Towards an integrated ecological modelling framework
to assess the risk of Alien Species spread in the
Mediterranean Sea: Caulerpa cylindracea as a case

study

Abstract

Predicting the future spread of Alien Invasive Species (AIS) in the Mediterranean Sea is a
critical challenge for marine risk assessment due to their significant ecological and economic

impact.

The aim of this thesis is to provide a unified theoretical framework for AlS risk assessment that
integrates both correlative (Machine Learning) and mechanistic (process-based) models to

predict suitable areas and simulate the invasion process.
This thesis addresses the development of the three key components to achieve this goal:

The first component is the preparation of a solid data basis. The dataset contains current and
future key bioclimatic variables for the Mediterranean Sea. It covers the period 2005-2099

under the high emissions scenario RCP8.5 at high spatial and temporal resolution.

The second component is a robust Machine Learning Ecological Niche Modelling (ML-ENM)
method. It includes three major methodological advances: (i) an improved model tuning

phase, (ii) a novel site weighting scheme to improve the validity of performance metrics, and



(iii) a multi-criteria decision-making framework for unbiased model selection. These
innovations address critical challenges of ML-ENM modelling related to: maximising model

transferability, mitigating data bias and ensuring ecological validity.

The third component is a spatial interaction model that explicitly simulates vessel-mediated
invasions from known presence sites. The probability of invasion is modelled as the strength
of the connection between “infected” and “exposed" (susceptible) areas, using a production-
constrained gravity model. The model incorporates data on vessel traffic, suitability and

substrate type.

The framework is presented through an applied case study of Caulerpa cylindracea, one of
the most dangerous invasive alien species in the Mediterranean. The results consist of annual
suitability maps of C. cylindracea for the period 2000-2050 and the maps of simulated annual
invasions for the period 2020-2023. Despite a significant negative trend in suitability, the
species continues to expand its range due to increasing shipping activities, highlighting the

detrimental impact of human activities on the basin.

The framework is modular and easily transferable to allow for future extensions and
applications to other target species, significantly expanding the reliability and depth of the AIS

risk assessment. The dataset and scripts to reproduce the analysis are publicly available.
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Thesis summary

Advances in the availability of data and Machine Learning (ML) are revolutionising the way we
live and think. This revolution has permeated every scientific field over the past decade, and it

is going to increase in the future (Malde et al., 2020).

ML applications hold immense potential for the management and protection of marine
ecosystems, which are increasingly threatened by human activities and climate change.
However, realising this potential requires not only the best available data and techniques
(Goodwin et al., 2022), but also a holistic view and approach, a clear definition of the scope,
system components and boundaries, transparent methods and an iterative review of the

process.

Biological invasions are among the greatest and growing threats to biodiversity and human

well-being (Brondizio et al., 2021). Formally, Alien Invasive Species (AlS) are defined as:

“Non-Indigenous Species (NIS)' that display invasive characteristics and threaten or
adversely impact biodiversity and related ecosystem services” (Regulation 1143/2014/EU,

2014).

Itis worth reflecting on how much information this definition entails. The term “alien” refers to
the concept of Non-Indigenous Species (NIS) ': Species that have been introduced outside

their native range due to human activities and can survive and reproduce. The term “Invasive”

"Non-indigenous species (NIS; synonyms: alien, exotic, non-native, allochthonous) are species, subspecies or
lower taxa introduced outside of their natural range (past or present) and outside of their natural dispersal
potential. This includes any part, gamete or propagule of such species that might survive and subsequently
reproduce. Their presence in the given region is due to intentional or unintentional introduction resulting from
human activities. Natural shifts in distribution ranges (e.g. due to climate change or dispersal by ocean currents)
do not qualify a species as a NIS. However, secondary introductions of NIS from the area(s) of their first arrival
could occur without human involvement due to spread by natural means (Regulation 1143/2014/EU, 2014).



refers to a complex concept that can be seen as a “judgment”. It represents how the
“community?”, to the best of its knowledge?, data and vision, evaluates the effects* of the
alien species as significantly negative. An alien species has the potential (high risk®) to spread
uncontrollably and alter the functioning and services of the ecosystem at any level by directly

(or indirectly) damaging one or more key species and services.

AIS risk assessment is an objective process of estimating risk, broadly defined as the product

of the probability of events and the severity of their impacts (Leung et al., 2012).

High-resolution, regional, AlIS risk assessments are mandatory under the Marine Strategy
Framework Directive (MSFD) (Zenetos et al., 2012), and the application of ML approaches is
the most feasible way to achieve this goal. However, there are still concerns about the
reliability of ML models, especially when applied to ecological data, which are often

incomplete and uncertain (Yackulic et al., 2013).

The reasons for this are partly due to a lack of integrated knowledge of the scientific problem:
It's not just about biology. The advent of machine learning has provided researchers with
extremely powerful modelling tools but has also imposed a complexity that requires

multidimensional skills — including mathematics, statistics and coding.

It's not just about statistics and coding. The technical aspects (e.g. model assumptions) are
necessary to respect the "datum" nature of the data and produce numerical results, but they

should also provide ecologically meaningful conclusions.

2 Community here is a ‘lazy’ term for society.

3 Scientific and non-scientific.

4 quantification of changes in the environment and in the recipient's ecosystem based on a reference scenario.
5 The potential for adverse consequences for human or ecological systems, recognising the diversity of values
and objectives associated with such systems.



The first goal of this work is to promote a more meaningful use of ML techniques for Ecological

Niche Modelling (ML-ENMSs) to predict the current and future spread of AlIS.

The novel framework is based on and builds upon three theoretical concepts:

- Data can inform, but not explain

ML is currently excellent for identifying complex patterns and correlations but lacks
interpretability and causality. In this research, ML is used as a hypothesis generator. The
centrepiece of the research is the development of a protocol for post-hoc (exploratory)

hypothesis testing.

- Machine learns what we teach it

ML models operate within the “universe” defined by the context-rich data provided. The
contextual richness and diversity of the data shape the model's capabilities, biases and
limitations. Context is the most trivial aspect of ML as it determines both the understanding

and performance of the model, making it a “wicked concept®”(Kutor et al., 2021).

