat to terrestrial and 
aquatic ecosystems worldwide. Mediterranean and Italian seagrasses 
are facing a rapid decline in growth and demography due to the 
impact of pressures related to climate change (Jordà et al., 2012; 
Grizzetti et al., 2016; Díaz et al., 2019; Guiot et al., 2020) and human 

1 https://www.emodnet-seabedhabitats.eu.
2 https://www.unep.org/data-resources.
3 
activities (Roca et al., 2017; Tičina et al., 2020; Smith and Rodríguez-
Labajos, 2021) such as the discharge of excess nutrients and hazardous 
substances, marine litter and overfishing (Chefaoui et al., 2018). The 
impact of these pressures threatens the functioning and resilience of the 
ecosystem to further disruption, resulting in a reduction in the flow of 
ES and the ability to ensure human well-being.

3. Dataset

3.1. Data collection

The dataset used to conduct the experiments was obtained from the 
collection and pre-processing of a huge amount of heterogeneous data 
able to represent spatial distribution and intensity of both endogenic 
and exogenic pressures (Elliott et al., 2015) related to climate change 
and human impact, as well as detailed information on seagrasses health 
and biodiversity. To this objective, several open-source web-data plat-
forms were screened (e.g., Copernicus Services, EU-Atlas of the Sea, 
Worldclim, UNEP and EMODnet data), paying particular attention to 
the availability of high spatio-temporal resolution data.

First of all, bathymetric data,3 useful for framing the boundaries of 
the case study area, were retrieved from the EMODnet database1. Then, 
focusing on the most relevant stressors affecting seagrasses meadows 
in the Italian region, data on both endogenic (e.g. variables regarding 
nutrients, dissolved oxygen, water transparency, etc.) and exogenic 
(e.g. sea surface temperature, pH, etc.) pressures were recovered from 
the Copernicus Marine Environment Monitoring Service (CMEMS).4 
This platform provides free and open scientifically-assessed ocean data 
across the global ocean to enable marine policy implementation and 
scientific innovation. In addition to these stressors, spatial layer on 
the ‘‘kinetic energy at the seabed due to currents’’ was retrieved from 
EMODnet Platform1. In particular, this indicator was calculated by 
the EMODnet Seabed Habitats project consortium exploiting CMEMS 
products. As regards shipping traffic, map on the vessel traffic density 
(number of routes per square km per month), was collected from the 
EMODnet Human Activities database web portal.5

Additionally, to evaluate the influence of human coastal activities 
and urban areas on seagrasses health and distribution, different indi-
cators and metrics related to the distance to the human settlements 
(i.e. ports, main cities and river mouths) have been collected and pre-
processed. In particular, an open-source layer representing the distance 
from ports along the Mediterranean coastline was gathered from Global 
Fishing Watch.6 Then, the minimum distance of each seagrass polygon 
to closest main Italian cities and river mouths have been calculated 
by applying the Haversine7 formula (based on two different datasets 
containing information on major rivers and cities located near the 
Italian coasts, respectively).

Finally, for data on ecosystems’ health, several seagrass distribution 
maps across the Italian coast were collected. Specifically, data from 
broad range UNEP-WCMC global biodiversity standardised database 
for the year 2017 were combined with the seagrass coverage layer 
produced by EMODnet Seabed Habitats (for the years 2016, 2017, 
2018) in order to obtain the most complete representation of seagrasses 
distribution in the investigated marine region.

3 The EMODnet Digital Terrain Model (DTM) has been generated for 
European sea regions (36 W,15N; 43E,90N) from selected bathymetric survey 
data sets, composite DTMs, Satellite Derive Bathymetry (SDB) data products, 
while gaps with no data coverage were completed by integrating the GEBCO 
Digital Bathymetry.

4 https://marine.copernicus.eu/.
5 www.emodnet-humanactivities.eu.
6 https://globalfishingwatch.org/data-download/.
7 Angular distance between two points on the surface of a sphere.

https://www.emodnet-seabedhabitats.eu
https://www.unep.org/data-resources
https://marine.copernicus.eu/
http://www.emodnet-humanactivities.eu
https://globalfishingwatch.org/data-download/
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Fig. 1. The distribution of Seagrasses in the case study area for 2017; Focus A: Ligurian coast; Focus B: Calabria, Basilicata and part of Puglia coasts; Focus C: 
Elba Island and part of the Tuscan coast.
Table 1
List of indicators and metrics selected for the Italian Seas to represent pressures.
 Indicator Annual metrics (2017 as reference) Source  
 

Endogenic pressures

Distance from ports Derived from the source Global Fishing Watch6 
 Distance from rivers Calculated through Haversine distance Global Fishing Watch6 
 Distance from cities Calculated through Haversine distance Global Fishing Watch6 
 Nutrients (NH4, NO3, PO4) Minimum, 5th percentile, 95th percentile CMEMS4  
 Oxygen Minimum, 5th percentile CMEMS4  
 Chlorophill-a Maximum, 90th percentile CMEMS4  
 Secchi depth Minimum, 5th percentile CMEMS4  
 Light attenuation Minimum, 5th percentile CMEMS4  
 Shipping traffic (density) Mean EMODnet5  
 

Exogenic pressures

Sea surface temperature 95th percentile, standard deviation, number 
and intensity of marine heatwaves

CMEMS4  

 pH Minimum, mean, maximum CMEMS4  
 Salinity Minimum, standard deviation, 5th percentile CMEMS4  
 Max significant wave height Maximum CMEMS4  
 Eastward and northward sea water velocity Mean, maximum CMEMS4  
 Kinetic energy at the seabed due to currents 90th percentile EMODnet1  
 Sea surface height Mean CMEMS4  
3.2. Data preprocessing and analysis

With the aim of obtaining a homogeneous and high-quality dataset, 
the collected data were pre-processed and analysed. It was firstly 
necessary to frame the study area, taking, for all the pressures, as a 
reference the year 2017, due to the more complete seagrass ecosystem 
coverage in the whole Italian Seas. As emerged in literature, seagrasses 
are mainly located within 40–50 m of depth (UNEP, 2020), therefore 
a bathymetry layer up to 50 m depth was defined (Fig.  2). Then, all 
data collected from different open-source data platforms were prepro-
cessed to homogenise their different spatial resolutions into a 4 km 
based raster grid. For each of the selected environmental indicators, 
representing human and climate change pressures, a set of yearly-
based metrics (e.g. minimum, maximum, standard deviation, etc.) were 
calculated and mapped (Table  1).
4 
As regards input variables (i.e., the exogenic and endogenic pres-
sures), metrics were calculated using python codes. In particular, each 
of Netcdf files, as collected from different open-source portals, were 
processed through the xarray8 library allowing to manipulate the data 
and calculate aggregated metrics.

