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ABSTRACT

The cumulative impacts on marine and coastal ecosystems (MCEs) are intensifying due to the interplay
between climate change and human-induced pressures, leading to water quality degradation, biodiversity
loss, and declining ecosystem services capacity. My PhD aims to address these issues (and their complex
nexus) in three phases. First, | conducted a systematic review of cumulative impact assessment approaches
and applications applied across different marine regions to evaluate the combined effect of multiple stressors
affecting MCEs. In the second phase, | developed a multi-risk assessment framework operationalized with a
machine learning (ML) model to assess the risk of cumulative impacts (hereafter referred to as MARITIME -
MAchine leaRnlng-based CumulaTive Impact AssessMEnt) on Mediterranean seagrass meadows under
current and future climate scenarios projected for 2050 and 2100. The third phase refines this modelling
framework at a local scale, focusing on the Apulia region (Italy). This final part provides a detailed analysis of
seagrass spatio-temporal responses to present and future cumulative impacts. Remote sensing was
instrumental in producing maps of the seagrass distribution at higher resolutions from 2014 to 2021, maps
which were then used to train the ML model. The overall MARITIME results of these investigations indicate
a progressive decline in seagrass meadows across the different climate change scenarios, posing increasing
risks to some ecosystem services these meadows can provide in the future. Moreover, this loss of seagrass
meadows could lead not only to a reduction in their potential to support climate adaptation and mitigation
but also to the release of buried carbon storage, potentially transforming a coastal region from carbon sinks
to a temporary source of carbon emissions.



1) INTRODUCTION

1.1 MOTIVATIONS AND OBJECTIVES

The health of MCEs is fundamental to maintaining the balance of the Mediterranean region's environmental
and socio-economic systems (Korpinen et al., 2021; Micheli et al., 2013). Seagrass meadows, coral reefs, and
Maérl beds, among others, serve as natural barriers against coastal erosion, support fisheries, and act as
carbon sinks, mitigating the impacts of climate change (Buonocore et al., 2020; Pergent-Martini et al., 2021).
Despite their critical role, these ecosystems are increasingly threatened by the cumulative pressures from
human activities and climate change (Furlan et al., 2020; Hansen & Bonnevie, 2020; Menegon et al., 2018).
In the Mediterranean, where biodiversity hotspots coexist with densely populated coastal areas, the
interplay between local stressors (such as pollution, overfishing, and habitat degradation) and global
phenomena such as rising sea temperatures and ocean acidification is accelerating ecosystem decline (Furlan
etal., 2019; IPCC, 2023b).

Addressing these threats requires robust tools capable of assessing the combined effects of multiple stressors
on MCEs. Traditional cumulative impact assessments (CIA) lack the complexity needed to evaluate such
interactions and predict future scenarios, especially under evolving climate change conditions. This research
aims to fill this gap by developing and operationalise a multi-risk assessment framework that can i)
understand and map the effects of multiple pressures on a selected MCE across multiple scenarios; ii)
investigate the potential interactive behaviours among pressures to capture ecosystem response and effects
on ecosystem services capacity; iii) identify areas where ecosystems are at risk of disappearance from, or
may expand into as a result of, future changes where local management solutions, such as blue Nature-based
Solutions, could be targeted.

By integrating ML, specifically the Random Forest (RF) algorithm, this framework enables a deeper
understanding of how seagrass ecosystems respond to multiple stressors (including climate change) over
space and time. The designed framework allows for the integration of a wide range of heterogeneous
indicators that represent three fundamental risk dimensions: hazard, exposure, and vulnerability (Adger,
2006; IPCC, 2018). In addition to assessing these risk dimensions, the framework is designed to evaluate
potential cascading effects in the capacity of MCEs to provide essential services, such as carbon
sequestration. This aspect is particularly crucial, as shifts in ecosystem service capacity can have long-term
consequences for biodiversity conservation, climate change mitigation and the socio-economic benefits
derived from these ecosystems.

The outcome of this integrated approach is a set of GIS-based multi-risk scenarios and indicators that
summarize key risk metrics. These outputs are crucial for simplifying the understanding and communication
of risks induced by changing climate conditions and human pressures on MCEs. By providing spatially explicit
insights into risk distribution, the framework supports policymakers and marine managers in identifying hot-
spot risk areas and prioritizing actions to mitigate the impacts of multiple stressors, particularly in contexts
where resources are limited. As part of this scenario analysis, potential synergistic behaviours between
pressures were also evaluated, enabling a more comprehensive understanding of how combined stressors
may amplify or mitigate their effects on seagrass health and resilience. This integrated evaluation enhances
predictive accuracy, offering valuable insights into managing ecosystem risks under various stress scenarios.

In this frame, the thesis provides a global overview of cumulative impact assessments, identifying gaps in
current methodologies for evaluating the combined effects of human activities and climate change on MCEs.
The second and third sections operationalize the multi-risk framework developed by applying it at two
different scales: an initial screening at the eco-regional scale focusing on the Mediterranean basin and a more
detailed local scale application (with the support of remote sensing technique) centred on the Apulia region
(Italy). These two applications aim to test the ML-CIA modelling framework across varying spatio-temporal
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resolutions and assess its potential for replicability and scalability, providing insights into how effectively it
can be used for both broader and more localized conservation and management efforts.

The methodology was developed within the H2020 European Project MaCoBioS (Marine Coastal Ecosystems
Biodiversity and Services in a Changing World, https://macobios.eu/) carried out in collaboration with the
Foundation “Centro Euro-Mediterraneo sui Cambiamenti Climatici” (CMCC, http://www.cmcc.it).



http://www.cmcc.it/

1.2 THESIS STRUCTURE

This thesis is structured in 3 main sections, corresponding to the three independent research papers (each
addressing three specific research questions). Coherently, after a short introduction describing the relevance
of the ongoing effects of cumulative impacts on MCEs’ health and their capacity to provide ecosystem
services, the thesis will include:

Section A — State-of-the-art knowledge on cumulative impact assessment approaches and applications
applied across different marine regions to evaluate the combined effect of climate and anthropogenic
stressors affecting MCEs. This section corresponds to the review paper ‘Evaluating the combined effect of
climate and anthropogenic stressors on marine coastal ecosystems: Insights from a systematic review of
cumulative impact assessment approaches’ (already published in Science of the Total Environment).

Section B - Building on the insights and the research gaps that emerged from the previous review, this section
will focus on the operationalization of the multi-risk assessment framework designed for the Mediterranean
region through the development of an ML-based model supporting heterogeneous data integration (e.g.
most of them from Copernicus CMEMS), for a sound evaluation of cumulative impacts on seagrass
distribution under both reference and future mid (2050) and long-term (2100) climate scenarios. This section
corresponds to the Second paper, titled “The Big Picture: appraising the risk of cumulative impacts on
seagrass meadows in the Mediterranean Sea” (currently under revision by the Ecological Informatics Journal).

Section C - Recognizing the limitations posed by the resolutions of the data used for the initial risk screening
in the development of the CIA ML-based model for the Mediterranean Sea, the final section of the thesis
explores remote sensing techniques to achieve a more detailed spatio-temporal characterization of
ecosystem state changes (e.g., variations in seagrass coverage over multiple years). Accordingly, this section
includes the remote sensing output (analyses started during the secondment at the University of the
Azores/IVAR Academy in the Azores), along with the multi-risk-based modelling framework, operationalized
through ML techniques applied to a spatio-temporal dataset. Tested ML algorithms were developed to
enhance the understanding of the processes and dynamics underlying the spatio-temporal variations in the
health status of the seagrass ecosystem, in response to key pressures in the Apulia case study (Italy). As with
the previous chapters, this section aligns with the third paper, “Harnessing machine learning for
transformative adaptation planning: modelling the risk of cumulative impacts on seagrasses across time and
space” (currently under finalization).

Finally, general conclusions will highlight the significance of this thesis in advancing knowledge within the
investigated research field.
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ABSTRACT

Cumulative impacts increasingly threaten marine and coastal ecosystems. To address this issue, the research
community has invested efforts on designing and testing different methodological approaches and tools that
apply cumulative impact appraisal schemes for a sound evaluation of the complex interactions and dynamics
among multiple pressures affecting marine and coastal ecosystems.

Through an iterative scientometric and systematic literature review, this paper provides the state of the art
of cumulative impact assessment approaches and applications. It gives a specific attention to cutting-edge
approaches that explore and model inter-relations among climatic and anthropogenic pressures,
vulnerability and resilience of marine and coastal ecosystems to these pressures, and the resulting changes
in ecosystem services flow. Despite recent advances in computer sciences and the rising availability of big
data for environmental monitoring and management, this literature review evidenced that the
implementation of advanced complex system methods for cumulative risk assessment remains limited.
Moreover, experts have only recently started integrating ecosystem services flow into cumulative impact
appraisal frameworks, but more as a general assessment endpoint within the overall evaluation process (e.g.
changes in the bundle of ecosystem services against cumulative impacts). The review also highlights a lack of
integrated approaches and complex tools able to frame, explain, and model spatio-temporal dynamics of
marine and coastal ecosystems’ response to multiple pressures, as required under relevant EU legislation
(e.g., Water Framework and Marine Strategy Framework Directives). Progress in understanding cumulative
impacts, exploiting the functionalities of more sophisticated machine learning-based approaches (e.g., big
data integration), will support decision-makers in the achievement of environmental and sustainability
objectives.

Published in Science of the Total Environment, Volume 861, 2023, 160687
https://doi.org/10.1016/].scitotenv.2022.160687
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Introduction

Marine and coastal ecosystems (MCEs) play a crucial role for society by regulating climate, providing food
resources and contributing to well-being (Albert et al., 2020; EEA, 2019b). However, most of these
ecosystems (e.g., seagrass meadows, coral reefs and Maérl beds) across the globe have been significantly
altered by multiple human-related drivers (e.g., overexploitation of fish, shellfish and other organisms, land-
and sea-based pollution, aquaculture) (IPBES, 2020). In addition, the complex interplay between
anthropogenic and climate-related pressures (e.g., rising sea temperature sometimes resulting in marine
heatwaves, increased occurrence of climate and weather extremes, ocean acidification, etc.) is increasingly
exacerbating the cumulative impacts across all MCEs, undermining their resilience to consecutive
perturbations and their capacity to provide ecosystem services (EEA, 2019; IPBES, 2019; IPCC, 2019).
Specifically, cumulative impacts cause a reduction in the health and resilience of MCEs (Beusen et al., 2022;
IPBES, 2019), and consequently increase their overall vulnerability to additional external pressures (Berrouet
et al., 2018; Salomidi et al., 2012).

In that context, in the early 2000s, the research community started developing methodological approaches
and tools for the assessment of cumulative impacts and multi-risk scenarios (hereafter CIA methods). These
arised from the complex interaction between human activities (e.g., shipping traffic, fishing) and climate
change (e.g., sea surface temperature , ocean acidification) affecting MCEs, and aimed to support decision-
makers in the identification of sustainable management strategies (Halpern et al., 2008; Hayes & Landis,
2004). Policies at the international and EU level (UN-SDGs, EU Water Framework Directive, EU Maritime
Spatial Planning, Green Deal initiative, Biodiversity Strategy for 2030), and the related definition of
environmental targets, requires a comprehensive review to identify suitable existing methodological
approaches and tools for managing cumulative impacts and risk to support their implementation and
achievement of goals.

The objective of this paper is to provide an in-depth review of CIA and multi-risk assessment (MRA)
approaches and applications, jointly applying a Scientometric and systematic literature review of publications
identified during the 2000-2022 period (March 2022). The integration of both review approaches allows
descriptive analysis and network extraction of the conceptual structure (and terminologies) underpinning
this research field, while mapping and systematically analysing its theoretical/methodological trends, as well
as gaps and challenges ahead. This review is the first done at this scale, comparing studies against
multidisciplinary research questions and related comparison criteria (e.g., ecosystem services component,
integration of the ecological tipping point concept), embracing both environmental, ecological,
technical/methodological and policy/management perspectives. Particularly, it tries to respond to 3 main
research questions: i) Which are the key methodologies and scientific information/tools that the research
community can apply to evaluate the effects of human activities and climate change on MCEs? ii) How has
the complexity of stressors on MCEs (e.g., synergism, antagonism) been integrated into CIA/MRA frameworks
to identify tipping points and the resilience of ecosystems? iii) What are the benefits and barriers of CIA/MRA
applications to support real-world implementation of adaptation and restoration actions in MCEs and achieve
policy targets (e.g., Good Environmental Status)? Other recent global reviews have mainly focused on
identifying methodological similarities among analysed studies (Blakley & Russell, 2022; Gissi et al., 2021;
Halpern et al., 2019; Halpern & Fujita, 2013; Jones, 2016; Korpinen & Andersen, 2016; Stelzenmiiller et al.,
2018), as well as exploring some specific aspects into CIA and MRA frameworks and tools for MCEs (e.g.,
investigation of tipping points, shift changes, Decision Support Systems supporting CIA) (McClenachan et al.,
2020; Menegon et al., 2018a; Thrush et al., 2021). This investigation extends the abovementioned
perspectives and merges them together to frame and drive the review process and identify key challenges
11



and gaps, as well as research horizons ahead. The paper gives elements of comparison for scientists and
policy makers who aim to use CIA and MRA methods and tools to evaluate and monitor environmental targets
in MCEs, while highlighting the best available knowledge and data.

The paper is structured in 3 sections. A preliminary overview on the methodological approaches and the
related data acquisition process underpinning the literature review is given in Section 1. The main results
obtained from the review are presented in Section 2, while a discussion, in Section 3, highlights the main
findings and key relevant challenges and proposes some pathways for improvement.

1. Data acquisition and review methods

A multi-phase systematic literature review was performed to get an overall picture of the current state-of-
the-art regarding scientific studies and applications focused on CIA and multi-risk appraisal in MCEs.
Specifically, as shown in Figure 1, the methodological approach is comprised of three main steps, including i)
data collection, ii) Scientometric analyses; and iii) Systematic analyses (based on the PRISMA - Preferred
Reporting Items for Systematic Reviews and Meta-Analyses - approach), as described in the following
paragraphs 1.1-1.2 and 1.3, respectively.

Data collection

cosystem

service

Climate
Change

Cumulative
effects

Cumulative -
impacts
Decuments resulis

sc

Top Author's |
Production

Scientometric Analysis

Documents resuis . 253

- /186 Prisma Approach

scresning Documents resuis 188

Systematic Analysis

analysis

Figure 1: Methodological approach for the evaluation of existing studies and applications dealing with cumulative impact assessment
in marine and coastal ecosystems.
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1.1 Data collection

Peer-reviewed literature dealing with cumulative impact and multi-risk appraisal in MCEs was systematically
searched using Scopus, a source-neutral abstract and citation database developed by independent subject
matter experts. The Scopus database is considered the largest curated bibliographic abstract and citation
database (Baas et al., 2020), and it was selected as the main source of information for this review. Specifically,
building on the objectives of this paper, we performed a search query combining the following keywords in
Scopus: ‘cumulative impact, cumulative effect, marine coastal ecosystem, marine coastal environment,
ecosystem service, multi risk, climate change, ecological tipping point’ through appropriate Boolean
operators (“AND”, “OR”, “NOT”). This set of keywords allows to define the scope of the search and, therefore,
identify a comprehensive list of relevant applications integrating methodological approaches for cumulative
and multi-risk appraisal in MCEs (the query string is detailed in Supplementary Material SM1, whereas
Supplementary Material SM5 provides updated definitions (and related References) of the introduced
keywords). More precisely, the first part of the query string — (("cumulative impact*" OR "cumulative
effect*") AND ("marine" OR "coastal" AND "ecosystem*" OR "environment")) - allows to already select all
those publications including at least “cumulative impact/effect” keywords and, therefore, also those papers
reporting “cumulative impact/effect assessment” keywords. Moreover, as detailed through the research
questions included in the Introduction, the final query contains the keyword “multi-risk” (and not “risk-based
assessment/approach”) since the key objectives of this review is to give specific attention to novel
frameworks and tools allowing to explore and model inter-relations among multiple pressures, and the
diverse responses of ecosystems to the latter. The resulting list of papers published between the 2000-2022
timeframe (the search was limited to this period because this research topic started getting attention from
the early 2000s) and their connected records (e.g., information including title, author and author keywords,
affiliations, etc.) were exported as a Bibtex file for a qualitative and quantitative analysis through the
Bibliometrix R Package (Aria & Cuccurullo, 2017; Mingers & Leydesdorff, 2015), and subsequently, the
systematic literature review (Section 1.3).

1.2 Scientometric analysis
The Scientometric analysis explores, evaluates and monitors the state of a particular field of research, meta-
analytically evaluating the development of a predefined research area to identify its key components and
underlying theoretical frameworks (Geissdoerfer et al., 2017). This quantitative analysis takes advantage of
the main metadata related to each paper: citation information (such as the author’s name, document title,
year, and citation count), bibliographical information (e.g., affiliations, publisher, and editor), abstract and
keywords (e.g., the authors’ keywords and the index keywords). The information exported from Scopus was
processed by applying the open-source Bibliometrix Package, designed for the statistical R software (Aria &
Cuccurullo, 2017). Bibliometrix is a web-based application for bibliometric and co-citation analysis able to
achieve comprehensive science mapping analysis of scientific literature (Aria & Cuccurullo, 2017)
(http://bibliometrix.org/biblioshiny), thus supporting an overarching understanding and interpretation of

network patterns, as well as recognising gaps across research fields.

Building on the workflow shown in Figure 1, a preliminary screening of papers, based on the title’s pertinence
to the review topic of concern allowed to better focus the bibliometric analysis on a restricted list of relevant
papers that were then analytically processed through this R-based tool. In particular, this kind of review
allows the identification of major focal topics, trends and gaps, while discovering and visualizing the evolution
of the topic through the 2000 — 2022 period (Section 2). All the analysis and graphs (i.e., annual scientific
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production, top authors’ production over time, word-cloud, country collaboration map) are presented and
discussed within Supplementary Material SM3.

1.3 Systematic literature review - selection of ‘key papers’

Following a preliminary identification of major focal topics made through the Scientometric analysis, a
systematic literature review was then applied. This review process consists of a rigorous methodological
examination of the identified scientific literature (as detailed in Section 1.1), allowing to separate the
insignificant, unsound, or redundant publications from the salient and critical ones that are worthy of further
investigation (Mulrow, 1994). Specifically, the systematic literature review has been performed based on the
PRISMA approach (Moher et al., 2009), consisting of a pyramidal analysis composed of an iterative stepwise
process following a predefined checklist that ensures a transparent and complete analysis and reporting from
each review phase.

This process reduced the list of papers (691 publications) initially selected through the keywords’ query
applied in the Scopus database (Section 1.1) through different phases, including i) publications’ screening
based on the title’s pertinence to the topic of concern and review objectives (resulting in selected 253
publications); ii) Screening based on reading the abstracts and methodological sections of publications
remaining from the original list (105 documents were selected); iii) Further screening through the reading of
the full papers. During this process, 5 papers were removed from the final statistics as they were not in line
with the objective of this review. The table with the full list of 100 papers resulting from the review stage 2
is reported in the Supplementary material SM4; iv) Selection of the most relevant publications (30 “key
papers”) on the topic of concern based on an in-depth reading of the whole papers (including sections
devoted to results’ analysis and discussion); v) Comparison and discussion of the final list of “key papers”
against a set of comparison criteria.

The comparison criteria aim to clarify the main features of the reviewed ClA-related methodological
approaches, specifying the: a) case study area, providing details on the scale of the analysis; b) name of the
method assigned by authors, together with the specific type of analytical approach applied (e.g., mapping,
indicator/index, machine learning, Bayesian network); c) components analysed through the CIA and MRA-
related methods, including specification on pressures (with their interactions), exposed environmental
targets and vulnerability factors (or indicators) integrated in the study; d) presence/absence of climate
change/management scenario analysis; e) ecosystem services component, as a part of CIA/MRA frameworks,
including the type of ecosystem service considered (i.e., provisioning, regulation & maintenance, and cultural
services); f) integration of the ecological tipping point concept into the CIA/MRA analysis; g) evidence for use
of CIA approaches for integrated management of MCEs.

This iterative process (including the selection of specific comparison criteria) was applied under tight
cooperation among 14 MaCoBioS (H2020, https://macobios.eu/) partners, jointly collaborating under this
review. Participants, covering multifaceted fields of environmental/marine sciences and chemistry, risk
assessment, ecological and physical modelling and maritime spatial planning and management, enabled an
interdisciplinary knowledge exchange to systematically review selected papers against different
perspectives, as well as identify key challenges that need to be addressed in future CIA and MRA frameworks.

More details on the comparison criteria co-selected by MaCoBioS partners are reported in the
Supplementary material SM3.
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2. Results of the review

2.1 Characteristics of publication outputs: insights from the Scientometric review
The Scientometric methodological approach, as described in Section 1.1, allowed extracting and processing
bibliometric data from the initial set of 691 papers selected as input data by applying the open-source
bibliometrix R Package under the 2000-2022 timeframe. Moreover, the same Scientometric analysis was
repeated by considering only the 253 papers obtained against the title-screening phase, as implemented
under the systematic literature review (Section 1.3). This further evaluation allowed for a more robust
review, focusing only on a restricted number of preselected papers, thus avoiding non-significant documents
(e.g., reviews papers or publications not focusing on the topic of concern of this review) for the scope of this
study (a detailed description of the Scientometric analysis is available within Supplementary Material SM3).

Analysis of annual scientific production (number of papers per year) allowed the recognition of 2008 as a
turning point in this particular research field (Figure 2), mostly due to the global-scale study carried out by
Halpern et al. (2008). After this relevant CIA application, yearly production displays a positive rising trend
overall, although the abrupt increase in 2014 may be associated with the first period of the initial assessment
of marine environmental status under the MSFD. Overall, the number of studies applied in MCEs continuously
increased during the last decade, with around 60 articles published per year on average during the last 3
years.

Focusing on the most influential authors (Supplementary material SM3), through the analysis of the author’s
production overtime, the pioneer of these applications, Halpern B.S., also emerged as the most productive
author (with an overall number of 23 publications on this topic, under the 2000-2022 timeframe).

Annual Scientific Production

Articles

2000 2002 2004 2006 2008 2010 2012 2014 2016 2018 2020 2022
Year

Figure 2: Number of publications (n=691) applying cumulative impact assessment in marine and coastal ecosystems during the
2000-2022 timeframe

Further, word cloud analysis of the most frequent 50 author’s keywords, together with those contained in
the query string, reveals “ecosystem-based management”, “marine spatial planning” and “climate change”
to be the most frequently used keywords (Supplementary material SM3). This is unsurprising given many CIA
methods have been developed to support decision-makers and planners in the design of spatial plans for
MCEs management and conservation/restoration under the ecosystem-based management approach

(Menegon, et al., 2018b), as promoted by the Maritime Spatial Planning (MSP), Marine Strategy Framework
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Directive and Convention on Biological Diversity regulatory frameworks (Andersen et al., 2015; Dominguez-
Tejo et al., 2016; Manea et al., 2020). Recently, climate change threats have also started to be considered
across many regulatory frameworks (e.g., MSP), and methodological approaches have recently started
integrating this concept to assess and model future environmental conditions of MCEs, and foresee potential
alteration of biological, chemical and physical processes (Furlan et al., 2020; Gissi et al., 2019). Finally,
analysing scientific collaborations among countries applying CIA methods in MCEs, it was observed that the
USA, Canada, UK and China emerged as the first countries approaching this specific topic, with collaborations
among countries increasing in the last decade according to the related rise in publications.

2.2 Cumulative Impacts Assessment in marine and coastal socio-ecological systems:

key output from the systematic literature review

100 articles (as reported in the Supplementary Material SM4) were systematically reviewed by all MaCoBioS
partners, focusing on the type of methodological approaches, as well as the main components employed
across these methods (e.g., ecosystem services and tipping point evaluation). The following Sections report
the resulting output of this review process, comparing CIA applications exploring and modelling the
vulnerability and resilience of MCEs under future scenarios, as well as the assessment of ecological tipping
points and changes in the ecosystem service flow (Sections 2.2.1-2.2.4). Finally, Section 2.2.5 discusses the
integration of CIA approaches, and their results, in the planning and management processes of MCEs (hence,
it clarifies the relevance of this review in terms of policy support against key regulatory frameworks,
agreements and strategies dealing with MCEs management). 30 selected ‘key papers’, part of this set of
publications is reported in Table 1, presenting up-to-date methods and integrating most of the concepts
previously reported (e.g., ecosystem services and tipping point evaluation).
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Table 1: Results from the systematic literature review in terms of ‘key papers’ dealing with the application of cumulative impact assessment in marine and coastal ecosystems.
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2.2.1 Conceptual frameworks and methodological approaches

The multiplicity of risk-based and CIA approaches applied by the research community to evaluate the effects
of human activities (such as fishing, seabed extraction, transport, etc.) and climate change on MCEs (as
detailed in the Supplementary Material SM4) is remarkable. GIS-based mapping, indicator/index (through
the integration of several indicators representing pressures and the presence and state of MCEs), numerical
and ecological models, Machine Learning (ML), or expert-based ranking are some of the most applied
methods to analyse and modelling environmental impacts from local to global stressors, while providing
support for sustainable management and adaptation pathways.

As summarised in Figure 3, most of the analysed approaches build on the methodological framework
developed by Halpern et al. (2008), mapping the spatial distribution and intensity of human activities, at the
global scale, over several ecological components and ecosystems (e.g., coral reefs, seagrass beds, mangroves,
rocky reefs). Specifically, in this reference approach, final predicted cumulative impact scores are calculated
by multiplying the normalised value of pressures’ intensity with expert-based weights, representing each
ecosystem type’s sensitivity to these pressures. Similarly, always drawing on the Halpern et al. (2008) study,
most of the reviewed applications (55 out of 100 relevant papers — as reported in the Supplementary material
SM3) build on an indicator/index-based approach (Bonnevie et al., 2020; Halpern et al., 2019), sometimes
integrated into ML-based methods (Furlan et al., 2020; A. Stock et al., 2018b; Teichert et al., 2016; Turschwell
et al., 2020). The wide application of both mapping and indicator/index-based methodologies is also due to
the requirements posed by both the EU and international regulatory frameworks (e.g., MSFD and MSP
directives, UNCLOS), which require analysing and locating human activities and their drivers to reduce spatial
conflicts and trade-off among multiple uses, while supporting the sustainable use and conservation of marine
coastal resources. Expert-based ranking (28 publications out of the selected 100 relevant papers — as
reported in Supplementary material SM4) is also frequently applied for several purposes, including i) to
consider experts’ perception in the evaluation of the risk linked to human and climate-induced impacts
(Armstrong et al., 2019; Brodersen et al., 2018)); ii) to estimate ecological vulnerabilities to pressures (Clark
et al., 2016; A. R. Jones et al., 2018; Mach et al., 2017; Singh et al., 2017; Uusitalo et al., 2016b); and iii) to
analyse interactions among multiple pressures (Cook et al., 2014; Furlan et al., 2019).

Within CIA approaches, quite a large set of applications are also carried out using ecological (Cornwall &
Eddy, 2015; Ihde & Townsend, 2017) and conceptual models (Cook et al., 2014) to evaluate cumulative
impacts of human activity at the ecosystem level. Among these, Cornwall & Eddy (2015) applied Ecopath with
Ecosim (EwE) ecological/ecosystem model, a food web model that considers energy flows between functional
groups of species. Similarly, Fu et al. (2020) evaluated how stressors cumulatively affect modelled species
using the Object-oriented Simulator of Marine Ecosystems (OSMOSE) model. Finally, ML-based methods
emerging among methodologies being applied across marine coastal realms, thanks to the recent increase in
data availability for environmental monitoring and management (i.e., ‘Big data’?). In this context, Stock et al.
(2018) compared the predictive performance of ten statistical and ML algorithms (e.g., Classification and
Regression Trees, Random Forests and Boosted regression trees) to understand whether these models could
make accurate predictions of ecological indicators representing MCEs’ condition (i.e., kelp biodiversity, fish
biomass, and rocky intertidal biodiversity) of California coast. Similarly, Teichert et al. (2016) operationalised
a Random Forest model to explore the complex structure of non-linear inter-relations between multiple
stressors (both anthropogenic and climate change), and the ecological response of biological systems to
these stressors. In particular, this model has been used to investigate the effect of stressors interactions on

! Big data, defined as ‘high volume, high velocity, and/or high variety data that require new processing paradigms to
enable insight discovery, improved decision making, and process optimisation’ (Beyer and Laney, 2012)
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fish ecological status in European estuaries, as well as to evaluate the ecological benefits arising from the
implementation of restoration actions.
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Figure 3: Summary of risk-based and cumulative impact assessment approaches and tools applied within the selected 100 relevant
papers.

Another ML-based application was developed by Furlan et al. (2020), coupling Bayesian Network approaches
(BN?) with a GIS tool, to evaluate cumulative impacts under different idealised scenarios. In this study, BNs
allowed the consideration of multiple variables (e.g., stressors, assessment end-points) and types of data
(e.g., quantitative and qualitative) from heterogeneous data sources and disciplines (e.g., probabilistic
guantities elicited from expert knowledge, empirical data, mathematical representations) within the same
analytical framework.

Across these studies, some authors also integrate statistics and mathematical techniques to better detect
uncertainties associated with several factors (e.g., incomplete and inaccurate data availability, linearity,
aggregation of different factors, etc.), providing more robust analysis and, in turn, reducing the possibility of
unsustainable management decisions. For instance, Stock et al. (2018) implemented uncertainty analysis,
using Monte Carlo simulations, to identify robust high- and low-impact areas on the global oceans
(considering the effects of 7 factors of uncertainties simultaneously, including their interactions). Similarly,
using Monte Carlo simulations with 1000 runs, Andersen et al. (2020) evaluated the robustness of the impact
index and stressor ranking for Danish marine waters, considering the possible weaknesses in data quality and
the effects of model assumptions. More precisely, they ranked 35 stressors according to their contribution
to the cumulative impact score, aggregated for the North Sea-Baltic Sea transition zone. This methodology,
i.e., identifying and ranking the most influential stressors contributing to the overall cumulative impacts,
provides useful information to support the identification of management and conservation priorities, as
required by marine coastal laws.