- Risk decision making approach

The scope is to identify, assess, and prioritise potential risks in the ML-ENM process to inform
and guide modelling decisions and actions. The main purpose is to develop strategies to
maximise the validity’ of the context and mitigate the impact of bias in the data. There is no

right or wrong, only better or worse.

8 An idea that is inherently complex, difficult to define universally, and continuously evolving. It resists clear-cut
answers and incorporates diverse, often contradictory elements that prevent it from being resolved or universally
understood. This concept is applied to areas with high ambiguity and multidimensionality, such as wisdom,
where ongoing debates and reinterpretations shape its understanding.

7 Degree of informativeness with respect of the process being modelled.



The second goal is to extend the framework with a component that makes it possible to
simulate the human-mediated invasion process. Mechanistic approaches such as spatial
interaction models are better suited for this purpose. They can be used to investigate invasion’

dynamics by modelling both the species dispersal mechanism and the pathway of invasion.

Spatial interaction models are based on the premise that the interaction between two

locations is influenced by three key factors:

- The properties of the origin location
- The properties of the destination location

- The distance between locations

Often used to study transport and migration, they can model the likelihood of an AIS
spreading from one area to another, taking into account factors such as the intensity of

shipping traffic (a major vector for marine invasions), habitat and substrate suitability.

By integrating spatial interaction into the framework, we can simulate the process of invasion
and determine not only where an AIS could potentially establish itself, but also how and when
it could reach these areas. This allows for a more comprehensive risk assessment that

includes both the potential for establishment and the mechanisms of spread.

The structure of the thesis follows the logical order of the research journey.

The first chapter sets out the background and basic concepts relevant to the AIS risk

assessment:

It begins with a characterisation of the invasion process and a description of the species
selected for the case study: Caulerpa cylindracea. The study area, the Mediterranean Sea,

and its oceanographic and ecological features are presented, and a general overview of the



region-specific AlS knowledge is given. The chapter ends with a synthesis of the legal

framework for AIS risk assessment as provided by the MSFD.

The second chapter defines the theoretical foundations and modelling components of the
framework. Ecological niche models and spatial interaction models are presented from a
general perspective. Then the specific models adopted in this framework, as well as data
types used for the assessment, are thoroughly explained and contextualised. Both models,
MaxEnt and the production-constrained gravity model are presented from a mathematical

and ecological perspective.

The third chapter is dedicated to the Mediterranean Sea and the bioclimatic dataset created
for the purpose of this study. Dataset creation lead to the publication of a data article on Data
in Brief Journal and it is proposed here in its published form. It presents the dataset and
describe the procedure adopted to produce it, providing a template script to reproduce the

analysis.

The fourth chapter contains the contributions to improving the reliability of ENMs. These
advances include the use of a novel weighting system to reduce spatial bias and ensure more
ecologically meaningful evaluation metrics. In addition, a multi-criteria decision- making
process is proposed to provide an objective ranking of model performance. The
methodological innovations and potential applications are presented using Caulerpa
cylindracea as case study and MaxEnt. This chapter is the centrepiece of the research in this
thesis. It led to an article that is currently under revision but is presented here in an extended
version to provide a step-by-step critical analysis of the theoretical ML-ENM process, the
proposed new methods and the challenges of practical implementation. Results obtained for

C. cylindracea are presented and interpreted along the chapter.



The fifth chapter presents the improved production-constrained gravity model and describes
its role in simulating vessel-mediated probability of invasion for the Mediterranean Sea. Using
known presence sites as origins and the number of vessels crossing each origin as the
production-constrain, the model estimates the number of expected invasions. Model
behaviour, important variables and hotspots of invasion are analysed, as well as a

characterisation of the invasion probability per substrate type.

The thesis ends with a conclusion and final remarks chapter, that summarise the findings,

insights and future directions of framework development.



Introduction

This chapter presents the basic concepts for assessing AlS risk, beginning with an overview of
the invasion process and a profile of Caulerpa cylindracea, the invasive species under study.
The unique oceanographic and ecological characteristics of the Mediterranean are then
described. An overview of the AIS phenomenon in the Mediterranean, highlighting most
dangerous species, impacts and pathways is provided. The chapter concludes with a

summary of the legal framework for AIS risk assessment under the MSFD.
Alien Invasive Species

“Non-Indigenous Species (NIS)? that display invasive characteristics and threaten or
adversely impact biodiversity and related ecosystem services” (Regulation 1143/2014/EU,

2014).

Alien Invasive Species (AlS) have emerged as one of the greatest threats to the biodiversity

and the ecological (and economical) balance of our seas (Haubrock et al., 2021).

An alien species has the potential (high risk®) to spread uncontrollably and alter the
functioning and services of the ecosystem at any level by directly (or indirectly) damaging one

or more key species and services.

8 Non-indigenous species (NIS; synonyms: alien, exotic, non-native, allochthonous) are species, subspecies or
lower taxa introduced outside of their natural range (past or present) and outside of their natural dispersal
potential. This includes any part, gamete or propagule of such species that might survive and subsequently
reproduce. Their presence in the given region is due to intentional or unintentional introduction resulting from
human activities. Natural shifts in distribution ranges (e.g. due to climate change or dispersal by ocean currents)
do not qualify a species as a NIS. However, secondary introductions of NIS from the area(s) of their first arrival
could occur without human involvement due to spread by natural means.

®The potential for adverse consequences for human or ecological systems, recognising the diversity of values
and objectives associated with such systems (Regulation 1143/2014/EU, 2014).



The effects of invasions can be diverse and unpredictable (Katsanevakis et al., 2014, 2016;
Mazza et al., 2014). Of particular concern are AlS that can be defined as transformers, i.e.
invasive species that are ecosystem engineers (sensu Lawton, 1994) of different ecosystems.
These species can upend existing communities and trophic relationships, alter
biogeochemical cycles, reshape the habitat landscape and act as a catalyst for further

invasions.