As far as pressures related to coastal developments are concerned, 
the distance of seagrasses meadows to the closest major river mouths 
and urban areas was calculated by applying the Haversine distance for-
mula and implemented in Python by means of the following libraries:
geopandas,9 geocube,10 rasterio.11 and xarray8

8 https://xarray.pydata.org/en/stable/index.html.
9 https://geopandas.org/en/stable/.
10 https://corteva.github.io/geocube/stable/.
11 https://rasterio.readthedocs.io/en/latest/.

https://xarray.pydata.org/en/stable/index.html
https://geopandas.org/en/stable/
https://corteva.github.io/geocube/stable/
https://rasterio.readthedocs.io/en/latest/
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Fig. 2. Case study area corresponding to a bathymetry layer up to 50 m depth; Focus A: Ligurian coast; Focus B: Calabria, Basilicata and part of Puglia coasts; 
Focus C: Elba Island and part of the Tuscan coast.
A correlation analysis using a Pearson correlation coefficient was 
also performed to measure the strength of the linear relationship be-
tween the analysed variables and attempt to identify certain relation-
ships, patterns, significant connections and variables that show a high 
correlation rate. In this study, the threshold (i.e. the degree of depen-
dence) selected to remove highly correlated features is equal or greater 
than 0.85 (less than −0.85 respectively). As a result of this filtering 
process, the following variables were excluded from the dataset: the 
maximum value of pH, chlorophyll-a concentration and northward 
sea water velocity; the minimum values of salinity and nitrate; the 
5th percentile of phosphate and light attenuation coefficient; the 95th 
percentile of nitrate; all metrics related to ammonium due to their 
high correlation with other nutrient parameters; and the mean value 
of eastward sea water velocity. After this step, the final set of input 
features used for model training and evaluation consists of 26 variables. 
Once the overall process of predictive variables’ calculation and def-
inition was completed, the descriptive statistics, including minimum, 
maximum, mean, median, standard deviation and interquartile range 
were computed and reported in Table  2, providing an overview of 
their variability and distribution. The data reveal a high degree of 
variability across multiple indicators, reflecting the heterogeneity of 
marine conditions within the Italian Seas. Water clarity, as represented 
by Secchi depth, showed substantial variation, with minimum values 
ranging from 1.32 m to 14.2 m and a mean of 4.23 m for the minimum 
metric. The 5th percentile values indicate deeper light penetration 
in some areas (up to 27.9 m), suggesting the presence of clearer 
waters, likely associated with offshore or low-nutrient environments. 
Currents, described via eastward and northward sea water velocities, 
showed low mean values (e.g., −0.02 m/s northward), with maximums 
not exceeding 0.88 m/s. This suggests moderate to weak circulation 
regimes, consistent with enclosed or semi-enclosed basins such as the 
Adriatic and Tyrrhenian Seas. The light attenuation coefficient also 
remained relatively low (mean = 0.04 m−1), indicating generally good 
light penetration, an important condition for seagrass survival. In terms 
5 
of anthropogenic pressures, variables like distance from ports, cities, 
and rivers revealed considerable spatial heterogeneity. For example, 
the distance from ports ranged from 0 to nearly 62 km (mean = 13.42 
km), while distance from rivers extended up to 372 km. These distances 
are crucial to assess land-based runoff and potential pollutant exposure 
gradients. Vessel density showed a highly skewed distribution (mean 
= 9.57, median = 0.5), with extreme values reaching up to 4615 
routes/km2/month, indicating concentrated maritime traffic in specific 
high-pressure zones such as major shipping lanes and port vicinities. 
Regarding oceanographic energy conditions, kinetic energy presented 
a wide range (0–80.14 N m−2) with a skewed distribution (median 
= 0.73), highlighting the presence of energetic coastal or shelf areas. 
The biogeochemical pressures showed patterns aligned with expected 
nutrient and oxygen dynamics. Nitrate concentrations (5th percentile) 
ranged broadly (0.31–34.79 mmol/m3), with a mean of 4.51 mmol/m3, 
while phosphate (95th percentile) reached up to 0.76 mmol/m3. These 
elevated nutrient values suggest potential eutrophic zones. Dissolved 
oxygen minimum values ranged from 197 to 233 mmol/m3, with a 
mean of 211, which remains above hypoxic thresholds, although some 
areas may approach low oxygen conditions. Sea surface temperature 
(SST) and marine heat waves represent climate-related pressures. SST 
95th percentiles ranged from 296.8 to 300.9 K, while standard de-
viation values were moderate (mean = 5.35 K), indicating seasonal 
variability. Marine heat waves showed an average intensity of 1.87 
and occurred roughly 2 times per year on average, with relatively low 
standard deviations, suggesting widespread warming patterns across 
the area. Chlorophyll-a, as a proxy for primary productivity, exhibited 
a wide range in its 90th percentile values (0.11–3.7 mg/m3), reflecting 
variability in trophic state and possible coastal eutrophication. Finally, 
salinity showed expected ranges, with 5th percentile values from 31.58 
to 38.93 PSU (mean = 37.26), capturing both freshwater-influenced 
coastal areas and more saline offshore waters. Standard deviation 
values remained low, indicating stable salinity regimes over time. The 
dataset thus captures a comprehensive and diverse range of pressures, 
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Table 2
Descriptive statistics of input variables based on 2244 observations.
 Pressure Unit Min Max Mean Median Std IQR