2 Bayesian Network: a family of ML-based algorithms providing an intuitive graphical structure by combining principles
of Graph theory and Probability theory; (Pearl & Russell, 2011; Pollino et al., 2007)
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Regardless of the applied methodological approach, the operationalisation of risk-based and CIA
methodologies requires a strong linkage between all components and processes underpinning impacts and
changes in MCEs’ state and ecosystem services flow. Specifically, looking at the key elements integrated into
CIA methodologies, the review has identified different and fragmented components (better described in the
Supplementary Material SM5) across the publications (as illustrated in Figure 4). This is due to the specific
terminologies applied by different research communities (e.g., risk, ecology, chemistry-related communities),
making it difficult to identify mainstream components. Still, most of the key components considered overall
are in line with those integrated by Halpern et al. (2008) in his index, as a direct consequence of the
methodological framework applied, i.e., the predicted cumulative impact scores are calculated as a function
of the intensity of the selected “drivers”, the presence/absence of marine ecosystems (“exposure”) and their
“vulnerability” to pressures. Exposure and vulnerability are among the most cited concepts being integrated
across different methodological approaches for CIA applying risk-based frameworks (IPCC, 2014). Finally,
another set of terminologies, such as “state” and “response”, is linked to the other conceptual framework of
greatest interest for CIA and risk assessment works, i.e., the DPSIR (Driver-Pressures-State-Impact-Response)
framework (EEA, 1999), together with its more recent modifications (e.g., DPSWIR, Driving Force-Pressure-
State-Impact-Well-being-Response; (Cooper, 2013)). In general, these terminologies, and especially those
representing triggering factors (i.e., variables that explain the occurrence of the analysed
phenomena/effect), are often applied by authors for explaining the same (or similar) concepts (e.g., pressure,
driver, stressor, and threat). This amplifies the redundancy of components integrated into the same analytical
method, and creates general confusion and misunderstandings due to the different use of the same
terminologies (see Section 3. Discussion for further details).
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Figure 4: Summary of key components applied within cumulative impact assessment and risk-based methodological frameworks in
the 100 selected papers



2.2.2  Scenario analysis for healthy marine and coastal ecosystems

Exploring changes in cumulative impacts against different climate conditions or management goals before
they happen can be a crucial task to provide support to policymakers and planners involved in the design of
sustainable marine spatial plans and climate adaptation strategies (Corrales et al., 2018; Furlan et al., 2019;
Jonsson et al., 2021; Magris et al., 2021). Consequently, researchers have begun applying different tools (e.g.,
Bayesian network models) and integrating scenario analysis into ClA-related studies to understand
ecosystems’ responses to a changing future. The majority of CIA methodologies applied across the 100
selected papers (see the full list in Supplementary material SM4) focus on a snapshot in time based on
recent/current conditions. Only 23 papers evaluated changes in cumulative impacts against different climate
or management scenarios.

Within these 23 papers, it is possible to identify two main research streams: i) studies exploring variations in
cumulative impacts against different climate scenarios (e.g., temperature variation) usually based on
projections from numerical models (IPCC, 2014); ii) applications integrating “what if” scenarios (i.e. idealised
scenarios based on narratives) to evaluate cumulative impacts changes under the effects of different
environmental patterns and socio-economic pathways (e.g., simulating the potential consequences of
different management measures).

Focusing on the first research stream, only four studies referred to the IPCC3 Representative Concentration
Pathways (RCP) describing four different 21st-century GHG emissions trajectories (i.e., RCP2.6, RCP4.5, RCP6,
and RCP8.5), based on a possible range of raising radiative forcing pathways (IPCC, 2014). Among these, Otto
et al. (2020) focused on the intermediate GHG emission scenarios (i.e., RCP4.5 and RCP6), whereas Furlan et
al. (2019) and Weijerman et al. (2018) on the worst one (i.e., RCP8.5). Corrales et al. (2018) tested the impact
of a continued increase in sea temperatures on the Israeli Mediterranean continental shelf over 50 years
(2010 - 2060), taking into account three GHG emission scenarios (i.e., RCP 2.6, 4.5, and 8.5).  Moreover,
future scenarios accounting for a new set of fishing regulations currently being implemented, and a
continued increase in alien species biomass were tested to assess potential futures of marine resources and
ecosystem conditions within the analysed case study area. As described in Section 3.2.4., the resulting output
of this analysis showed collapsed conditions for different species (a sign of potential tipping points) according
to the investigated scenarios.

Of those publications exploring “what-if” scenarios, most evaluated potential changes in cumulative impacts
under the implementation of several management measures (as already tested in Corrales et al., 2018) to
compare the expected environmental effects of different plan alternatives. For instance, Stelzenmiiller et al.
(2010) operationalised a Bayesian Belief Network—GIS framework to evaluate cumulative impacts under
three different spatial planning objectives and related management measures (e.g., relocation of fishing
pressure). Similarly, Hammar et al. (2020) evaluated the environmental effects of two different sets of
idealized MSP scenarios for 2030, namely (i) negotiated plans (i.e., MSP proposals developed after extensive
stakeholder dialogue) and (ii) eco-alternative plans (i.e., a scenario more in accordance with the target posed
by MSFD 2008/56/EC). The comparison between a Business As Usual scenario and different planning options
(and scenarios) detected some alterations in the final cumulative impact score, making it possible to evaluate
how these impacts could be amplified or reduced under different management measures. With a focus on
the Hawaiian Islands of Maui, Molokai, and Lana‘i, Weijerman et al. (2018) developed fifteen scenarios,
combining different settings in land- and marine-based management and climate-related stressors (under
the RCP8.5) to better understand future variation in the coral reef ecosystem services provision. Similarly,

3 Intergovernmental Panel on Climate Change
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Furlan et al. (2020) applied a GIS-based Bayesian network approach to evaluate the probability of cumulative
impacts under four “what-if” scenarios representing different marine management options (i.e., how impacts
change due to the establishment of new MPAs) and climate conditions (i.e., potential rising sea temperature)
envisioned for the Adriatic Sea. The results of the simulated scenarios provided some insights on the
management programs/measures required to achieve Good Environmental Status targets, as required under
relevant EU legislation (e.g., an integrated approach in MSP emerged as the most effective way to
substantially reduce cumulative impacts on the Adriatic Sea).

Finally, looking at the overall picture of papers applying scenario analysis, a wide range of both endogenic
(i.e., managed pressures or those emanating within the system) and exogenic pressures (i.e., unmanaged
pressures are those emanating from outside the system) have been investigated by authors under the
simulation of future changes. Sea surface temperature emerged as the most considered exogenic variable
(Furlan et al., 2019; Ihde & Townsend, 2017; Singh et al., 2020b), followed by precipitation (Uusitalo et al.,
2016), ocean acidification (Ainsworth et al., 2011; Fulton et al., 2009; Singh et al., 2020b), and salinity (Otto
etal., 2020). A wide range of endogenic variables representing biological disturbance (e.g., shipping traffic as
the main vector of non-indigenous species introduction; Fu et al., 2020; Weijerman et al., 2018) and chemical
pollution (e.g., oil spill, eutrophication; Fulton et al., 2009; Furlan et al., 2020; Singh et al., 2020b) have been
integrated into CIA-related scenario analysis to simulate how changes in their range can contribute to
increase the vulnerability of MCEs.

2.2.3 Incorporating the ecosystem services perspective into CIA frameworks

Ecosystem services are the benefits people obtain from ecosystems and are essential to people’s well-being
(MA, 2005). The magnitude and sustainability of the use of these services depend on the functioning of the
ecosystem. Changes to ecosystem conditions or ecosystem processes such as the ones that generally result
from cumulative impacts will naturally lead to changes in the capacity to deliver ecosystem services, although
human culture and ingenuity may buffer adverse effects for a limited amount of time. Therefore, CIA of
various human activities and stressors on ecosystem services is crucial to understand supply (i.e., biophysical
means) and service (i.e., delivery to people) provision.

CIA methodological approaches generally evaluate how human activities affect species and habitats,
neglecting how multiple activities affect the capacity of the whole ecosystem to provide direct and indirect
benefits to human well-being (Depellegrin et al., 2017; Singh et al., 2020b). This is even more true in the
marine environment. Indeed, less than a quarter of the reviewed articles (n=21) incorporate the ecosystem
services perspective. Since the term ‘ecosystem services’ is relatively new, increasing in popularity since the
Millennium Ecosystem Assessment (MA, 2005), the integration of ecosystem services into the CIA framework
only started with one of the most straightforward marine ecosystem services, i.e., fisheries yield, in 2007
(e.g., Sutherland et al., 2007). It was only in 2014 that a bundle of ecosystem services (provisioning, regulating
and maintenance, and cultural — considering the Common International Classification of Ecosystem Services
classification or ‘CICES’ v5.1, Haines-Young & Potschin-Young, (2018)) were included in a CIA framework by
Cooketal.(2014). However, the trend has changed over the past few years. Based on the frequency of marine
ecosystem services considered in the investigated studies under the three above-mentioned ES categories,
‘regulating and maintenance’ resulted as the most analysed marine ecosystem services category (i.e., 50%),
followed by provisioning and cultural services, respectively (Figure 5).
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Figure 5: Marine ecosystem services frequency applied for integrating and modelling ecosystem services within cumulative impact
assessment methodologies in the marine environment. The nineteen marine ecosystem services extracted from the reviewed
publications were divided according to the CICES v5.1 (Haines-Young & Potschin-Young, 2018)

The assessment method of ecosystem functions and services varies greatly from subjective evaluation to
expert judgment to quantitative assessments; however, most are qualitative or semi-quantitative at best,
considering that data availability is often a problem. Therefore, most recent methods based their appraisal
on expert judgment, considering that areas covered by determined EUNIS habitat may contribute to enrich
the ecosystem services capacity of MCEs (Depellegrin et al., 2017; Farella et al., 2020; Menegon et al., 2018b).
The spatial coverage of data available for relevant stressors may also limit the inclusion of stressors that are
likely to have a significant impact on a studied MCE. For example, Allan et al. (2013) were able to include 34
of 50 anthropogenic stressors identified. Although including 34 anthropogenic stressors is already a great
achievement, having to put aside 16 of them is concerning. They also focused on the spatial distribution of
the stressors and not on the distribution of their impacts because assessment of impacts of stressors at the
ecosystem level was not feasible. Another challenge for the CIA is the type of relationship between stressors
and impacts. Generally, only linear responses are considered, probably due to a lack of data. Thus, twice as
much stressor is assumed to double the impact. Additionally, interactions between stressors are mostly not
assessed or, at best, assumed to be additive. To summarise, there appears to be a significant lack of
knowledge with respect to the impacts of and interactions between multiple stressors acting simultaneously
within an ecosystem.

In addition, stressor and condition maps usually consider only one snapshot in time. However, the policy
guestion is not only about the presence or absence of a stressor or habitat but about the changes in the
pressure, state, and, more importantly, the benefits to people such as fishing, recreation, or coastal
protection that may be more meaningful to decision-makers and the public (Bockstael et al., 2000; Yee et al.,
2014). This is where scenario analysis is useful to identify the best management actions that will reverse,
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mitigate, or prevent ecosystem degradation and sustain benefits to society. Few studies applied scenario
analysis whilst accounting for ecosystem services into a CIA framework. Weijerman et al. (2018) used a
spatially-explicit biophysical ecosystem model — the Hawai’i Reef dynamics Simulator (HIReefSim) based on
the Coral Reef Scenario Evaluation Tool (CORSET) — to evaluate socio-ecological trade-offs of land-based vs.
marine-based management scenarios, and local- vs. global-scale stressors and their cumulative impacts on
coral reefs. Fu et al. (2020) used an individual-based spatially explicit ecosystem modelling platform OSMOSE
(Object-oriented Simulator of Marine Ecosystems) to investigate the cumulative effects of fishing, plankton
biomass change, and marine mammal consumption on the dynamics of some commercially important fish
species and the whole British Columbia marine ecosystem. The authors calibrated the model based on data
acquired from 1940 to 2018 and applied scenario simulations for the past 20 years (1998-2018). Recently,
Corrales et al. (2018) used the Ecosim foodweb model and analysed future scenarios (2010-2060),
considering multiple pressures. The authors provided robust modelling that takes interactions between
pressures into account. While Ecopath with Ecosim (EwE) has been widely used since its first use in 1984
(Polovina, 1984), it requires the collection, compilation and harmonisation of various types of information
(Colléter et al., 2015), which might be difficult in data-poor regions. Where data are lacking then, the
Comprehensive Assessment of Risk to Ecosystems (CARE) model, developed by Battista et al. (2017), allows
the cumulative impact of multiple stressors and interactions that may result in synergistic or antagonistic
impacts, on whole-ecosystem productivity, functioning, and ecosystem services.

From all the above results, the incorporation of marine ecosystem services into a CIA approach has been
increasing and allows not only to analyse conflicts between cumulative pressures of human activities and
marine habitats but also to reveal conflicts and synergies among uses and services, thereby providing
meaningful support to decision- and policy makers for MSP (Hansen & Bonnevie, 2020; Mufioz et al., 2018).
As such, many software (e.g., InVEST, CORSET, HIReefSim, and Ecosim, EwE) and models (e.g., CARE, marine
ecosystem services -Threat, and marine ecosystem services -Capacity) have been developed as Decision-
Support Tools. However, methodological approaches published within the investigated timeframe (2000-
2022) rarely considered all three marine ecosystem services categories and instead focused on single
ecosystem services, such as carbon sequestration provided by the seagrass species Posidonia oceanica
(Gkadolou et al., 2018) or the potential provisioning of fish according to the condition of coral reefs
(Weijerman et al., 2018). Yet, looking at a single ecosystem service in a CIA framework could misguide
decision-makers. Moreover, across the analysed papers, the ecosystem services component has been
integrated into the different CIA frameworks as an additional assessment endpoint without considering the
potential influence of specific ecosystem services in reducing/mitigating the effect of both endogenic and
exogenic pressures while increasing the resilience of MCEs to further perturbations. Much research is still
needed to understand those positive/negative feedbacks between anthropogenic and climate-related
pressures, the ecological condition of marine habitats and ecosystem services.

2.2.4 When cumulative impacts lead to ecological tipping points

Resilience represents an insurance against potentially adverse changes in the performance of ecosystem
functions — and ultimately on the delivery of ecosystem services. Thus, the concepts of ecological resilience
in relations to ecosystems services should be intertwined into CIA & risk assessment frameworks, offering
insurance against the loss of valued functions (Folke et al., 2004; Thrush et al., 2009). The assessment of
resilience, or loss of resilience, of a system subjected to cumulative pressures and risk scenarios requires
metrics that forewarn approaching thresholds of change well in advance so that management actions can be
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implemented (de Juan et al., 2018). However, key knowledge gaps remain in terms of defining exactly how
close a system is to a threshold of change and what the research community can actually measure in natural
ecosystems to better understand resilience and advert of drastic change (de Juan et al., 2013). Van Nes et al.
(2016) proposed that the term ‘tipping point’ should simply be used for any situation where accelerating
change caused by positive feedback (although they propose no value is assigned, only a sign) drives the
system to a new state. Then, the management of cumulative impacts needs to uptake the information on
how close a system is to a tipping point (Thrush et al., 2021), and incorporate this concept into MRA
frameworks.

The systematic literature review exposed the slow uptake of ecosystem metrics informing the risk of
approaching a tipping point under a MRA framework. Six publications mentioned the topic (i.e., tipping point,
threshold, shifting baseline concepts); however, none of these actually implemented or proposed an
approach that encompassed the tipping points assessment. Among these, as already mentioned in Section
2.2.1, Fu et al. (2020) applied an ecosystem model (OSMOSE) focused on a set of commercial fish species and
their (predatory-prey) interaction with other species. They assessed two temporal scenarios (a favourable
and un-favourable one) considering fishing drivers (fishing, change in plankton biomass and change in
mammal biomass) in a cumulative fashion (synergistic, antagonistic, etc.), and then evaluated consequences
on the commercial species biomass. Therefore, this study takes an ecosystem approach by considering the
cumulative effects of three drivers (i.e., fishing, change in plankton and mammal biomasses) and assesses
temporal changes in commercial fish biomass (ecosystem service provision) against each scenario;
nevertheless, the OSMOSE model is basically focused on fishery activities and their management, so it fails
to adopt an integrative cumulative impact perspective inherent to a CIA. On the other hand, due to the huge
amount of data required to represent the trophic interactions and life-history dynamics of the species of
interest, this approach does not specifically address tipping points. Similarly, Stock et al. (2018) explored
impact maps taking into account cumulative (non-linear) effects, highlighting the need to incorporate
uncertainty appraisal into MRA frameworks (considering as baseline Halpern et al., 2008), as there is high
uncertainty in evaluating interactive behaviours of multiple stressors over ecosystems. In this work, the
authors run 3000 simulations for cumulative human impact maps to identify the frequency of selection of
different cells in the “vulnerability” categories. The resulting outputs showed a relatively high standard error
in the assignations. They discussed “thresholds” but only related to the robustness of the model vulnerability
level assignation. Finally, among the selected papers, Corrales et al., (2018) investigated future changes in
marine resources by applying an ECOSIM model. They tested the effects of new fishing regulations with
predictions on invasive species under IPCC scenarios (RCPs 2.6, 4.5 and 8.5), addressing the effects of
stressors both separately and in a cumulative fashion. They addressed the effects of stressors separately but
also in a cumulative way, exploring temporal changes in the predicted biomass of fish species. Even though
they did not specifically explore thresholds of change, these thresholds could be approximated from the
predicted biomass curves.

Other studies, selected in the Scopus search but discarded after applying the selection criteria (basically
because these papers address an ecological problem — regime shifts — but do not incorporate the problem
into management) were successful in identifying environmental limits or ecosystem tipping points. However,
these studies have in common the availability of long temporal series (some starting in the 1950s) of very
large gradient experiments. Both scenarios are not feasible for an operational assessment protocol as they
are limited to highly rich data case studies. Among these, Oguz & Gilbert (2007) analysed long-term data
(1960-2007) of the pelagic system in the Black Sea to detect regime shifts under fishery exploitation and
nutrient enrichment scenarios. Similarly, other long temporal series (starting in the 1950s) have been
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detected by Miller et al. (2016) to explore the causes of anguillid eel populations’ decline under cumulative
stressors (damp construction, overfishing, pollution, etc.) and by Wang et al., (2015) to address threshold of
change in estuary systems. Other studies detected regime shifts of marine rockpool communities in a
mesocosm experiment (White et al.,, 2018), changes in Cystoseira populations linked to increased
anthropogenic pressures in the northwest Mediterranean (Blanfuné et al., 2019), and environmental limits
for the communities (regarding sedimentation and nutrient input) through a large-scale experiment
(experimental impact conditions in 15 estuaries) (Thrush et al., 2021).

To our knowledge, there is no published study that effectively incorporates the assessment of ecosystem
thresholds of change or tipping points into CIA-MRA frameworks. Despite the importance of identifying
approaching thresholds in ecological science, the complexity of empirically defining threshold levels for
multiple interacting stressors (Thrush et al., 2014) hampers the selection of metrics that can be systematically
incorporated into regular ecosystem assessments. In order to manage ecosystems to avoid the loss of
functions (and therefore services), CIA and MRA frameworks need to understand (and embrace) the
mechanism linking stressors to ecosystem consequences — with special attention on tipping points (Hodgson
& Halpern, 2019; Stelzenmiiller et al., 2020). After all, one of the main objectives is to avoid reaching regime
shifts, or thresholds of change, where ecological and societal values are gradually degraded until the
properties of ecosystems are no longer recognised.

2.2.5 Policy support for risk management and climate adaptation in marine and coastal socio-
ecological systems

There is increasing recognition of CIA methods’ relevance in supporting policy and management of MCEs. CIA
can theoretically support policy and management in several ways. First, by providing a spatial perspective on
the major pressures and threats which impact a specific area over time, the CIA may improve the capacity of
decision-makers to prioritise appropriate management strategies, such as marine spatial planning, protected
area establishment, restoration, etc. (e.g., Jones et al., 2018; Tulloch et al., 2020). Second, by evaluating over
time how CIA changes according to variations of data on multiple pressures (e.g., temperature, nutrient
input, etc.) (Furlan et al., 2020), CIA may support the assessment of the effectiveness of different
management strategies and drive future research and effective ecosystem-based management (Marzloff et
al., 2016). By incorporating scenario methodologies, the CIA could support long-term planning by showing
how different management strategies could improve the provision of marine ecosystem services (e.g., using
scenario methodologies) (Farella et al., 2020; Weijerman et al., 2018). Lastly, the CIA may increase
transparency in planning decisions. CIA also enables policymakers to better balance the benefits and
consequences of marine coastal plans and policies prior to implementation (Hammar et al., 2020). Moreover,
it can be used as a tool to support policymakers to communicate scientific evidence (for instance, through
maps) on which management strategies and decisions are based, thus providing a larger degree of
transparency before and during stakeholder consultations (McQuatters-Gollop et al., 2019).

Despite the potential holistic application of CIA methods in policy and management, the current review
reveals that most of the literature concerning CIA in coastal and marine ecosystems do not consider policy
or management actions. Of the 100 papers reviewed, the majority (about 70%) do not consider policy or
management actions, while only 30% mention this.
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Out of the 30% of studies that consider policy and management actions, most of those evaluating the
environmental status of the European seas refer to the MSFD (2008/56/EC) as a relevant policy and MSP as
a process of analysing and allocating the spatial and temporal distribution of anthropogenic activities
(Brodersen et al., 2018; Fernandes et al., 2017; Gkadolou et al., 2018; Hammar et al., 2020; Hansen &
Bonnevie, 2020; Jonsson et al., 2021; Korpinen et al., 2021; Manea et al., 2020; Willsteed et al., 2018).
Similarly, authors that operationalised these assessment frameworks in other marine coastal areas
worldwide (e.g., Xiamen and British Columbia, respectively in China and Canada), referred to other
national/local policies. For instance, lhde & Townsend, (2017) developed scenarios considering both
reductions in Nitrogen and sediments inputs to reflect the nutrient and sediment goals required under the
US EPA specifications for the Total Maximum Daily Load Regulations (USA EPA, 2010). On the other hand,
Xue et al. (2004) presented the assessment of cumulative environmental impacts and the implementation of
integrated coastal management (implemented as part of the Regional Programme for the Prevention and
Management of Marine Pollution in the East Asian Seas) within the harbour of Xiamen, China. In this study,
authors combined policy and planning, including legislative and enforcement mechanisms, with scientific
knowledge support.

The literature review also reveals a lack of empirical evidence on how or if CIA methodologies or approaches
have influenced management processes of MCEs. The reviewed papers mainly highlight the theoretical
contributions of ClIAs to guide policies and decision making for the management of MCEs, while a few
engaged with providing nuance on management interventions based on the CIA application. For example,
Hammar et al. (2020) mention one clear example where CIA has been integrated into marine spatial planning
in practice. In this case, a national marine spatial planning strategy in Sweden has been developed using a
ClA-based GIS application to evaluate the expected effectiveness of precautionary measures in marine
planning and for comparing different locations of new activities. Some other papers assessed alternative
management interventions (such as marine protected areas or fishing management alternatives) within their
CIA methodology to understand what kind of management strategies are necessary to effectively manage
impacts within their study scope (Fu et al., 2020; Jones et al., 2018; Marzloff et al., 2016). MCEs are complex
adaptive systems that translate into management and policy challenges (Willsteed et al., 2018).

CIA in marine spatial planning may improve the capacity of planners to address environmental impacts.
However, integrating CIA into ecosystem-based management requires a structured and transparent
approach with common terminology, methods and the setting of baselines (Andersen et al., 2020). This
review found that, at present, there are a variety of principles and definitions underpinning CIAs that have
inconsistent language, interpretation, and parametrisation which limits the effective use of CIA to effectively
support management and policy making (Judd et al., 2015; Lonsdale et al., 2017; Willsteed et al., 2018). To
enable more effective decision making, there is a need for comprehensive CIA methodologies that not only
focus on the impacts of human activities on ecosystems, but that assess how different human impacts
interact with each other and contribute to environmental change. The latter can provide a more realistic
baseline to enable management decisions (Hansen & Bonnevie, 2020).
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3. Discussion

The results of this review have provided insights into the CIA and MRA approaches and applications
developed in literature. This section provides a reflection on different aspects of this specific research field.
In particular, building on the information extracted from the 100 selected papers (papers reported in the
SM3 of Supplementary Material), this section discusses the potentials, limitations and barriers of the
analysed frameworks and related applications, providing recommendations for future research and
improvements.

3.1 Divinginto a sea of terminologies

Over the last decades, numerous and diverse issues leading to ecological implications have challenged both
environmental scientists and decision-makers in understanding the relationships between social/economic
interests and associated environmental issues, requiring practical evaluation techniques building on
interdisciplinary approaches. Environmental risk and impact assessments are rather complex procedures that
can help to analyse and manage a wide range of environmental issues, including those related to climate
change. Different assessment approaches and frameworks have been developed so far in order to
understand the processes underpinning MCEs deterioration. As observed in this review, most of these
methods apply a stepwise (and cyclic) approach, starting from the definition of the problem toward the
impact/risk identification, analysis, and evaluation. Particularly, the definition of the issue of concern,
including the identification of all relevant stressors (sources of risk), the potential exposure pathways, and
the harm (losses) that might result from exposure to hazard (impacts), is the first step for an effective
evaluation process. However, the definition of “risk” may vary across different research fields. Many
disciplines dealing with risk assessment showed different perspectives about its definition, as well as on
components to be included in the process of its calculation. This review also highlighted substantial
discrepancies in the risk and cumulative impact-related literature, fragmented into many disciplinary
streams, with different definitions evolving within each research community. In this setting, at least two
distinct conceptual frameworks for environmental risk and impact analysis have been recognised: the DPSIR
and the risk-based framework (building on the IPCC definitions, where risk results from the interaction among
hazard-exposure-vulnerability), with related assessment components. Terminologies vary within the
reviewed studies which apply diverse conceptual frameworks but essentially refer to the same assessment
procedure: i.e., an additive approach to map and analyse the potential effects of multiple human pressures
on marine species, habitat and ecosystems. Moreover, a lack of clarity in the use of some terms has been
identified with e.g., “stressors”, “threats”, “drivers”, and “pressures” terms considered sometimes
interchangeably.

Recently, some authors tried to manage this ‘sea of terminologies’ by framing exhaustive glossaries and
conceptual frameworks bridging concepts from several research streams (Elliott et al., 2017; Judd et al., 2015;
Stelzenmdiller et al., 2018). Joint efforts and tight cooperation between the research community and the
European Commission could lift the main uncertainties, as well as better understand how to achieve a
standard and consensus framework (ensuring collaboration across geographic boundaries, disciplines and
sectors) that incorporates cross-border multi-risk management.
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3.2 Al for complex marine and coastal ecosystems

Assessing and managing multi-risks posed by interactive anthropogenic and natural drivers is one of the
major challenges that the research community is currently facing. The inherent complexity of MCEs and the
limited knowledge of spatio-temporal dynamics underpinning their functioning, health and resilience,
represent major obstacles to precisely identify hot-spot risk areas requiring targeted interventions. Within
the investigated publications, non-linear relationships and interactive effects induced by multiple
activities/pressures are poorly explored (Battista et al., 2017; Corrales et al., 2018; Furlan et al., 2019; authors
usually applied additive models to evaluate synergies among pressures, as proposed by Halpern et al., 2008),
due to the limited capability of traditional approaches (e.g., indicators and index-based method, multi-criteria
decision analysis) to capture and mapping these complex dynamics and the resulting MCEs response. To
overcome these limitations, the research community has started to apply new methodological approaches
and tools leveraging the most recent advances in hardware and computer science, including the application
of techniques exploiting capabilities offered by Artificial Intelligence (Al, e.g., machine and deep learning
models) to solve a wide range of complex environmental issues (Bui et al., 2020; Peterson et al., 2020). Thanks
to the current digitisation of European and international society and the consequent availability of a huge
amount of data for environmental observation and monitoring (e.g., remote sensing data from Copernicus
Sentinels, USGS Earth Explorer, among others), Al-based models represent an alternative approach to
investigate complex environmental systems. Moreover, by providing all the information necessary for
achieving Trustworthy Al (e.g., inform SHs regarding the system’s capabilities and limitations, as well as
provide an exhaustive description of the data is being integrated in the model and the ways in which it is
being used) (EC, 2019; Felzmann et al., 2020), these methods support the evaluation of complex (and even
unknown) interactions between interacting climate-driven and local/global anthropogenic factors affecting
MCEs (Teichert et al., 2016), needed to provide a sound quantification of cumulative impacts. In particular,
as emerged from the reviewed studies, these models can be used to i) identify the most influential pressures
driving severe changes in MCEs condition (Teichert et al., 2016); ii) model and predict a wide range of
individual and combined effects among different pressures, including the analysis of
antagonistic/additive/synergistic behaviours (Furlan et al., 2019); iii) model and evaluate multiple scenarios
accounting for diverse climate patterns (e.g. changes in the precipitation regime, rising sea temperatures)
(Furlan et al., 2020), use of MCEs resources and services, management measures (e.g. restoration activities,
implementation of artificial protections) (Stelzenmiiller et al., 2010; Teichert et al., 2016; Uusitalo et al.,
2016b) and governance pathways.

3.3  Dealing with a shifting baseline

In the current context of global warming and ecological crisis, there is an increasing demand for approaches
that can forecast future cumulative impacts of multiple stressors (Fu et al., 2020; Hammar et al., 2020; Mufioz
etal., 2018). This study highlighted that the current CIA application is mainly focused on the present condition
of MCEs. This is due to the complexity and variability of these environments, as well as to the lack of detailed
information on their responses to multi-risk scenarios. In highly variable marine and coastal environments,
this is made even more challenging due to ‘shifting baselines’ in any ecosystem components (e.g., species
shifts, changes in hydrographic patterns, and human activities), making it difficult to detect the long-term
effects of such changes and identify cumulative impacts-prone areas requiring adaptation and restoration
measures (Duarte et al., 2009; Michael Elliott et al., 2015).

This is a key scientific challenge that must be considered when setting targets for the evaluation of Good
Environmental Status (GES) as required by the MSFD (EC, 2008), since improved scenario analyses,
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integrating these shifting baselines, are relevant to drive the formulation of possible mitigation measures for
reaching the objective of GES (Elliott et al., 2015).

In the context of predicting the future, as also emerged in Zennaro et al. (2021), the current digital
transformation is showing high predictive potential to evaluate and manage short-, medium- and long-term
multi-risk and cumulative impact scenarios under climate change. Specifically, long-range planning, informed
by climate and “what if’ scenarios analysis, enables marine managers to predict and explore a range of
potential alternative futures to identify appropriate management measures while avoiding actions that could
lead to further alterations of MCEs. As a consequence, the design of advanced models able to accommodate
‘shifting baselines’ due to climate change, as well as a wide range of potential short-term societal responses
(e.g., including monitoring and measures; Swaney et al., 2012), will represent key tools for addressing
integrated adaptation pathways, providing a more holistic view of the management of current global
warming and ecological crises.