The assessment of biological invasions is one of the most pressing challenges in analysing
cumulative impacts and risks (Vantarova et al., 2023). The risk of invasion is closely related to
the extent to which the recipient ecosystem is impacted, and invasions have multiple impacts

on the recipient region.

AIS risk assessment is an objective process of estimating risk, broadly defined as the product

of the probability of events and the severity of their impacts (Leung et al., 2012).

The invasion process

Even if a conspicuous number of NIS were deliberately introduced for cultural, economic or

ecological reasons, most introductions are accidental.

The process of invasion is a complex and dynamic phenomenon characterised by a series of
interconnected events influenced by both ecological and anthropogenic factors (Figure 1). It
is in fact a continuum of complex interactions between the invading species and the recipient
ecosystem, mediated by various biotic and abiotic factors (C. Boudouresque & Verlaque,

2012).

The first phase of this process involves the transport of a species from its native range (donor

region) to a new environment (recipient region).



Figure 1 Schematic representation of the introduction process. Taken from Bouderesque & Verlaque. 2012)
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During this journey, invading species encounter various filters - ecological, geographical or
anthropogenic barriers that make it difficult for them to survive and colonise new sites. These
filters act as selective barrier, allowing only those species or individuals with suitable traits to
survive. Environmental conditions such as temperature, salinity and pH can act as abiotic
filters, while biotic filters can include competition with native species, predators or the
absence of necessary mutualistic partners. Human activities can also create, remove or alter

these filters for example through pollution, habitat modification or climate change.

This movement is facilitated by vectors and corridors, which serve as means or pathways for

the transfer of species.

After arriving in a new environment, the success of the introduction process depends on the
species' ability to overcome these filters and establish a self-sustaining population, a phase
known as naturalisation. This critical phase is influenced by several factors, including the
number and genetic diversity of founding individuals (propagule pressure), the species' traits,

and the ecological characteristics of the recipient ecosystem (Simberloff, 2009).



There is a consensus that healthy, resilient ecosystems are more resistant to biological
invasions, as they often offer limited niche availability and have stronger defence

mechanisms, while artificial or disturbed habitats are more susceptible to invasions.

If naturalisation is successful, the species can enter an expansion phase characterised by
population growth and spread to adjacent areas. This phase is often characterised by rapid
increases in abundance and range expansion as the species exploits available resources and
potentially displaces native species. The speed and extent of this spread can vary greatly
depending on the characteristics of the species, the characteristics of the invaded ecosystem

and external factors such as disturbance regimes and climate change.

This is followed by the phase of persistence, in which the population of the invasive species

integrates into the new ecosystem and maintains a self-sustaining presence over time.

Invasion kinetics

The long-term persistence of an invasive species can have profound ecological and
evolutionary impacts on both the invading organism and the recipient ecosystem. These
effects are largely determined by the kinetics of invasion, a concept related to chemical
kinetics in that it focuses on dynamic processes. Specifically, invasion kinetics analyses the
growth rate of invasive populations, the dynamics of their spread, their dependence on initial
conditions and the existence of equilibrium states. Two major models of invasion kinetics
have been proposed to describe the long-term dynamics of invasive species populations (C.

Boudouresque & Verlaque, 2012).

"Natural fluctuation" model (Figure 2a). Characterised by an initial expansion phase
followed by a persistence phase in which the invader's abundance shows a plateau-

like behaviour with more or less abrupt fluctuations around an equilibrium level (C. F.



Boudouresque, 1999). According to this model, the invader integrates into the recipient
ecosystem and often achieves dominance but coexists with native species.
Fluctuations in abundance are similar to those of native species and are determined
by predator-prey relationships, parasite-host interactions, recruitment variability, and
climatic episodes. This model implies lasting ecological impacts on the invaded
community, including potential displacement of native species, habitat modification
and altered ecosystem processes. Over time, both invasive and native species may
undergo evolutionary changes as they adapt to the new biotic interactions.

- "Boom-and-bust" model (Figure 2b). Characterised by a dramatic population
explosion during the expansion phase, followed by a rapid decline to a low level of
abundance (Simberloff & Gibbons, 2004). This collapse can be triggered by various
mechanisms: (1) overexploitation of resources by the invasive species, (2)
accumulation of natural enemies or pathogens, (3) loss of genetic diversity in the
founder population, or (4) environmental changes that reduce habitat suitability. The
boom phase often leads to an acute, severe disruption of the invaded ecosystem.
However, the subsequent bust phase may allow the community to recover, albeitin an
altered state. In some cases, the invader may persist at a low level and possibly retain

the capacity for future outbreaks.

These contrasting models have important implications for both the trajectory of invasion and
its consequences for ecosystems. The natural fluctuation model suggests more predictable,
chronic effects and the potential for long-term coexistence and co-evolution between
invaders and native species. The boom-and-bust model implies less predictable dynamics

with the possibility of transient but intense ecosystem impacts followed by at least partial



recovery.

Figure 2 a)" Natural fluctuation" model; b) "Boom and bust" model. Taken from Bouderesque & Verlaque (2012).
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Understanding which model applies to a given invasion is crucial for forecasting its long-term

effects and developing appropriate management strategies.

Corridors, vectors, pathways

The most important factor for an invasion is the presence of a corridor and something that

acts as a vector (Lieurance et al., 2023).

A"corridor" in the context of AIS refers to any human-related route that facilitates or enables
the movement and dispersal of organisms between ecologically unconnected areas. The term
can be meant both geographically (e.g. Suez Canal) and conceptually (e.g. “shipping route”,

“trade route”).

A "vector" is any means that directly carries and transmits an invasive specimen from one
place to another. Vectors include various means of transport such as ships, aeroplanes and
vehicles, as well as the goods they carry, e.g. agricultural produce, landscaping materials and

ornamental plants. Vectors play a crucial role in the initial introduction of invasive species



into new environments, as they not only transport the invasive species, but often allow them

to overcome physical, chemical and biological filters (Saul et al., 2017).

In the context of AlS risk assessment, it is common to refer to the concept of pathways of

introduction.

Pathways describe the processes and routes by which invasive species are transported from
their native range to a new location. These pathways can be intentional or unintentional and
often involve human activities that facilitate the movement of species (Hulme et al., 2008).