 Secchi depth - minimum m 1.32 14.2 4.23 3.36 2.82 3.86  
 Secchi depth - 5th percentile m 2.35 27.92 13.89 13 6.15 9.47  
 Eastward Sea Water Velocity - maximum m s−1 0 0.88 0.19 0.17 0.1 0.13  
 Northward Sea Water Velocity - mean m s−1 −0.25 0.07 −0.02 −0.01 0.03 0.03  
 Light attenuation coefficient - minimum m−1 0.02 0.08 0.04 0.04 0.01 0.02  
 Distance from port km 0 61.93 13.42 10.25 11.15 13.54 
 Vessel density n.routes/km2/month 0 4615 9.57 0.5 147.69 2.89  
 Distance from cities km 0 161.32 44.37 43.86 29.37 41.41 
 Distance from rivers km 0 372.32 72.43 45.76 79.22 75.32 
 Kinetic energy N m−2 0 80.14 3.74 0.73 7.13 3.49  
 Nitrate - 5th percentile mmol m−3 0.31 34.79 4.51 2.1 5.23 6.36  
 Ocean acidification - mean pH 8.05 8.14 2.1 8.11 0.02 0.04  
 Ocean acidification - minimum pH 7.91 7.99 7.96 7.96 0.01 0.02  
 Phosphate- 95th percentile mmol m−3 0.01 0.76 0.08 0.05 0.08 0.05  
 Phosphate - minimum mmol m−3 0 0.2 0.01 0.01 0.02 0  
 Max significant wave height m 0.71 6.95 3.19 3.22 0.79 0.72  
 Number of marine heat waves - mean – 1.20 2.75 2.04 2 0.23 0.3  
 Intensity of marine heat waves - mean – 1.25 2.55 1.87 1.84 0.25 0.34  
 Sea Surface Temperature - std Kelvin 3.45 6.91 5.35 5.68 0.98 1.86  
 Sea Surface Temperature - 95th percentile Kelvin 296.83 300.9 299.14 299.3 0.6 0.72  
 Chlorophyll-a - 90th percentile mg m−3 0.11 3.7 0.65 0.5 0.59 0.64  
 Dissolved Oxygen - 5th percentile mmol m−3 226.33 270.65 243.82 241.56 9.33 13.31 
 Dissolved Oxygen - minimum mmol m−3 197.56 233.01 211.47 210.83 4.89 6.84  
 Salinity - 5th percentile PSU 31.58 38.93 37.26 37.73 1.21 1.47  
 Salinity - std PSU 0.04 1.41 0.44 0.33 0.32 0.55  
 Sea Surface Height - mean m −0.42 −0.28 −0.39 −0.39 0.01 0.02  
encompassing both natural gradients and human-induced stressors. 
These variations are essential for modelling seagrass distribution and 
understanding their sensitivity to multiple interacting environmental 
conditions.

Similar procedures were carried out for the output variable depicted 
by seagrasses distribution. Specifically, the collected data were mapped 
in a 4-km resolution grid, covering the same extent as delineated in the 
case study. Each pixel of the obtained map was associated with a value 
of 1 in the case of the presence of meadows, 0 otherwise.

Based on the spatio-temporal resolution of the available data cov-
ering the selected case study area, the final dataset includes 2244 
observations (i.e. pixels) within the Italian Seas. Concerning the re-
sponse variable, it was divided into two classes (i.e. class 0 and class 
1), class 0 specifies the absence of meadows in the considered pixel, 
while class 1 specifies their presence.

4. Method

With the main aim of comparing different artificial intelligence 
approaches to assess the Seagrasses ecosystem distribution in response 
to multiple pressures, firstly the potential of the GNNs was exploited, 
then the most widely used models in the frame of environmental appli-
cations (i.e. RF, SVM, MLP) were implemented and evaluated. Fig.  3 il-
lustrates the overall workflow: starting from data collection and prepro-
cessing, already detailed in Section 3, then continuing through graph 
construction, model development, training, and evaluation. While only 
the data collection-related steps have been previously addressed, the 
subsequent stages depicted in the workflow anticipate the structure 
of the following paragraphs. More precisely, in this section, GNNs are 
described, specifying the main features and peculiarities. Starting with 
the explanation of graph construction, the implementation description 
of the two GNNs models is provided. In addition, details of the basic 
models that were compared with GNNs are further defined.

4.1. Graph neural network

Graph neural networks (GNNs), introduced by Gori et al. (2005), 
are a family of deep neural network capable of manipulating graph-
structured data in which information propagation occurs across nodes, 
6 
so that the aggregated information can capture both feature and topo-
logical information. In the propagation module, the convolution oper-
ator is the one most commonly used for GNN models. The main idea of 
convolution operators is to generalise convolutions from other domains 
to the graph domain. Advances in this direction are often classified as 
spectral and spatial approaches. Spectral approaches include the Graph 
Convolutional Network (GCN), whose goal is to learn a function of 
features on a graph which takes as input a feature description for each 
node, summarised in a feature matrix, and a representative description 
of the structure of the graph in the form of adjacency matrix, and 
produces a node-level output. This type of network has undergone 
several evolutions (Hammond et al., 2011; Bruna et al., 2013; Henaff 
et al., 2015; Defferrard et al., 2016; Kipf and Welling, 2016) and 
the most recent (Kipf and Welling, 2016) was used in this study. As 
far as spatial approaches are concerned, Graph Attention Networks 
(GATs) are composed of an attention-based architecture to perform 
node classification of graph-structured data. The idea is to compute 
the hidden representations of each node in the graph, by attending 
over its neighbour, following a self-attention strategy, which allows 
the model to weigh the importance of neighbouring nodes (Veličković 
et al., 2017).

4.1.1. Graph notations
A graph is represented as 𝐺(𝑉 ,𝐸), where 𝑉 = {𝑣𝑖}𝑁𝑖=1 is a set of 

𝑁 nodes and 𝐸 = {𝑒𝑖𝑗} is a set of edges connecting pairs of nodes 
(𝑣𝑖, 𝑣𝑗 ), where 𝑣𝑖 ∈ 𝑉  and 𝑣𝑗 ∈ 𝑉 . The neighbourhood of a node 𝑣
is defined by a set of nodes connected to it,  (𝑣) = {𝑢 ∈ 𝑉 |(𝑢, 𝑣) ∈ 𝐸}. 
Node connections are described by the adjacency matrix 𝐴 ∈ {0, 1}𝑁×𝑁 , 
where 𝑎𝑖𝑗 is equal to 1 when there exists an edge from node 𝑣𝑖 to 𝑣𝑗 , 
and 0 otherwise. The feature vector of node 𝑣 is denoted as 𝑥𝑣 ∈ R𝐹 , 
where 𝐹  is the total number of features.