3.4  Abroader perspective on Good Environmental Status

This section discusses how authors dealing with CIA and MRA in European marine coastal ecosystems framed
their approaches (including key indicators integrated) under these regulatory frameworks, as well as
identifies challenges that need to be addressed in future CIA frameworks to support EU better the
implementation and achievement of the relevant EU acquis (e.g. MSFD and MSP directives). In particular, the
main goal of the MSFD is to achieve GES of EU marine waters. GES is described through 11 descriptors (i.e.,
state descriptors that characterise marine biodiversity and pressure descriptors that relate to human-
induced pressures), the level of achievement of which determines whether GES is achieved or not. Measures
of those descriptors could feed CIA frameworks, which in return could pave the way toward disentangling
the effect of single and multiple pressures on the state of MCEs and their contribution to people. Pressures
on the marine environment act in various ways, changing the state of the environment, which subsequently
modify or impact the ecosystem goods and services provided and the well-being of humans. Policymakers at
local, regional, and national levels can decide to respond by acting on the Driving Forces, Pressures, State
and Welfare (see Cooper 2012) by implementing policy tools, for instance, economic incentives supporting
environmental stewardship and less impactful use. These policies, however, require qualitative and/or
guantitative evidence to justify them and to monitor their effects on the ecosystem. This requires a lot of
data, starting with ecological data on the state of marine ecosystems. However, to understand the state of
an ecosystem, baselines need to be established, a critical step for the sound assessment of ecological status
(Borja et al., 2012). Indeed, one ecosystem may present different states whilst being “healthy”, depending
on natural environmental conditions (e.g., wave exposure, sedimentation load, current, temperature). Long-
term monitoring allows the detection of changes or phase shifts as long as the selected indicators are
sensitive enough to disturbances. However, the selection of the right indicators is still under debate for many
coastal ecosystems. Moreover, in addition to state indicators, other indicators are required to assess the
functions and the provision of ecosystem services and it is only recently that the assessment of ecosystem
services started to include the ecological condition to adjust the production function (Culhane et al., 2019;
Failler et al., 2015; Trégarot et al., 2017) or to assess the risk or vulnerability to ecosystem services supply
(Culhane et al., 2019; Trégarot et al., 2021). The relationships between ecological conditions and the delivery
of ecosystem services are complex (Grizzetti et al., 2019) in such a way that a well-preserved ecosystem does
not necessarily coincide with a high level of ecosystem services delivery. For instance, a degraded coral reef
will see its service of water purification increase substantially due to the overgrowth of macroalgae that have
a much higher nutrient uptake rate than coral species (Den Haan et al., 2016). However, other services will
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decrease (recreational activities, coastal protection, provision for food, etc.). Understanding the thresholds
at which ecological phase shifts are observed, and understanding the implication of these phase shifts, is
crucial to linking changes in the ecological condition and delivery of services, and incorporate these links into
CIA, and working towards integrated approaches to avoid reaching ecological tipping points (Hodgson &
Halpern, 2019; Stelzenmdiller et al., 2020). Accordingly, considering a broad bundle of ecosystem services
within CIA and MRA frameworks is essential to avoid misguiding outcomes.

3.5  Obstacles for CIA implementation into policy

Despite the increasing and wide application of CIA and MRA methods in research, their use and application
are still limited and there is little empirical evidence that the results of their application are integrated into
policy discourse. For CIA to be of practical use, it needs to account for the complexity of socio-ecological
systems and the transboundary character of many MCEs within which human activities take place, as well as
the different responses across multiple administrative jurisdictions. This requires more coherence between
methodologies over time, agreement on terminologies and principles (Willsteed et al., 2018), but also finding
tools to account for and address transboundary pressures (for instance, climate change, ocean acidification,
pollution).

For better integration of CIA into policy, more empirical studies are also required to test data needs and
usefulness of CIA in delivering the desired spatial and temporal resolution relative to identified indicators
and management goals (Willsteed et al., 2018). CIA methodologies have a better chance to be implemented
if they are embedded in already existing decision-making and planning processes for climate change
adaptation and management of MCEs (Hammar et al., 2020). However, there seem to be a few persisting
obstacles that prevent decision-makers from making full use of methodologies and tools developed by
academia (Kirchhoff et al., 2013). To help overcome this gap between knowledge production and its use,
researchers might need to improve communication and engagement with policy actors and develop
approaches able to better integrate institutional, economic, and cultural constraints (Bednarek et al., 2015).
In this sense, for CIA methodologies to be applied in practice, it is important that evaluation pathways are
conducted through a process that ensures coordination and synergies among different actors, policies, and
programs at different scales and layers.

4. Conclusions

In this study, a theoretical review of the state of the art of methodological approaches and frameworks
already developed by the scientific community for cumulative and multi-risk appraisal in MCEs was
performed. Specifically, an iterative scientometric and systematic literature review of relevant studies was
carried out to recognise trends and gaps in this specific research field, providing a comprehensive analysis
and discussion of the existing literature over the past 20 years. More than 700 articles were initially identified,
which were carefully screened to finally select a comprehensive set of 100 papers, representative of the most
relevant CIA-related studies and applications for MCEs.

As the first remark, the performed review showed a meaningful increase in publications from 2008, when
Halpern B.S. analysed for the first time the relationships and cumulative effects of multiple pressures
affecting MCEs. Afterward, building on this milestone approach, authors started integrating into their study
an increasing number of pressures (frequently in line with the list of pressures listed within the MSFD) using
indicator/index-based methods, while ranking the pressures-ecosystem nexus through expert-based

34



judgment (as proposed in the Halpern B.S. approach). In the last decade, with the progressive digital
transformation, new methods (data-driven approaches including, e.g., Bayesian Networks and Random
Forest models) have been developed and tested to evaluate the effect of multiple pressures affecting MCEs.
Moreover, following recent EU policy and international agreements (e.g., EU 2030 Biodiversity strategy,
Sustainable Development Goals), the ecosystem services perspective started to be integrated into CIA
frameworks as a further assessment endpoint within the overall evaluation process.

Drawing on these outputs, this review identified key challenges that need to be addressed in future CIA
frameworks to provide more accurate guidance to policymakers for sustainable coastal ecosystem
management. The first challenge for the research community is to develop and test cutting-edge approaches
(e.g., ML-based models) able to capture/evaluate the complex and non-linear inter-relationships among
multiple pressures affecting MCEs, which increase the level of complexity and uncertainties underpinning the
design of integrated management plans. Dynamics are neglected in most of the reviewed studies, where the
combined effect of different pressures was modelled “just” under an additive fashion, thus without
considering potential synergistic or antagonistic interactions. Solving these limitations depends on the
research progress of multi-source monitoring techniques needed to characterise and monitor the quality of
the environment. Indeed, spatio-temporal data for marine and coastal environmental monitoring and
management (e.g., satellites, drones) are becoming increasingly available. Consequently, authors now have
the possibility to design and train more sophisticated data-driven models that allow integrating
heterogeneous data to disentangle complex (and even unknown) interactions between human activities, the
climate system, the ecosystems and the services they provide. In addition, this would also support the
implementation of multivariate scenario analysis, which is useful for estimating the potential ecosystems’
response to the effect of different environmental and social patterns. Similarly, this review also revealed a
lack of consideration of the potential influence of specific ecosystem services in reducing/mitigating the
effect of both endogenic and exogenic pressures while increasing the resilience of MCEs to further
perturbations. In particular, some authors only recently started integrating into CIA frameworks the
ecosystem services flow component, but only as an additional assessment endpoint within the overall
assessment process (i.e., potential ecosystem services losses or degradation against cumulative impacts
scenarios). The reason behind this limited and latest integration can be traced back to the recent
international definition of marine ecosystem services under the CICES classification supporting ecosystem
service mapping and capital ecosystem accounting.

Importantly, the current review revealed a reduced consideration of policy or management actions and their
potential empirical evidence on how these CIA methodologies have influenced the management processes
of MCEs. Most of the studies just mentioned the theoretical contributions of CIAs to guide policies and
decision-makers within the management of the analysed ecosystems. Greater efforts should be made to
improve synergies between the research community and stakeholders (including policymakers) from local to
national and international levels.

Finally, progress in understanding cumulative impacts, particularly through ML models, which can help
improve the overall understanding of environmental systems behaviour, might help to identify some relevant
trends potentially representing ecosystem thresholds of change or approaching tipping points. Overall, these
advances would reinforce, on one side, the current systemic knowledge and, on the other, provide more
accurate CIA future scenarios allowing to drive more robust adaptation planning in MCEs.
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SUPPLEMENTARY MATERIAL (SM) FIRST PAPER

Supplementary material SM1: Query string performed in Scopus (search date: March 2022)

TITLE-ABS-KEY (("cumulative impact*" OR "cumulative effect*") AND ("marine"” OR "coastal" AND
"ecosystem*" OR "environment")) OR (("cumulative impact*" OR "cumulative effect*" AND ("ecosystem
service*" OR "multi-risk*" OR "multi risk*" OR "climate change" OR "ecological tipping point*" OR "policy
support" OR "ecosystem health" OR "ecosystem condition" OR "ecosystem vulnerability" OR "safe
operating space" OR "adaptive capacity” OR "resilience")) AND ("marine" OR "coastal" AND "ecosystem*" OR

"environment")).

Supplementary material SM2: List and description of the comparison criteria

Class of criteria

Comparison
criteria

Descriptions

Article detail

Main information
of the paper

These criteria specify the authors, title, year of publication, source of
the papers and the type of document (i.e., article, letter, review,
proceedings paper, report) of all 95 papers.

Case study area

Case study area including details on the scale of analysis and where
possible the specific location where the method was applied.

CIA conceptual

frameworks and

methodological
approaches

The name of the method assigned by authors (or the generalized name
e.g., CEA, CIA) together with the specific type of analytical approach

Method applied (e.g., mapping, indicator/index, machine learning, etc.). It also
specifies the components analysed through the CIA-related methods
(e.g., hazard, exposure, vulnerability, risk, etc.).
This includes specifications on pressures integrated into the study (e.g.,
Pressure/hazard commercial shipping, invasive species, ocean acidification, SST) and the
interaction potential evaluation of their interactions (detailing the list of

interactions).

Exposed targets

The exposed environmental targets, such as coastal seagrasses, reefs,
wetlands, etc.

Vulnerability
factors/indicators

the vulnerability factors (or indicators) used to describe their sensitivity
(or adaptive capacity) to multiple pressures (e.g., ecosystem state
indicators, substrate composition, spatial extent and recovery times of
habitats, etc.).

Healthy marine coastal
ecosystems under a
changing climate

Scenario analysis

The presence/absence of climate change/management future scenario
analysis (yes/no), detailing the investigated timeframe (for both
baseline and future scenarios) and the endogenic and exogenic variables
modelled under these scenarios (e.g., rising SST under the 2050
timeframe scenario).

Ecosystem Services

Ecosystem Service

The ecosystem services integrated into the CIA framework (yes/no), also
clarifying the type of ES considered in the study (i.e., provisioning,

ecological tipping point

into CIA frameworks assessment - . .
regulation & maintenance, and cultural services)
When cumulative
impacts lead to Considering The integration of ecological tipping point concept into the CIA analysis
P tipping point (yes/no), detailing the investigated variables and thresholds.

Policy support for risk

Considering policy

Evidence for use of CIA approaches for integrated management of
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management and (management marine coastal ecosystems
climate adaptation in actions)
MCEs

Supplementary material SM3: Results and insights from the Scientometric review

As described in Section 2.1, the Scientometric review was performed by firstly applying a literature search in
Scopus. This selection method led to the identification of 691 publications (value obtained at the end of
March 2022) dealing with CIA in MCEs, during the investigated 2000-2022 timeframe period. This process
allowed to develop the first Scientometric review (and related graphs) by using the bibliometric data of the
741 selected as input data for analysis through the open-source bibliometrix R Package. Afterward, the same
Scientometric analysis was repeated by considering only the 253 papers obtained against the title-screening
phase, as implemented under the Systematic review (Section 2.3). This allowed performing a more robust
review, focusing only on a restricted number of preselected papers, thus avoiding non-significant documents
(e.g., reviews papers or publications not focusing on the topic of concern of this review) for the scope of this
study. Hereafter, the main findings from the performed Scientometric review (both for the 691 and 253
papers) are reported, highlighting i) the annual scientific production; ii) the most relevant authors; iii) the
most frequent authors’ keywords; iv) the most relevant keywords; v) the country collaboration networks’
evolution under different time slices (i.e., 2000-2005, 2006-2010; 2011-2015; 2016-2022).

Annual scientific production

The analysis of the annual scientific production allowed examining the number of publications per year from
2000 to 2022, thus getting some insights on the progressive relevance and trends in CIAs methods and
applications across MCEs. Specifically, as shown in Supplementary Figure S1, a relevant positive increase in
publications during the last eight years (from 2014-2022) can be observed, which overall, they account for
more than half of the whole literature of concern (from about 30 to 80 papers per year). Moreover, it is
evident a gradual increase in publications since 2008. In fact, with his global-scale assessment, Halpern et al.,
(2008) (the pioneer of these applications) has laid the way for other CIA applications (Korpinen & Andersen,
2016; Quemmerais-Amice et al., 2020), following his same approach (or similar ones).

Articles
Articles

2001 2002 24 2005 2008

W A mim
Year Year

SUPPLEMENTARY FIGURE S1: NUMBER OF PUBLICATIONS APPLYING CIA IN MARINE AND COASTAL ECOSYSTEMS DURING THE
2000-2022 TIMEFRAME (LEFT: ACROSS THE 691 PAPERS, RIGHT: ACROSS THE 253 PAPERS).
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Top authors’ production over the time

The analysis of the author’s production overtime allows integrating information concerning the number of
contributions and the quotations authors have received through the years. This is analysed by means of the
graph as presented in

Supplementary Figure S2, showing the top 20 authors with the higher contribution to CIA in MCEs. Focusing
on the symbols applied in the graph, the size of the dots is proportional to the number of publications per
year. Accordingly, it is possible to see when and how many articles these authors published in the 2000-2022
timeframe. Moreover, the colour of dots is proportional to the overall document’s citations received by the
author per year (i.e., dark blue dots correspond to the most cited papers). On the other hand, the red line
per author represents the production time between the first document published and the last one, allowing
us to understand the frequency of publication per author over the last two decades. In particular, considering
the top 20 author’s production under the 2000-2022 timeframe, Halpern B.S. emerged as the main author
(with an overall number of 20 publications from 2008) applying a systematic procedure for evaluating the
cumulative impact from multiple pressures/activities on MCEs.

HALPERN BS e & @& . [ ] & o

Author
.J.

, Author

Year
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SUPPLEMENTARY FIGURE S2: TOP 20 AUTHORS' PRODUCTION OVER THE TIME (UP: ACROSS THE 691 PAPERS, DOWN:
ACROSS THE 253 PAPERS). THE RED LINE SIGNS THE PUBLICATIONS PERIOD OF THE AUTHOR, WHILE THE SIZE OF THE DOT
SIGNIFIES THE RELEVANCE OF PAPERS PUBLISHED WITHIN THE CIA.

The two blue dots in the Halpern BS timeline highlight this researcher as the most cited author through the
investigated timeframe, recognizing him as the most prominent author dealing with CIA methodology applied
in MCEs. Along with Halpern B.S., the first 5 main authors are Micheli F., Andersen J.H., Depellegrin D,
Stelzenmuller V.. However, even though they are among the most productive authors, developing CIA-
related methodologies for the longest time, we can see a reduced frequency in publications and a lower
number of citations compared with Halpern B.S.

Word Cloud

The Word cloud graph analyses the most frequent 50 author’s keywords used among the whole set of papers
published during the 2000-2022 timeframe. Looking at the resulting figure generated from this analysis
(words are distributed on a shape similar to an ellipse, Supplementary Figure S3, it can be seen a gradient in
word size. In particular, the most frequent words are presented with the biggest font and are positioned
towards the centre of the ellipse.
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SUPPLEMENTARY FIGURE $3: WORD CLOUD ANALYSIS ILLUSTRATES THE MAIN AUTHOR’S KEYWORDS (LEFT: ACROSS THE 691
PAPERS, RIGHT: ACROSS THE 253 PAPERS). THE BIGGEST SIZE AND THE CENTRALITY POSITION OF KEYWORDS INDICATE THE
MOST IMPORTANT KEYWORDS EMPLOYED BY AUTHORS WITHIN THE CIA IN MARINE AND COASTAL ECOSYSTEMS.

As we might expect, the figure discloses as main frequent author’s keywords, those contained in the query
string (explained within Section 2.1) such as cumulative impacts, cumulative effects. Furthermore, besides
these keywords, ecosystem-based management (EBM), marine spatial planning and climate change emerged
as the keywords most frequently used by authors. In fact, not surprising, many CEA and CIA methods have
been developed to support decision-makers and planners in the design of spatial plans for MCEs
management and conservation/restoration under the ecosystem-based management approach (Menegon
et al., 2018a), as promoted by the MSP, MSFD and CBD regulatory frameworks (Andersen et al., 2015;
Dominguez-Tejo et al., 2016; Manea et al., 2020). Recently, also climate change threats have started to be
considered across many regulatory frameworks (e.g., MSP), and methodological approaches which started
integrating this concept to assess and model future environmental conditions of marine and coastal
ecosystems and foresee potential alteration of biological, chemical and physical processes (Furlan et al.,
2020; E. Gissi et al., 2019) leading together to changes in ecosystem services flow. In fact, a key pillar of the
ecosystem-based management approach is also the assessment of the range of marine ecosystem services
which society can benefit from healthy marine and coastal ecosystems (Douvere & Ehler, 2008; M. Elliott et
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al., 2017; Farella et al., 2020). However, nowadays marine ecosystem services are poorly considered in CIA
approaches, and this aspect is also reflected in the word cloud where marine ecosystem services doesn’t
appear as a focal keyword, since only recently started to be explored within the CIA methods (Depellegrin et
al., 2020; Farella et al., 2020; Singh et al., 2020a).

Country collaboration map

The evaluation of scientific collaborations among countries applying CIA methods in marine and coastal
ecosystems is performed by analysing the authors’ affiliations related to the same publication. Specifically,
through this analysis, the number of documents in which there is at least one co-author from a different
research institute is calculated. The country scientific collaborations graphic was performed, similarly to the
previous analysis, under four different timeframes (i.e., 2000-2005, 2006-2010, 2011-2015, 2016-2022), thus
allowing to understand the evolution of collaboration networks over time (Supplementary Figure S4).

o

A) Timeframe scenario 2000-2005 B) Timeframe scenario 2006-2010
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C) Timeframe scenario 2011-2016 D) Timeframe scenario 2016-2022
SUPPLEMENTARY FIGURE S4: COUNTRY COLLABORATION MAPS UNDER FOUR TIME-SLICES: A) 2000-2005; B) 2006-2010;
C) 2011-2015; D) 2016-2022 (ABOVE: ACROSS THE 691 PAPERS, BELOW: ACROSS THE 253 PAPERS).

Specifically, during the first time slice (Supplementary Figure S4A), with only seven papers published, the first
country approaching CIA in marine and coastal ecosystems are USA, Canada, UK and China. Moreover, during
this period only one interconnection emerged between USA and China. In the following 2006-2010 time
period (Supplementary Figure S4B), collaborations among countries gradually increased according to the
related rise in publications (with new contributions from Oceania, South America and central-east Africa).
Instead, during the third timeframe period, many European States started developing collaborative CIA
approaches with extra-continental states (as illustrated by the high number of red lines in Supplementary
Figure S4C). In the last timeframe, we can observe a dense network of interconnections among states, as a
result of the increased international relevance of this specific research field. Finally, the present plots also
pointed out the lack of contribution of some relevant coastal States situated mainly in the north and south-
west Asia, southeast Europe, Africa, South America, Mexico, the Caribbean area and Greenland. Therefore,
further advancement of such approaches, as well as a better understanding of the potential impacts posed
by multiple drivers, could be pursued by also fostering new collaborations with coastal and marine
researchers and local stakeholders, in order to shape different CIA frameworks specifically designed and
operationalized for site-specific marine and coastal ecosystems and connected environmental issues.

Supplementary material SM5: List of main terminologies

DPSIR framework
. L. They represent natural and anthropogenic forces that can drive variations in | (Neves et al.,
Drivers/driving ) . . L .
forces the state of socio-ecological systems(s). Drivers/driving forces, in turn, may | 2008)
exert intentionally or unintentionally ‘pressures’.
Pressures can broadly be described as the means through which drivers are | (Neves et al.,
Pressure actually expressed, i.e. the way they may interfere, perturb and alter socio- | 2008; Oesterwind
ecological systems(s), then causing an effect (or multiple ones) on any of | et al., 2016)
its/their part.
The state is the actual condition of a system(s) and its components, | (Oesterwind et
State/state establ'isht.ed in a Ct'erta'in area an.d under a specific .time frame. It can be | al., 2016)
change guantitatively-qualitatively described based on physical (e.g. temperature,
light), biological (e.g. genetic-, species-, community-, habitat-levels), and
chemical (e.g. nitrogen level, atmospheric gas concentration) characteristics.
Consequences of system(s) state change in terms of substantial | (Oesterwind et
Impact environmental and/or socio-economic effects which can be both, positive or | al., 2016)
negative.
Responses Responses are the reactions by the society and policymakers triggered by the | (Maxim, 2009)
impacts, and may target drivers, pressures, state/state changes or impacts.
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RISK-based framework

The potential occurrence of natural or human-induced physical or chemical
events or trends that may cause loss of life, injury, or other health impacts, as

(IPCC, 2018)

Hazard well as damage and loss to property, infrastructure, livelihoods, service
provision, ecosystems, and environmental resources.
The presence of people, livelihoods, ecosystem and their services, | Adapted from
Exposure infrastructure, or economic, social, or cultural assets located in places that | IPCC, (2018)
could be adversely affected by natural or human-induced hazards.
It represents the propensity or predisposition of a community, system, or | (Adger, 2006;
asset to be adversely affected by a certain hazard. In a broad sense, it should | IPCC, 2018)
Vulnerability include economic, social, geographic, demographic, cultural, institutional,
governance, and environmental factors. Vulnerability encompasses a variety
of concepts and elements including exposure to external impacts, sensitivity
or susceptibility to harm, lack of capacity to cope and adapt.
The potential for adverse consequences from climate and human-related | Adapted from
hazard for socio-ecological systems, resulting from the interactions between | IPCC, (2018)
Risk the hazard and the vulnerability and exposure of the affected system. Risk
integrates the likelihood of exposure to a hazard and the magnitude of its
impact. It can be expressed in probabilistic or relative/semi-quantitative
terms.
Other key terminologies
Ecosystem components may be affected by a wide range of pressures at the | (Patricio J., 2014)
same time, but not necessarily featured by the same effect and extent. These
Cumulative multiple pressures, being frequently overlaid, can lead to cumulative (the sum
Impacts/Effect | of the effects) and interactive effects, resulting in combinations that may be
synergistic, when the sum of the effects is increased, or antagonistic in case
effects may decrease or cancel each other
The comprehensive integrated management of human activities based on the | (OSPAR-HELCOM,
Ecosystem best available scientific knowledge about the ecosystem and its dynamics, in | 2003; ICES, 2003)
Based order to identify and take action on influences that are critical to the health
Management of marine ecosystems, thereby achieving sustainable use of goods and
services and maintenance of ecosystem integrity
Ecosystem services are the contributions that ecosystems make to human | (Haines-Young, R.
well-being. These services are final in that they are the outputs of ecosystems | and Potschin, M.,
Ecosystem (whether natural, seminatural or highly modified) that most directly affect the | 2013)
Services well-being of people. A fundamental characteristic is that they retain a
connection to the underlying ecosystem functions, processes and structures
that generate them.
Endogenic drivers: or managed pressures are those emanating from within | (Elliott et al.,
Endogenic the system un.dfer study (a sea area, 'an.estuary)' and which ng'can c.ontr.ol 2015; Furlan et
Drivers (e.g., port activities, aquaculture, shipping traffic, ports activities, oil-spill, | al., 2019)
site-specific human activities carried out within an area, anthropogenic
biological hazard, chronic and acute chemical hazards).
Exogenic Exogenic drivers are those emanating from outside the system (globally or | (Elliott et al.,
. from catchment) which are not under our control when managing a particular | 2015; Furlan et
Drivers
system. al., 2019)
Susceptibility of an ecosystem component to a specific pressure. The concept | (Laffoley et al.,
of sensitivity accounts for the ecosystem components' recovery potential, | 2000; Tillin et al.,
Sensitivity resistance and resilience with respect to certain pressure and related effects. | 2010;
Stelzenmdiiller et
al., 2018)
Events and trends, often not climate-related, that have an important effect | (IPCC, 2018)
Stressors

on the system exposed and can increase vulnerability to climate-related risk.
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ABSTRACT

Human well-being and societal resilience are deeply tied to marine coastal ecosystems, yet they are
threatened by multiple endogenic and exogenic pressures. In this study, a new MAchine leaRning-based
CumulaTive Impact AssessMEnt (MARITIME) model is implemented and operationalised through the Random
Forest algorithm to better understand the risk of cumulative impacts on seagrass meadows in the
Mediterranean Sea and their cascading effects on the capacity to deliver ecosystem services for this key blue
carbon ecosystem under a reference state (2017) and future climate change scenarios (RCP4.5 and RCP8.5).
The results indicate a shrinkage of seagrass meadows, particularly at lower depths, and a decline in related
ecosystem services capacity by both 2050 and 2100. This trend is notably severe across the entire
Mediterranean basin under the long-term scenario. Such shrinkage may trigger further impacts, including
the release of buried carbon, potentially transforming Mediterranean coastal areas from carbon sinks into
sources of carbon emissions - a phenomenon likened to a 'carbon bomb'.

UNDER REVISION in the Journal “Ecological Informatics”
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1. Introduction

Marine and coastal ecosystems (MCEs) are crucial for human well-being by providing essential life-support
functions and services (Albert et al., 2020; EEA, 2019a). However, most MCEs, such as seagrass meadows,
coral reefs, and mangrove forests, are under cumulative stress from various human activities, including
coastal development and pollution. Moreover, the complex interplay between anthropogenic and climate-
related pressures (e.g., ocean warming and acidification) is increasingly exacerbating the risk of cumulative
impacts across these socio-ecological systems (He, 2023; Tiffany H. Morrison et al., 2019). The Mediterranean
Sea ecosystems have not been spared from this intense pressure (Korpinen et al., 2021; Micheli et al., 2013),
jeoparding their health and resilience, and reducing biodiversity and ecosystem services (Beusen et al., 2022;
EEA, 2019a; IPBES, 2019; IPCC, 2019).

To address this challenge, the research community has started designing and applying spatially referenced
cumulative impact/effect assessment (CIA/CEA) approaches and tools, adapting analytical frameworks
(Furlan et al., 2020; Hansen & Bonnevie, 2020; Menegon et al., 2018) for local and regional applications.
These methods have been applied to several coastal and marine areas to support the assessment and
mapping of the distribution of key pressures and their potential combined effects on marine life and
ecosystem health, as well as the cascading effects on their capacity to provide services (Korpinen & Andersen,
2016; Simeoni et al., 2023). Since the inception of this approach (Simeoni et al., 2023), most CEA/CIA
applications have built on an index-based methodological framework (Halpern et al., 2008), calculated by
aggregating information on the pressures’ intensity and the sensitivity (usually based on expert-based
weightings) of analysed ecosystems to these pressures. Recent studies have tested more complex methods
toimprove these analyses. Specifically, Machine Learning (ML) applications have been implemented to assess
changes in the environmental and ecological status of MCEs against multiple pressures (Furlan et al., 2020;
A. Stock et al., 2018b; Teichert et al., 2016; Turschwell et al., 2020). ML applications leverage algorithms such
as Random Forest (RF) and Bayesian Networks to analyse and extrapolate patterns from spatio-temporal big
data. These algorithms are advantageous for their ability to analyse non-linear structures, handle complex
phenomena, manage large datasets at different spatial and temporal scales, and address missing data in
environmental fields (Bui et al., 2020).

Drawing on these state-of-the-art methodologies, the main aim of this work is to develop a cutting-edge risk
assessment model that allows: i) a multi-scenario assessment of environmental impacts arising from
changing oceanographic and climate conditions, ii) unravelling the mechanisms by which multiple stressors
influence MCEs condition and responses, iii) investigating the interrelations between climate change and
human-made pressures, variations in the MCEs conditions, and the cascading effects on the ecosystem
services capacity.

To achieve these objectives, this study presents a new MARITIME model designed to support a sound
comprehensive evaluation of the risk of cumulative impacts affecting ecosystems at an ecoregional scale. As
illustrated in Figure 6, the MARITIME model is composed of two macro-layers: i) a top/input layer, relying on
data representing proxy indicators for the identified key threats/pressures, such as shipping traffic, nutrient
input, changes in temperature and salinity regimes, and ii) a bottom/output layer, integrating an indicator of
seagrass distribution (the model response explaining the ecosystem condition) along with two derived
indicators depicting the potential capacity for carbon sequestration and denitrification.

The developed MARITIME model, implemented through a RF algorithm, allows the identification of the most
important stressors, i.e., variables that substantially contribute to accurate predictions, and elucidates their
relationships with the response variables (it analyses how these stressors interact and cumulatively influence
the response variables under study). Additionally, the model predicts seagrass distribution under future
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scenarios representing changes (i.e., anomalies between future and reference periods) in the pressures’
distribution and intensity.
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To evaluate the seagrass ecosystem’s responses to climate change conditions, this model has been
implemented with the historical conditions of the Mediterranean Sea in the reference period (1998 — 2017,
see more details in Section 2.1 “Data collection”). Then, it has been trained, validated, and tested through
various iterative analyses, including hyperparameter tuning, feature selection, spatial-cross validation, and
model performance evaluation. Finally, a set of GIS-based multi-risk scenarios have been produced by
integrating future conditions of key environmental parameters under different Representative Concentration
Pathways (RCPs): the stabilisation scenario RCP4.5 and the “business as usual” scenario RCP8.5 (IPCC 2013).
Projections of Sea Surface Temperature (SST), Marine Heat Waves (MHW), Salinity (SAL), and Sea Surface
Height (SSH) have been extracted from available climate models for the Mediterranean region, covering two
different timeframes: i) short-term from 2031 to 2050, and ii) long-term from 2081 to 2100.

This multi-risk scenario analysis has been implemented using a stepwise approach to investigate the complex
interactions among the selected model predictors. For each step, variations in seagrass distribution between
reference conditions and future scenarios have been assessed and compared to the previous step to identify
differences or anomalies potentially linked to the synergistic/antagonistic interactions among stressors.
Initially, the simulation considered all stressors together (i.e., the cumulative scenario SC-ABC) which includes
simultaneously all future variations in SC-A: SST+MHWs, SC-B: SAL and SC-C: SSH. Subsequently, these
indicators have been tested individually (SC-A, SC-B, and SC-C) and in pairs (SC-AB, SC-AC, SC-BC), allowing
for comparisons with the initial scenario.

2. METHODS

2.1 Data collection
The operationalization of the MARITIME framework necessitates the collection and pre-processing of a vast
amount of heterogeneous data capable of representing spatial distribution and intensity of both endogenic
and exogenic pressures (Michael Elliott et al., 2020), as well as detailed information on ecosystems’ health
and biodiversity. To this aim, different open-source web-data platforms have been screened (e.g., Copernicus
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Services, EU-Atlas of the Sea, Worldclim, UNEP and EMODnet data), paying particular attention to the
availability of high spatio-temporal resolution data.