See Figure 3 for a visual representation of the pathway’s categorisation.

They can be broadly categorised as follows:

- Release: the intentional release of an organism into the wild, e.g. for hunting or fishing.

- Escape: When organisms unintentionally escape from captivity or confinement, such
as pets or plants from gardens and aquaculture.

- Contamination: Organisms that arrive as unintended passengers with imported goods,
such as insects or seeds that have been mixed with agricultural products.

- Stowaway: Organisms travelling on means of transport without the intention of
humans to transport them, such as organisms in ballast water or on ship hulls.

- Corridor: Routes that facilitate the dispersal of species across landscapes and are
often enhanced by human intervention such as canals or roads.

- Unsupported: Natural spread from one area to another without direct human

intervention, but often following a primary human-mediated introduction.



Itis crucial to assess and describe the introduction pathways as they strongly determine

species spread in the recipient region.

Figure 3 Simplified framework to categorise pathways of introduction of AlS. Taken from Hulme et al., (2008).
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Caulerpa cylindracea as a case study

Caulerpa cylindracea (Sonder, 1845), originally from south-west Australia, was first

discovered in the Mediterranean off the coast of Libya in 1990 (Nizamuddin, 1991).

In less than 20 years, C. cylindracea colonised almost every coast of the basin and even
reached the North Atlantic (Klein & Verlaque, 2008), becoming the most widespread invasive

species in the Mediterranean (Katsanevakis et al., 2016; Streftaris & Zenetos, 2006).
Physiological Characteristics

Caulerpa cylindracea exhibits a unique uniaxial siphonous thallus structure (Figure 4), which
is predominantly divided into a creeping axis (stolon) and erect shoots known as fronds
(Verlaque et al., 2003). These fronds can grow up to 19 cm high and are characterized by
radially or distichously arranged vesiculate branchlets that facilitate nutrient absorption and

growth (Klein & Verlaque, 2008).



The thallus’s morphology, combined with its ability to produce thin rhizoids for substrate
anchorage, enables the algae to establish itself firmly even in varying marine substrates, from

rocky bottoms to seagrass meadows and artificial structures (Piazzi et al., 2016).

A key aspect of its physiology is its Figure 4 Thallus of the invasive Caulerpa cylindracea from
the Gulf of Marseille (-30 m). Herbarium specimen, J. Klein

remarkable growth rate and its high (Klein & Verlaque, 2008).
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(Bernardeau-Esteller et al., 2015).

Biological Traits

The invasive success of C. cylindracea in the Mediterranean is primarily due to its impressive
biological properties. It can spread rapidly by fragmentation, with small parts able to establish
new colonies on any kind of substrate (Bulleri et al., 2018). Its stolons can elongate upto 2 cm
per day, allowing rapid colonisation of large areas and the formation of dense mats (Piazzi et
al., 2016). See Figure 5 for the time lapse of an invaded site at Vilanova i la Geltru (Spain),

taken from Santamaria et al. (2021).

Its exceptional morphological plasticity allows it to thrive in different environments and even
transform into a resistant form under stress, enabling it to survive for long periods in
unfavourable conditions (Santamaria et al., 2021). Furthermore, thanks to the remarkable
ability to absorb and store nutrients, the alga can thrive in both eutrophic and nutrient-poor

environments (Gennaro & Piazzi, 2014).



Finally, C. cylindracea shows a high resistance to herbivory, thanks to strong defence
mechanisms (production of toxic alkaloids, e.g. caulerpin) and rapid regeneration of damaged

tissue (Bulleri & Malquori, 2015).

Figure 5 Evolution of the abundance of Caulerpa cylindracea over a period of 4 years in a population under study, close
to Vilanova i la Geltrd (Spain). Taken from Santamaria et al. (2021)
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Ecological Impacts and Interactions

The ecological impacts of C. cylindracea on invaded ecosystems are profound. The species
actively competes with native canopy-forming macroalgae and seagrasses such as Posidonia
oceanica, altering marine community structure, trophic relationships and favouring the

introduction of new AIS (Alomar et al., 2016; Bachir Bouiadjra et al., 2021; Bulleri et al., 2010).

It reduces both alpha and beta diversity by forming dense, monospecific mats that prevent
the recovery of native populations, leading to a decline in species richness and habitat

complexity (Piazzi et al., 2016).

Its preference for urbanised coasts and disturbed habitats is well documented. In these
environments, the alga benefits from reduced competition with native species that are less

adapted to the altered conditions, exerting further pressure. (Houngnandan et al., 2022).



A model species for biological invasion studies

Caulerpa cylindracea can be considered as a model species for biological invasion studies

based on presence-only data and machine learning.

Due to its long invasion history, morphological characteristics and extensive experimental
research, the available data basis and knowledge of the species closely match the

assumptions required for modelling.

Firstly, the long invasion history and wide distribution of C. cylindracea in the Mediterranean
indicate that the species is in equilibrium in this region. This means that the available
occurrences reflect most, if not all, of the areas where the species is present as the species

has likely saturated its potential distribution range (Jarnevich et al., 2015).

Thanks to the great attention dedicated to the species and numerous professional and citizen
science monitoring projects, C. cylindracea is probably one of the most sampled species in

the basin (Piazzi et al., 2016; Turicchia et al., 2021).

In addition, the distinct and easily recognisable morphology of C. cylindracea greatly reduces
the risk of misidentification during field surveys. This ensures that the data used for modelling

is robust and reliable (Wang & Jackson, 2023).

Finally, the extensive experimental research conducted on C. cylindracea in both controlled
mesocosms and in situ experiments provides a solid knowledge of the ecophysiology and
biology of the species and provides insights to validate the model predictions (Bulleri et al.,

2011; Santamaria et al., 2021).