4.1.2. Graph convolutional neural networks
The goal of GCNs is to learn a signal/feature function on a graph 

𝐺(𝑉 ,𝐸) that takes as input a feature description 𝑥𝑣 for each node 𝑣
and a representative description of the graph structure in matrix form 
(i.e., the adjacency matrix 𝐴) and produces a node-level output 𝑍 (a 
matrix of 𝑁×𝑀 features, where 𝑀 is the number of output features per 
node). To provide the mathematical formulation of GCNs, some further 
notations must be introduced. Given a graph 𝐺(𝑉 ,𝐸), 𝐷 is defined as 
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Fig. 3. Methodological workflow for seagrass distribution modelling. The workflow consists of three main phases: (1) Data Preparation, where environmental 
and anthropogenic variables are processed into a graph-structured dataset with grid cells as nodes and spatial proximity as edges; (2) Model Development, 
involving both classical ML models (RF, SVM, MLP) and Graph Neural Networks (GCN, GAT) trained in transductive and inductive modes; and (3) Evaluation 
and Comparison, where models are assessed using classification metrics and sensitivity analysis is used to identify key predictors.
the degree matrix, in which 𝐷𝑖,𝑗 ∶=
{

deg(𝑣𝑖) if 𝑖 = 𝑗
0 otherwise , where the 

degree deg(𝑣𝑖) of the vertex 𝑣𝑖 is the number of edges connecting it.
A layer-wise propagation rule of a multi-layer GCN is defined as: 

𝐻 (𝑙+1) = 𝜎
(

𝐷̃− 1
2 𝐴𝐷̃− 1

2 𝐻 (𝑙)𝑊 (𝑙)
)

(1)

Here, 𝐴 = 𝐴 + 𝐼 is the adjacency matrix of the undirected graph 𝐺
with added self-connections corresponding to the identity matrix 𝐼 , 𝐷̃
is the diagonal degree matrix 𝐷𝑖𝑖 =

∑

𝑗 𝐴𝑖𝑗 and 𝑊 (𝑙) is a layer-specific 
trainable weight matrix. 𝜎(⋅) denotes a non-linear activation function 
and 𝐻 (𝑙) ∈ 𝑅𝑁×𝐷 is the matrix of activations in the 𝑙th layer; 𝐻 (0) = 𝑋.

This propagation rule is strictly connected with spectral graph 
convolution, fully explained in Kipf and Welling (2016).

4.1.3. Graph attention neural networks
GATs, introduced by Veličković et al. (2017), offer a more nu-

anced approach to neighbourhood information aggregation than tra-
ditional GNNs by exploiting attention mechanisms for feature learning 
on graphs. In fact, unlike standard GNNs, such as GCNs, they assign 
an attention coefficient to each neighbour, indicating the importance 
of that neighbour’s features for updating node features.
7 
The coefficients computed by the attention mechanism are ex-
pressed as: 

𝛼𝑖𝑗 =
exp

(

LeakyReLU
(

𝑎𝑇 [𝑊 ℎ⃗𝑖 ∥ 𝑊 𝑗]
))

∑

𝑘∈𝑖
exp

(

LeakyReLU
(

𝑎𝑇 [𝑊 ℎ⃗𝑖 ∥ 𝑊 𝑗]
)) (2)

where 𝑎𝑇  represents transposition and ∥ is the concatenation operation. 
𝑎 ∈ R2𝐹 ′  is the weight vector, the LeakyReLU is a nonlinear activation 
function and 𝑊 ∈ R𝐹 ′×𝐹  is the weight matrix.

The final output features for every node is computed as the weighted 
sum by 𝑎 of the neighbouring new node representation passed through 
a non linearity: 

ℎ⃗′𝑖 = 𝜎
⎛

⎜

⎜

⎝

∑

𝑗∈𝑖

𝛼𝑖𝑗𝑊 ℎ⃗𝑗
⎞

⎟

⎟

⎠

(3)

To stabilise the learning process of self-attention a multi-head attention
mechanism is employed. Particularly, multiple 𝑘 independent attention 
score estimators are computed: 

ℎ⃗′𝑖 = ∥𝐾𝑘=1𝜎
⎛

⎜

⎜

∑

𝛼𝑘𝑖𝑗𝑊
𝑘ℎ⃗𝑗

⎞

⎟

⎟

(4)

⎝
𝑗∈𝑖 ⎠
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Fig. 4. Graph construction scheme. On the left, the layers corresponding to the pressure variables are shown. They are mapped as a feature vector associated with 
each node (in orange) across the study area. To illustrate how spatial connections are defined, two zoomed-in views are displayed on the right for a randomly 
selected subregion. These insets visually demonstrate how the entire study area is encoded as a graph, where each node is connected to its four immediate 
neighbours (4-neighbourhood, top inset) or to all surrounding pixels (8-neighbourhood, bottom inset), depending on the connectivity strategy adopted.
where ∥ represents concatenation, 𝛼𝑘𝑖𝑗 are normalised attention coeffi-
cients computed by the 𝑘th attention mechanism, and 𝑊 𝑘 is the weight 
matrix of the corresponding input linear transformation. In the final 
layer, multi-head attention is computed by the average: 

ℎ⃗′𝑖 = 𝜎
⎛

⎜

⎜

⎝

1
𝐾

𝐾
∑

𝑘=1

∑

𝑗∈𝑖

𝛼𝑘𝑖𝑗𝑊
𝑘ℎ⃗𝑗

⎞

⎟

⎟

⎠

(5)

4.2. Graph structure and GNNs implementation

The main component of GNNs is definitely the graph construc-
tion (Zhou et al., 2020). To map the described dataset, given the fact 
that it is gridded, grid cells (i.e. geographic locations) can be naturally 
mapped into nodes of a graph. As can be seen in Fig.  4, each pixel 
belonging to the case study and identified by a latitude and longitude 
coordinate pair, is mapped to a node 𝑣 of the graph. In addition, layers 
containing metrics related to the indicators selected as input variables 
are vectorised into an 𝑥𝑣 feature vector associated to each node. The 
edges of the graph, which model the flow of information between 
nodes, were selected based on the distance between nodes. Specifically, 
to construct the adjacency matrix 𝐴, each node is connected to the four 
or eight nearest nodes (i.e., pixels) as can be seen in the enlargements 
‘‘4nh-connection’’ and ‘‘8nh-connection’’ in Fig.  3.

As for the experiments conducted on GNNs, they were performed 
on the dataset introduced in Section 3. The dataset was initially used to 
construct the graph as described above. Secondly a mask was applied 
to each node of the graph specifying whether the node is a training, 
validation or test node. Particularly, 20% of the nodes in the graph 
(i.e. 20% of the observations in the dataset) were specified as validation 
set nodes, 10% as test set nodes and the remaining 70% as training 
set nodes. Regarding GNNs, several architecture-related configurations 
were tried out for GCNs and GATs for both the graph with 4-node con-
nectivity and the graph with 8-node connectivity. First, an architecture 
with a convolutional layer (attention layer, respectively) followed by a 
linear layer (reported in Tables  3 and 4 as 1ly) was tested, then with 
three convolutional layers (attention layers, respectively) and a linear 
layer (reported in Tables  3 and 4 as 3ly) was also implemented. In 
addition, for each architecture, two distinct training approaches were 
employed: transductive, in which the model was applied to the entire 
8 
graph, and inductive, in which the graph was divided into subgraphs, 
and training was performed on each of them. To obtain the subgraphs, a 
sampling technique was adopted, whereby a weighted random sampler 
selects the elements based on the class distribution. As such, it will 
remove samples from the majority class (undersampling) or add more 
samples from the minority class (oversampling).