As a first step, bathymetric data, essential for delineating the boundaries of the case study area, has been
retrieved from the EMODnet database (https://www.emodnet-seabedhabitats.eu/). Subsequently, focusing
on the most relevant stressors affecting seagrasses meadows in the Mediterranean region, data on both
endogenic (i.e., variables regarding nutrients load, dissolved oxygen, water transparency, turbidity, and Chl-
‘a’) and exogenic pressures (e.g., sea surface temperature, pH, marine currents, waves, etc.), have been
retrieved from Copernicus Marine Service (CMEMS). Additionally, the spatial layer indicating the “kinetic
energy at the seabed due to currents” (and the related metrics — mean of annual 90" percentile) has been
retrieved from the EMODnet Platform (www.emodnet-seabedhabitats.eu). This indicator allows for an
understanding of how underwater currents influence sediment transport and seabed stability, which are
critical factors for seagrass habitat health. Regarding shipping traffic, data on vessel traffic density (hours per
square km per month) has been collected from the EMODnet Human Activities database web portal
(www.emodnet-humanactivities.eu). Furthermore, to evaluate the influence of human coastal activities and
urban areas on seagrass health and distribution, several indicators and metrics related to the proximity to
human settlements (e.g., ports, shores, main cities, and river mouths) have been retrieved and pre-
processed. Specifically, two open-source layers representing the distance from ports and shores along the
Mediterranean coasts have been gathered from Global Fishing Watch (https://globalfishingwatch.org/data-
download/). On the other hand, the minimum distance of each seagrass meadow to the nearest major cities
and river mouths has been calculated using the Haversine formula based on datasets containing information
on major rivers and cities near the Mediterranean Sea shores.

Finally, different seagrass distribution maps across the Mediterranean ecoregion have been compiled for
data on ecosystems' health and biodiversity. Data from a broad range of UNEP-WCMC global biodiversity
standardized databases for the year 2017 has been combined with the seagrass coverage layer produced by
EMODnet Seabed Habitats (for 2016, 2017, 2018) to obtain the most complete representation of seagrasses
distribution in the investigated marine region. The whole set of reference data (indicators and related
metadata) selected for the MARITIME operationalization in the Mediterranean Sea eco-region is provided in
Supplementary Table SM3.

Moving from the reference to the scenario analysis, projections from regional climate models have been
integrated into the RF model. More precisely, the CMCC Med-CORDEX RESM covers the Mediterranean Sea
and a small part of the Atlantic Ocean, with a mesoscale permitting horizontal resolutions for both the
atmospheric (i.e., 12km) and the ocean (i.e., 6.5km) components. The atmospheric code is COSMO-CLM,
while the ocean component is based on the NEMO code. The model for the land surface and near-surface
soil column is Veg3d LSM. Three climate simulations have been carried out, one of them in historical mode
(1960-2005) and the others in projection mode (2006-2100 RCP 4.5 and RCP8.5).

2.2 Data preprocessing
The dataset required for operationalizing the model undergoes several data preparation and pre-processing
steps, which are crucial for ensuring the representation and quality necessary for ML-based algorithms to
succeed (Kotsiantis et al., 2006). To pursue this task, the study area has been delineated, prioritizing the
reference year 2017 as it shows more complete data availability in seagrasses ecosystem coverage across the
entire Mediterranean Sea. According to literature, seagrasses predominantly inhabit shallow waters, typically
within depths of 40-50 meters (UNEP, 2020b). Consequently, a bathymetry layer up to 50 meters deep has
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been used to delineate the selected to define the case study area, ensuring it falls within the typical seagrass
habitat range. However, depth itself was not included as an indicator in the table of metrics used for training,
validation, and testing the RF model (as reported in Supplementary material SM1). Subsequently, all data
collected for RF model operationalization have been pre-processed to homogenize their different spatial
resolutions into a uniform 4 km-based raster grid. Moreover, a series of yearly-based metrics (such as
minimum, maximum, standard deviation, etc.) have been calculated for each of the environmental indicators
selected. These steps ensure that the data are appropriately formatted and optimized for integration into
the MARITIME model. This facilitates robust analysis and accurate prediction of seagrass distribution and
ecosystem responses under various scenarios.

Looking at the response variable, seagrass distribution depends on the presence or absence of seagrass
meadows. Class 0 corresponds to the absence of seagrass (value = 0). Data in the range (0, median] are
assigned to class 1 ("moderate presence"), while data in the range (median, maximum] are assigned to class
2 ("high presence"). This classification allows a more detailed understanding of seagrass distribution within
the coarse 4km-based raster grid. More details on the calculation and mapping of model predictors and
responses are reported in Supplementary material SM2.

2.3 Model selection
As emerged in Simeoni et al. (2023) and Zennaro et al. (2021) , the RF algorithm started to be used in the
frame of climate change risk assessment and CIA studies for modelling and understanding of the ecological
response of water bodies to multiple stressors. Building on these applications, this study focused on the
design and implementation of an RF multi-class classification problem, in which a key indicator representing
environmental condition of seagrass meadows (considered by means of an indicator representing the
seagrass distribution) is classified. More precisely, this algorithm was chosen across the wide range of
available ML-based algorithms for its versatility and powerful features which make it highly suitable for a
wide range of classification and regression problems (AhmedK et al.,, 2013). This model is particularly
effective because it is computationally efficient, allowing for relatively fast training and prediction (Zhang &
Ma, 2012). Additionally, it requires minimal parameter tuning, which simplifies its application, even for high-
dimensional datasets. Moreover, it fits with the specific needs of this application as it can handle missing
values seamlessly, assign different weights to classes to manage imbalances, and provide insights into
variable importance, which is crucial for understanding the contribution of individual features.
Another important factor in choosing RF is its capability to support scenario analysis (Teichert et al., 2016). It
allows testing how potential variations in inputs (e.g., climate-related variables) can influence the output
(such as seagrass meadows, corals, etc), making it highly relevant for evaluating the future impacts of various
climatic and human-related stressors. This capacity to analyze and predict outcomes under different
configurations is essential for understanding risks and planning more robust adaptive strategies.
Furthermore, RF leverages an ensemble approach that enhances predictive performance. By combining
multiple decision trees, each trained on randomly sampled data and features, it achieves robust predictions
with reduced variance. The inclusion of random feature subspacing ensures that trees are less correlated,
further improving the model's reliability.
Finally, RF offers spatial representation capabilities, enabling predictions to be visualized in the form of maps.
This facilitates the communication of findings to stakeholders by providing an intuitive and visually engaging
way to interpret and present results.
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2.4 Model operationalization

From an operative perspective, the design of the RF follows a precise analytical workflow, from model
development to training and testing, and finally, scenario analysis. Specifically, once the available data for
the selected eco-region are pre-processed and analysed, the dataset to be used for the model development
can be created. To proceed with training and testing, the dataset is split into two sets: 90% of the total data
for training and 10% for testing. The training set fits the model, while the test set evaluates the final model's
performance. Then, after some iterative processes, the best model configuration can be implemented to
move to the scenario analysis and develop a set of related GIS-based multi-risk scenarios. To get a consistent
estimation of the RF model performances, that are not biased by a specific configuration of training and test
set, a cross-validation method has been applied. Particularly, in this study, a spatial cross-validation approach
has been implemented to address the issue of data 'spatial partitioning' (Roberts et al., 2017). This technique
has been employed to account for the inherent autocorrelation in the data, where points/pixels nearby tend
to exhibit greater similarity compared to those further apart (Getis et al., 2004). Using random samples alone
would violate the assumption of Independent and Identically Distributed Data (IDD), as the samples would
not be statistically independent. The study area has been divided into distinct spatial blocks to overcome this
challenge, ensuring a more robust and reliable analysis. More precisely, to create different spatial areas,
pixels within the whole case study area have been clustered by the KMeans algorithm in n spatial blocks until
a good spatial partitioning of observations is reached upon manual inspection. Blocks representing sub-areas
of the case study have been used for 10-fold cross-validation. This spatial cross-validation has also been used
to research the best architecture of the model (i.e., the architecture that maximizes the model's accuracy in
the validation set). Once the best hyperparameters have been selected, the feature selection, i.e., identifying
the most relevant features, has been performed. To choose the best features, the spatial cross-validation
needs to be performed again, and a recursive elimination of the features follows. Finally, the scenario analysis
was carried out by calculating anomalies between the reference scenario (1998 to 2017) and future
scenarios. Both circular bar plots and spatial maps have been structured to highlight the projections’
anomalies and better compare the scenarios.

3. Results

3.1 Predicting future distributions of seagrass meadows under different climate

conditions

Overall, the MARITIME model predicts a more severe risk of cumulative impacts under long-term scenarios
across different RCPs. Within the 2031-2050 timeframe, both RCP4.5 and RCP8.5 scenarios show similar
overall changes and spatial variations. More precisely, climate-related forcings are projected to cause a 6-
12% potential shrinkage in seagrass meadows (under RCP8.5 and RCP4.5 scenarios, respectively), mainly in
the “moderate presence” class. This decline corresponds to an 800-1600 Km2 reduction across the
Mediterranean basin. In terms of spatial distribution, as depicted in Figure 2c and Supplementary Material
SM6, the meadows surrounding the Balearic Islands and the French coastline appear to be the most risk-
prone regions under the cumulative scenario (SC-ABC) in the short-term time horizon (see panels A and B of
Figure 7c).
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FIGURE 7: FUTURE CHANGES IN SEAGRASS DISTRIBUTION FROM THE REFERENCE PERIOD TO THE SHORT (2031-2050)- AND
LONG-TERM (2081-2100) UNDER THE RCP8.5 SCENARIOS
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a,b, Anomalies between reference period (1998-2017) and future scenarios for seagrass distribution. The
tested scenarios include i) individual scenarios (SC-A: SST+MHWSs, SC-B: SAL, and SC-C: SSH); ii) paired
scenarios (i.e., SC-AB, SC-AC, and SC-BC; iii) cumulative scenario (i.e., SC-ABC); c,d, Future changes of
seagrass distribution from reference for the cumulative scenario of the RCP8.5.

Looking ahead to the 2081-2100 timeframe under both RCP scenarios, the model predicts a worsening in
meadow shrinkage throughout the Mediterranean basin. The MARITIME model predicts that nearly 3% of
the whole case study (i.e., all pixels considered in this analysis) will shift to the absence class (Figure 7b),
indicating the relative decline of seagrass conditions. Because seagrass beds are restricted to benthic shallow
waters, this decrease, which might appear relatively limited at the Mediterranean basin level, is substantial
at the seagrass ecosystem dimension. This reduction corresponds to about 20% of the current seagrass
distribution. This shrinkage of seagrass is predominantly associated with isolated meadows or patchy
meadows, with a predicted reduction of nearly 50% of meadows classified under the “moderate presence”
class (Figure 8). In absolute terms, this translates to a potential reduction of about 2500 Km? in seagrass
distribution compared to the reference period, with a minor difference of 100-150 Km? between RCP4.5 and
RCP8.5. To provide a better perspective on the scale of this decline, the estimated area is roughly equivalent
to losing approximately two-thirds of the land area of Mallorca Island in Spain.
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Spatially, the meadows at the deeper bathymetry (i.e., between 25 and 50 m depth) are expected to be the
most affected. This trend is particularly notable along the French coast and the southern coast of Sicily, as
shown in panels B and C of Figure 7d. Comparing RCP4.5 and RCP8.5, the most significant differences are
observed in the northwestern part of Sicily and the western part of the French coast. Despite these two
notable differences, a greater loss is expected under the RCP8.5 scenario at the Mediterranean scale
compared to RCP4.5. The decline in the spatial distribution of seagrass meadows will also lead to a
progressive process of reduced connectivity between meadows, which, in turn, will contribute to raising the
vulnerability of patches to further pressures.

3.2 Untwisting a sea of complex interactions

The multi-risk scenario analysis leverages ML capabilities to explore the complex structure of relationships
between stressors and their impacts on the seagrass ecosystem. As highlight in (Furlan et al., 2019; Simeoni
et al., 2023), only a few studies have attempted to investigate these complex pathways of interactions and
identify synergistic and/or antagonistic combinations. Typically, authors dealing with CIA/CEA approaches
apply additivity to resolve and model cumulative impacts, as proposed by (Halpern et al., 2008). An additive
effect refers to the simplest combination of two or more agents/stressors, where the total effect is the sum
of the individual components’ effects. On the other hand, interactions occur when combined stressors
deviate from the ‘additivity expectation’, requiring further analysis to model and represent cumulative
effects accurately (Beusen et al., 2022). Synergistic effects are one such possible interaction where the
combined effect of multiple components exceeds the sum of their individual effects. Conversely, antagonistic
interactions occur when the combined effect is less than the sum of the individual effects (Crain et al., 2008;
Halpern et al., 2008; Roell et al., 2017).

On the circular bar plots (Figure 7a, b), which represent both potential positive (future increase in seagrass
coverage) and negative (seagrass meadow shrinkage) effects of simulated scenarios on seagrass distribution,
the influence of SST, SAL, and SSH on the response variable can be quantified. Under the short-term horizon
(2031 - 2050), the model shows minor variations for both individual and coupled scenarios. In the long-term
horizon (2081-2100), the RCP8.5 scenario shows some potential synergistic effects among pressures, as
coupled pressures scenarios result in higher seagrass shrinkages compared to the sum of their individual
effects. Specifically, future scenarios of SST and SAL individually trigger minor changes in seagrass distribution
if considered separately (up to 0.3%). However, when these two variables are considered together, nearly
1,500 km? of seagrass are predicted to disappear (up to 3% of the case study). In contrast, the projected sea
level rise appears to have a minor impact on seagrass distribution, even when considered alongside the other
environmental variables. Changes of approximately 0.1% have been predicted for all scenarios related to
SSH.

3.3 Implications on the potential ES capacity against analysed risks

From a social, economic, and management perspective, the results of the MARITIME model are crucial when
considering the services provided by seagrass meadows. These ecosystems offer fundamental services that
contribute to human well-being and address several societal challenges. Particularly in terms of regulation
and maintenance services, seagrass beds are among the most significant ocean carbon sinks globally, with a
high capacity for capturing and storing carbon in the sediment (Castején-Silvo & Terrados, 2012; UNEP,
2020a) also known as ‘blue’ carbon (Mcleod et al., 2011), although this capacity can be significantly
compromised by environmental stressors such as macroalgal blooms and habitat degradation (Liu et al.,
2020; Serrano et al., 2021). This ability positions seagrass meadows as key species in mitigating climate
change by absorbing large amounts of atmospheric carbon and providing coastal protection against erosion
and storm surges, thereby offering dual benefits for climate change mitigation and adaptation.
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In this study, two regulating services (i.e., carbon sequestration and denitrification potential) have been
calculated. First, the carbon sequestration has been evaluated based on the surface area covered by
meadows and their average carbon sequestration rate per year range between 7.7 and 84.4 g C/m2 as a
function of depth, following the equation y = -40.5 x In(depth) + 145.5, reflecting reduced meadow density
due to light attenuation (Pergent-Martini et al., 2021). This appraisal has been conducted for both the
reference period and future climate change scenarios, estimating a potential reduction in carbon
sequestration of 0.5-3.5% in the short term (2031-2050) and around 6% by the end of the century, depending
on the RCP scenario considered. Similarly, the denitrification potential of seagrass has been estimated by a
constant denitrification rate of 13,500 tN/km2/year per meadow-covered surface unit (Mateo & Romero,
1997). Analysis of the reference period and future scenarios indicates an overall reduction in denitrification
potential spanning from 6-12% in the short term and around 20% in the long term.

Beyond their roles in geomorphological and ecological processes, healthy seagrass meadows also act as
natural barriers that effectively absorb and mitigate hydrodynamics forces at the seabed. By dampening the
intensity of waves and currents, seagrasses contribute to coastal protection by reducing erosion processes
(e.g., helping sediment transported in the seawater to accumulate on the seafloor), stabilizing the shoreline
and, as a consequence, protecting coastal populations and infrastructures near the shore from the increasing
force of the sea caused by sea-level rise.

4. DISCUSSION & CONCLUSIONS

Understanding the complex interplay and the effects of multiple stressors (Furlan et al., 2019; Halpern et al.,
2008; Zennaro et al., 2021) is a key challenge for improving the management of marine and coastal areas and
supporting the implementation and achievement of related environmental and sustainability policies
(Beusenetal., 2022; EEA, 2019b). As recently emphasised by the Intergovernmental Panel on Climate Change
(IPCC) and the Intergovernmental Science-Policy Platform on Biodiversity and Ecosystem Services (IPBES),
climate change and biodiversity degradation must be considered together, as recent studies recognised the
interdependence of climate, ecosystems, and biodiversity, and human societies (IPBES, 2019; IPCC, 2022).
Assessing these effects and the nexus among different systems’ components is a particularly complex task
that requires advanced modelling tools and methods. This study aims to bridge this gap by developing an ML
model to better investigate these research challenges and untwisting interactive patterns in socio-ecological
systems. Being a data-driven model, the MARITIME model provides a scientific understanding and mapping
of the effects and associated ecological benefits or detriments expected from different climate scenarios
without relying on surveys or workshops where experts score the sensitivity of each ecosystem type to each
stressor. According to the data availability and the model design, as well as thanks to the iterative processes
conducted during the training and validation phases, the MARITIME model achieved an overall prediction
accuracy of approximately 0.89 in estimating seagrass distribution. Additional metrics such as precision,
recall, and the F1 score have been examined to gain deeper insights into the model's performance. The full
list of indicators and corresponding yearly-based metrics, along with details on the technical procedures
applied for their analysis and mapping, as well as further information on future improvements are provided
in the “Data processing” (Section 2.1) and “Navigating complexities in modelling” sub-sections, and
Supplementary material SM1-SM2. The final model performance, based on the tested evaluation metrics, is
documented in Supplementary material SM4-SM5.
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Navigating complexities in modelling

The quality of data for training, testing, and scenario analysis significantly influences the accuracy and
complexity of the MARITIME model. Ensuring data coherence represents an essential concern when dealing
with CEA and risk assessment approaches, which require heterogeneous data/variables to adequately
capture the complexity of socio-ecological systems across broad geographical scales. Combining and
homogenizing data from various sources and platforms is essential but challenging due to differences in
spatio-temporal resolution and the availability of information, especially along the African coast. In the
reference scenario, limitations in data availability not only limited the number of variables considered but
also impacted the overall model accuracy and the understanding of relationships between predictors and the
seagrass distribution. Similarly, in the scenario analysis, complex interactions have been investigated with a
limited combination of variables due to data projection constraints. Enhancing the analysis with a broader
range of future pressure indicators could strengthen the model's predictive capacity and provide deeper
insights into cumulative and cascading effects.

Moreover, the flexibility of the MARITIME model allows for transferability and scalability across different
marine ecoregions with varying ecosystems, climatic conditions, and anthropogenic influences. Initially
applied to the Mediterranean ecoregion, focusing on seagrass ecosystems, it was later adapted to the North
European ecoregion (targeting kelp forests) within the EU2020 Macobios project (Furlan et al., 2023). These
case studies demonstrated the model’s flexibility across diverse spatial locations and marine ecosystems.

Nevertheless, the proposed assessment could be further reinforced at finer scales by integrating the
temporal dimension into the reference scenario (i.e., to analyse the time-dependent variation of seagrass
habitats in response to environmental and anthropogenic pressures over different years). This could be
achieved through advanced frameworks like coupling numerical models with cutting-edge data-driven
models such as Graph Neural Networks, enabling more nuanced exploration of ecosystem behaviours and
human impacts on marine coastal ecosystems. This would also allow for a deeper investigation of the
potential reduction in the ecosystem functioning and service provision. Moreover, it could support the
assessment of potential tipping points, which, at this scale and with only one year of training data, cannot be
reliably evaluated, thus improving our understanding of critical thresholds and ecosystem resilience.

Future investigations aim to bolster environmental process analysis and assess the impacts of diverse
pressures, capturing their interactions and cascading effects across multiple timeframes and at local scales.
This approach seeks to leverage more precise spatio-temporal data (e.g., monitoring data, satellite imagery)
to enhance model robustness. By unravelling the nexus between climate change, water quality, and marine
biodiversity, the MARITIME model can inform conservation strategies, support local adaptation efforts, and
guide policy development. These efforts are crucial for maintaining ecosystem service provision, preserving
carbon storage in sediments, and bolstering the resilience of marine ecosystems against environmental
changes.

From blue carbon to carbon bomb: risks of seagrass degradation

Despite the discussed limitations related to data availability and matchability at the Mediterranean scale, the
implemented ML-based approach offers useful predictive insights into possible future ecological conditions
and the nexus among climate change, water quality, and marine and coastal biodiversity, underpinning MCEs'
response to multiple pressures, including climate change. Policymakers and marine managers can use the
information from the MARITIME model to identify hot-spot risk areas to prioritize, which is particularly
valuable when capacity and resources are limited. The MARITIME model thereby supports the successful
management of the Mediterranean Sea.
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More precisely, the MARITIME model identified areas with good coverage of seagrass (Figure 7b) as resilient
to the effects of the considered pressures, as almost all areas labelled as high presence do not suffer
significant changes. Nevertheless, even these most resilient meadows could undergo habitat degradation,
with potential reductions evidenced by indicators such as leaf bundle density (bundle/m?2), leaf area per
bundle (cm?/bundle), etc.

Managing the carbon stock of seagrass is a key challenge for tackling climate change, both positively through
carbon sequestration capacity and negatively through the risk of releasing carbon stored in the past. Part of
the absorbed carbon can be efficiently buried in the sediment, leading to mid-term and long-term carbon
sequestration, making the seagrass ecosystem a significant blue carbon ecosystem (Johannessen, 2022;
Macreadie et al., 2021). Among the worldwide seagrass species, Posidonia Oceanica, endemic to the
Mediterranean Sea, is notable for producing a massive below-ground biomass composed of roots and
rhizomes, known as matte. The matte may have accumulated over hundreds of years and be several meters
high (Romero et al., 1994). A living seagrass meadow, built slowly but continuously with a resilient matte and
thick leaves canopy, reduces currents and wave energy, minimising erosion. In contrast, degraded, patchy,
or dead seagrass meadows leave the exposed matte vulnerable to erosion. Similar to how permafrost melting
mobilises carbon stores (Jin & Ma, 2021; Treat & Frolking, 2013), the dead seagrass matte in the
Mediterranean Sea could constitute a kind of ‘carbon bomb’ with the risk of releasing this stock of carbon
stored over ages by remineralization process (Figure 8).
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FIGURE 8: SEAGRASS MEADOW EVOLUTION AND EROSION RISK

To mitigate these risks, implementing Nature-Based Solutions and restoration efforts is crucial. For instance,
(Calvo etal., 2021) highlight the potential of seagrass restoration on dead matte, emphasizing the restoration
of these critical ecosystems to enhance their resilience and carbon sequestration capabilities. Furthermore,
integrating a blue carbon strategy is essential for preserving and enhancing the carbon sequestration
potential of seagrass ecosystems (Fakhraee et al., 2023). This strategy should encompass protection
measures for existing seagrass meadows, active restoration projects, and policies to reduce the pressures
leading to seagrass degradation. By incorporating blue carbon strategies into broader climate and
environmental policies, the natural carbon sequestration capacity of seagrass meadows can be leveraged,
thereby contributing significantly to global climate change mitigation efforts.
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Supplementary material SM1: List of considered indicators and related yearly-based metrics included in
the model to represent pressures and MCEs state.
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Supplementary material SM2: Procedure carried out to calculate and map yearly-based metrics linked to

the selected model predictors and responses.

Model predictors

As regards the model predictors (i.e., the exogenic and endogenic pressures), metrics were calculated using
Python codes. In particular, each NetCDF file, as collected from different open-source portals, making
available data of the selected indicators, was processed through the xarray library* allowing the manipulation
of the data and calculation of aggregated metrics. Some examples of the resulting output from this process

(i.e., spatial maps in the form of raster files) are displayed in Supplementary Figure S9.

SUPPLEMENTARY FIGURE S9: MAPS REPRESENTING SOME OF THE PRESSURES-RELATED MAPS CALCULATED FOR THE
MEDITERRANEAN ECO-REGION. A) 95° PERCENTILE OF PHOSPHORUS; B) 5° PERCENTILE OF SALINITY; C) MINIMUM OF

DISSOLVED OXYGEN; D) MAXIMUM OF CHLOROPHYLL-A

As far as pressures related to coastal development are concerned, the distance of seagrasses meadows to
the closest major river mouths and urban areas was calculated by applying the Haversine distance formula,

4 https://xarray.pydata.org/en/stable/index.html
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implemented in Python by means of the following libraries: geopandas®, geocube®, rasterio” and xarray®. The
resulting maps from these calculations are reported in Supplementary Figure S10.

SUPPLEMENTARY FIGURE S10: PLOTS OF THE DISTANCE FROM BIG CITIES (LEFT PANEL) AND DISTANCE FROM RIVER MOUTHS
(RIGHT PANEL).

At this stage, looking at the overall dataset, the selected variables were characterized by different spatial
resolutions. To deal with this issue, it was decided to homogenize them to the same resolution by rescaling
all input to 4 km spatial resolution (i.e., to the most common one among the input variables). This process
allowed us to perform some statistical analysis (e.g., correlation, distribution) among these variables.

Model responses

Once the overall process of predictive variables’ calculation was completed, similar procedures were carried
out for the response variable. Focusing on marine coastal ecosystem condition variables, as far as seagrasses’
distribution is concerned, by applying the QGIS® zonal statistics'® plugin, the percentage of seagrasses’
coverage within each 4km pixel of the case study was calculated.

Supplementary material SM3: Available GIS-based dataset for the application of the multi-risk approach
in the Mediterranean Sea eco-region

] Unit of Data Spatial Temporal
Indicator ] ) Sources
measure | format resolution | resolution
Basic Bathymetry [m] Raster file 800 meters Static EMODnet
. . Administrative
information )
boundaries
. Seagrass
Endogenic Rast Global Fishi
g distance from [km] a‘s e / Static SEene
pressures port file Watch

5 https://geopandas.org/en/stable/

6 https://corteva.github.io/geocube/stable/

7 https://rasterio.readthedocs.io/en/latest/

8 https://xarray.pydata.org/en/stable/index.html

% (https://qgis.org/en/site/)

10 (https://docs.qgis.org/2.18/en/docs/user_manual/plugins/plugins_zonal_statistics.html)
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Supplementary material SM4: Model training

In this application, the standard 10-fold cross-validation was applied to search for the best parameters,
identify the most relevant predictor variables and validate the model. Once the best hyperparameters were
selected, the feature selection process was performed. This process identified 19 most relevant model
predictors explaining the larger proportion of the overall model capability to predict the Mediterranean Sea
condition, discarding 9 variables from the initial 28 (10 yearly-based metrics were removed by the correlation
analysis due to their high correlation with other metrics).

Supplementary material SM5: Performance evaluation of model prediction

Finally, to get more insight into model performance, in addition to accuracy, precision and recall, also the F1
score was examined, as most of the response variables 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:

TP+ TN
(TP +FP+TN + FN)

Accuracy =

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:

TP

Recall = TP+—F1V

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:

TP

P .. —
recision —TP T FP

Finally, the F1 score has been 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 more useful than accuracy, especially if you
have an uneven class distribution. Mathematically, the F1 score is defined as follows

2 * (Recall * Precision)

F1.S =
-~eore (Recall + Precision)
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Supplementary material SM5: Model performances

Seagrass distribution

Precision | Recall F1
Class 1 0.98 0.92 0.95
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Supplementary material SM6: Circular bar plot and spatial representation of the anomalies between
reference (1998-2017) and future scenarios for seagrass distribution under RCP4.5. The tested scenarios
include: i) individual scenarios (SC-A: SST, SC-B: SAL and SC-C: SSH); ii) coupled scenarios (i.e., SC-AB:

SST+SAL, SC-AC: SST+SSH and SC-BC: SAL+SSH); iii
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Harnessing machine learning for transformative adaptation
planning: modelling the risk of cumulative impacts on
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ABSTRACT

Globally, MCEs play a critical role in supporting overall ecological well-being and human health. Yet, their
ecological integrity is facing escalating threats stemming from multiple risks induced by the complex
interplay between endogenic (e.g. coastal development, shipping traffic) and exogenic (e.g., increasing sea
temperature, shoreline degradation) pressures. Evaluating the risk of cumulative impacts arising from these
interactions presents a significant hurdle in meeting Sustainable Development Goals and biodiversity
objectives while also impeding the implementation of ecosystem-based management strategies in marine
coastal regions. To this aim, a risk-based modelling framework, operationalized by two ML models applied
to a spatio-temporal dataset, was developed following most of the Digital Twin of the Ocean (DTO)
implementation phases, a cutting-edge digital representation that mirrors the real ocean environment. The
Digital Twin is essentially an interactive and dynamic replica of ocean systems, utilizing vast amounts of data
from satellites, marine sensors, and advanced modelling. By integrating artificial intelligence and ML, this
Digital Twin can simulate the behaviour and interactions of marine ecosystems in real time. Hence, the
developed application aims to support a better understanding of the processes and dynamics underpinning
spatio-temporal variations of the health status of the investigated ecosystem (i.e., seagrass beds) against
selected key pressures in the Apulia region (ltaly) case study.

In this application, two ML algorithms, an RF and an Extreme Gradient Boosting (XGB), were trained,
validated, and tested exploiting a diverse array of data sources, including open-source data platforms (e.g.,
Copernicus Services) and remote sensing-based data. Remote sensing played a pivotal role in getting high-
resolution spatio-temporal distribution maps of seagrass meadows within the 2014-2021 timeframe. In
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particular, the analysis relied on imagery from the Landsat satellite constellation (i.e., Landsat 8), enabling
the delineation and monitoring of seagrass habitats' spatial and temporal dynamics and, in turn, capturing
how seagrass beds have responded to environmental or anthropogenic factors over the selected timeframe.
Finally, a future scenario analysis was performed by integrating projections from climate numerical models
for sea surface temperature, salinity, sea level rise, and some biogeochemical variables under the 2050
timeframe into the validated RF and XGB models. The results and the overall workflow presented help
identify future trends (the models predict a reduction of the seagrass coverage across the different
scenarios) relevant to designing effective conservation measures and highlight the importance of addressing
critical data quality gaps to improve ML model predictive performance.

The manuscript is planned for submission to a high-impact, Q1 peer-reviewed journal in the first semester of
2025,
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1. Introduction

MCEs are among the most productive yet vulnerable interfaces on the planet, creating a hub of capital of
ecological services that bolster human well-being and biodiversity (IPCC, 2023a). These dynamic systems are
critical for numerous species, including humanity, providing essential services ranging from carbon
sequestration to serving as nurseries for marine life (Saraswathi et al., 2023). However, the increasing
pressures from human activities and climate change (WMO, 2023) pose unprecedented threats to these
fragile habitats. The intricate interplay between endogenic stressors, such as coastal development and
shipping traffic, and exogenic forces, like increasing sea surface temperatures and ocean acidification, is
leading to a cumulative impact that threatens the MCEs' spatial distribution, ecological integrity, and
functioning.