The Mediterranean Sea

The Mediterranean Sea, a semi-enclosed basin bordering three continents, is a region of
immense ecological, historical and geopolitical importance (Lo Brutto, 2021). Its unique
geographical location and complex oceanographic features have favoured a rich biodiversity
that has made it one of the world's most important hotspots of marine biodiversity (Coll et al.,
2010). However, this ecological richness is increasingly threatened by human activities,
climate change and the spread of alien invasive species (AIS)(Canu et al., 2022; Solidoro et
al., 2013; Streftaris & Zenetos, 2006). The introduction and spread of AIS disrupt native
ecosystems, alter habitats and pose significant socio-economic challenges (Katsanevakis et

al., 2014; Zenetos & Galanidi, 2020).

This chapter provides a comprehensive overview of the ecological characteristics of the
Mediterranean, key human activities and their impacts, the pressing problem of AlS and the
legal framework that exists to address these challenges. It lays the foundation for the need for

high quality, ready-to-use data to support risk assessments and predictive modelling efforts.

Geological History and Oceanographic Features

The Mediterranean Sea is the remnant of the ancient Tethys Sea with a rich and complex
geological history shaped by tectonic processes. In the Mesozoic era, rifting, spreading and
eventual closure of the Tethys Ocean occurred, driven by the collision of the African and
Eurasian tectonic plates, creating the modern Mediterranean basin (Picotti et al., 2014). Major
geological events such as the Messinian Salinity Crisis (ca. 5.96 to 5.33 million years ago),
during which the sea almost completely dried up before being replenished by the Strait of

Gibraltar, drastically altered sedimentation patterns and biodiversity (Krijgsman et al., 1999).



Figure 6 Mediterranean Sea bathymetry. Blue dots indicate major rivers and green line separates Western and Eastern basin.
Taken from Solidoro et al. (2022).
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Today, the Mediterranean is a semi-enclosed basin in which a unique combination of
oceanographic processes takes place, leading to a high degree of endemism (Agiadi et al.,
2024). The separation from the Atlantic Ocean has led to the isolation of marine species and

contributed to the region being considered a biodiversity hotspot (Coll et al., 2010).

The Mediterranean is characterised by highly oligotrophic conditions, especially in its central
and eastern basins, which are among the most nutrient-poor marine regions in the world
(Agusti et al., 2017; Di Biagio et al., 2022). The thermohaline circulation is driven by opposing
salinity and temperature gradients between the surface and deep waters (Menna et al., 2021).
This dynamic system enables the formation of deep-water masses such as the Eastern
Mediterranean Deep Water (EMDW) and the Western Mediterranean Deep Water (WMDW),

which play a crucial role in nutrient cycling and carbon sequestration (Solidoro et al., 2022).

Seasonal stratification has a significant influence on nutrient distribution. In productive

coastal areas, such as Posidonia oceanica meadows, the availability of nutrients supports



high primary production(Gobert et al., 2002). In contrast, deep-sea environments such as
seamounts and submarine canyons are characterised by lower nutrient levels and host
uniqgue communities adapted to these oligotrophic conditions (Bonanno et al., 2018). These
habitats are further impacted by climate change, as the most recent projections indicates
increasing ocean warming and acidification, particularly in the eastern Mediterranean

(Solidoro et al., 2022; Zunino et al., 2019).

Biodiversity and Ecological Richness

Although the Mediterranean represents less than 1% of the global marine area, it harbours
between 4% and 18% of the world's marine species, of which about 25% are endemic
(Mannino et al., 2017). Its diverse habitats include coastal wetlands, estuaries that are
important for migratory birds, and deep-sea hydrothermal vents that harbour unique
organisms (Coll et al., 2011). Iconic species such as the Mediterranean monk seal (Monachus
monachus) and various cetaceans, including the short-beaked common dolphin (Delphinus
delphis), are an integral part of the region's biodiversity and cultural heritage (Gabrie et al.,

2012).

The Posidonia oceanica meadows, often referred to as the "lungs of the Mediterranean"," play
avitalrole in carbon sequestration and are important nurseries for numerous fish species
(Martinez-Abrain et al., 2022). These habitats are critical for maintaining the ecological

balance and supporting the complex marine food web (Campagne et al., 2015).

Human Impacts on the Mediterranean
The Mediterranean Sea has been heavily impacted by human activities in the past as well as
today (Canu et al., 2022). Overfishing has drastically reduced populations of commercially

important species, leading to the collapse of some fisheries and causing significant



ecological shifts (Fiorentino & Vitale, 2021; Micheli et al., 2013). Coastal development driven
by rapid urbanisation and tourism has led to habitat destruction, particularly in sensitive

areas such as wetlands and seagrass meadows (Hidalgo et al., 2022; Newton et al., 2014).

The construction of the Suez Canalin 1869 created a direct link between the Red Sea and the
Mediterranean and changed the biogeography of the region by facilitating the introduction of

non-native species — a phenomenon known as lessepsian migration (Galil, 2023).

Climate change is exacerbating these existing pressures by causing sea level rise, ocean
acidification and increasing sea surface temperatures. These changes lead to species shifts,
alter reproductive cycles and can lead to mass extinctions of vulnerable marine populations

(Bednarsek et al., 2023; Lejeusne et al., 2010; Solidoro et al., 2013).

Alien Invasive Species in the Mediterranean Sea

The introduction of AIS has become one of the most pressing environmental problems in the
Mediterranean (Katsanevakis et al., 2013). These species disrupt food webs, alter habitats
and displace native species, leading to significant ecological and socio-economic impacts
(Goren et al., 2016). AlS in the Mediterranean are diverse and range from macroalgae to
invertebrates and fishes. Many of these species are thermophilic and thrive in the warming
waters of the Mediterranean, especially as sea surface temperatures rise due to climate

change (Galil et al., 2018).

The eastern Mediterranean has become a gateway for numerous species from the Red Sea
through the Suez Canal. In addition, vectors such as shipping, aquaculture and recreational
boating contribute to the introduction and spread of AlS, which represents a significant

ecological pressure on the native ecosystems(Carrefio & Lloret, 2021).



Vectors and Pathways of Introduction

The Suez Canal (Lessepsian Migration)

The Suez Canal is one of the most important pathways of AIS introduction. Since its opening,
over 300 species have migrated from the Red Sea, many of which have established
permanent populations (Galil et al., 2018). Lessepsian species, often thermophilic find the
increasingly warmer conditions in the Mediterranean favourable, allowing them to expand
their range. Notable invaders include the rabbitfishes Siganus luridus and Siganus rivulatus,
which have impacted local algal communities and competed with native herbivorous fishes

(Galil, 2023).