4.3. Models configurations and parameters

4.3.1. Compared models
In order to validate the effectiveness of the proposed GNN-based 

models, they were compared with several models usually used in the 
context of ecosystem state assessment:

• RF: combines multiple deep decision trees, using bootstrap sam-
ples and a bagging strategy to reduce variance. RF also employs 
random feature subspacing (Ho, 1998), where each tree is built 
using a random subset of features. This reduces correlation be-
tween trees and increases model independence. For predictions, 
each tree votes on the output, and these votes are aggregated to 
determine the final result.

• SVM: is a non-parametric supervised learning technique impor-
tant for handling both linear and non-linear data. It aims to 
find an optimal hyperplane by maximising the margin between 
the classes’ closest points, known as support vectors. For non-
linear data, SVM uses a kernel function to map the training data 
into a higher-dimensional feature space, where it computes the 
separating hyperplanes that maximise class separation (Cervantes 
et al., 2020).

• MLP: is a supervised artificial neural network with input, hidden, 
and output layers of interconnected neurons. Neurons connect to 
all neurons in the next layer without feedback. Initial weights are 
set randomly. During training, input/output pairs are used to cal-
culate outputs and compare them to actual values, producing an 
error term. Weights are adjusted to reduce this error. This process 
repeats until the error is minimised or a maximum number of 
iterations is reached (Hastie et al., 2009).
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Table 3
Comparison results between different GCNs.
 GCNs comparison results
 Model Accuracy Precision Recall F1 - score
 Class 0 Class 1 Class 0 Class 1 Class 0 Class 1 
 GCN-inductive-4nh-1ly 0.88 0.96 0.73 0.85 0.92 0.91 0.81  
 GCN-inductive-4nh-3ly 0.88 0.95 0.74 0.87 0.89 0.91 0.81  
 GCN-inductive-8nh-1ly 0.88 0.94 0.80 0.86 0.90 0.90 0.85  
 GCN-inductive-8nh-3ly 0.91 0.98 0.82 0.87 0.98 0.92 0.89  
 GCN-transductive-4nh-1ly 0.88 0.92 0.79 0.91 0.80 0.91 0.80  
 GCN-transductive-4nh-3ly 0.88 0.95 0.74 0.87 0.89 0.91 0.81  
 GCN-transductive-8nh-1ly 0.89 0.93 0.83 0.89 0.89 0.91 0.86  
 GCN-transductive-8nh-3ly 0.89 0.95 0.82 0.88 0.92 0.91 0.87  
Table 4
Comparison results between different GATs.
 GATs comparison results
 Model Accuracy Precision Recall F1 - score
 Class 0 Class 1 Class 0 Class 1 Class 0 Class 1 
 GAT-inductive-4nh-1ly 0.88 0.96 0.73 0.86 0.92 0.91 0.82  
 GAT-inductive-4nh-3ly 0.88 0.96 0.75 0.87 0.91 0.91 0.82  
 GAT-inductive-8nh-1ly 0.89 0.98 0.79 0.85 0.96 0.91 0.87  
 GAT-inductive-8nh-3ly 0.89 0.96 0.81 0.86 0.94 0.91 0.87  
 GAT-transductive-4nh-1ly 0.87 0.92 0.76 0.89 0.82 0.91 0.79  
 GAT-transductive-4nh-3ly 0.88 0.97 0.72 0.85 0.94 0.91 0.82  
 GAT-transductive-8nh-1ly 0.88 0.93 0.82 0.89 0.88 0.91 0.85  
 GAT-transductive-8nh-3ly 0.91 0.98 0.82 0.87 0.96 0.92 0.89  
4.3.2. Experimental settings
In this study, open-source Python libraries were used to build the 

models. Specifically, the RF and SVM models were developed using the
sklearn12 library, typically used in basic ML projects, while the MLP and 
GNNs were implemented using PyTorch,13 a fully featured framework 
for building deep learning models, and PyTorch Geometric,14 designed 
to facilitate deep learning on irregularly structured data like graphs. 
In order to make the results fully comparable, for models that are not 
applied directly on the graph structure, the observations corresponding 
to the training nodes were used to construct the training set, applying 
the same procedure to the validation and test data. To implement the 
hyperparameter tuning, random search for RF and SVM was used using
sklearn’s RandomizedSearchCV  method. Specifically, in this approach, a 
search space can be defined as a bounded domain of hyperparameter 
values and points in this domain can be randomly sampled. As regard 
the MLP and GNNs, using the optuna15 and PyTorch libraries, the Tree-
structured Parzen Estimator (TPE) algorithm (Bergstra et al., 2011) was 
used for sampling, i.e. a Bayesian optimisation based on kernel fitting 
that, after sampling different areas of the search space, focuses its 
attention on the point where it obtained the best results and continues 
to search it. Moreover, for each combination, models were trained 
by performing cross validation and, at the end, the combination that 
obtains the highest accuracy on the validation test was selected.

In particular, for the RF a list of possible values have been set for: 
(i) n_esimator : the number of trees in the forest; (ii) min_samples_split : 
the minimum number of observations required to split a node; (iii)
min_samples_leaf : the minimum number of samples required to be at 
a leaf node, (iv) max_depth: the maximum depth of the trees (i.e. the 
dimension of the longest path between the root node and the leaf). 
Focusing on the SVM model, the parameters searched were (i) C: the 
regularisation parameter, (ii) kernel: the type of kernel to be used in 
the algorithm, and (iii) gamma: the kernel coefficient. As far as MLP 
is concerned, two hyper-parameters were optimised. The learning_rate, 

12 https://scikit-learn.org/stable/.
13 https://pytorch.org.
14 https://pytorch-geometric.readthedocs.io/en/latest/.
15 https://optuna.org.
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responsible for minimising the loss function, and the n_hidden_unit, 
the number of neurons in the hidden layer. Regarding the activation 
function, the ReLU was adopted, as it is widely used. For the GNNs-
based models hyperparameters, again the learning rate was optimised 
and the ReLU activation function was chosen, while list of values 
around the input units (i.e. 28) were selected for the number of units 
of each convolutional and attention layers. For both MLP and GNNs 
the final linear layer has only one output unit, corresponding to the 
response variable.