The complexity of the risks posed by the synergistic effects of multiple stressors presents a significant
challenge in implementing effective ecosystem-based management strategies. In this context, intense
research started focusing on Cumulative (or combined) Impact/Effect Assessment (hereafter jointly referred
to as CIA) on MCEs (Furlan et al., 2020; Halpern et al., 2008; Simeoni et al., 2023). CIA are methodical
procedures that attempt to identify, evaluate, and predict the significance of multiple impacts on a specified
target. Recent ML-based CIA studies have assessed interaction types between stressors in marine
ecosystems; however, they have only looked at specific stressor pairs (Simeoni et al., 2024; Teichert et al.,
2016). Moreover, indicator/index-based methods and more advanced data-driven approaches usually assess
the overall cumulative impact, focusing only on a specific snapshot in time. Hence, by looking at many
stressor combinations and considering the temporal component (this can be achieved by filling the gap in
the spatio-temporal data representing marine and coastal environments), new CIA studies are expected to
produce more accurate predictions of spatio-temporal variations of the studied targets (e.g., seagrass
habitats) in response to cumulative pressures.

Building on the MARITIME modelling framework developed in the previous chapter, this new investigation
attempts to improve the abovementioned perspectives by integrating remote sensing and ML techniques
(i.e., leveraging diverse data sources). This advanced multi-phase modelling approach enables the analysis
and prediction of ecosystem changes, considering data representing historical variations in ecosystems
across different areas and under an extended period. By harnessing open-source data platforms such as
Copernicus Services, field monitoring campaigns, and particularly, satellite images, the ML-based application
provides a more comprehensive understanding of the spatio-temporal distribution of seagrass meadows.
Remote sensing technologies are revolutionizing ecological monitoring, providing unprecedented insights
into environmental dynamics (especially used to quantify the health and density of vegetation using the
normalized difference vegetation index or to assess land-cover changes). In recent studies, satellite imageries
started to be processed to extract MCEs extent (including seagrass distribution), offering critical data for
coastal ecosystem management (Tamondong et al., 2021; Traganos et al., 2018, 2022; Trinh & Takeuchi,
2020). Among the different constellations, Landsat!! provides a wealth of data for monitoring land use,
vegetation health, and environmental changes on a global scale. In this study, the Landsat 8 satellite has been
instrumental in delineating and monitoring the seagrass’ spatio-temporal dynamics (extracting different
maps of the meadows distribution), supporting the assessment of the seagrass’ responses to environmental
and anthropogenic pressures over the 2014-2021 timeframe. Drawing on this, the main aim of this new
MARITIME study is to integrate this temporal component in the assessment, deepening the understanding
of the spatio-temporal variations of MCEs, with a focus on the seagrass ecosystem in the Apulia region
(southern Italy). As previously performed at the eco-regional level, also this local-scale risk assessment has
been operationalized by RF and XGB algorithms: algorithms selected for their ability to manage complex
spatio-temporal datasets. This makes them invaluable tools that can be employed to predict environmental

11 https://landsat.gsfc.nasa.gov/
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conditions or analyse the impact of various natural and human-related stressors on environmental
distribution (e.g., predict the future ecosystems’ presence/absence). For instance, they can be used to
forecast/project air and water quality levels based on meteorological data and emissions or to classify land
cover types from satellite imagery (X. Wang et al., 2019; Zennaro et al., 2024). Recently, RF has been tested
to explore the complex structure of non-linear inter-relations between multiple stressors and the ecological
response of biological systems to these stressors (Simeoni et al., 2023; A. Stock et al., 2018a; Teichert et al.,
2016). In this study, it is applied in two subsequent phases: first, as a classifier to process Landsat 8 images
and discriminate the seabed cover among sand, seagrass, and deep waters. This processing task produced
eight GIS-based maps representing the annual seagrass distribution in the Apulia region from 2014 to 2021.
These maps serve as input for operationalising the MARITIME model, which uses a variation of the classical
RF and Gradient Boosting (GB) algorithms, respectively the BRF and XGB, specifically designed to address the
class imbalance problem. By leveraging remote sensing and ML, the presented methodology incorporates
most of the operational phases of a DTO and aims to contribute to its development at broader scales, such
as the European DTO. Furthermore, the scenario analysis in the local scale assessment extends the
experiment presented in Chapter 2 by integrating not only projections from climate numerical models for
SST, SAL and SSH but assessing also the impact of future variations in Dissolved Oxygen (DO/0,), pH, NOs and
PO, for 2043-2050 timeframe. These projections are crucial for understanding the potential future
conditions/health status of the ecosystem under investigation and for planning adaptive management
strategies that consider projected future climate change forcings.

Following a brief introduction to the case study area (Section 2), the paper describes the operative phases
adopted (highlighting the related data acquisition and their processing) for the CIA (Section 3), as well as the
main results of the trained, validated, and tested model under the reference and future scenario analysis
(Section 4). The final discussion (Section 5) and conclusions report relevant challenges and propose research
pathways for further improvements.

2. Unravelling the Apulian and coastal landscape

The Apulia region is the most south-eastern one (between 41°53’N - 39°48’N and 14°49’E - 18°35’E),
occupying the 'heel' of the 'boot' of Italy. This region is renowned not only for its rich cultural heritage but
also for its diverse and valuable MCEs (ISPRA, 2022%%). With its longest coastline in the Italian peninsula (a
region with more than 800 km coastline), the Apulia region borders the Adriatic Sea to the East, the lonian
Sea to the South-East, and the Strait of Otranto and the Gulf of Taranto to the South (Figure 11).

The climate is typically Mediterranean, with hot, dry, and sunny summers and mild, wet winters (Lionello et
al., 2012). This climate fosters a diverse array of flora and fauna, including endemic species adapted to the
coastal environment (Mannino et al., 2017). The marine environment is rich in life, with seagrass meadows
and coral reefs supporting a rich diversity of fish, crustaceans, and marine invertebrates (Balestri et al., 2021).
Additionally, the coastal waters are frequented by marine mammals such as sea turtles (https://mysea.it/),
adding to the area's ecological significance (Cirelli et al., 2018).

12 https://www.isprambiente.qgov.it/files2023/pubblicazioni/stato-ambiente/ambiente-in-italia-annuario-2022.pdf
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FIGURE 11: THE APULIAN CASE STUDY AREA

Focusing on seagrass meadows, this ecosystem is among the most productive and ecologically significant
MCEs, playing a crucial role in marine biodiversity, carbon sequestration, and coastal protection (UNEP,
2020a). These submerged flowering plants provide habitat for a wide range of marine species, supporting
both local fisheries and broader marine food webs (Ramesh et al., 2019). Seagrasses also contribute
significantly to carbon storage, playing a key role in mitigating climate change by sequestering large amounts
of carbon in coastal sediments (Mazarrasa et al., 2018). Despite their importance, seagrass meadows are
under significant threat. Anthropogenic activities such as coastal development, pollution, and nutrient runoff
have led to widespread degradation (Trégarot et al., 2024). In this context, climate change exacerbates these
issues through rising water temperatures and sea levels, which negatively impact seagrass health (Simeoni
et al., 2024). Eutrophication, driven by nutrient inputs, further promotes harmful algal blooms, which block
sunlight and cause oxygen depletion, leading to seagrass loss (Mcleod et al.,, 2011). Conservation and
restoration efforts are critical, as studies show that restored seagrass meadows can regain their carbon
sequestration capacity, supporting global climate mitigation strategies. In the Apulia Region, seagrass and
other ecosystems are protected through a variety of designations and regulatory frameworks aimed at
preserving biodiversity and promoting sustainable use. Notably, the region is home to two national parks,
the Alta Murgia National Park and Gargano National Park, and hosts 2 of the 29 Marine Protected Areas
(MPAs) of Italy, the MPA of Torre Guaceto®® and the MPA of Porto Cesareo’®. The marine conservation
framework is further strengthened by Sites of Community Importance (SICs) and Special Protection Areas
(zPSs) (Council Directive 92/43/EEC and Directive 2009/147/EC). Marine SICs in Apulia include important
habitats such as Posidonia oceanica meadows. Notable marine SICs in Apulia are the "Secche della Meloria"
and the "Fondali tra Punta Penna e Punta Aderci," which support diverse marine life and unique underwater
landscapes. Meanwhile, Apulia's ZPS areas, such as the "Saline di Margherita di Savoia," provide critical
habitats for numerous bird species, including flamingos, herons, and various shorebirds. These areas often
overlap with SICs, creating a comprehensive protection framework for both avian and other forms of
biodiversity (Nature 2000).

13 https://www.rac-spa.org/node/890
14 https://www.mite.gov.it/pagina/aree-marine-istituite
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3. Data and methods

To support a local-scale assessment and improve understanding of the processes driving spatio-temporal
variations in the studied ecosystem (i.e., seagrass beds) within the Apulia case study (Italy), a multi-phase
modelling framework was developed and applied. This framework is divided into three consequent phases,
which are detailed in sections 3.1 to 3.3, where the first phase, described in Section 3.1: Data Collection,
focuses on gathering datasets from diverse sources such as satellite imageries, Copernicus, and EMODnet,
covering 2014-2021 reference period. Once the data is collected, it undergoes preprocessing to prepare it
for modelling (Section 3.2: Data Preprocessing). This phase includes two key parallel steps: the computation
of yearly-based metrics of key pressures (Phase 2A) acting on the seagrass ecosystems and the processing of
satellite images to extract relevant information on seagrass distribution (Phase 2B) using Google Earth
Engine. This ensures the datasets are standardized and ready for the subsequent phase, which involves the
implementation of the BRF and XGB models (Section 3.3: BRF & XGB training, validation, and testing). This
step follows a typical ML workflow, including data partitioning, training, validation, and testing, to ensure
robust and accurate predictions. Once the trained model achieves satisfying performance in the testing
phase, it can be used to assess the impact of future environmental and climatic conditions on the seagrass
habitats present in the case study area (Section 3.4: Scenario analysis).

MARITIME implementation
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FIGURE 12: OPERATIVE STEPS UNDERPINNING THE RISK-BASED CIA MODELLING FRAMEWORK DESIGNED FOR THE APULIA
CASE STUDY.

As illustrated in Figure 12, each phase builds upon the previous one, creating a continuous framework for
understanding and predicting the dynamics of the analysed ecosystem under varying environmental
pressures. Further details on the methods and results are provided in their respective sections.

3.1 Phase 1: Data collection
The implementation of the modelling framework begins with the dataset collection and its integration into
the MARITIME. By combining open-source datasets, such as Copernicus Services, and satellite data, the
amount of data available for the ML algorithms increases, henceforth, enhancing the predictive capacity of
the model. The integration of remote sensing data provides large-scale data (at a regional scale) that bridges
critical knowledge gaps left by limited in-situ observations. By enabling continuous assessments of seagrass
coverage, this cutting-edge technology helps identify historical trends, quantify spatio-temporal changes, and
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improve the understanding of these ecosystems' responses to environmental and human-related stressors,
which is vital for their conservation and management.

TABLE 2: AVAILABLE DATASET FOR THE APPLICATION OF THE MARITIME IN THE APULIAN REGION

TIMEFRAME DATA YEARS VARIABLES MODEL/COLLECTION
SOURCE
REFERENCE CMEMS 2014- Salinity (SAL), Sea Surface MEDSEA_MULTIYEAR_PHY_O
2021 Temperature (SST) 06_004
Light attenuation (KD490), OCEANCOLOUR_GLO_BGC_L
Secchi Depth (ZSD) 4 MY_009 104
Sea Surface Height (SSH) GLOBAL_MULTIYEAR_PHY_ 0
01_030
Chlorophyll-a (CHL), Ammonium | MEDSEA_MULTIYEAR_BGC_
(NH,), Nitrate (NOs), Phosphate 006_008
(PO.), Dissolved Oxygen (0.), pH
CLMS 2014- Distance from cities & rivers Calculated through
2021 haversine distance from the
CLMS
UNEP 2017 Seagrass distribution UNEP-WCMC, Short FT
(2021)%
REMOTE 2014- LANDSAT 8
SENSING 2021
MaCoBioS 2021 FIELD CAMPAIGN
project
FUTURE CMCC- 2043- SST, SAL, SSH CMCC Regional Earth System
MEDCORDEX = 2050 Model (RESM)
CS3 CLIMATE O, pH, PO4, NOs. POLCOMS
DATA

More precisely, for the operationalization of the model, Copernicus data was widely utilized, downloading
critical oceanographic variables for the considered timeframe within the Copernicus Marine Service (CMEMS)
(Table 2). These variables, such as SST, SSH, and SAL, serve as input data for the ML prediction models,
enabling precise analyses of marine conditions’ influence on the seagrass ecosystem over the selected case
study. Similarly, the distances from the cities and rivers were calculated (using the haversine distance)
starting from the land cover products of the Copernicus Land Monitoring Service (CLMS). Moving towards
the MARITIME response variable, Landsat 8 (one of the latest satellites in the Landsat series, more details in
Section 3.2.2) images were processed to retrieve the distribution of seagrass meadows in the coastal areas
of the Apulia region in the 2014-2021 timeframe. As described in Phase 2, open-source data downloaded
from UNEP, field observations close to the MPA of Torre Guaceto, and data provided by local stakeholders
have been used as auxiliary data for the validation of these remote sensing outputs. Finally, transitioning
from the reference period to the future scenarios, projections from regional climate models were integrated
into the RF and XGB models. Multi-risk scenarios were developed by combining climate change projections
and simulating future conditions of oceanic and biogeochemical parameters under different RCPs (IPCC,
2013). This study focuses on key variables, including SST, SAL, SSH, O,, pH, PO,, and NOs, extracted from
numerical models. These projections were extracted from both the stabilization scenario (RCP4.5) and the
high-emission "business as usual" scenario (RCP8.5), covering the mid-term (2043-2050) timeframe.

15 https://data.unep-wemc.org/datasets/7
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3.2 Phase 2: Data pre-processing

3.2.1 Phase 2A: model predictors

All input datasets (i.e., variables representing key endogenic and exogenic pressures) used for the analysis
underwent rigorous pre-processing to ensure data quality and consistency. This operative phase involved
calculating specific annual metrics for each variable, applying the same metrics defined in Simeoni et al.
(2024). These metrics include mean, maximum, minimum, standard deviation, 5" and 95" percentiles,
depending on the nature of the variable and its relevance to seagrass dynamics. The full list of indicators and
corresponding metrics are reported in Supplementary Material SM1. Additionally, any missing data points
were carefully removed. By applying the same pre-processing steps across all eight years of baseline data,
the input dataset was consistently structured, reducing the risk of bias and enhancing the robustness of the
analysis. This consistency was particularly important for capturing spatio-temporal patterns, as it ensured
that variations in the data reflected real environmental changes rather than inconsistencies in data
preparation. The pre-processed datasets were then spatially aligned to a common grid (100 m grid), allowing
for uniform integration and analysis within the ML framework. In the scenario analysis, all metrics of each
variable are consistent with those calculated during the training phase for the reference period (2014-2021).
These projections ensure a comprehensive understanding of the future physical and biogeochemical
dynamics of the case study area under different climate scenarios (Section 4.3).

3.2.2 Phase 2B: model response

On the other side, the response variable of the MARITIME framework was retrieved by processing satellite
images. In particular, in this study, the overall remote sensing-based data collection process leverages the
Landsat Program, as the first one among the series of Earth-observing satellite missions jointly managed by
NASA and the U.S. Geological Survey (USGS), along with high-performance cloud computing, supervised ML,
web-based visualization tools, and the human-driven creation of extensive training datasets for validating
the ML results. All these elements are supported by the cloud infrastructure provided by Google Earth
Engine®® (Figure 13). Landsat 8'7 is equipped with the Operational Land Imager (OLI) and the Thermal Infrared
Sensor (TIRS), capturing data across nine spectral bands. These bands range from visible to shortwave
infrared regions, with a spatial resolution of 30 meters for multispectral and 15 meters for panchromatic
bands. The consistent availability of Landsat 8 imagery allowed for creating a comprehensive time-series
dataset, making it possible to track temporal variations in seagrass distribution across multiple years, thereby
enabling a detailed analysis of changes over time induced by multiple interacting pressures.

An RF algorithm was employed to classify the multi-annual Landasat-8 mosaic at 30 m resolution (Breiman,
2001). The focus was on building a classifier with three classes: a) sandy seabeds, b) seagrasses, and c)
optically deep water. Expert photointerpretation of satellite images was used to label polygons
representative of each class.

Afterwards, open-source data (UNEP), field observations, data provided by local stakeholders (such as the
Apulian Regional Agency for Environmental Prevention and Protection — ARPAP and the Torre Guaceto
Management Consortium) and Interreg-med EU projects (e.g., AMARE!® project), and results presented by
Traganos et al. (2022) were used to validate the RF outputs. Finally, the distribution of seagrass beds between
2014 and 2021 throughout the first 25 m of depth (as performed in Poursanidis et al. (2019); Traganos et al.

16 https://earthengine.google.com/
17 https://www.usgs.gov/landsat-missions/landsat-8
18 https://amare.interreg-med.eu/
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(2022)) was extracted and exported in raster files. This depth range was extracted using the EMODnet
Bathymetry Digital Terrain Model (DTM)*° for the European Seas of 2018.
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FIGURE 13: SCHEMATIC WORKFLOW ADAPTED FROM TRAGANOS ET AL. (2022)

The final output of this phase is a series of raster files generated for each of the eight years analyzed, where
each pixel was classified as either 0 (absence) or 1 (presence), indicating the distribution of seagrass beds at
30 spatial resolutions. This binary classification provides a clear representation of seagrass presence for the
whole selected reference period.

19 https://www.emodnet.eu/newhigh-resolution-digital-terrain-model

68



https://www.emodnet.eu/newhigh-resolution-digital-terrain-model

3.3 Phase 3: Machine Learning models for modelling the risk of cumulative impacts

Building upon the methodology developed and detailed in Simeoni et al. (2024), this study evaluates the
scalability of the MARITIME modelling framework at a local scale. The focus is on testing its applicability at
different spatial and temporal scales (ranging from a snapshot in time at an eco-regional scale to multiyear
analysis at the local scale), assessing its capacity to provide robust insights into cumulative impacts and
ecosystem dynamics across broader or more localized regions. To achieve this, two different ML algorithms,
RF and XGB were employed to test this modelling framework in the Apulian case study.

More specifically, by building on the decision trees, RF enhances the predictive performance by creating an
ensemble of multiple trees, where each tree relies on a random selection of data variables. While a single
decision tree can provide clear and interpretable results, RF improves robustness and reduces overfitting by
combining the outputs of numerous trees, each trained on a subset of data. This algorithm is a powerful ML
technique for classification and regression problems within supervised learning (AhmedK et al., 2013). RFs
are computationally appealing because they are relatively fast to train and predict, require minimal tuning,
and handle high-dimensional data effectively (Zhang & Ma, 2012). They also offer additional advantages,
such as measuring variable importance (i.e., helping identify the most relevant stressors), handling
differential class weights, spatially representing the outputs, and imputing missing values.

On the other hand, GB is an ensemble learning method that combines multiple weak learners to improve
overall performance, reduce errors, and enhance predictive accuracy. As a supervised ML algorithm, it builds
models sequentially, with each new model correcting the errors of the previous ones. This is achieved by
fitting decision trees to the residuals (errors) of the previous models, and optimizing performance through
gradient descent. The final prediction is obtained by combining the outputs of all models, resulting in a strong
ensemble that reduces bias and variance.

Hence, both algorithms are ensemble learning methods based on decision trees, but they differ in their
approach. RF constructs multiple decision trees independently and aggregates their predictions through
bagging (it involves training multiple models independently on random subsets of the data, and aggregating
their predictions through voting or averaging), which helps reduce variance and enhance model stability. In
contrast, GB builds trees sequentially, where each new tree corrects the errors of the previous ones using
boosting techniques, leading to a more refined predictive model.

RF is designed to lower variance by averaging multiple decision trees, making it a robust method that
effectively prevents overfitting. However, this often comes at the cost of slightly lower predictive accuracy.
On the other side, GB, by focusing on minimizing residual errors in a sequential manner, can achieve superior
predictive performance. Nevertheless, it is more susceptible to overfitting if not properly regularized or
tuned. Computational efficiency is another key distinction between the two methods. Since RF grow trees
independently, it is highly computationally efficient, making it well-suited for large datasets as in this
assessment. In contrast, GB, due to its sequential nature, requires more computational resources and is
typically slower, particularly when training on big data. In this context, XGB, a more advanced and optimized
version of GB, addresses this issue by using an exact greedy algorithm and histogram-based splits for faster
computations. These optimizations make XGB significantly more efficient than standard GB (similar to RF as
will be described in Section 4.2) while maintaining or even improving predictive accuracy. Drawing on this
potential, the XGB library 2°has been used for computation.

20 https://xgboost.readthedocs.io/en/stable/
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3.3.1 Operationalizing the modelling framework — RF & XGB training, validation & testing

The final model operationalization process was divided into three key sub-phases: training, validation, and
testing. In the initial training and validation phases, the RF and XGB models were fine-tuned to optimize their
performance by adjusting hyperparameters, ensuring they could generalize well across different data
subsets. During the training phase, the RF and XGB models were trained on 70% of the total dataset
previously pre-processed. Hyperparameter tuning was conducted to optimize key parameters such as the
number of trees, maximum tree depth, and minimum samples required for a split. After completing these
training and validation phases, the performance of the designed BRF and XGB models can be evaluated using
the remaining testing dataset, which in this study represents 30% of the total data. To gain deeper insights
into the models' effectiveness, different performance metrics such as accuracy, precision, recall, F1-score
and ROC/AUC were examined (Supplementary Materia SM2).

3.4 Phase 4: Scenario analysis

Once the RF and XGB are trained, validated, and tested, they can be used for scenario analysis. Building upon
the methodology outlined and applied in Simeoni et al. (2024), this phase involves the development and
analysis of various multi-risk scenarios (RCP4.5 and RCP8.5 under the 2050 timeframe) based on different
climate projections obtained from numerical models, to assess the impacts of environmental changes on the
studied ecosystem. Variations in seagrass distribution were evaluated across 7 different climate change
scenarios: SC_A: SST, SC_B: SAL, SC_C: SSH, SC_D: pH, SC_E: O,, SC: F: NO3, SC_G: PO,. This approach enables
the assessment of the potential future seagrass expansion or shrinkage associated with variations of singular
stressors.

4. Results

4.1 Phase 1-2: Remote sensing outputs

The resulting outputs of the applied methodological remote sensing workflow are presented in Figure 14
through GIS-based maps and a statistical breakdown of the results within the processed period. More
precisely, the graph illustrates the distribution of seagrasses across different years from 2014 to 2021,
expressed in terms of the number of pixels classified as seagrass. The general trend shows a slight increase
in seagrass coverage in the processed period, rising from approximately 200-250 km? in the first three years
to about 350 km? in the following years, resulting in an overall increase of about 100-150 km?. These results
reflect changes in environmental conditions, anthropogenic pressures, or potential methodological factors
influencing classification accuracy. In particular, a notable peak was observed in 2019, where the number of
seagrass pixels exceeded 600,000, corresponding to a total area of approximately 550 km?, significantly
higher compared to other years. This could indicate an actual environmental phenomenon, a data artefact,
or other influencing factors. Since the analysis relies on multi-temporal Landsat 8 data, the spike could be
partially influenced by differences in data quality, cloud cover reduction, or improved data availability for
that year. To minimize this influence and reduce related uncertainties, the RF-based classification was
exported as a probability-based output, and only predictions with a probability exceeding 60% were
considered valid. This threshold ensured higher confidence in the identified areas, thereby reducing noise
and false positives.
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Seagrasses distribution a) Annual distribution of seagrass meadows in the
Apulia region from 2014 to 2021, expressed as the
number of pixels classified as seagrass.
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FIGURE 14: (A) ANNUAL DISTRIBUTION OF SEAGRASS MEADOWS IN THE APULIA REGION FROM 2014 TO 2021, EXPRESSED AS
THE NUMBER OF PIXELS CLASSIFIED AS SEAGRASS. (B, C, D) SPATIAL DISTRIBUTION MAPS FOR THE YEARS 2014, 2017, AND
2021, HIGHLIGHT THE TEMPORAL EVOLUTION OF SEAGRASS COVERAGE IN THE APULIA REGION.

The final probability maps illustrate the spatial extent of seagrass meadows located in regions of shallow
water (0-25 meters of depth) (Figure 14b-d), providing additional insights into the seagrass dynamics in this
area (maps at higher sizes and resolutions are provided in the Supplementary Material SM3). In 2014 (Figure
14b), seagrass coverage appeared limited, particularly in coastal zones around the Gargano and the Gulf of
Taranto. The overall spatial distribution among the different years appears quite homogeneous, with a slight
recovery in coverage progressing from 2014 to 2017 and 2021 (Figure 14d), potentially reflecting improved
environmental conditions or localized restoration efforts. Notably, in line with other studies, Landsat data
predict a minimal presence of seagrass meadows in the northernmost area around Gargano throughout the
entire timeframe (2014-2021). In Traganos et al. (2022), no seagrass meadows are detected in this specific
area, as that study focuses exclusively on Posidonia oceanica. However, the observation obtained from the
RF classifications aligns with UNEP data, which report the presence of seagrass meadows dominated by
Cymodocea nodosa in this area. This suggests that the absence of detected meadows in Traganos et al. (2022)
may be due to the exclusion of Cymodocea nodosa from their analysis rather than an actual lack of seagrass.
Validation against available independent datasets demonstrated the reliability of this approach, especially in
localized areas, such as the MPA of Torre Guaceto, where high-quality in-situ data was available for this task.
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4.2 Phase 3: Performances comparison of BRF and XBG in the validation phase

The comparison of model performance began with the implementations of the traditional RF and GB (Figure
15). Both models performed well in terms of accuracy, with RF slightly outperforming GB across all the other
metrics. Precisely, RF demonstrated superior precision (i.e., it is better at minimizing false positives), higher
recall (highlighting its strength in identifying positive cases), as well a higher F1 score, reflecting a better
overall balance between the two. Additionally, RF outperformed GB in ROC-AUC, showcasing a stronger
ability to distinguish between the positive and negative classes across various thresholds. Thus, RF emerged
as the stronger model in this setup, particularly in scenarios requiring balanced performance and high
precision.

Performance Comparison: Random Forest vs Gradient Boosting
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FIGURE 15: PERFORMANCE COMPARISON OF RANDOM FOREST AND GRADIENT BOOSTING MODELS

Afterwards, the models were adapted to handle class imbalance (and their performance shifted due to
changes in how the algorithms weigh different classes during training) as in this study, approximately 90% of
observations fell under the "seagrass absence" class, while only ~10% belonged to the "seagrass presence"
class. Such imbalances can lead to biased predictions in scenario analysis, as standard models tend to
prioritize the majority class, resulting in a strong underestimation of seagrass presence across different
configurations. To mitigate this issue, a specialized version of the RF, the BRF, was employed. This algorithm,
implemented through the imbalanced-learn Python library (Lemaitre et al., 2017), enhances the standard RF
by applying a class-balancing strategy during training. In a conventional RF, each tree is trained on a bootstrap
sample that often mirrors the original class distribution, reinforcing the existing imbalance. Conversely, BRF
modifies this approach by ensuring that each tree is trained on an equal number of instances from both
classes, thereby improving sensitivity to the minority class while maintaining the strengths of traditional RF.
This method reduces the bias towards the majority class, leading to a more accurate classification of
environmental conditions.

As result, BRF applies class weighting to ensure that minority-class instances (1 — the presence of seagrass
beds) have a stronger influence during training. This allows BRF to maintain high accuracy and precision,
demonstrating its robustness in addressing majority-class dominance while minimizing false positives (Figure
16). On the other hand, Imbalanced Handling GB, which typically incorporates techniques such as weight
adjustments or specialized loss functions, showed a significant improvement in recall. This suggests that
while BRF effectively balances accuracy and precision, Imbalanced Handling GB enhances the detection of
the minority class, making it particularly useful for identifying seagrass presence in highly imbalanced
scenarios. Despite this, BRF achieved a higher F1 score, indicating a better balance between precision and
recall. Interestingly, the ROC-AUC values of both models are comparable, suggesting that both perform well
in distinguishing between classes overall.
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Performance Comparison: Balanced Random Forest vs Imbalanced Handling Gradient Boosting
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FIGURE 16: PERFORMANCE COMPARISON OF BALANCED RANDOM FOREST AND IMBALANCED HANDLING GRADIENT BOOSTING

Finally, the two models were compared in terms of computational efficiency (Figure 17). Such a comparison
of training times between XGB and RF revealed a significant computational advantage for XGB. More
specifically, as the number of estimators increases (from 100 to 500), the training time normally grew for
both models, but RF experienced an exponential increase, reaching thousands of seconds, while XGB
remained within a much lower range. This highlights a major computational burden for RF, making it less
practical for large-scale applications. However, while RF may exhibit slightly better performance in certain
cases, XGB outperforms in terms of computational efficiency. Unlike RF, which trains trees independently,
XGB builds trees sequentially, leveraging optimized techniques such as histogram-based splits and
parallelized computation. This approach significantly accelerates training, making XGB much faster, especially
when handling large datasets.

Time Plot for RF and XGB Training times
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FIGURE 17: TRAINING TIME COMPARISON BETWEEN RF AND XGB MODELS FOR DIFFERENT NUMBERS OF ESTIMATORS. THE RF
TRAINING TIME IS SHOWN IN RED (RIGHT AXIS), WHILE THE XGB TRAINING TIME IS SHOWN IN BLUE (LEFT AXIS)

Overall, given these satisfactory results, where the BRF and XGB models have shown reliable capabilities to
assess current seagrass distributions under multiple endogenic and exogenic pressures, they could be applied
to scenario analyses to predict the impacts of future environmental changes on the investigated ecosystem.
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4.3 Phase 4: Will Apulian seagrasses withstand future environmental changes?

The results of the scenario analysis were obtained by calculating the mean probability to estimate the
percentage of seagrass presence in each of the tested scenarios (i.e., SC_A, SC_B, etc). In particular, rather
than relying on a standard percentage calculation based on pixel classification, a probabilistic approach was
adopted due to the intrinsic nature of the RF and XGB models. These ML models generate predictions with
varying degrees of uncertainty; therefore, the probabilistic values of each class were averaged to derive a
mean probability score. This methodology provides a more robust assessment of model confidence, ensuring
a more reliable estimation of seagrass presence or absence under future environmental conditions.

Looking at the predicted distributions, as displayed in Figure 18 and in Supplementary Material SM4, overall,
the ML models predict a slight decline in seagrass presence in 2050 for both RCP 4.5 and RCP 8.5 compared
to the last available historical year (2021). This suggests that near-future projected environmental changes
investigated by testing the variation of physical and biogeochemical WQ parameters may negatively affect
seagrass distribution in the studied area. The similarities in projections across both scenarios could be
attributed to the relatively small differences in the key environmental metrics between RCP 4.5 and RCP 8.5
before mid-century. Notably, the divergence between these scenarios becomes more pronounced after
2050, as highlighted by IPCC (2021).