Shipping Activities

Shipping is another critical vector for the introduction of AlS in the Mediterranean. The busy
maritime traffic in the Mediterranean, including the major shipping routes between Europe,
Asia and Africa, increases the vulnerability of the region to bioinvasions despite increasing

safety protocols (Baquero et al., 2021; Seebens et al., 2013).

Of particular concern is that recreational boating and tourism, which bring millions of visitors
to the coasts of the Mediterranean every year, also play a role in the introduction of AlS
(Ashton et al., 2022). Small vessels can transport invasive species, particularly through hull
fouling and the accidental transport of organisms. The high volume of recreational traffic,
especially during the tourist season, increases the likelihood of AlS spreading to different
parts of the Mediterranean. Caulerpa cylindracea, which has rapidly colonised the
Mediterranean, is a notable example of the potential impact of such vectors (Cantasano et

al., 2017).



Aquaculture and Fisheries

Aquaculture, a fast-growing industry in the Mediterranean, has inadvertently contributed to
the introduction of AlS. Non-native species introduced for farming, such as the Pacific oyster
(Crassostrea gigas), have escaped into the wild. In addition, associated species, including
parasites and pathogens, can be accidentally introduced during aquaculture operations

(Herbert et al., 2016).

Fisheries have also played a role, especially when non-native species are deliberately
introduced to augment fish stocks or accidentally released. Such introductions can have
unforeseen ecological consequences, such as competition with or predation on native

species, disrupting the equilibrium of marine ecosystems (Tarkan et al., 2021).

Figure 7 Overview of AIS negative and positive impacts on ecosystem services and human health for the Mediterranean Sea.
Taken from Tsirintanis et al. (2022).
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Impacts of AIS

Ecological Impacts

AIS can severely disrupt native ecosystems by competing with native species for resources,
altering habitat structures and introducing new predators (Tsirintanis et al., 2022). Caulerpa
cylindracea displaces native seagrass species such as Posidonia oceanica (Piazzi et al., 2016)
provoking a cascading effect on biodiversity, as these habitats provide shelter and nursery

areas for numerous marine species (Bachir Bouiadjra et al., 2021).

The comb jellyfish Mnemiopsis leidyi is another notorious AlS that has disrupted local food
webs by preying on zooplankton, a crucial food source for fish larvae and other marine
organisms. This predation leads to a decline in fish populations and affects the overall

ecological balance (Piccardi et al., 2024).

Socio-Economic Impacts

The presence of AlS poses a major economic challenge, particularly for industries dependent
on marine resources. The decline in fish stocks due to competition and predation by AlS has a
direct impact on the profitability of fisheries and threatens the livelihoods of coastal
communities. The tourism sector is also at risk: AlS, in particular invasive algae, can

completely alter the coastal landscape (Haubrock et al., 2021; Marbuah et al., 2014).

Finally, AlS can pose arisk to public health (Figure 7). Invasive jellyfish and poisonous fishes
increase the frequency of stings, which can lead to serious injuries and put additional strain
on local health systems. The spread of harmful algal blooms associated with some AIS can
lead to an accumulation of toxins in seafood, posing a risk to human consumers (Bédry et al.,

2021).



The Marine Strategy Framework Directive (MSFD)

The Marine Strategy Framework Directive (MSFD), which was introduced by the European
Unionin 2008, is a pivotal legislative framework for the protection of the marine environment
in Europe (Directive 2008/56/EC). Its primary objective is to achieve good environmental
status (GES) of EU marine waters, maintain the sustainability of marine ecosystems and at
the same time balance the socio-economic activities dependent on marine resources
(Commission Decision (EU) 2017/848 ). The GES is defined by 11 descriptors, including
biodiversity, fisheries, eutrophication and in particular the prevention of the introduction of

non-indigenous species (NIS), including AlS.

The MSFD emphasises an ecosystem-based management approach that combines
environmental protection with sustainable use. It mandates EU Member States to develop
and implement marine strategies aimed at assessing, monitoring and achieving the GES.
These strategies are regularly updated to address new challenges such as climate change and

the increase in human activities.

MSFD Focus on Alien Invasive Species

The MSFD specifically addresses AlS under Descriptor 2 (D2), which focuses on the
management of NIS to prevent adverse effects on marine ecosystems (Regulation (EU)

No 1143/2014; Commission Decision (EU) 2017/848). D2 outlines specific criteria:

- Primary criterion (D2C1): The number of new NIS introduced by human activities must
be minimised and ideally reduced to zero. Member States are responsible for setting
thresholds for the introduction of new introductions, in coordination at regional or sub-

regional level.



- Secondary criteria (D2C2 and D2C3): These assess the abundance and distribution of
established NIS and their impacts. D2C2 measures the spatial distribution and
population sizes of established NIS, especially invasive species, while D2C3 analyses
the proportion of ecosystems or species groups that are negatively affected by these

invasions.

To achieve the objectives of the MSFD in relation to AlS, Member States must develop

comprehensive marine strategies that include:

- Monitoring and reporting:
Ongoing monitoring of NIS to detect new introductions, assess the abundance and
distribution of established species and monitor ecological impacts. The data collected
must be reported at national and EU level to enable coordinated regional strategies.

- Thresholds setting:
Establish thresholds for the introduction of NIS in each six-year assessment period in
coordination with neighbouring countries. These thresholds will serve as benchmarks
for assessing progress towards GES under Descriptor 2.

- Implementation of preventive and management measures:
Development and implementation of measures to prevent the introduction of new AIS,
including the control of introduction pathways such as ballast water from shipping and
aquaculture. Strategies to manage established AIS populations are also needed to

mitigate theirimpact on marine ecosystems.