4.4. Evaluation of performances

In order to compare the different models, a consistent way to evalu-
ate the model performance is required, so, in addition to accuracy, also 
precision, recall and F1 score will be examined, as the response variable 
have an unbalanced distribution of classes. Model accuracy returns the 
number of classifications the model correctly predicts divided by the 
total number of predictions made. Mathematically, model accuracy is 
expressed as follows: 

Accuracy = TP + TN
(TP + FP + TN + FN)

(6)

where 𝑇𝑃  stands for ‘‘True Positives’’, 𝐹𝑃  for ‘‘False Positives’’, 𝑇𝑁 for 
‘‘True Negatives’’ and 𝐹𝑁 for ‘‘False negatives’’.

Recall (also known as sensitivity) highlights the number of members 
of a class that the classifier identified correctly, divided by the total 
number of members in that specific class. Mathematically, model recall
is defined as follows: 
Recall = TP

TP + FN
(7)

On the other hand, model precision (also called positive predictive 
value) is the ratio between the True Positives and all the Positives. 
Mathematically, it is defined as follows: 

Precision = TP
TP + FP

(8)

Finally, the F1 score will be also calculated. This score is the weighted 
average of Precision and Recall, providing a way to express both 
concerns with a single score. As a consequence, this evaluation metric 
takes both false positives and false negatives into account. F1 is usually 

https://scikit-learn.org/stable/
https://pytorch.org
https://pytorch-geometric.readthedocs.io/en/latest/
https://optuna.org
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more useful than accuracy, especially if you have an uneven class 
distribution. Mathematically, the F1 score it is defined as follows: 

F1_Score = 2 ∗ (Recall ∗ Precision)
(Recall + Precision)

(9)

4.5. Sensitivity analysis

Given the importance of accurately predicting the distribution of 
seagrasses, it is crucial to understand which variables most significantly 
influence the outcome of this problem. To this end, a sensitivity analysis 
(SA) was conducted to identify all relevant input parameters from a 
set of potential variables. This analysis compared the results of ML 
and graph-based models to determine the key variables impacting the 
predictions. Additionally, the analysis aimed to examine the contribu-
tions of various climate change and human impact variables to the final 
predictions under different or randomised scenarios. Specifically, the 
Morris method was employed for this SA to address the complexity 
and interaction effects of the input variables within the models. The 
Morris method, introduced by Morris (1991), is a global SA technique 
based on a one-at-a-time (OAT) approach, allowing for the evaluation 
of the importance and interactions between variables. Unlike the tradi-
tional OAT method used in local SA, where variables are individually 
altered from a single baseline, the Morris method perturbs variables 
from multiple starting points in a randomised manner. This approach 
calculates the Elementary Effect (EE) of input variables on the output, 
utilising randomised sampling matrices. The EE is determined using the 
following formula: 

𝐸𝐸𝑖 =
𝑦(𝑥1,… , 𝑥𝑖 + 𝛥...𝑥𝑗 ) − 𝑦(𝑥1,… , 𝑥𝑖,… , 𝑥𝑗 )

𝛥
(10)

where 𝑥 represents the model parameters as a j-dimensional vector
(𝑥1,… 𝑥𝑖,… 𝑥𝑗 ); 𝑦(𝑥) is the model output from the Morris simulation; 

𝛥 is the step size, defined as a multiple of 1∕(𝑝 − 1) with 𝑝 being the 
number of levels.

Two key metrics (i.e., the mean 𝜇𝑖 and the standard deviation 𝜎𝑖) 
are used to assess the significance and interactions of variables based 
on the set of EEs. After computing numerous independent EEs across 
several trajectories (𝑟) (i.e., distinct/elementary paths for sampling in 
the multi-dimensional space of parameters) for each input variable, 
the mean value, representing the overall influence of the variable, is 
calculated as: 

𝜇𝑖 =
∑𝑟

𝑛=1 𝐸𝐸𝑛

𝑟
(11)

A high 𝜇𝑖 indicates a strong influence of the variable on the output. 
Additionally, 𝜎𝑖, which reflects the distribution of EE values, represents 
higher-order effects due to the non-linear influence of the variable or 
its interactions with other variables: 

𝜎𝑖 =

√

√

√

√

1
𝑟

𝑟
∑

𝑛=1
(𝐸𝐸𝑛 − 𝜇𝑖)2 (12)

Furthermore, Campolongo et al. (2007) introduced a third measure, 
𝜇∗, representing the mean of the absolute values of the EEs to prevent 
the cancellation of positive and negative EE values and to provide an 
overall sensitivity measure: 

𝜇∗
𝑖 =

∑𝑟
𝑛=1 |𝐸𝐸𝑛|

𝑟
(13)

5. Results

This section includes a comparison of different configurations of 
GCNs and GATs, highlighting performance trends across various graph 
structures and sampling methods. Subsequently, the top-performing 
model from each GNN family was compared with the baseline models. 
Additionally, the sensitivity analysis results comparing the best GNN 
model and the best baseline model are presented.
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Table 5
Comparison results between benchmark and GNN-based models.
 Comparison results
 Model Accuracy Precision Recall F1 - score
 Class 0 Class 1 Class 0 Class 1 Class 0 Class 1 
 RF 0.90 0.95 0.84 0.89 0.92 0.92 0.87  
 SVM 0.89 0.94 0.82 0.88 0.90 0.91 0.86  
 MLP 0.89 0.91 0.87 0.92 0.85 0.91 0.86  
 GCN 0.91 0.98 0.82 0.87 0.98 0.92 0.89  
 GAT 0.91 0.98 0.82 0.87 0.96 0.92 0.89  