In particular, consistent with the findings reviewed by Trégarot et al. (2024), global warming (represented
with the SST variable), sea level rise and salinity changes, are predicted to exert a negative impact on seagrass
distribution, with a reduction around 1-2% of the total area retrieved in 2021. Sea level rise (SC_C), on the
other hand, alters light availability, and, as also observed in Pergent et al. (2015) & Simeoni et al. (2024), the
potential reduction can be associated to a reduction in light penetration to the seabed which can in turn
diminish photosynthetic activity of the meadows, ultimately leading to increased mortality, particularly at
the deeper edges of meadows. Moving towards SC_D, as ocean acidification progresses (i.e., decreasing pH),
the models predict a contraction of this ecosystem, likely driven by physiological stress that could affect
seagrass resilience and overall condition. Finally, among the 7 scenarios presented, nutrient enrichment
emerged as among the key drivers of seagrass decline. Model predictions indicate that projected NOs and
PO, variations could result in a loss of approximately 3% of the total Apulia seagrass distribution in 2050
compared to 2021. This finding underscores the importance of managing eutrophication and maintaining the
good environmental status (as required by the EU Marine Strategy Framework Directive), to mitigate further
degradation of these critical marine habitats.
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FIGURE 18: SEAGRASS PRESENCE (%) UNDER FUTURE PH VARIATIONS — RCP4.5 & RCP8.5
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4.3.1 Performance comparison of BRF and XBG in the prediction phase

In the scenario analysis, the performance and efficiency of the XGB and RF models were evaluated under
different conditions, focusing on the predicted presence/absence of seagrass beds and the computational
prediction times. The plot comparing predicted presence percentages under SC_C (SSH variations) under
both RCP 4.5 and 8.5 highlights some differences between the two ML models (Figure 19). The scenarios
developed with the XGB algorithm, both for RCP4.5 and RCP8.5, maintain relatively stable predicted presence
values around 8.40 to 8.43%, showing only a slight decrease as the number of estimators increases. In
contrast, the RF algorithm predicted lower percentages, with RCP4.5 and RCP8.5 producing values below
8.20%. The scenarios under the RF model exhibited a small initial increase in presence prediction before
declining as the number of estimators grew. Overall, XGB consistently predicted higher “presence”
percentages than RF, with only a slight gap between the two RCP scenarios.

Plot of XGB & RF with Scenario C: SSH RCP 4.5 & 8.5
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FIGURE 19: COMPARISON OF PREDICTED SEAGRASS PRESENCE PERCENTAGES USING XGB AND RF MODELS UNDER SCENARIO
C: SSH UNDER BOTH RCP 4.5 & 8.5 SCENARIOS.

Instead, when analyzing the efficiency of the two models (Figure 20), the prediction times followed a similar
trend to those observed during the training phase (Figure 17). While both models experienced increasing
prediction time as the number of estimators grew, RF consistently required more time than XGB. This further
reinforces XGB’s advantage in computational efficiency, ensuring faster inference while maintaining strong
predictive performance. Overall, in real-world applications such as climate risk assessment, where both
speed and accuracy are critical, XGB provides a more scalable and efficient solution, making it a strong
candidate for large-scale environmental modelling.
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Time Plot for RF and XGB prediction times
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FIGURE 20: PREDICTION TIME COMPARISON BETWEEN RF AND XGIM MODELS FOR DIFFERENT NUMBERS OF ESTIMATORS.
THE RF PREDICTION TIME IS SHOWN IN RED (RIGHT AXIS), WHILE THE XGB PREDICTION TIME IS SHOWN IN BLUE (LEFT AXIS)

5. Discussion

5.1 Role of remote sensing and unmanned vehicles in CIA applications

Integrating remote sensing and unmanned vehicles is significantly advancing the monitoring and
management of different systems, including the coastal and inland aquatic environments. Remote sensing
technologies, such as satellite observations, can provide large-scale insights into not only terrestrial
phenomena but also oceanic and coastal dynamics, encompassing physical (e.g., SST, ocean currents),
chemical (e.g., chlorophyll-a, turbidity levels), and biological (e.g., algal bloom events, habitat distribution)
processes. However, their utility is often limited by atmospheric distortions, cloud cover, and difficulties in
capturing subsurface data (Aasen et al., 2018). Unmanned vehicles, including autonomous underwater
vehicles (AUVs), remotely operated vehicles (ROVs), and unmanned surface vehicles (USVs), can effectively
bridge this data gap by enabling high-resolution, real-time data collection even in remote or hazardous
environments (Mohsan et al., 2023).

These vehicles, equipped with cutting-edge sensors like multispectral and hyperspectral cameras, LiDAR,
thermal imaging systems, and side-scan sonars facilitate detailed exploration and monitoring of tidal and
underwater habitats such as mangroves, seagrass meadows and corals. Focusing on seagrass beds, these
technologies can enhance the accuracy of mapping this ecosystem by detecting variations in patch
distribution and density, especially in lower bathymetric zones (i.e. where accurate mapping using satellite
imagery is more difficult). Additionally, 3D seafloor mapping technologies, including laser scanners and
multibeam sonars, are revolutionizing the accuracy and detail of underwater surveys (lgbinenikaro et al.,
2024). This capability is particularly critical for assessing biodiversity, habitat health, and seafloor topography,
providing essential data for calculating ecosystem services such as carbon sequestration, habitat
provisioning, and nutrient cycling (Canonico et al., 2019). The mobility and flexibility of unmanned platforms
allow for frequent, cost-effective, and minimally invasive surveys, thus enhancing data accuracy while
reducing ecological disturbance. Furthermore, integrating unmanned technologies with human divers,
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especially in high-value areas like MPAs, can offer highly detailed assessments in shallow water, where
specialized divers can capture nuanced ecological data and verify remote observations. This combination can
enable comprehensive habitat evaluations, as required by the recent Nature Restoration Regulation (EU,
2024), that are vital for effective management and conservation efforts.

Moreover, integrating unmanned aerial vehicles with surface and underwater platforms, along with satellite
data, offers the potential for synergistic, multi-scale monitoring that can be managed through cutting-edge
deep learning models (Section 5.2). This integrated approach could not only improve the spatio-temporal
resolution of data collection (which is particularly relevant in dynamic coastal and underwater regions (Aasen
et al., 2018)) but also provide relevant data to validate predictions derived from satellite imageries. By
leveraging the increased volume and accuracy of data from unmanned vehicles, these platforms can support
the upscaling of monitoring efforts, enabling the generation of increasingly accurate predictions at regional,
national, and even global scales. Therefore, emerging underwater survey technologies, supported by artificial
intelligence and ML, have the potential to enhance the overall understanding of underwater environments
further. These technologies enable researchers and managers to train CIA models with more precise and
high-quality data, leading to more accurate risk assessment predictions and improved evaluations of current
and potential future ecosystem services.

5.2  The MARITIME model evolution: future horizons

The current MARITIME modelling framework developed by Simeoni et al. (2024) and tested here at a local
scale, provides a solid basis for better understanding and managing MCEs. The transformation from a static
model to one that accounts for temporal dynamics represents a major improvement. In particular, the
generated multi-annual maps retrieved from remote sensing deeply enrich the training dataset, thereby
increasing the model's accuracy and robustness.

However, the model could be further expanded by incorporating multi-ecosystem dynamics and interactions.
In the thesis, the MARITIME modelling framework has finally been set up with a focus only on the seagrass
ecosystem. However, MCEs are highly interconnected, with processes and species often spanning multiple
environments and ecosystems. Therefore, by integrating these multi-ecosystem interactions, the model
could offer a more holistic view of local and even regional dynamics.

Moreover, expanding the temporal range of historical data for training, validation, and testing (Section 5.1)
would significantly improve the predictive accuracy and precision of the implemented ML-based models. This
step is particularly crucial in studies examining the effects of long-term environmental changes, such as
climate change impacts, where a broader temporal scope is essential to capture gradual trends, seasonal
variabilities, and potential tipping points. A more extended historical/baseline dataset would enable the
model to better identify patterns of ecosystem resilience or shifts, providing a more robust framework for
predicting future changes under the influence of climatic pressures at different intensities.

Another crucial enhancement is the inclusion of socio-economic factors. Human activities such as fishing,
shipping, and coastal development significantly impact MCEs. Hence, incorporating socio-economic
indicators such as touristic flows and already implemented regulatory frameworks (e.g., ZPS, SIC, and MPAs)
would enable the ML-based model to capture better the complex interplay between ecological health and
human activities. This integration would also support scenario planning, allowing the testing of different
conservation actions. For instance, by training the model with data on MPAs and the related status of the
ecosystem before and after their implementation, the MARITIME modelling framework could even evaluate
the potential benefits of establishing new MPAs or expanding existing ones, supporting efforts to achieve the
“30x30” conservation target (Dinerstein et al., 2019).
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Looking ahead, drawing on the previous section, the growing availability of high-resolution data from diverse
sources offers a transformative opportunity. These technologies, equipped with advanced sensors, can
provide more detailed data on various ecological parameters, from seafloor mapping to biological
productivity. The model could also be expanded to account for the ocean’s vertical variability. Many key
ecological processes occur across different ocean layers, from the surface to the bottom. A multi-layer
approach would improve the representation of vertical interactions, such as nutrient cycling and thermal
stratification. Using a graph network structure to incorporate all these diverse datasets and to model several
depth layers could facilitate an effective assessment of ecosystem services and the simulation of dynamic
connections between different depths, enhancing the understanding of the ocean's ecological and
biogeochemical system. Together, these expansions will enable a more accurate, dynamic, and holistic
evaluation of the complex inter-relations among climate change- water quality - MCEs and ecosystem
services capacity and flow, increasing the MARITIME’s capacity to inform sustainable marine management
strategies.

5.3  Leveraging Digital Twin technology for CIA of seagrass ecosystem resilience

The model developed aligns with the principles of the DTO (EC, 2022), which combines ocean observations,
artificial intelligence, and advanced modelling operating on high-performance computers, allowing for a
deeper understanding of ocean dynamics. More precisely, Digital Twin technology involves creating a
detailed, dynamic virtual model of a physical entity, which in this case is the seagrass ecosystem. This digital
representation mirrors the real-world ecosystem's behaviour, condition, and response to various human-
induced pressures and environmental factors in near real time. To enhance its predictive accuracy, it would
be important to integrate controlled experimental studies into the DTO alongside physical dynamics. By
adding information on how ecosystem health varies under different stressor intensities, such as temperature
increase, nutrient enrichment, pollution, and ocean acidification, the DTO can gain deeper information into
species-specific adaptive capacities and resilience mechanisms. This integration would support the
identification of early warning signals of ecosystem increase/decline and help determine potential tipping
points beyond which recovery may become unlikely.

Following the DTO modelling framework, the multi-phase analytical approach presented in this chapter
adheres to most of the DTO operational phases: the initial phase focused on data acquisition and collection
(Section 3.1), where a variety of data sources were utilized, including open-source data platforms (e.g.,
Copernicus Services) and remote sensing-based data. Then, following data acquisition, the preparation phase
ensured that the collected datasets were retrieved and pre-processed for subsequent ML analyses. The
integration of remote sensing in this phase further strengthens the capacity of this modelling methodology
to track ecosystem changes. Afterwards, an ML-based modelling framework, operationalized by a BRF and
an XGB, was employed to model the data. However, this first release lacks the final development of the Digital
Twin visualization interface, which enables interactive representation, visualization, and assessment of
cumulative impacts on MCEs.

Hence, the integration of a fully developed DTO interactive visualization interface is a crucial next step for
the MARITIME modelling framework to enable users to interact directly with the model. This would allow for
real-time scenario analyses, where different stakeholders can input and test different "what-if" scenarios
(e.g., reduction or increase of specific human-induced pressures, introduction of new adaptation measures,
etc.) and immediately observe the potential benefits or impacts, supporting evidence-based decision-
making. Therefore, by making complex data more accessible and understandable, it transforms the
MARITIME model from a purely data-centric tool into a comprehensive, actionable platform that can support
environmental governance and marine management practices, such as the design and implementation of
blue nature-based solutions.
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Conclusions

This study attempts to analyse seagrass variations along the Apulia region, exploring the intricate
relationships between seagrass spatio-temporal dynamics and the selected endogenic and exogenic factors
impacting this ecosystem. To reach this goal, the MARITIME modelling framework presented in Chapter 2
(Simeoni et al., 2024) was adapted and reapplied at a local level with the support of remote sensing
technology. The implemented methodological workflow with the integration of remote sensing allowed for
regional spatio-temporal mapping of this ecosystem. In particular, by leveraging the Landsat satellite
constellation, the methodology employed in this study resulted in a high-resolution delineation of seagrass
meadows (i.e., 30 meters of spatial resolution) for the 2014-2021 timeframe, which allowed tracking of their
spatio-temporal dynamics. Looking at the whole reference period, the analysis revealed good coverage of
seagrass meadows along the Apulia region, except for the Gargano area, where only sparse patches were
detected. Overall, a nearly stable trend emerged, with total coverage increasing slightly from 2014 to 2021.

The obtained spatio-temporal dynamics partially addressed critical gaps in the quality of available datasets
representing MCEs for the MARITIME model, a longstanding challenge also highlighted in Simeoni et al.
(2024). Previously, the training process was constrained to a single snapshot in time due to the limited data
available representing seagrass meadows at the eco-regional level. Overall, integrating remote sensing
analyses and related outputs within a CIA framework represents a step forward compared to previous
approaches. In this context, two ML models, RF and XGB, were trained on diverse datasets, including these
remote sensing data, to predict future seagrass distribution changes. The designed scenarios were tested by
evaluating climate forcings (sea temperature increase, sea level rise, ocean acidification, salinity and oxygen
variation and nutrient enrichment) individually, each contributing to a decline. The most impacting
environmental stressor is predicted to cause a potential shrinkage of the seagrass meadows in Apulia by up
to 3% in 2050 compared to 2021.

The ongoing increasing availability of datasets with progressively finer spatial and temporal resolutions opens
new opportunities for further advancements. A step forward would be retrieving such data for a longer
period and at even lower resolutions, extracting additional biophysical parameters of the ecosystem, such as
leaf density, canopy height, or biomass, which are essential for accurately estimating the potential ecosystem
services that seagrass meadows can provide to human wellbeing. Furthermore, integrating water quality
data, such as turbidity, sea temperature, chlorophyll-a concentration, pH, or nutrient levels, at the same
resolutions as the seagrass data would provide an even more comprehensive understanding of the direct
effects of these factors on ecosystem variations. In parallel, with the increasing availability of these data from
numerical models, remote sensing and other vehicles, a further challenging improvement of the proposed
modelling framework is the design of more sophisticated ML models capable of efficiently handling large
volumes of data with heterogeneous spatio-temporal resolutions. Finally, creating a user-friendly platform
for conducting ClIAs could significantly increase the accessibility of complex environmental and climatic
datasets, usually difficult for stakeholders (such as regional and local decision-makers) to manage. Such a
platform would minimize the need for advanced programming skills by automating critical tasks, including
data preprocessing and preparation, thereby streamlining workflows and reducing the time required to
produce actionable insights. This dual approach, refining models and simplifying workflows, represents a
crucial pathway toward more inclusive and efficient tools for marine ecosystem management. From a
regulatory perspective, it offers a valuable framework for analyzing complex spatio-temporal dynamics of
water quality under varying conditions and timeframes, supporting decision-makers and managers in
identifying key drivers of ecosystem deterioration. Moreover, it can support the achievement of EU
environmental policies, including the Water Framework and Marine Strategy Framework Directives, the EU
Restoration Law (recently adopted as part of the European Green Deal), and the broader Agenda 2030 goals.
By integrating advanced modelling and remote sensing, these tools enhance the ability to assess degradation,
guide restoration efforts, and ensure more effective, science-driven conservation strategies.
79



Supplementary material SM1.: List of considered indicators and related yearly-based metrics included in
the MARITIME model to represent pressures and seagrass state.

MCE

. Areal extent/surface Presence/Absence
condition
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Supplementary material SM2: classification metrics tested

Metric name Formula Code
A TP+ TN l i
ccurac sklearn.metrics.accuracy_score
y (TP + FP + TN + FN) fcs.accuracy_score()
TP .
Recall S sklearn.metrics.recall_score()
TP + FN
. TP . .
Precision —_ sklearn.metrics.precision_score()
TP + FP
Precision * Recall
F1-score 2 % — - sklearn.metrics.f1_score()
Precision + Recall
The area under the ROC curve .
ROC-AUC (plots TPR vs. FPR) sklearn.metrics.roc_auc_score()

Where TP stands for “True Positives,” FP for “False Positives,” TN for (True Negatives) and FN for (False
negatives). As expressed in the formula, model accuracy measures the proportion of correct predictions
made by the model out of all predictions. It is calculated by dividing the number of correct classifications by
the total number of predictions. Recall (also known as sensitivity) instead highlights the number of members
of a class that the classifier identified correctly, divided by the total number of members in that specific class.
On the other hand, model precision (also called positive predictive value) is the ratio between the True
Positives and all the Positives, whereas the F1-score represents the harmonic mean of Precision and Recall,
providing a single score that balances both concerns.

Finally, the ROC (Receiver Operating Characteristic) curve plots the True Positive Rate (TPR) against the False
Positive Rate (FPR) at different classification thresholds, illustrating how well the two tested models
distinguish between classes. The AUC (Area Under the Curve) quantifies this ability, where an AUC of 1.0
represents a perfect model, 0.5 indicates random guessing, and values below 0.5 suggest worse-than-random
performance. These metrics were evaluated due to the class imbalance issue, as described in Section 4.2. In
this specific case with the dataset highly skewed, accuracy can be misleading. For instance, in a scenario like
this application, where approximately 90% of the samples belong to a single class (class 0), a naive model
that always predicts the majority class would achieve 90% accuracy while lacking true predictive power. In
contrast, ROC/AUC provides a more robust evaluation by measuring the model’s ability to distinguish
between classes, making it a more reliable metric in such cases. Additionally, ROC/AUC is valuable for
assessing the ranking ability of a model, as it evaluates how well the model assigns higher scores to positive
instances compared to negative ones, independent of a specific classification threshold.
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Supplementary material SM3: Spatial distribution maps for 2014, 2017, and 2021 years

a) Spatial distribution retrieved from Landsat 8 for 2014 year
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b) Spatial distribution retrieved from Landsat 8 for 2017 year
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c) Spatial distribution retrieved from Landsat 8 for 2021 year
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Supplementary material SM4: Projected seagrass presence under future SST, SAL, SSH, O,, pH, NO; and
PO, variations

a) Seagrass presence (%) under future SST variations — RCP4.5 & RCP8.5
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Seagrass Presence (%)

b) Seagrass presence (%) under future SAL variations — RCP4.5 & RCP8.5

Comparison of Presence Percentage Trends for Scenario B (SAL) for RCP 4.5 and 8.5
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c) Seagrass presence (%) under future SSH variations — RCP4.5 & RCP8.5
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d) Seagrass presence (%) under future pH variations — RCP4.5 & RCP8.5
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e) Seagrass presence (%) under future O, variations — RCP4.5 & RCP8.5

Comparison of Presence Percentage Trends for Scenario E (02) for RCP 4.5 and 8.5

—8— Presence percentage RCP 4.5
—@- Presence percentage RCP 8.5
—»— 5th Percentile 02 RCP 4.5
213 == 5th Percentile 02 RCP 8.5
14 A
212
® 124
~
) [=]
2 @
2 F211 E
w 104 @
n a
o <
g 210 &
[
wn
g4
F 209
6
208
2014 2015 2016 2017 2018 2019 2020 2021 2050
f) Seagrass presence (%) under future NOsvariations — RCP4.5 & RCP8.5
Comparison of Presence Percentage Trends for Scenario F (NO3) for RCP 4.5 and 8.5 Presence percentage RCP 4.5
=@- Presence percentage RCP 8.5
|35 X MinNO3RCP4S5
’ %X Min NO3 RCP 8.5
14 4 ~#— NO3 RCP 4.5 percentile variation
30 —#— NO3 RCP 8.5 percentile variation
= 0
£ 124 3
p F2.5 5
2 &
) L7
o o
G 101 F202
g e
- L
g" [=%
@ F153
3 o
F1o
61 Los
2014 2015 2016 2017 2018 2019 2020 2021 2050
0 4 jati - . .
Seagrass presence (%) under future PO, variations — RCP4.5 & RCP8.5
Comparison of Presence Percentage Trends for Scenario G (PO4) for RCP 4.5 and 8.5 "o Pretente percentage RCPAE
-@- Presence percentage RCP 8.5
| 0.020 X Min PO4 RCP 4.5
% Min PO4 RCP 8.5
144 —§— PO4 RCP 4.5 percentile variation
r0.017 i~ PO4 RCP 8.5 percentile variation
= @
* 12 A F0.0150 g
o1} -
3 0.0125%
G 10 £
@ F0.0100 §
o [=9
ol k0.0075
r 0.0050
6
+0.0025

2014 2015 2016 2017 2018 2019 2020 2021 2050

85



DISCUSSION AND CONCLUSIONS

The health of MCEs is critical to the stability of both environmental and socio-economic systems, particularly
in regions like the Mediterranean, where biodiversity hotspots and densely populated coastal areas coexist.
However, MCEs are increasingly vulnerable to the cumulative effects of climate change and human activities.
Climate-related changes such as rising sea temperatures, ocean acidification, extreme weather events, and
anthropogenic pressures like pollution, overfishing, and coastal development are rapidly transforming these
ecosystems. These cumulative impacts pose a significant challenge for effective ecosystem management, as
the interactions among multiple stressors are often complex and dynamic, requiring advanced assessment
methodologies for their evaluation.

This thesis investigates the cumulative impacts on MCEs, specifically focusing on seagrass meadows, and
evaluates the potential of ML as a tool for supporting the assessment of these impacts. The research is
structured around three main questions: (i) What is the current state of knowledge of key methodologies and
scientific information/tools that the research community can apply to evaluate the effects of human activities
and climate change on MCEs? (First Paper); (ii) Where is management most urgently needed to reduce and
mitigate regional and local pressures? This question focuses on identifying hot-spot risk areas by analyzing
the spatial and temporal distribution of key stressors. In this research, this overarching question is addressed
by developing and applying a cutting-edge ML-based modelling framework that leads to the third question:
iii) can an ML-based modelling framework identify patterns of interaction among endogenous and exogenous
pressures at different spatio-temporal scales, as well as evaluate ecosystem changes under multi-risk
scenarios? (Second and Third Papers).

By addressing these questions, the thesis aims to provide a deeper understanding of how seagrass
ecosystems respond to cumulative pressures and to explore the utility of ML in enhancing the accuracy and
precision of these assessments. Last, the research seeks to contribute valuable insights that can inform
decision-making frameworks for the sustainable management of coastal environments, ensuring that
ecosystem services such as carbon sequestration are maintained despite the projected increase of climate
change pressures.

Breaking down these bold objectives into more specific and operative research activities, the first paper in
this thesis provides a comprehensive review of the methodologies and scientific tools currently used to assess
the impacts of climate change and human activities in marine and coastal areas. This review identifies
significant gaps in existing CIA frameworks, particularly in their ability to integrate ecosystem services and to
model complex and non-linear inter-relationships interactions between multiple stressors affecting MCEs
under both a reference scenario and under different climate change future scenarios. The findings
underscore the importance of adopting more sophisticated methodologies, such as ML-based modelling
frameworks, to address these gaps and improve predictive capabilities.

Building on these research challenges, a conceptual multi-risk assessment framework was initially created to
outline the issue. This framework systematically identifies the interactions between natural and human-
induced risks, the marine and coastal targets at risk (such as seagrass beds, coral reefs, kelp forests,
mangroves, saltmarshes, and Maérl beds), along with their vulnerability factors and associated
environmental, physical, and biological impacts. In this setting, the second paper presents the design and
implementation of a general MARITIME modelling framework, which can be adapted and applied across
different case studies and scales, as well as with multiple targets/assessment endpoints. Building on this
general framework, the second and third papers operationalize this ML-based modelling framework in the
Mediterranean under different climate scenarios. In particular, the second paper applies the framework at
an eco-regional scale, focusing on the whole Mediterranean Sea. The outcomes demonstrated good potential
for evaluating the most relevant pressures driving changes in seagrass distribution at the eco-regional level
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(through the variable importance) with results highlighting that human-related pressures, particularly those
linked to coastal development and changes in nutrient concentrations, pose significant threats to the
ecological condition of seagrass meadows. Furthermore, the analysis of interactions between different
pressures, such as SST, SAL, and SSH, revealed potential synergies that could exacerbate ecosystem
degradation. These interactions suggest that multiple stressors may amplify their combined impacts,
accelerating the loss of seagrass habitats and compounding cascading effects on biodiversity, ecosystem
services, and carbon storage. Understanding and addressing these synergies is crucial for mitigating long-
term degradation and reducing the risk of releasing stored carbon as a consequence of seagrass shrinkages.

The third paper refines this approach by applying the MARITIME modelling framework to a local-scale study.
Here, the methodology is further enhanced with remote sensing data, which enables a detailed examination
of seagrass distribution over an 8-year timeframe. This integration allows the two implemented models (RF
and XGB) to incorporate additional layers of information, which in turn helps to identify spatio-temporal
patterns. Considering the limitations linked to data availability, remote sensing, combined with the
acquisition of new data from diverse advanced instrumentation (such as unmanned vehicles), could
represent a turning point for future CIA. These approaches could significantly advance predictive capabilities
when analyzed through increasingly sophisticated ML models, supported by more powerful computational
capacities. This, in turn, would enable more precise identification of ecosystem responses to cumulative
pressures, improving the accuracy of predictions. Moreover, it could help assess potential tipping points,
which are currently difficult to estimate due to the current limitations of available data, thereby enhancing
our ability to anticipate critical ecosystem shifts and implement timely management strategies and related
conservation measures.

Overall, through the exploration of these three research questions, this thesis aims to produce a significant
contribution to the growing body of knowledge on CIAs and the application of artificial intelligence and ML
to environmental risk assessment. By addressing key gaps in the understanding of MCEs health conditions
and the pressures these ecosystems are facing, the findings and limitations encountered underscore the
critical importance of integrating advanced monitoring and modelling approaches and techniques, such as
graph neural network models, into decision-making frameworks. These methodologies enable more accurate
predictions of ecosystem responses to the combined impacts of climate and human pressures, offering
practical tools for sustainable management. Despite limitations inherent to large-scale data availability
(partially addressed through the integration of remote sensing data at a local scale), this MARITIME approach
has provided valuable predictive insights into the future ecological conditions of MCEs. As demonstrated, this
modelling framework can be transferred and replicated across different case studies, scales, and ecosystems.
However, the successful application of the MARITIME across case studies requires fine-tuning key variables
and representative metrics to accurately characterize ecosystem conditions and the main climatic and
anthropogenic drivers, ensuring the reliability of model outputs. In addition to these specific modelling
achievements, it has also facilitated the investigation and analysis of the intricate nexus between climate
change, water quality, seagrass ecosystems, and their services in the Mediterranean region. The model was
specifically designed to allow information to flow across all components of this nexus, accounting for
cascading effects from one factor to another, to the final assessment endpoint. Furthermore, the integration
of developed GIS-based multi-risk scenarios with other analyses (e.g., the suitability mapping of Nature-
Based Solutions) can support managers in implementing targeted transformative adaptation strategies and
related actions that consider both ecological and socio-economic dimensions of MCEs management.

87



Bibliography

Aasen, H., Honkavaara, E., Lucieer, A., & Zarco-Tejada, P. J. (2018). Quantitative remote sensing at ultra-
high resolution with UAV spectroscopy: A review of sensor technology, measurement procedures,
and data correctionworkflows. Remote Sensing, 10(7), 1-42. https://doi.org/10.3390/rs10071091

Adger, W. N. (2006). Vulnerability. Global Environmental Change, 16(3), 268—281.