Strategies and Measures to Combat AIS

Prevention

Prevention is a key focus of the MSFD's approach to combating AlS, which aims to reduce
human introduction through strict controls on the main pathways of introduction. This
includes the implementation of the International Convention for the Control and Management
of Ships' Ballast Water and Sediments, which mandates treatment of ballast water to remove
or destroy organisms. In addition, biosecurity protocols and public awareness campaigns aim

to limit accidental releases from aquaculture and tourism.

Early Detection and Rapid Response

Early detection and rapid response mechanisms are critical components. Member States
must have robust monitoring systems in place to promptly detect new NIS introductions and
take immediate action to control or eradicate species before they become established and

cause significant damage.

Challenges from Climate Change and Human Activities

The MSFD recognises the exacerbating effects of climate change on the spread of AlS. Rising
sea temperatures, ocean acidification and changing current patterns facilitate the spread of
species to new areas, including the Mediterranean. The Directive emphasises the inclusion of
climate change projections in marine management strategies and highlights proactive

measures to prevent climate-induced displacement of NIS.

Increasing human activities, such as shipping, tourism and resource extraction, exacerbate
the challenges of AIS management. The MSFD calls for increased cooperation between
countries and sectors and emphasises that an integrated, transboundary approach is crucial

for successful AIS management.



Toward an integrated modelling framework

Predicting the current and future spread of Alien Invasive Species (AlS) in the Mediterranean
Sea is a major challenge due to the complex interplay of ecological factors and human
activities. Conventional approaches often rely on isolated assessments— focussing either on
habitat suitability models or on the risk of introduction through shipping. There is an urgent
need to develop holistic and transferable frameworks that assess the cumulative impacts of
climate change and human activities on the spread of AIS based on limited data (PySek et al.,

2020).

This chapter provides the theoretical basis for the framework, defines the intended outcomes
and provides the general context and the specific formulation for each of the modelling

techniques implemented.

Theoretical foundation

This research represents a step towards a more comprehensive AlS risk assessment process
by drawing direct inspiration from the Biotic-Abiotic-Movement (BAM) concept proposed by
Soberon & Peterson (2005). Soberdén and Peterson conceptualises the distribution of species

as a function of three core components:

- Biotic interactions (B): Relationships with other species, including competition,
predation and mutualism, that may facilitate or hinder the establishment of
populations.

- Abiotic factors (A): Non-living environmental conditions such as climate and physical
parameters that set the physiological limits for species survival.

- Movement constraints (M): The accessibility of geographic regions to the species,

which is influenced by dispersal opportunities and barriers to movement.



Building on this conceptual foundation, the proposed integrated modelling framework
combines correlative Ecological Niche Models (ENMs) with mechanistic spatial interaction

models to represent and solve the BAM components:

The correlative ENM addresses the A and, to some extent, the B component by modelling the
ecological niche of the species, while the mechanistic model addresses the M component by

modelling the invasion pathways and simulating vessel-mediated dispersal.

To ensure the coherence and realism of the assessment, the entire framework must be based
on a unique and comprehensive dataset tailored to the specific relevant aspects of the

species being assessed, including climate change projections and human activities.
The intended outcomes are:

1) Habitat suitability maps expressed as probability of occurrence of the species pertime
unit, given the known sites in which the species is present.

2) Invasion likelihood maps expressed as estimated number of invasions per time unit.

Overview of Ecological Niche Modelling

Ecological Niche Models (ENMs) are mathematical representations that predict where
species may exist based on their ecological niches—abstract spaces defined by
environmental conditions that sustain a species (Peterson et al., 2011). An ecological niche is
a multi-dimensional hypervolume that encompasses all possible conditions under which a
species can survive and reproduce (Hutchinson, 1957). This niche concept is then mapped
onto geographic space, reflecting the complex interplay between species and their

environments, guided by both ecological and geographical principles.



ENMs are conceptual frameworks that bridges ecological theory and spatial modeling, to

provide insights into the spatial dynamics of species' habitats (Franklin, 2010).

The predictive power of ENMs is crucialin forecasting species' responses to future climatic
changes, making them indispensable for ecological risk analysis and the assessment of

invasive species (AlS) threats.

Mechanistic and Correlative Approaches

ENM can be roughly divided into two categories: mechanistic models and correlative models.
Although these approaches differ in their methods and principles, they both aim to estimate
the niches of species and predict their distribution under different environmental conditions

(Peterson et al., 2015).

Mechanistic Models

Mechanistic models, also known as process-based models, focus on defining a species'
fundamental niche- the full range of environmental conditions (e.g. temperature, salinity,
nutrient concentration and light availability) under which a species can survive, grow and
reproduce in the absence of limiting factors such as competition and predation. These
models establish a direct link between environmental conditions and the physiological and

biophysical processes that regulate survival and reproduction (Kearney & Porter, 2004).

One of the key strengths of mechanistic models is that their ability does not depend on
geographic location. This predictive ability is particularly valuable in scenarios involving
climate change or the introduction of hon-native species into marine systems, as the models

can estimate potentially suitable areas based on physiological principles (Evans et al., 2015).



Despite their precision, mechanistic models reach their limits due to their high data
requirements and the computational complexity needed for accurate parameterisation. For
many species, and for AIS this is often the case, as detailed physiological data may be
lacking. And even when such data are available, the sensitivity of these models to small

variations in parameter values can significantly affect their results. (Riddell et al., 2023)

Correlative Models

Correlative models, also known as empirical or statistical models, rely on associations
between species occurrence data and environmental variables to infer the realised niche of a
species (Peterson et al., 2015). The realised niche represents the subset of the fundamental
niche that a species actually occupies, taking into account not only the abiotic conditions but
also the constraints imposed by biotic interactions (e.g. competition, predation) and the
dispersal limitations of the species (Hutchinson, 1957). In other words: While the
fundamental niche describes where a species could live under ideal conditions, the realised
niche reflects where it actually lives due to the complex interplay of ecological and

geographical factors.

These models rely on statistical associations between the observed occurrence of species
and environmental variables to infer the conditions under which species persist (Elith et al.,
2006). In the marine context, this could mean correlating species distribution data with
variables such as sea surface temperature, salinity, nutrient levels and ocean currents. By
overlaying species occurrence data with these environmental layers, correlative models can
identify suitable habitats and predict potential distribution patterns without prior knowledge

of the species (Franklin, 2010).