5.1. Model performances

After the training and validation phases, the models were investi-
gated against the testing dataset. First the results of different archi-
tectures of GCNs (Table  3) and GATs (Table  4) were compared, then 
the GNNs-based models were analysed in comparison with the basic 
ML models, and Table  5 shows the results. As can be seen from Table 
3, the architecture with 3 convolutional layers applied to the 8-node 
connected graph, trained with a sampling technique, exhibited superior 
performance. Similar behaviour is observed for GATs (Table  4), where 
3 attentional layers applied to the 8-connection graph obtained the 
best performances. Models applied to the graph with 8-connected nodes 
consistently outperformed those with fewer connections. The inclusion 
of more connected nodes allows these models to better capture the 
spatial relationships and interactions within the data, leading to more 
accurate predictions. Despite the minimal differences in overall accu-
racy between the GNN-based models and the baseline models (Table  5), 
the GNNs demonstrated a distinct advantage in handling the presence 
of seagrass (class 1). This advantage is reflected in their higher F1 
scores and recall rates for class 1, indicating that GNNs are better 
at recognising the presence of seagrass under varying environmental 
pressures. The spatial information captured by the 8-node connected 
graph allows these models to understand complex interactions that 
baseline models cannot effectively learn. For the absence class (class 0), 
the performance remained stable across all models, showing that while 
baseline models can handle the more straightforward task of identifying 
absence, they struggle with the nuances of predicting presence as 
effectively as GNNs. The precision and recall balance achieved by 
GNNs in predicting class 1 further demonstrates their robustness in 
making accurate predictions without sacrificing precision. Moreover, 
Fig.  5 presents the error maps for the RF and GCN models, respectively, 
when applied to the test set. In particular, correctly classified pixels 
are highlighted in light blue, while pixels misclassified as absence are 
marked in red. In contrast, instances classified as presence are shown in 
yellow. In Focus A of Fig.  5, it is evident that the RF model, compared 
with the GCN model, erroneously predicts seagrass absence in the 
middle of connected presence pixels. Additionally, in the same focus 
area, the RF model incorrectly classifies an isolated pixel as presence 
among absence pixels, thus demonstrating that treating pixels in isola-
tion could not contribute to accurate predictions. Conversely, the errors 
associated with the GCN model are primarily located at the edges of 
the seagrass meadows. This observation, consistent in Focus B as well, 
further confirms that GNNs’ incorporation of spatial context enhances 
prediction accuracy, particularly in complex ecological settings.

5.2. Sensitivity analysis

In this study, to assess the significance of pressures for the two 
most proficient models in ML and graph-based contexts (i.e., RF and 
GCN), the Morris method (outlined in Section 4.5) was applied util-
ising the open-source SALib library in Python (Herman and Usher, 
2017; Iwanaga et al., 2022). The results were depicted through bar 
diagrams showcasing the values of 𝜇∗, thereby highlighting the relative 
importance of each variable. Variables with high 𝜇∗ values are deemed 
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Fig. 5. Test set error maps related to RF (left) and GCN (right). Focus A: part of the Apulia region. Focus B: part of the Tuscany region.
Fig. 6. Sensitivity analysis conducted using the Morris method. Left: results for RF. Right: results for GCN.
highly influential, whereas lower 𝜇∗ values indicate lesser significance. 
Confidence intervals of 𝜇∗ are also presented alongside the bars. Par-
ticularly, in Fig.  6, it is immediately evident that pivotal variables 
for RF include distances from ports and cities, with a 𝜇∗ value of 
approximately 0.4, followed by temperature and pH with 𝜇∗ values of 
approximately 0.2 and 0.1, respectively. The remaining variables have 
𝜇∗ values equal to or below 0.1, rendering them relatively insignificant. 
Conversely, the results for GCN indicate no distinct disparity between 
the most and least significant variables. However, temperature, sea 
surface height, marine heatwaves, pH, distances from cities, currents 
and salinity are, in order, the most significant variables, exhibiting 𝜇∗

coefficients ranging from 0.2 to 0.35.

6. Discussion

6.1. Unveiling the power of spatial context

This study developed and evaluated GNN-based models to inves-
tigate the spatial dynamics between environmental stressors and bio-
logical responses, with a particular focus on seagrass distribution. A 
comparative modelling framework was employed to benchmark the 
performance of GNNs against conventional ML algorithms, such as RF, 
which typically treat observations as independent and do not incor-
porate spatial dependencies. While traditional models achieved high 
levels of predictive accuracy, GNN-based approaches, and specifically 
GCNs, demonstrated marginally superior results in terms of overall 
performance, and more notably, exhibited a distinct advantage in gen-
erating spatially coherent predictions. In particular, GCNs performed 
slightly better than RF models in predicting seagrass presence, with im-
provements in key metrics like the F1 score. In addition, visual analysis 
of the predicted maps showed that GCNs were able to capture more 
ecologically realistic spatial patterns, while RF models often produced 
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fragmented and spatially inconsistent results. This enhanced spatial ex-
pressiveness, resulting from the graph-based representation of observa-
tions, constitutes a central contribution of the study. It enables a more 
ecosystemic and realistic depiction of spatial processes, which is espe-
cially valuable in the context of marine spatial planning where stressors 
and environmental influences exhibit clear spatial structure (e.g., sedi-
ment transport, currents). These findings build upon and extend prior 
research applying GNNs in environmental domains. For instance, Wang 
et al. (2020) utilised GNNs to predict PM2.5 concentrations in urban 
environments. Their study demonstrated that GNNs could effectively 
capture the spatial correlations between different monitoring stations, 
resulting in more accurate predictions compared to traditional models 
like SVM and RF. The ability of GNNs to model spatial dependencies 
among air pollution sources and monitoring points provided a clearer 
understanding of pollution dispersion patterns, which is critical for 
urban air quality management. This is also related to the domain-
knowledge integrated in the construction of the graph. The latter is 
based on the physical factors influencing pollutant dispersion such 
as wind direction, speed, and geographical barriers resulted in more 
accurate models that could capture both horizontal and vertical pol-
lutant transport. In climate science, Cachay et al. (2021) employed 
GNNs to forecast El Niño events by modelling the complex interactions 
between sea surface temperatures, atmospheric pressure patterns, and 
ocean currents. The GNN model outperformed conventional time-series 
models by effectively capturing the non-linear spatial dependencies 
driving these climatic events. Similar applications underscore the effec-
tiveness of GNNs in environmental modelling, particularly in scenarios 
where spatial dynamics are crucial. The application of GNNs in seagrass 
monitoring, as explored in this study, extends this growing body of 
research by demonstrating how these models can be used to understand 
and predict ecological changes in marine environments. By leverag-
ing the spatial relationships between stressors, GNNs offer a more 
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holistic approach to modelling that can lead to more informed and 
effective environmental management strategies. In contrast to existing 
studies on seagrass mapping that primarily rely on high-resolution 
satellite imagery at localised scales, the proposed approach integrates 
spatially distributed environmental variables to provide a broader, 
system-level perspective. Although remote sensing remains essential 
for high-resolution habitat mapping, it often lacks the ability to repre-
sent underlying ecological processes and interactions. The GCN-based 
approach presented here complements remote sensing by embedding 
spatial context and connectivity into the learning process, thereby 
enabling a more integrated and interpretable ecological analysis. Future 
work could enhance this framework by incorporating remote sensing-
derived features within the graph structure, further improving spatial 
resolution and predictive accuracy. Despite these advantages, the mod-
elling framework was limited by the resolution and completeness of 
available spatial datasets. Crucial physical processes known to affect 
seagrass dynamics such as ocean currents, wave exposure, and sediment 
transport could not be directly incorporated due to data constraints. 
Addressing this limitation represents a key frontier in environmental 
machine learning. In this regard, PINNs offer a promising pathway. 
By integrating physical laws directly into the learning architecture, 
PINNs enable the synthesis of mechanistic understanding with data-
driven inference, improving both accuracy and interpretability. The 
integration of PINNs with GNNs remains a largely unexplored but 
potentially transformative research direction, capable of advancing the 
modelling of dynamic and spatially complex ecological systems.