AhmedK, A., Aljahdali, S., & Naimatullah Hussain, S. (2013). Comparative Prediction Performance with
Support Vector Machine and Random Forest Classification Techniques. International Journal of
Computer Applications, 69(11), 12—16. https://doi.org/10.5120/11885-7922

Ainsworth, C. H., Samhouri, J. F., Busch, D. S., Cheung, W. W. L., Dunne, J., & Okey, T. A. (2011). Potential
impacts of climate change on Northeast Pacific marine foodwebs and fisheries. ICES Journal of
Marine Science, 68(6), 1217-1229. https://doi.org/10.1093/icesjms/fsr043

Albert, J. S., Destouni, G., Duke-Sylvester, S. M., Magurran, A. E., Oberdorff, T., Reis, R. E., Winemiller, K.
0., & Ripple, W. J. (2020). Scientists’ warning to humanity on the freshwater biodiversity crisis.
Ambio. https://doi.org/10.1007/s13280-020-01318-8

Allan, J. D., MclIntyre, P. B., Smith, S. D. P., Halpern, B. S., Boyer, G. L., Buchsbaum, A., Burton, G. A.,
Campbell, L. M., Chadderton, W. L., Ciborowski, J. J. H., Doran, P. J., Eder, T., Infante, D. M.,
Johnson, L. B., Joseph, C. A., Marino, A. L., Prusevich, A., Read, J. G., Rose, J. B., ... Steinman, A. D.
(2013). Joint analysis of stressors and ecosystem services to enhance restoration effectiveness.
Proceedings of the National Academy of Sciences of the United States of America, 110(1), 372-377.
https://doi.org/10.1073/pnas.1213841110

Andersen, J. H., Al-Hamdani, Z., Harvey, E. T., Kallenbach, E., Murray, C., & Stock, A. (2020). Relative
impacts of multiple human stressors in estuaries and coastal waters in the North Sea—Baltic Sea
transition zone. Science of the Total Environment, 704, 135316.
https://doi.org/10.1016/j.scitotenv.2019.135316

Andersen, J. H., Halpern, B. S., Korpinen, S., Murray, C., & Reker, J. (2015). Baltic Sea biodiversity status
vs. cumulative human pressures. Estuarine, Coastal and Shelf Science, 161(4), 88-92.
https://doi.org/10.1016/].ecss.2015.05.002

Aria, M., & Cuccurullo, C. (2017). bibliometrix: An R-tool for comprehensive science mapping analysis.
Journal of Informetrics, 11(4), 959-975. https://doi.org/10.1016/J.J01.2017.08.007

Armstrong, C. W., Vondolia, G. K., Foley, N. S., Henry, L. A., Needham, K., & Ressurreicao, A. M. (2019).
Expert assessment of risks posed by climate change and anthropogenic activities to ecosystem
services in the deep North Atlantic. Frontiers in Marine Science, 6(MAR), 1-11.
https://doi.org/10.3389/fmars.2019.00158

Baas, J., Schotten, M., Plume, A., Coté, G., & Karimi, R. (2020). Scopus as a curated, high-quality
bibliometric data source for academic research in quantitative science studies. Quantitative Science
Studies, 1(1), 377-386. https://doi.org/10.1162/qss_a_00019

Battista, W., Karr, K., Sarto, N., & Fujita, R. (2017). Comprehensive Assessment of Risk to Ecosystems
(CARE): A cumulative ecosystem risk assessment tool. Fisheries Research, 185, 115—-129.
https://doi.org/10.1016/j.fishres.2016.09.017

Bednarek, A. T., Shouse, B., Hudson, C. G., & Goldburg, R. (2015). Science-policy intermediaries from a
practitioner’s perspective: The Lenfest Ocean Program experience. Science and Public Policy, 43(2),
291-300. https://doi.org/10.1093/scipol/scv008

Ben Rais Lasram F., Hattab T., Halouani G., Romdhane M.S., Le Loc’H F., A. C. (2016). Cumulative human
threats on fish biodiversity components in Tunisian waters. Mediterranean Marine Science, 17(1),
190-201. https://doi.org/10.12681/mms.1373

Berrouet, L. M., Machado, J., & Villegas-Palacio, C. (2018). Vulnerability of socio—ecological systems: A
conceptual Framework. Ecological Indicators, 84(September 2017), 632-647.
https://doi.org/10.1016/j.ecolind.2017.07.051

Beusen, A., Boyd, P. W,, Breitburg, D., Comeau, S., Dupont, S., Hansen, P. J., Isensee, K., Kudela, R. M.,

88



Lundholm, N., Otto, S., Schwing, F., & Tilbrook, B. (2022). Multiple Ocean Stressors: A Scientific
Summary for Policy Makers. https://doi.org/10.25607/0BP-1724

Blakley, J., & Russell, J. (2022). International progress in cumulative effects assessment: a review of
academic literature. Journal of Environmental Planning and Management, 65(2), 186-215.
https://doi.org/10.1080/09640568.2021.1882408

Blanfuné, A., Boudouresque, C. F., Verlaque, M., & Thibaut, T. (2019). The ups and downs of a canopy-
forming seaweed over a span of more than one century. Scientific Reports, 9(1), 1-10.
https://doi.org/10.1038/s41598-019-41676-2

Bonnevie, I. M., Hansen, H. S., & Schrgder, L. (2020). SEANERGY - a spatial tool to facilitate the increase
of synergies and to minimise conflicts between human uses at sea. Environmental Modelling and
Software, 132(March). https://doi.org/10.1016/j.envsoft.2020.104808

Borja, A., Dauer, D. M., & Grémare, A. (2012). The importance of setting targets and reference conditions
in assessing marine ecosystem quality. Ecological Indicators, 12(1), 1-7.
https://doi.org/10.1016/j.ecolind.2011.06.018

Breiman, L. (2001). Random forests. Random Forests, 45. https://doi.org/10.1201/9780429469275-8

Brodersen, M. M., Pantazi, M., Kokkali, A., Panayotidis, P., Gerakaris, V., Maina, ., Kavadas, S., Kaberi, H.,
& Vassilopoulou, V. (2018). Cumulative impacts from multiple human activities on seagrass
meadows in eastern Mediterranean waters: the case of Saronikos Gulf (Aegean Sea, Greece).
Environmental Science and Pollution Research, 25(27), 26809—-26822.
https://doi.org/10.1007/s11356-017-0848-7

Bui, D. T., Khosravi, K., Tiefenbacher, J., Nguyen, H., & Kazakis, N. (2020). Improving prediction of water
quality indices using novel hybrid machine-learning algorithms. Science of the Total Environment,
721, 137612. https://doi.org/10.1016/j.scitotenv.2020.137612

Buonocore, E., Donnarumma, L., Appolloni, L., Miccio, A., Russo, G. F., & Franzese, P. P. (2020). Marine
natural capital and ecosystem services: An environmental accounting model. Ecological Modelling,
424(January), 109029. https://doi.org/10.1016/j.ecolmodel.2020.109029

Calvo, S, Calvo, R., Luzzu, F., Raimondi, V., Assenzo, M., Cassetti, F. P., & Tomasello, A. (2021).
Performance assessment of posidonia oceanica (L.) delile restoration experiment on dead matte
twelve years after planting—structural and functional meadow features. Water (Switzerland),
13(5). https://doi.org/10.3390/w13050724

Canonico, G., Buttigieg, P. L., Montes, E., Muller-Karger, F. E., Stepien, C., Wright, D., Benson, A.,
Helmuth, B., Costello, M., Sousa-Pinto, |., Saeedi, H., Newton, J., Appeltans, W., Bednarsek, N.,
Bodrossy, L., Best, B. D., Brandt, A., Goodwin, K. D., lken, K., ... Murton, B. (2019). Global
observational needs and resources for marine biodiversity. Frontiers in Marine Science, 6(JUL), 1—
20. https://doi.org/10.3389/fmars.2019.00367

Castejon-Silvo, ., & Terrados, J. (2012). Patterns of spatial variation of nutrient content, epiphyte load
and shoot size of Posidonia oceanica seagrass meadows (Mediterranean Sea). Marine Ecology,
33(165-175). https://doi.org/10.1111/j.1439-0485.2011.00477 .x

Cirelli, G., Pisto, A., Ardolino, F., Colucci, A., Ottone, E., Catucci, F., Tragni, N., & Aquaro, V. (2018).
Distribution and causes of sea turtles stranding on the lonian coast of Calabria, Apulia and
Basilicata. 2018 IEEE International Workshop on Metrology for the Sea; Learning to Measure Sea
Health Parameters, MetroSea 2018 - Proceedings, 178—182.
https://doi.org/10.1109/MetroSea.2018.8657886

Clark, D., Goodwin, E., Sinner, J., Ellis, J., & Singh, G. (2016). Validation and limitations of a cumulative
impact model for an estuary. Ocean and Coastal Management, 120, 88—98.
https://doi.org/10.1016/j.ocecoaman.2015.11.013

Clarke Murray, C., Agbayani, S., & Ban, N. C. (2015). Cumulative effects of planned industrial
development and climate change on marine ecosystems. Global Ecology and Conservation, 4, 110—
116. https://doi.org/10.1016/j.gecco.2015.06.003

Colléter, M., Valls, A., Guitton, J., Gascuel, D., Pauly, D., & Christensen, V. (2015). Global overview of the
applications of the Ecopath with Ecosim modeling approach using the EcoBase models repository.
Ecological Modelling, 302, 42—53. https://doi.org/10.1016/j.ecolmodel.2015.01.025

89



Cook, G. S., Fletcher, P. J., & Kelble, C. R. (2014). Towards marine ecosystem based management in South
Florida: Investigating the connections among ecosystem pressures, states, and services in a
complex coastal system. Ecological Indicators, 44, 26—39.
https://doi.org/10.1016/j.ecolind.2013.10.026

Cooper, P. (2013). Socio-ecological accounting: DPSWR, a modified DPSIR framework, and its application
to marine ecosystems. Ecological Economics, 94, 106—115.
https://doi.org/10.1016/j.ecolecon.2013.07.010

Cornwall, C. E., & Eddy, T. D. (2015). Effects of near-future ocean acidification, fishing, and marine
protection on a temperate coastal ecosystem. Conservation Biology, 29(1), 207-215.
https://doi.org/10.1111/cobi.12394

Corrales, X., Coll, M., Ofir, E., Heymans, J. J., Steenbeek, J., Goren, M., Edelist, D., & Gal, G. (2018). Future
scenarios of marine resources and ecosystem conditions in the Eastern Mediterranean under the
impacts of fishing, alien species and sea warming. Scientific Reports, 8(1), 1-16.
https://doi.org/10.1038/s41598-018-32666-x

Crain, C. M., Kroeker, K., & Halpern, B. S. (2008). Interactive and cumulative effects of multiple human
stressors in marine systems. Ecology Letters, 11(12), 1304—1315. https://doi.org/10.1111/j.1461-
0248.2008.01253.x

Culhane, F., Teixeira, H., Nogueira, A. J. A., Borgwardt, F., Trauner, D., Lillebg, A., Piet, G. J., Kuemmerlen,
M., McDonald, H., O’Higgins, T., Barbosa, A. L., van der Wal, J. T., Iglesias-Campos, A., Arevalo-
Torres, J., Barbiére, J., & Robinson, L. A. (2019). Risk to the supply of ecosystem services across
aquatic ecosystems. Science of the Total Environment, 660, 611-621.
https://doi.org/10.1016/].scitotenv.2018.12.346

de Juan, S., Hewitt, J., Subida, M. D., & Thrush, S. (2018). Translating Ecological Integrity terms into
operational language to inform societies. Journal of Environmental Management, 228(September),
319-327. https://doi.org/10.1016/j.jenvman.2018.09.034

de Juan, S., Thrush, S. F., & Hewitt, J. E. (2013). Counting on B-Diversity to Safeguard the Resilience of
Estuaries. PLoS ONE, 8(6), 1-11. https://doi.org/10.1371/journal.pone.0065575

Den Haan, J., Huisman, J., Brocke, H. J., Goehlich, H., Latijnhouwers, K. R. W., Van Heeringen, S.,
Honcoop, S. A. S., Bleyenberg, T. E., Schouten, S., Cerli, C., Hoitinga, L., Vermeij, M. J. A., & Visser, P.
M. (2016). Nitrogen and phosphorus uptake rates of different species from a coral reef community
after a nutrient pulse. Scientific Reports, 6(October 2015), 1-13. https://doi.org/10.1038/srep28821

Depellegrin, D., Menegon, S., Farella, G., Ghezzo, M., Gissi, E., Sarretta, A., Venier, C., & Barbanti, A.
(2017). Multi-objective spatial tools to inform maritime spatial planning in the Adriatic Sea. Science
of the Total Environment, 609, 1627-1639. https://doi.org/10.1016/j.scitotenv.2017.07.264

Depellegrin, D., Menegon, S., Gusatu, L., Roy, S., & Misiuné, I. (2020). Assessing marine ecosystem
services richness and exposure to anthropogenic threats in small sea areas: A case study for the
Lithuanian sea space. Ecological Indicators, 108(April 2019).
https://doi.org/10.1016/j.ecolind.2019.105730

Dinerstein, E., Vynne, C., Sala, E., Joshi, A. R., Fernando, S., Lovejoy, T. E., Mayorga, J., Olson, D., Asner, G.
P., Baillie, J. E. M., Burgess, N. D., Burkart, K., Noss, R. F., Zhang, Y. P., Baccini, A., Birch, T., Hahn, N,
Joppa, L. N., & Wikramanayake, E. (2019). A Global Deal for Nature: Guiding principles, milestones,
and targets. Science Advances, 5(4), 1-17. https://doi.org/10.1126/sciadv.aaw2869

Dominguez-Tejo, E., Metternicht, G., Johnston, E., & Hedge, L. (2016). Marine Spatial Planning advancing
the Ecosystem-Based Approach to coastal zone management: A review. Marine Policy, 72, 115-130.
https://doi.org/10.1016/j.marpol.2016.06.023

Douvere, F., & Ehler, C. N. (2008). New perspectives on sea use management: Initial findings from
European experience with marine spatial planning. Journal of Environmental Management, 90(1),
77-88. https://doi.org/10.1016/j.jenvman.2008.07.004

Duarte, C. M., Conley, D. J., Carstensen, J., & Sdnchez-Camacho, M. (2009). Return to Neverland: Shifting
baselines affect eutrophication restoration targets. Estuaries and Coasts, 32(1), 29-36.
https://doi.org/10.1007/s12237-008-9111-2

EC. (2019). Ethics guidelines for trustworthy Al. High-Level Expert Group on Artificial Intelligence.

90



European Commission, 1-39.

EC. (2022). The digital twin ocean : an interactive replica of the ocean for better decision-making.
https://doi.org/10.2777/343496

EC, E. P. A. O.T. C. (2008). The marine strategy framework directive, DIRECTIVE 2008/56/EC. Journal of
Water Law, 19(3), 95-97.

EEA. (1999). Environmental indicators: Typology and Overview. European Environmental.

EEA. (2019a). Climate change adaptation in the agriculture sector in Europe. EEA Report, 04/2019, 112.

EEA. (2019b). The European environment - state and outlook 2020: knowledge for transition to a
sustainable Europe. In European Environment. https://doi.org/10.2800/96749

Elliott, M., Borja, A., McQuatters-Gollop, A., Mazik, K., Birchenough, S., Andersen, J. H., Painting, S., &
Peck, M. (2015). Force majeure: Will climate change affect our ability to attain Good Environmental
Status for marine biodiversity? Marine Pollution Bulletin, 95(1), 7-27.

Elliott, M., Burdon, D., Atkins, J. P., Borja, A., Cormier, R., de Jonge, V. N., & Turner, R. K. (2017). “And
DPSIR begat DAPSI(W)R(M)!” - A unifying framework for marine environmental management.
Marine Pollution Bulletin, 118(1-2), 27—40. https://doi.org/10.1016/j.marpolbul.2017.03.049

Elliott, Michael, Borja, A., & Cormier, R. (2020). Activity-footprints, pressures-footprints and effects-
footprints — Walking the pathway to determining and managing human impacts in the sea. Marine
Pollution Bulletin, 155(April), 111201. https://doi.org/10.1016/j.marpolbul.2020.111201

Elliott, Michael, Borja, A., McQuatters-Gollop, A., Mazik, K., Birchenough, S., Andersen, J. H., Painting, S.,
& Peck, M. (2015). Force majeure: Will climate change affect our ability to attain Good
Environmental Status for marine biodiversity? Marine Pollution Bulletin, 95(1), 7-27.
https://doi.org/10.1016/j.marpolbul.2015.03.015

EU. (2024). Nature Restoration Regulation. Official Journal of the European Union, OJ L,
2024(PE/74/2023/REV/1), 93. https://eur-lex.europa.eu/eli/reg/2024/1991/0j

Failler, P., Pétre, E., Binet, T., & Maréchal, J. P. (2015). Valuation of marine and coastal ecosystem
services as a tool for conservation: The case of Martinique in the Caribbean. Ecosystem Services, 11,
67-75. https://doi.org/10.1016/j.ecoser.2014.10.011

Fakhraee, M., Planavsky, N. J., & Reinhard, C. T. (2023). Ocean alkalinity enhancement through
restoration of blue carbon ecosystems. Nature Sustainability, 6(9), 1087—1094.
https://doi.org/10.1038/s41893-023-01128-2

Fang, X,, Li, X., Xiang, Y., Hao, C., Zhao, Y., & Zhang, Y. (2020). Cumulative impact of anthropogenic
nutrient inputs on lagoon ecosystems — A case study of Xincun Lagoon, Hainan, China. Regional
Studies in Marine Science, 35, 101213. https://doi.org/10.1016/j.rsma.2020.101213

Farella, G., Menegon, S., Fadini, A., Depellegrin, D., Manea, E., Perini, L., & Barbanti, A. (2020).
Incorporating ecosystem services conservation into a scenario-based MSP framework: An Adriatic
case study. Ocean and Coastal Management, 193(October 2019), 105230.
https://doi.org/10.1016/j.0ocecoaman.2020.105230

Felzmann, H., Fosch-Villaronga, E., Lutz, C., & Tamo-Larrieux, A. (2020). Towards Transparency by Design
for Artificial Intelligence. Science and Engineering Ethics, 26(6), 3333-3361.
https://doi.org/10.1007/511948-020-00276-4

Fernandes, M. da L., Esteves, T. C., Oliveira, E. R., & Alves, F. L. (2017). How does the cumulative impacts
approach support Maritime Spatial Planning? Ecological Indicators, 73(2017), 189-202.
https://doi.org/10.1016/j.ecolind.2016.09.014

Folke, C., Carpenter, S., Walker, B., Scheffer, M., Elmqvist, T., Gunderson, L., & Holling, C. S. (2004).
Regime shifts, resilience, and biodiversity in ecosystem management. Annual Review of Ecology,
Evolution, and Systematics, 35(June 2014), 557-581.
https://doi.org/10.1146/annurev.ecolsys.35.021103.105711

Fu, C., Xu, Y., Guo, C., Olsen, N., Griss, A, Liu, H., Barrier, N., Verley, P., & Shin, Y. J. (2020). The
Cumulative Effects of Fishing, Plankton Productivity, and Marine Mammal Consumption in a Marine
Ecosystem. Frontiers in Marine Science, 7(September), 1-19.
https://doi.org/10.3389/fmars.2020.565699

Fulton, E. A., Gray, R., Sporcic, M., Scott, R., & Hepburn, M. (2009). Challenges of crossing scales and

91



drivers in modelling marine systems. 18th World IMACS Congress and MODSIM 2009 - International
Congress on Modelling and Simulation: Interfacing Modelling and Simulation with Mathematical
and Computational Sciences, Proceedings, July, 2108-2114.

Furlan, E., Slanzi, D., Torresan, S., Critto, A., & Marcomini, A. (2020). Multi-scenario analysis in the
Adriatic Sea: A GIS-based Bayesian network to support maritime spatial planning. Science of the
Total Environment, 703, 134972. https://doi.org/10.1016/j.scitotenv.2019.134972

Furlan, E., Torresan, S., Critto, A., Lovato, T., Solidoro, C., Lazzari, P., & Marcomini, A. (2019). Cumulative
Impact Index for the Adriatic Sea: Accounting for interactions among climate and anthropogenic
pressures. Science of the Total Environment, 670, 379—-397.
https://doi.org/10.1016/j.scitotenv.2019.03.021

Furlan, E., Torresan, S., Pham, H. V., Simeoni, C., Bianconi, A., Cornet, C. C., Trégarot, E., Verri, G., Santos
Da Costa, V., Fonseca, C., Tiengo, R., Uch0a, J., Fredriksen, S., & Meesters, E. (2023). Deliverable 2.1
- Multirisk assessment in marine coastal ecosystems. https://doi.org/10.5281/zenodo.10803064

Geissdoerfer, M., Savaget, P., Bocken, N. M. P., & Hultink, E. J. (2017). The Circular Economy — A new
sustainability paradigm? Journal of Cleaner Production, 143, 757—-768.
https://doi.org/10.1016/].jclepro.2016.12.048

Getis, A., Anselin, L., Lea, A., Ferguson, M., & Miller, H. (2004). Spatial Analysis and Modeling in a GIS
Environment. Research Agenda for Geographic Information Scienc, 157-96.

Gissi, E., Fraschetti, S., & Micheli, F. (2019). Incorporating change in marine spatial planning: A review.
Environmental Science and Policy, 92(August 2018), 191-200.
https://doi.org/10.1016/j.envsci.2018.12.002

Gissi, Elena, Manea, E., Mazaris, A. D., Fraschetti, S., Almpanidou, V., Bevilacqua, S., Coll, M., Guarnieri,
G., Lloret-Lloret, E., Pascual, M., Petza, D., Rilov, G., Schonwald, M., Stelzenmiller, V., &
Katsanevakis, S. (2021). A review of the combined effects of climate change and other local human
stressors on the marine environment. Science of the Total Environment, 755(September 2020),
142564. https://doi.org/10.1016/j.scitotenv.2020.142564

Gkadolou, E., Stithou, M., & Vassilopoulou, V. (2018). Human pressures and carbon assessment of
posidonia oceanica meadows in the aegean sea: Limitations and challenges for ecosystem-based
management. Regional Science Inquiry, 10(3), 73—86.

Grizzetti, B., Liquete, C., Pistocchi, A., Vigiak, O., Zulian, G., Bouraoui, F., De Roo, A., & Cardoso, A. C.
(2019). Relationship between ecological condition and ecosystem services in European rivers, lakes
and coastal waters. Science of the Total Environment, 671, 452—-465.
https://doi.org/10.1016/].scitotenv.2019.03.155

Haines-Young R. and M. Potschin. (2013). Common International Classification of Ecosystem Services
(CICES): Consultation on Version 4, August-December 2012.

Haines-Young, R., & Potschin-Young, M. B. (2018). Revision of the common international classification for
ecosystem services (CICES V5.1): A policy brief. One Ecosystem, 3, 1-6.
https://doi.org/10.3897/oneeco.3.e27108

Halpern, B. S., Frazier, M., Afflerbach, J., Lowndes, J. S., Micheli, F., O'Hara, C., Scarborough, C., & Selkoe,
K. A. (2019). Recent pace of change in human impact on the world’s ocean. Scientific Reports, 9(1),
1-8. https://doi.org/10.1038/s41598-019-47201-9

Halpern, B. S., & Fujita, R. (2013). Assumptions, challenges, and future directions in cumulative impact
analysis. https://doi.org/10.1890/ES13-00181.1

Halpern, B. S., Walbridge, S., Selkoe, K. A., Kappel, C. V., Micheli, F., D’Agrosa, C., Bruno, J. F., Casey, K. S.,
Ebert, C., Fox, H. E., Fujita, R., Heinemann, D., Lenihan, H. S., Madin, E. M. P., Perry, M. T., Selig, E.
R., Spalding, M., Steneck, R., & Watson, R. (2008). A global map of human impact on marine
ecosystems. Science, 319(5865), 948-952. https://doi.org/10.1126/science.1149345

Hammar, L., Molander, S., Palsson, J., Schmidtbauer Crona, J., Carneiro, G., Johansson, T., Hume, D.,
Kagesten, G., Mattsson, D., Térnqvist, O., Zillén, L., Mattsson, M., Bergstrom, U., Perry, D., Caldow,
C., & Andersen, J. H. (2020). Cumulative impact assessment for ecosystem-based marine spatial
planning. Science of the Total Environment, 734, 139024.
https://doi.org/10.1016/].scitotenv.2020.139024

92



Hansen, H. S., & Bonnevie, I. M. (2020). A Toolset to Estimate the Effects of Human Activities in Maritime
Spatial Planning. In Lecture Notes in Computer Science (including subseries Lecture Notes in Artificial
Intelligence and Lecture Notes in Bioinformatics): Vol. 12252 LNCS. Springer International
Publishing. https://doi.org/10.1007/978-3-030-58811-3_38

Harris, L., Nel, R., Holness, S., & Schoeman, D. (2015). Quantifying cumulative threats to sandy beach
ecosystems: A tool to guide ecosystem-based management beyond coastal reserves. Ocean and
Coastal Management, 110, 12-24. https://doi.org/10.1016/j.ocecoaman.2015.03.003

Hayes, E. H., & Landis, W. G. (2004). Regional ecological risk assessment of a near shore marine
environment: Cherry Point, WA. Human and Ecological Risk Assessment, 10(2), 299-325.
https://doi.org/10.1080/10807030490438256

He, Q. (2023). A drowned future for coastal ecosystems. Nature, 621(7977), 44—-45.
https://doi.org/10.1038/d41586-023-02595-5

Hodgson, E. E., & Halpern, B. S. (2019). Investigating cumulative effects across ecological scales.
Conservation Biology, 33(1), 22—-32. https://doi.org/10.1111/cobi.13125

ICES Advisory Committee on Ecosystem. (2003). Report of the Regional Ecosystem Study Group for the
North Sea.

Igbinenikaro, O. P., Adekoya, O. O., & Etukudoh, A. E. (2024). Emerging underwater survey technologies:
A review and future outlook. Open Access Research Journal of Science and Technology, 10(2), 071—
084. https://doi.org/10.53022/0arjst.2024.10.2.0052

Ihde, T. F., & Townsend, H. M. (2017). Accounting for multiple stressors influencing living marine
resources in a complex estuarine ecosystem using an Atlantis model. Ecological Modelling, 365, 1—
9. https://doi.org/10.1016/j.ecolmodel.2017.09.010

Intergovernmental Science-Policy Platform on Biodiversity and Ecosystem Services, |. (2019). Summary
for policymakers of the global assessment report on biodiversity and ecosystem services.
https://doi.org/10.5281/ZENODO.3553579

IPBES. (2019). Summary for policymakers of the global assessment report on biodiversity and ecosystem
services of the Intergovernmental Science-Policy Platform on Biodiversity and Ecosystem Services. S.
Diaz, J. Settele, E. S. Brondizio E.S., H. T. Ngo, M. Guéze, J. Aga (IPBES secretariat (Ed.)).

IPBES. (2020). Workshop Report on Biodiversity and Pandemics of the Intergovernmental Platform on
Biodiversity and Ecosystem Services. Daszak, P., Amuasi, J., das Neves, C. G., Hayman, D., Kuiken, T.,
Roche, B., Zambrana-Torrelio, C., Buss, P., Dundarova, H.
https://doi.org/10.5281/zenodo.4147317.Reproduction

IPCC. (2014). Climate Change 2014: Impacts, Adaptation, and Vulnerability. Part B: Regional Aspects.
Contribution of Working Group Il to the Fifth Assessment Report of the Intergovernmental Panel on
Climate Change [Barros, V.R., C.B. Field, D.J. Dokken, M.D. Mastrandre. Cambridge University Press.

IPCC. (2018). Global warming of 1.5°C. An IPCC Special Report on the impacts of global warming of 1.5°C
above pre-industrial levels and related global greenhouse gas emission pathways, in the context of
strengthening the global response to the threat of climate change,. Ipcc - Sr15, 2(October), 17-20.
www.environmentalgraphiti.org

IPCC. (2019). Summary for Policymakers. In: IPCC Special Report on the Ocean and Cryosphere in a
Changing Climate [H.-O. Portner, D.C. Roberts, V. Masson-Delmotte, P. Zhai, M. Tignor, E.
Poloczanska, K. Mintenbeck, A. Alegria, M. Nicolai, A. Okem, J. Petzold, B. Rama, . Climate Change
2007: Impacts, Adaptation and Vulnerability. Contribution of Working Group Il to the Fourth
Assessment Report of the Intergovernmental Panel of Climate Change (IPCC), vii, 973, 7-22.
https://doi.org/http://www.ipcc.ch/publications_and_data/ar4/wg2/en/spm.html

IPCC. (2021). Climate Change 2021: The Physical Science Basis. Contribution of Working Group | to the
Sixth Assessment Report of the Intergovernmental Panel on Climate Change [Masson-Delmotte, V.,
P. Zhai, A. Pirani, S. L. Connors, C. Péan, S. Berger, N. Caud, Y. Chen,. Cambridge University Press, In
Press, 3949.

IPCC. (2022). Climate Change 2022: Impacts, Adaptation and Vulnerability. Summary for Policymakers. In
C. B. Field, V. R. Barros, D. J. Dokken, K. J. Mach, M. D. Mastrandrea, T. E. Bilir, M. Chatterjee, K. L.
Ebi, Y. O. Estrada, R. C. Genova, B. Girma, E. S. Kissel, A. N. Levy, S. MacCracken, P. R. Mastrandrea,

93



& L. L. White (Eds.), Climate Change 2014: Impacts, Adaptation, and Vulnerability. Part A: Global
and Sectoral Aspects. Contribution of Working Group Il to the Fifth Assessment Report of the
Intergovernmental Panel on Climate Change (pp. 1-32). Cambridge University Press.

IPCC. (2023a). Climate Change 2023: Synthesis Report. In Intergovernmental Panel on Climate Change,
2023. https://doi.org/10.59327/IPCC/AR6-9789291691647.

IPCC. (2023b). Oceans and Coastal Ecosystems and Their Services. In Climate Change 2022 — Impacts,
Adaptation and Vulnerability. https://doi.org/10.1017/9781009325844.005

Jin, H., & Ma, Q. (2021). Impacts of permafrost degradation on carbon stocks and emissions under a
warming climate: A review. Atmosphere, 12(11), 1-17. https://doi.org/10.3390/atmos12111425

Johannessen, S. C. (2022). How can blue carbon burial in seagrass meadows increase long-term, net
sequestration of carbon? A critical review. Environmental Research Letters, 17(9).
https://doi.org/10.1088/1748-9326/ac8ab4

Jones, A. R., Doubleday, Z. A., Prowse, T. A. A., Wiltshire, K. H., Deveney, M. R., Ward, T., Scrivens, S. L.,
Cassey, P., O’Connell, L. G., & Gillanders, B. M. (2018). Capturing expert uncertainty in spatial
cumulative impact assessments /631/158 /631/158/2445 article. Scientific Reports, 8(1), 1-13.
https://doi.org/10.1038/s41598-018-19354-6

Jones, F. C. (2016). Cumulative effects assessment: Theoretical underpinnings and big problems.
Environmental Reviews, 24(2), 187-204. https://doi.org/10.1139/er-2015-0073

Jonsson, P. R., Hammar, L., Wahlstrom, I., Palsson, J., Hume, D., Almroth-Rosell, E., & Mattsson, M.
(2021). Combining seascape connectivity with cumulative impact assessment in support of
ecosystem-based marine spatial planning. Journal of Applied Ecology, 58(3), 576-586.
https://doi.org/10.1111/1365-2664.13813

Judd, A. D., Backhaus, T., & Goodsir, F. (2015). An effective set of principles for practical implementation
of marine cumulative effects assessment. Environmental Science and Policy, 54, 254-262.
https://doi.org/10.1016/j.envsci.2015.07.008

Kirchhoff, C. J., Lemos, M. C., & Dessai, S. (2013). Actionable knowledge for environmental decision
making: Broadening the usability of climate science. Annual Review of Environment and Resources,
38, 393—414. https://doi.org/10.1146/annurev-environ-022112-112828

Korpinen, S., & Andersen, J. H. (2016). A global review of cumulative pressure and impact assessments in
marine environments. Frontiers in Marine Science, 3(AUG), 1-11.
https://doi.org/10.3389/fmars.2016.00153

Korpinen, S., Laamanen, L., Bergstréom, L., Nurmi, M., Andersen, J. H., Haapaniemi, J., Harvey, E. T,
Murray, C. J., Peterlin, M., Kallenbach, E., Klan¢nik, K., Stein, U., Tunesi, L., Vaughan, D., & Reker, J.
(2021). Combined effects of human pressures on Europe’s marine ecosystems. Ambio, 50(7), 1325-
1336. https://doi.org/10.1007/s13280-020-01482-x

Kotsiantis, S., Kanellopoulos, D., & Pintelas, P. E. (2006). Data preprocessing for supervised leaning.
International Journal of ..., 1(2), 1-7. https://doi.org/10.1080/02331931003692557

Laffoley, D. d. A., Connor, D., Tasker, M., Bines, T., 2000. Nationally important seascapes, habitats and
species. A recommended approach to their identification, conservation and protection. (Prepared for
the DETR Working Group on the Review of Marine Na. (n.d.).

Lemaitre, G., Nogueira, F., & Aridas, C. K. (2017). Imbalanced-learn: A python toolbox to tackle the curse
of imbalanced datasets in machine learning. Journal of Machine Learning Research, 18(September),
1-5. https://doi.org/10.48550/arXiv.1609.06570

Lionello, P., Abrantes, F., Congedi, L., Dulac, F., Gacic, M., Gomis, D., Goodess, C., Hoff, H., Kutiel, H.,
Luterbacher, J., Planton, S., Reale, M., Schrdoder, K., Struglia, M. V., Toreti, A., Tsimplis, M., Ulbrich,
U., & Xoplaki, E. (2012). The climate of the Mediterranean region: From the past to the future. In
Elsevier Oxford. https://doi.org/10.1016/B978-0-12-416042-2.00012-4

Liu, S., Trevathan-Tackett, S. M., Lewis, C. J. E., Huang, X., & Macreadie, P. |. (2020). Macroalgal Blooms
Trigger the Breakdown of Seagrass Blue Carbon. Environmental Science & Technology, 54(22).