6.2. Identify key stressors for effective management

In addition to methodological contributions, the study provides 
insights of direct relevance to environmental management, particularly 
within the Italian coastal and marine context. The sensitivity analysis 
conducted on the models provides critical insights into the primary 
factors influencing seagrass meadow ecosystems. According to the RF 
analysis, proximity to urban centres and river mouths emerges as 
the principal determinant shaping seagrass distribution. These find-
ings are consistent with previous research (e.g., Catucci and Scardi, 
2020) which demonstrated how nutrient enrichment and sedimen-
tation from agricultural and industrial sources compromise seagrass 
health. In Italy, major river systems such as the Po and Arno transport 
substantial pollutant loads into coastal zones, particularly in highly 
urbanised and industrialised regions such as the northern Adriatic 
and Tyrrhenian coasts. These insights underscore the need for tar-
geted mitigation strategies, including the enhancement of wastewater 
treatment infrastructure, the implementation of vegetated buffer strips, 
and stricter regulatory frameworks governing land-based pollution and 
runoff. Conversely, the GCN analysis emphasises the importance of 
sea surface temperature and other climatic variables, such as sea level 
rise and ocean acidification. These factors are critical because they 
directly influence seagrass growth rates, reproductive cycles, and over-
all ecosystem dynamics. The Mediterranean is particularly susceptible 
to these climatic changes, with seagrasses facing an accelerated rate 
of warming. The vulnerability of Posidonia Oceanica underlines the 
severity of the threat, as this species plays a crucial role in maintain-
ing the health and stability of the Mediterranean marine ecosystem. 
Similar conclusions were drawn by Trois et al. (2024), who demon-
strated that rising temperatures and shifts in salinity regimes could 
significantly alter the spatial extent and health of seagrass meadows. 
The results stress the importance of incorporating climate variables 
into conservation strategies, as they play a significant role in deter-
mining the resilience and long-term survival of seagrass meadows in 
the Mediterranean. In the Italian context, these findings call for the 
revision of national and regional Marine Strategy Framework Directive 
(MSFD) programmes of measures to incorporate climatic stressors ex-
plicitly and to develop early warning systems for thermally induced 
degradation of seagrass habitats. The integration of these results into 
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management frameworks also supports the broader deployment of blue 
Nature-Based Solutions (NbS), particularly within the scope of Italy’s 
marine and coastal restoration policies. Seagrass meadows, particularly
Posidonia Oceanica, provide multiple ecosystem services, including car-
bon sequestration, sediment stabilisation, and biodiversity support, all 
of which are crucial for enhancing coastal resilience. Protecting and 
restoring these meadows represents a strategic intervention to address 
interconnected challenges such as climate change, coastal erosion, and 
biodiversity loss. In line with this, the recent adoption of the EU 
Nature Restoration Law, which mandates the restoration of at least 
20% of the EU’s terrestrial and marine ecosystems by 2030, provides 
a legislative framework that Italy can leverage to prioritise seagrass 
restoration. Model outputs from this research provide spatially explicit 
guidance to inform the allocation of resources and restoration priorities 
under the EU law. Specifically, areas near major urban agglomerations 
(e.g., Naples, Palermo, Venice) and large river estuaries can be tar-
geted for restoration based on identified stressor intensity. Moreover, 
the integration of these predictive tools into existing marine spatial 
planning platforms can facilitate cross-sectoral coordination among 
national environmental agencies, regional authorities, fisheries, and 
tourism stakeholders. Such a systemic and evidence-based approach is 
essential to operationalise restoration efforts in line with the EU Green 
Deal, the national strategy for biodiversity conservation, and Italy’s 
commitments under international frameworks for marine protection.

7. Conclusion

The main aim of this work was to explore the potential of GNN-
based models to discover and unravel the complex relationships be-
tween human and climate change pressures and their impacts on the 
seagrass ecosystem in the Italian Seas. These models effectively inte-
grate the spatial component of the data, extracting information and 
propagating it across the entire network. Therefore, the novelty of 
this work lies in the implementation of a spatially explicit GNN-based 
framework and its comparative evaluation against standard ML ap-
proaches. In contrast to previous studies that mainly rely on high-
resolution satellite imagery and focus on small-scale patterns, this 
research addresses seagrass distribution at a broader spatial scale. It 
incorporates a comprehensive set of environmental drivers, including 
both climatic and anthropogenic variables, enabling a more systemic 
assessment of pressures across the entire study area. This large-scale 
perspective is particularly relevant for informing conservation strate-
gies, spatial planning, and policy development. All models demon-
strated the capability to predict the state of seagrass meadows under 
various pressures, however, the slightly superior performance of GNNs 
confirms the added value of integrating spatial dependencies. These 
results reinforce the growing recognition of spatially-aware artificial 
intelligence techniques in ecological modelling and demonstrate how 
graph-based representations can enhance model performance and in-
terpretability compared to conventional approaches that treat input 
features independently. Despite these promising outcomes, several lim-
itations must be acknowledged. The dataset used in this study suffers 
from limited spatial and temporal resolution, and the graph construc-
tion was constrained to geographical proximity, without incorporat-
ing temporal dynamics or oceanographic connectivity (e.g., currents, 
wave energy). Additionally, the lack of long-term monitoring data 
restricted the capacity to model temporal changes in seagrass distri-
bution and resilience. These constraints limit the generalisability of 
the findings and highlight the need for more comprehensive, high-
resolution, and multidimensional datasets. Future research should aim 
to address these limitations by integrating temporal components and 
physical processes into the graph structure. The use of satellite imagery 
could further enhance spatial granularity and help capture fine-scale 
ecological dynamics. Moreover, the integration of domain knowledge 
through PINNs represents a promising direction for improving model 
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robustness and generalisability. The methodology proposed here, par-
ticularly the graph-based modelling approach, offers a transferable and 
flexible tool for environmental monitoring and prediction. It can be 
adapted to other ecological contexts where spatial relationships are 
essential, such as coral reef degradation, wetland health, or forest 
ecosystem dynamics. Ultimately, these AI-powered tools can support in-
formed decision-making, enhance biodiversity conservation strategies, 
and guide the optimisation of NbS, contributing to climate resilience 
and the protection of critical coastal habitats.
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