Lonsdale, J., Weston, K., Blake, S., Edwards, R., & Elliott, M. (2017). The Amended European
Environmental Impact Assessment Directive: UK marine experience and recommendations. Ocean
and Coastal Management, 148, 131-142. https://doi.org/10.1016/j.0ocecoaman.2017.07.021

94



MA. (2005). Millennium Ecosystem Assessment General Synthesis Report:"Ecosystems and Human Well-
being". In Assessment of Climate Change in the Southwest United States: A Report Prepared for the
National Climate Assessment. https://doi.org/10.5822/978-1-61091-484-0 1

Mach, M. E., Wedding, L. M., Reiter, S. M., Micheli, F., Fujita, R. M., & Martone, R. G. (2017). Assessment
and management of cumulative impacts in California’s network of marine protected areas. Ocean
and Coastal Management, 137, 1-11. https://doi.org/10.1016/j.0ocecoaman.2016.11.028

Macreadie, P. I., Costa, M. D. P., Atwood, T. B., Friess, D. A., Kelleway, J. J., Kennedy, H., Lovelock, C. E.,
Serrano, O., & Duarte, C. M. (2021). Blue carbon as a natural climate solution. Nature Reviews Earth
and Environment, 2(12), 826—839. https://doi.org/10.1038/s43017-021-00224-1

Magris, R. A., Costa, M. D. P., Ferreira, C. E. L., Vilar, C. C., Joyeux, J. C., Creed, J. C., Copertino, M. S.,
Horta, P. A., Sumida, P. Y. G., Francini-Filho, R. B., & Floeter, S. R. (2021). A blueprint for securing
Brazil’s marine biodiversity and supporting the achievement of global conservation goals. Diversity
and Distributions, 27(2), 198-215. https://doi.org/10.1111/ddi.13183

Manea, E., Bianchelli, S., Fanelli, E., Danovaro, R., & Gissi, E. (2020). Towards an Ecosystem-Based Marine
Spatial Planning in the deep Mediterranean Sea. Science of the Total Environment, 715, 136884.
https://doi.org/10.1016/].scitotenv.2020.136884

Mannino, A. M., Balistreri, P., & Deidun, A. (2017). The Marine Biodiversity of the Mediterranean Sea in a
Changing Climate: The Impact of Biological Invasions. Mediterranean Identities - Environment,
Society, Culture. https://doi.org/10.5772/intechopen.69214

Marzloff, M. P., Melbourne-Thomas, J., Hamon, K. G., Hoshino, E., Jennings, S., van Putten, I. E., & Pecl,
G. T. (2016). Modelling marine community responses to climate-driven species redistribution to
guide monitoring and adaptive ecosystem-based management. Global Change Biology, 22(7),
2462-2474. https://doi.org/10.1111/gcb.13285

Mateo, M. A., & Romero, J. (1997). Detritus dynamics in the seagrass Posidonia oceanica: Elements for
an ecosystem carbon and nutrient budget. Marine Ecology Progress Series, 151(1-3), 43-53.
https://doi.org/10.3354/meps151043

Mazarrasa, |., Samper-Villarreal, J., Serrano, O., Lavery, P. S., Lovelock, C. E., Marba, N., Duarte, C. M., &
Cortés, J. (2018). Habitat characteristics provide insights of carbon storage in seagrass meadows.
Marine Pollution Bulletin, 134(April 2017), 106—117.
https://doi.org/10.1016/j.marpolbul.2018.01.059

McClenachan, G. M., Donnelly, M. J., Shaffer, M. N., Sacks, P. E., & Walters, L. J. (2020). Does size matter?
Quantifying the cumulative impact of small-scale living shoreline and oyster reef restoration
projects on shoreline erosion. Restoration Ecology, 28(6), 1365-1371.
https://doi.org/10.1111/rec.13235

Mcleod, E., Chmura, G. L., Bouillon, S., Salm, R., Bjork, M., Duarte, C. M., Lovelock, C. E., Schlesinger, W.
H., & Silliman, B. R. (2011). A blueprint for blue carbon: toward an improved understanding of the
role of vegetated coastal habitats in sequestering CO2. Front Ecol Environ 2011;, 9(10), 552-560.
https://doi.org/10.1890/110004

McQuatters-Gollop, A., Mitchell, I., Vina-Herbon, C., Bedford, J., Addison, P. F. E., Lynam, C. P., Geetha, P.
N., Vermeulan, E. A., Smit, K., Bayley, D. T. I., Morris-Webb, E., Niner, H. J., & Otto, S. A. (2019).
From science to evidence - how biodiversity indicators can be used for effective marine
conservation policy and management. Frontiers in Marine Science, 6(MAR), 1-16.
https://doi.org/10.3389/fmars.2019.00109

Menegon, S., Depellegrin, D., Farella, G., Gissi, E., Ghezzo, M., Sarretta, A., Venier, C., & Barbanti, A.
(2018). A modelling framework for MSP-oriented cumulative effects assessment. Ecological
Indicators, 91(December 2017), 171-181. https://doi.org/10.1016/j.ecolind.2018.03.060

Menegon, S., Depellegrin, D., Farella, G., Sarretta, A., Venier, C., & Barbanti, A. (2018a). Addressing
cumulative effects, maritime conflicts and ecosystem services threats through MSP-oriented
geospatial webtools. Ocean and Coastal Management, 163(March), 417-436.
https://doi.org/10.1016/j.ocecoaman.2018.07.009

Menegon, S., Depellegrin, D., Farella, G., Sarretta, A., Venier, C., & Barbanti, A. (2018b). Addressing
cumulative effects, maritime conflicts and ecosystem services threats through MSP-oriented

95



geospatial webtools. Ocean and Coastal Management, 163(June), 417-436.
https://doi.org/10.1016/j.ocecoaman.2018.07.009

Micheli, F., Halpern, B. S., Walbridge, S., Ciriaco, S., Ferretti, F., Fraschetti, S., Lewison, R., Nykjaer, L., &
Rosenberg, A. a. (2013). Cumulative human impacts on Mediterranean and Black Sea marine
ecosystems: assessing current pressures and opportunities. PloS One, 8(12), e79889.
https://doi.org/10.1371/journal.pone.0079889

Miller, M. J., Feunteun, E., & Tsukamoto, K. (2016). Did a “perfect storm” of oceanic changes and
continental anthropogenic impacts cause northern hemisphere anguillid recruitment reductions?
ICES Journal OfMarine Science, 73, 43-56. https://doi.org/10.1093/icesjms/fsv063

Mingers, J., & Leydesdorff, L. (2015). A review of theory and practice in scientometrics. European Journal
of Operational Research, 246(1), 1-19. https://doi.org/10.1016/j.ejor.2015.04.002

Moher D, Liberati A, Tetzlaff J, Altman DG, T. P. G. (2009). Preferred reporting items for systematic
reviews and meta-analyses: The PRISMA statement. PLoS Medicine, 6(7).
https://doi.org/10.1371/journal.pmed.1000097

Mohsan, S. A. H.,, Othman, N. Q. H,, Li, Y., Alsharif, M. H., & Khan, M. A. (2023). Unmanned aerial vehicles
(UAVs): practical aspects, applications, open challenges, security issues, and future trends.
Intelligent Service Robotics, 16(1), 109-137. https://doi.org/10.1007/s11370-022-00452-4

Mulrow, C. D. (1994). Rationale for systematic reviews. British Medical Journal, 309(6954), 597—-599.
https://doi.org/10.1136/bm;j.309.6954.597

Mufioz, M., Reul, A., Gil de Sola, L., Lauerburg, R. A. M., Tello, O., Gimpel, A., & Stelzenmdiller, V. (2018).
A spatial risk approach towards integrated marine spatial planning: A case study on European hake
nursery areas in the North Alboran Sea. Marine Environmental Research, 142(July 2018), 190-207.
https://doi.org/10.1016/j.marenvres.2018.10.008

Neves, R., Baretta, J., Eds, M. M., & Press, |. S. T. (2008). The DPSIR framework applied to the integrated
management of coastal areas. October. https://doi.org/10.13140/2.1.3841.6960

Oesterwind, D., Rau, A., & Zaiko, A. (2016). Drivers and pressures - Untangling the terms commonly used
in marine science and policy. Journal of Environmental Management, 181, 8—15.

Oguz, T., & Gilbert, D. (2007). Abrupt transitions of the top-down controlled Black Sea pelagic ecosystem
during 1960-2000: Evidence for regime-shifts under strong fishery exploitation and nutrient
enrichment modulated by climate-induced variations. Deep-Sea Research Part I: Oceanographic
Research Papers, 54(2), 220-242. https://doi.org/10.1016/j.dsr.2006.09.010

Okey, T. A,, Alidina, H. M., & Agbayani, S. (2015). Mapping ecological vulnerability to recent climate
change in Canada’s Pacific marine ecosystems. Ocean and Coastal Management, 106, 35—48.
https://doi.org/10.1016/j.0ocecoaman.2015.01.009

OSPAR-HELCOM. (2003). Statement on the ecosystem approach to the management of human activities.
First Joint Ministerial Meeting of the Helsinki and OSPAR Commissions (JMM). 5, 1-7.

Otto, S. A., Niiranen, S., Blenckner, T., Tomczak, M. T., Miller-Karulis, B., Rubene, G., & Mdllmann, C.
(2020). Life Cycle Dynamics of a Key Marine Species Under Multiple Stressors. Frontiers in Marine
Science, 7(May). https://doi.org/10.3389/fmars.2020.00296

Patricio J., Teixeira H., Borja A,, Elliott M., Berg T., Papadopoulou N., Smith C., Luisetti T., Uusitalo L.,
Wilson C., Mazik K., Niquil N., Cochrane S., Andersen J.H., Boyes S., Burdon D., Carugati L., Danovaro
R., H. N. (2014).\. 71.

Pergent-Martini, C., Pergent, G., Monnier, B., Boudouresque, C. F., Mori, C., & Valette-Sansevin, A.
(2021). Contribution of Posidonia oceanica meadows in the context of climate change mitigation in
the Mediterranean Sea. Marine Environmental Research, 165(December 2020).
https://doi.org/10.1016/j.marenvres.2020.105236

Pergent, G., Pergent-Martini, C., Bein, A., Dedeken, M., Oberti, P., Orsini, A., Santucci, J. F., & Short, F.
(2015). Dynamic of Posidonia oceanica seagrass meadows in the northwestern Mediterranean:
Could climate change be to blame? Comptes Rendus - Biologies, 338(7), 484—493.
https://doi.org/10.1016/j.crvi.2015.04.011

Peterson, K. T., Sagan, V., Sloan, J. J., & Sloan, J. J. (2020). Deep learning-based water quality estimation
and anomaly detection using Landsat-8 / Sentinel-2 virtual constellation and cloud computing.

96



GlIScience & Remote Sensing, 00(00), 1-16. https://doi.org/10.1080/15481603.2020.1738061

Polovina, J. J. (1984). Model of a coral reef ecosystem. Coral Reefs, 3(1), 23-27.
https://doi.org/10.1007/bf00306137

Poursanidis, D., Traganos, D., Reinartz, P., & Chrysoulakis, N. (2019). On the use of Sentinel-2 for coastal
habitat mapping and satellite-derived bathymetry estimation using downscaled coastal aerosol
band. International Journal of Applied Earth Observation and Geoinformation, 80(April), 58—70.
https://doi.org/10.1016/].jag.2019.03.012

Quemmerais-Amice, F., Barrere, J., La Riviere, M., Contin, G., & Bailly, D. (2020). A Methodology and Tool
for Mapping the Risk of Cumulative Effects on Benthic Habitats. Frontiers in Marine Science,
7(November), 1-27. https://doi.org/10.3389/fmars.2020.569205

Ramesh, R., Banerjee, K., Paneerselvam, A., Raghuraman, R., Purvaja, R., & Lakshmi, A. (2019).
Importance of seagrass management for effective mitigation of climate change. Coastal
Management: Global Challenges and Innovations, January, 283—299. https://doi.org/10.1016/B978-
0-12-810473-6.00015-7

Roberts, D. R., Bahn, V., Ciuti, S., Boyce, M. S,, Elith, J., Guillera-Arroita, G., Hauenstein, S., Lahoz-
Monfort, J. )., Schréder, B., Thuiller, W., Warton, D. I., Wintle, B. A., Hartig, F., & Dormann, C. F.
(2017). Cross-validation strategies for data with temporal, spatial, hierarchical, or phylogenetic
structure. Ecography, 40(8), 913-929. https://doi.org/10.1111/ecog.02881

Roell, K. R., Reif, D. M., & Motsinger-Reif, A. A. (2017). An introduction to terminology and methodology
of chemical synergy-perspectives from across disciplines. Frontiers in Pharmacology, 8(APR), 1-11.
https://doi.org/10.3389/fphar.2017.00158

Romero, J., Pérez, M., Mateo, M. A., & Sala, E. (1994). The belowground organs of the Mediterranean
seagrass Posidonia oceanica as a biogeochemical sink. Aquatic Botany, 47(1), 13-19.
https://doi.org/10.1016/0304-3770(94)90044-2

Salomidi, M., Katsanevakis, S., Borja, A., Braeckman, U., Damalas, D., Galparsoro, I., Mifsud, R., Mirto, S.,
Pascual, M., & Pipitone, C. (2012). Assessment of goods and services, vulnerability, and
conservation status of European seabed biotopes: a stepping stone towards ecosystem-based
marine spatial management. Mediterranean Marine Science, 13(1), 49-88.

Saraswathi, M., Bhandari, S., Madakka, M., Prakasam, R. S., & Misra, S. (2023). Marine and Coastal
Ecosystem Services for Sustainable Development. Springer Nature, Coasts, Es, 405—-424.

Serrano, O., Gémez-Ldpez, D. ., Sdnchez-Valencia, L., Acosta-Chaparro, A., Navas-Camacho, R., Gonzalez-
Corredor, J., Salinas, C., Masque, P., Bernal, C. A., & Marba, N. (2021). Seagrass blue carbon stocks
and sequestration rates in the Colombian Caribbean. Scientific Reports, 11(1), 1-12.
https://doi.org/10.1038/s41598-021-90544-5

Simeoni, C., Furlan, E., Bianconi, A., Vuong Hung Pham, S. V., Simide, R., Marcomini, A., & Critto, A.
(2024). The Big Picture: appraising the risk of cumulative impacts on seagrass meadows in the
Mediterranean Sea. Submitted to the Journal of Environmental Management.

Simeoni, C., Furlan, E., Pham, H. V., Critto, A., de Juan, S., Trégarot, E., Cornet, C. C., Meesters, E.,
Fonseca, C., Botelho, A. Z., Krause, T., N'Guetta, A., Cordova, F. E., Failler, P., & Marcomini, A.
(2023). Evaluating the combined effect of climate and anthropogenic stressors on marine coastal
ecosystems: Insights from a systematic review of cumulative impact assessment approaches.
Science of the Total Environment, 861(November 2022), 160687.
https://doi.org/10.1016/].scitotenv.2022.160687

Singh, G. G., Eddy, I. M. S., Halpern, B. S., Neslo, R., Satterfield, T., & Chan, K. M. A. (2020a). Mapping
cumulative impacts to coastal ecosystem services in British Columbia. PLoS ONE, 15(5), 1-23.
https://doi.org/10.1371/journal.pone.0220092

Singh, G. G., Eddy, I. M. S., Halpern, B. S., Neslo, R., Satterfield, T., & Chan, K. M. A. (2020b). Mapping
cumulative impacts to coastal ecosystem services in British Columbia. PLoS ONE, 15(5), 1-23.
https://doi.org/10.1371/journal.pone.0220092

Singh, G. G., Sinner, J,, Ellis, J., Kandlikar, M., Halpern, B. S., Satterfield, T., & Chan, K. M. A. (2017).
Mechanisms and risk of cumulative impacts to coastal ecosystem services: An expert elicitation
approach. Journal of Environmental Management, 199, 229-241.

97



https://doi.org/10.1016/j.jenvman.2017.05.032

Stelzenmdiller, V, Lee, J., Garnacho, E., & Rogers, S. I. (2010). Assessment of a Bayesian Belief Network—
GIS framework as a practical tool to support marine planning. Marine Pollution Bulletin, 60(10),
1743-1754.

Stelzenmdiller, Vanessa, Coll, M., Cormier, R., Mazaris, A. D., Pascual, M., Loiseau, C., Claudet, J.,
Katsanevakis, S., Gissi, E., Evagelopoulos, A., Rumes, B., Degraer, S., Ojaveer, H., Moller, T.,
Giménez, J., Piroddi, C., Markantonatou, V., & Dimitriadis, C. (2020). Operationalizing risk-based
cumulative effect assessments in the marine environment. Science of the Total Environment, 724,
138118. https://doi.org/10.1016/j.scitotenv.2020.138118

Stelzenmdiller, Vanessa, Coll, M., Mazaris, A. D., Giakoumi, S., Katsanevakis, S., Portman, M. E., Degen, R.,
Mackelworth, P., Gimpel, A., Albano, P. G., Almpanidou, V., Claudet, J., Essl, F., Evagelopoulos, T.,
Heymans, J. J., Genov, T., Kark, S., Micheli, F., Pennino, M. G., ... Ojaveer, H. (2018a). A risk-based
approach to cumulative effect assessments for marine management. Science of the Total
Environment, 612, 1132—1140. https://doi.org/10.1016/j.scitotenv.2017.08.289

Stelzenmdiller, Vanessa, Coll, M., Mazaris, A. D., Giakoumi, S., Katsanevakis, S., Portman, M. E., Degen, R.,
Mackelworth, P., Gimpel, A., Albano, P. G., Almpanidou, V., Claudet, J., Essl, F., Evagelopoulos, T.,
Heymans, J. J., Genov, T., Kark, S., Micheli, F., Pennino, M. G., ... Ojaveer, H. (2018b). A risk-based
approach to cumulative effect assessments for marine management. Science of the Total
Environment, 612, 1132—-1140. https://doi.org/10.1016/j.scitotenv.2017.08.289

Stock, A., Haupt, A. J., Mach, M. E., & Micheli, F. (2018a). Mapping ecological indicators of human impact
with statistical and machine learning methods: Tests on the California coast. Ecological Informatics,
48(July), 37-47. https://doi.org/10.1016/j.ecoinf.2018.07.007

Stock, A., Haupt, A. J., Mach, M. E., & Micheli, F. (2018b). Mapping ecological indicators of human impact
with statistical and machine learning methods: Tests on the California coast. Ecological Informatics,
48(March), 37-47. https://doi.org/10.1016/j.ecoinf.2018.07.007

Stock, Andy, Crowder, L. B., Halpern, B. S., & Micheli, F. (2018). Uncertainty analysis and robust areas of
high and low modeled human impact on the global oceans. Conservation Biology, 32(6), 1368—
1379. https://doi.org/10.1111/cobi.13141

Sutherland, M., Lane, D., Zhao, Y., & Michalowski, W. (2007). Estimating marine cumulative effects using
spatial data: an aquaculture case study. Geomatica, 61, 43-54.
https://doi.org/10.1080/13657300903351636

Swaney, D. P., Humborg, C., Emeis, K., Kannen, A,, Silvert, W., Tett, P., Pastres, R., Solidoro, C.,
Yamamuro, M., Hénocque, Y., & Nicholls, R. (2012). Five critical questions of scale for the coastal
zone. Estuarine, Coastal and Shelf Science, 96(1), 9-21. https://doi.org/10.1016/j.ecss.2011.04.010

Tamondong, A., Nakamura, T., Quiros, T. E. A., & Nadaoka, K. (2021). Time series analysis for monitoring
seagrass habitat and environment in busuanga, Philippines using google earth engine. International
Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences - ISPRS Archives,
43(B3-2021), 109-116. https://doi.org/10.5194/isprs-archives-XLIII-B3-2021-109-2021

Teichert, N., Borja, A., Chust, G., Uriarte, A., & Lepage, M. (2016). Restoring fish ecological quality in
estuaries: Implication of interactive and cumulative effects among anthropogenic stressors. Science
of the Total Environment, 542, 383-393. https://doi.org/10.1016/j.scitotenv.2015.10.068

Thrush, S. F., Hewitt, J. E., Dayton, P. K., Coco, G., Lohrer, A. M., Norkko, A., Norkko, J., & Chiantore, M.
(2009). Forecasting the limits of resilience: Integrating empirical research with theory. Proceedings
of the Royal Society B: Biological Sciences, 276(1671), 3209-3217.
https://doi.org/10.1098/rspb.2009.0661

Thrush, S. F., Hewitt, J. E., Gladstone-Gallagher, R. V., Savage, C., Lundquist, C., O’'Meara, T., Vieillard, A.,
Hillman, J. R., Mangan, S., Douglas, E. J., Clark, D. E., Lohrer, A. M., & Pilditch, C. (2021). Cumulative
stressors reduce the self-regulating capacity of coastal ecosystems. Ecological Applications, 31(1),
1-12. https://doi.org/10.1002/eap.2223

Thrush, S. F., Hewitt, J. E., Parkes, S., Lohrer, A. M., Pilditch, C., Woodin, S. A., Wethey, D. S., Chiantore,
M., Asnaghi, V., De Juan, S., Kraan, C., Rodil, ., Savage, C., & Van Colen, C. (2014). Experimenting
with ecosystem interaction networks in search of threshold potentials in real-world marine

98



ecosystems. Ecology, 95(6), 1451-1457. https://doi.org/10.1890/13-1879.1

Tiffany H. Morrison, Terry P. Hughes, W. Neil Adger, Katrina Brown, Jon Barnett, Maria Carmen Lemos,
Dave Huitema, Cindy Huchery, Tomas Chaigneau, Rachel Turner, & Missaka Hettiarachchi. (2019).
Save reefs to rescue all ecosystems. Nature, 573, 80—83.

Tillin, H., Hull, S., Tyler-Walters, H., 2010. Development of a sensitivity matrix (pressures-MCZ/MPA
features). Report to the Department of the Environment, Food and Rural Affairs from ABPmer,
Southampton and the Marine Life Information Network (MarLIN) . (n.d.).

Traganos, D., Aggarwal, B., Poursanidis, D., Topouzelis, K., Chrysoulakis, N., & Reinartz, P. (2018).
Towards global-scale seagrass mapping and monitoring using Sentinel-2 on Google Earth Engine:
The case study of the Aegean and lonian Seas. Remote Sensing, 10(8), 1-14.
https://doi.org/10.3390/rs10081227

Traganos, D., Lee, C. B., Blume, A., Poursanidis, D., Cimek, H., Deter, J., Maci¢, V., Montefalcone, M.,
Pergent, G., Pergent-Martini, C., Ricart, A. M., & Reinartz, P. (2022). Spatially Explicit Seagrass
Extent Mapping Across the Entire Mediterranean. Frontiers in Marine Science, 9(July), 1-13.
https://doi.org/10.3389/fmars.2022.871799

Treat, C. C., & Frolking, S. (2013). A permafrost carbon bomb? Nature Climate Change, 3.
https://doi.org/https://doi.org/10.1038/nclimate2010

Trégarot, E., Caillaud, A., Cornet, C. C., Taureau, F., Catry, T., Cragg, S. M., & Failler, P. (2021). Mangrove
ecological services at the forefront of coastal change in the French overseas territories. Science of
the Total Environment, 763(xxxx), 143004. https://doi.org/10.1016/].scitotenv.2020.143004

Trégarot, E., D'Olivo, J. P., Botelho, A. Z., Cabrito, A., Cardoso, G. O., Casal, G., Cornet, C. C., Cragg, S. M.,
Degia, A. K., Fredriksen, S., Furlan, E., Heiss, G., Kersting, D. K., Maréchal, J. P., Meesters, E., O’Leary,
B. C., Pérez, G., Seijo-Nunez, C., Simide, R,, ... de Juan, S. (2024). Effects of climate change on marine
coastal ecosystems — A review to guide research and management. Biological Conservation,
289(May 2023). https://doi.org/10.1016/j.biocon.2023.110394

Trégarot, E., Failler, P., & Maréchal, J. P. (2017). Evaluation of coastal and marine ecosystem services of
Mayotte: Indirect use values of coral reefs and associated ecosystems. International Journal of
Biodiversity Science, Ecosystem Services and Management, 13(3), 19-34.
https://doi.org/10.1080/21513732.2017.1407361

Trinh, X. T., & Takeuchi, W. (2020). 30 years national scale seagrass mapping in Vietnam with Landsat and
sentinel imagery on google earth engine. 40th Asian Conference on Remote Sensing, ACRS 2019:
Progress of Remote Sensing Technology for Smart Future, 2(Acrs), 1-8.

Tulloch, V. J. D., Turschwell, M. P., Giffin, A. L., Halpern, B. S., Connolly, R., Griffiths, L., Frazer, M., &
Brown, C. J. (2020). Linking threat maps with management to guide conservation investment.
Biological Conservation, 245(November 2019). https://doi.org/10.1016/j.biocon.2020.108527

Turschwell, M. P., Tulloch, V. J. D., Sievers, M., Pearson, R. M., Andradi-Brown, D. A., Ahmadia, G. N.,
Connolly, R. M., Bryan-Brown, D., Lopez-Marcano, S., Adame, M. F., & Brown, C. J. (2020). Multi-
scale estimation of the effects of pressures and drivers on mangrove forest loss globally. Biological
Conservation, 247(May), 108637. https://doi.org/10.1016/j.biocon.2020.108637

UNEP. (2020a). Out of the blue: The value of seagrasses to the environment and to people (M. P. (GRID-
Arenda) (Ed.)).

UNEP. (2020b). Out of the Blue the Value of Seagrasses.

Uusitalo, L., Korpinen, S., Andersen, J. H., Niiranen, S., Valanko, S., Heiskanen, A. S., & Dickey-Collas, M.
(2016a). Exploring methods for predicting multiple pressures on ecosystem recovery: A case study
on marine eutrophication and fisheries. Continental Shelf Research, 121, 48—60.
https://doi.org/10.1016/j.csr.2015.11.002

Uusitalo, L., Korpinen, S., Andersen, J. H., Niiranen, S., Valanko, S., Heiskanen, A. S., & Dickey-Collas, M.
(2016b). Exploring methods for predicting multiple pressures on ecosystem recovery: A case study
on marine eutrophication and fisheries. Continental Shelf Research, 121, 48—60.
https://doi.org/10.1016/j.csr.2015.11.002

van Nes, E. H., Arani, B. M. S., Staal, A., van der Bolt, B., Flores, B. M., Bathiany, S., & Scheffer, M. (2016).
What Do You Mean, ‘Tipping Point’? Trends in Ecology and Evolution, 31(12), 902—904.

99



https://doi.org/10.1016/j.tree.2016.09.011

Wang, X., Gao, X., Zhang, Y., Fei, X., Chen, Z., Wang, J., Zhang, Y., Lu, X., & Zhao, H. (2019). Land-cover
classification of coastal wetlands using the RF algorithm for Worldview-2 and Landsat 8 images.
Remote Sensing, 11(16), 1-22. https://doi.org/10.3390/rs11161927

Wang, Z. B, Van Maren, D. S., Ding, P. X,, Yang, S. L., Van Prooijen, B. C., De Vet, P. L. M., Winterwerp, J.
C., De Vriend, H. J., Stive, M. J. F., & He, Q. (2015). Human impacts on morphodynamic thresholds in
estuarine systems. Continental Shelf Research, 111, 174—-183.
https://doi.org/10.1016/j.csr.2015.08.009

Weijerman, M., Veazey, L., Yee, S., Vaché, K., Delevaux, J. M. S., Donovan, M. K., Falinski, K., Lecky, J., &
Oleson, K. L. L. (2018). Managing local stressors for coral reef condition and ecosystem services
delivery under climate scenarios. Frontiers in Marine Science, 9(NOV), 1-16.
https://doi.org/10.3389/fmars.2018.00425

White, L., Donohue, I., Emmerson, M. C., & O’Connor, N. E. (2018). Combined effects of warming and
nutrients on marine communities are moderated by predators and vary across functional groups.
Global Change Biology, 24(12), 5853-5866. https://doi.org/10.1111/gcb.14456

Willsteed, E. A., Birchenough, S. N. R,, Gill, A. B., & Jude, S. (2018). Structuring cumulative effects
assessments to support regional and local marine management and planning obligations. Marine
Policy, 98(July), 23-32. https://doi.org/10.1016/j.marpol.2018.09.006

WMO. (2023). State of the Global Climate 2023. In State of the Global Climate 2023 (Issue 1347).

Xue, X., Hong, H., & Charles, A. T. (2004). Cumulative environmental impacts and integrated coastal
management: The case of Xiamen, China. Journal of Environmental Management, 71(3), 271-283.
https://doi.org/10.1016/j.jenvman.2004.03.006

Zennaro, F., Furlan, E., Canu, D., Alcazar, L. A., Rosati, G., Solidoro, C., & Critto, A. (2024). Hypoxia
extreme events in a changing climate: Machine learning methods and deterministic simulations for
future scenarios development in the Venice Lagoon. Marine Pollution Bulletin, 208(February),
117028. https://doi.org/10.1016/j.marpolbul.2024.117028

Zennaro, F., Furlan, E., Simeoni, C., Torresan, S., Aslan, S., Critto, A., & Marcomini, A. (2021). Exploring
machine learning potential for climate change risk assessment. Earth-Science Reviews, 220(June),
103752. https://doi.org/10.1016/j.earscirev.2021.103752

Zhang, C., & Ma, Y. (2012). Ensemble Machine Learning: Methods and Applications. Springer.

100



ACKNOWLEDGEMENTS

| would like to express my gratitude to my professors Antonio Marcomini and Andrea Critto, for their
guidance throughout this journey. A special thanks go to Elisa Furlan, who constantly encouraged and
supported me both technically and personally with her motivational "avanti tutta!"

| am also deeply thankful to my co-tutor, Sebastiano Vascon, for introducing me to the world of Machine
Learning and for his guidance along the way.

The biggest thanks go to my incredible colleagues Angelica Bianconi, Elena Allegri, Federica Zennaro, Maria
Katherina Dal Barco, and Vuong Pham for their remarkable patience, for always fostering a friendly work
environment, and for being a persistent source of support during challenging times. Our cheerful motto "Non
mollare mail!" has been a constant source of motivation and strength. | am also grateful for the unforgettable
experiences we shared during various missions, with a special mention to Elena, who carefully planned and
guided me through the incredible experience in China.

I would also like to sincerely thank the research group at the University of the Azores, particularly Artur Gil,
Jéssica Uchda, and Rafaela Tiengo, for their warm welcome and support during the research activities
conducted there. A big thank-you to all the wonderful people | met during those 3.5 months, who made that
period one of the most memorable of my life.

I am immensely grateful to everyone at CMCC and the MACOBIOS project for providing me with opportunities
to grow professionally and share my research with high-level experts during my PhD journey. An immense
honour and deeply emotional moment presenting my doctoral work at the UNESCO headquarters in Paris...an
unforgettable experience.

Additionally, | want to extend my thanks to my football team (Altivolese Maser) and all the team members
and staff. They have made me feel part of a big family and have helped me relieve much of the stress endured
over these four years. | truly appreciate their patience and understanding during my absences for work-
related travels.

Finally, | want to thank my family, my close friends, and everyone who, in one way or another, has contributed
to this incredible journey.

THANK YOU ALL!!!

101