Due to the complexity of the statistical relationships to be derived and the huge amounts of
data that need to be analysed, the most common approach to this task is to implement
Machine Learning or Artificial Intelligence algorithms (ML-ENMSs) for pattern recognition

(Beery et al., 2021; Phillips et al., 2006).

However, their main limitations arise from several key assumptions: They assume that the
current distribution is in equilibrium with existing environmental conditions and that
occurrence data fully represent the species' ecological range. In particular, these
assumptions are often not fulfilled in the case of AlS, as only distorted and incomplete

information is usually available (Jarnevich et al., 2015).

One of the main contributions of this work is the development of a conceptual framework
(ENM process) specifically tailored to the study of the current and future diffusion of AIS and
entirely aimed at mitigating the impact of bias and distorted information on the correlative

modelling process.
Species’ Occurrence Data

Species occurrence data are a fundamental element in the study of biogeography and the
modelling of ecological niche. They provide essential insights into the spatial and temporal

distribution of species.

Species occurrences usually come from various sources such as field observations, museum
specimens, contributions from citizen scientists and remote sensing technologies. The
usefulness of these data is significantly influenced by their quality, which depends on factors
such as spatial accuracy, temporal consistency and the thoroughness of sampling efforts

(Peterson et al., 2011).



Occurrence data play a central role in both correlative and mechanistic ecological niche
models (ENMs). Correlative models postulate their entire foundation to observed
occurrences. Mechanistic models use occurrence data to calibrate model parameters (Evans

etal., 2015).

Presence-Absence Data

Presence- absence data explicitly document where a species is found (presence) and where it
was actively searched for but not found (absence). This dual aspect of the data provides a
balanced view that is particularly valuable in ecological modelling, as it allows researchers to

distinguish between suitable and unsuitable habitats (Peterson et al., 2011).

Modelling assumptions

The use of presence-absence data assumes that the absence data reflect unsuitable
habitats, meaning that the species are not present due to unsuitable environmental
conditions. See Figure 8 for a visualisation of the sampling process as a series of probabilistic
events leading to a record. Another important assumption is that the sampling effort is the
same at all sites, i.e. that there is an equal chance of detecting the species ifitis presentin
each area sampled. This uniformity is important to avoid biases that could distort the species

distribution models (Jarnevich et al., 2015; Peterson et al., 2011).

Limitations in interpretation

One of the main limitations of presence-absence data is the problem of false absences,
where a species is present but not detected due to factors such as insufficient survey efforts
or seasonal variation. This can lead to incorrect conclusions regarding the ecological
preferences and distribution limits of the species. In addition, the absence of species may be

due to factors unrelated to habitat suitability, such as recent local extinctions or barriers to



species dispersal, which complicates the interpretation of these data in modelling (Elith et

al., 2020).
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Presence-Only Data

Presence-only data consist of records indicating locations where a species has been
observed without providing information on sites where the species has not been detected.
This type of data usually comes from opportunistic observations, museum collections or
reports from citizen scientists. Although not as informative as absence information,
presence-only data are invaluable, especially when systematic surveys data are not available

(Peterson et al., 2011).
Almost the totality of occurrence records available on AlIS belongs to this class.

Modelling assumptions
Models based on presence-only data make stronger assumptions than models that use
presence-absence data. These models typically assume that the occurrences represent the

environmental conditions suitable for the species. Since true absence data are not available,



these models employ background or pseudo-absence data to simulate areas where the
species may not occur. Randomly selected background sites, work as contrasts for the

presence point (Allouche et al., 2006; Coro et al., 2015).

Limitations in interpretation

The main drawback of presence-only data lies in the lack of direct absence records, which
can lead to an overestimation of suitable habitat (Saupe et al., 2018). The challenge with this
type of datais that it is difficult to distinguish between truly unsuitable areas and those for
which data are simply not available or lacking (Yackulic et al., 2013). Presence-only data also
tend to be biased toward more accessible or frequently surveyed locations, which can distort
the perceived distribution of the species if this is not taken into account in the analysis
(Fourcade et al., 2014). Careful statistical adjustments and critical interpretations are needed

to mitigate these biases in species distribution models (Warren & Seifert, 2011).

Figure 9 A schematic representation of the probability densities. The maps on the left show two examples of mapped covariates. In the
centre are the locations of the presence and background samples. The density estimates on the right are not in geographic space
(map), but show the distributions of values in covariate space for the presence (top right) and background (bottom right) samples.
These could represent the densities f1(z) and f(z) for a simple model with linear characteristics. Taken from Elith et al., (2011).
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MaxEnt

MaxEntis a well-established machine learning algorithm for simulating the geographical

distribution of species using presence-only data (Phillips & Dudik, 2008).

Considered as one of the best performing algorithm on presence-only data (Elith & Franklin,
2013), itis widely used and successful applications can be found in estimating AIS
distribution (Karuppaiah et al., 2023; Sayit et al., 2019; A. M. West et al., 2016; Zhu et al.,

2014).

Itis based on the principle of maximum entropy, which is rooted in information theory. This
principle states that, given limited information, the probability distribution that best
represents the current state of knowledge is the one with maximum entropy, subject to the

constraints imposed by the available data (Phillips et al., 2006).

How it works™®

Ecological perspective

MaxEnt makes its predictions by comparing the environmental conditions at the locations
where the species is known to occur with those of the entire landscape represented by the

background data.

From a statistical perspective, MaxEnt estimates the relative suitability of each site by
comparing the environmental conditions at the presence sites with those of the entire study
area represented by the background data. Specifically, MaxEnt models the probability

distribution of the environmental conditions under which the species occurs (f; (2)) relative to

0 For a rigorous mathematical description of the algorithm, see Appendix A.



the probability distribution of the same conditions in the background (f (z)) (Elith et al., 2011).

See Figure 9 for a visual representation of f;(z) and f(z) in a simple case.

This approach quantifies the extent to which the environmental conditions at the sites differ
from the environmental conditions observed in the study area. By estimating this ratio,
MaxEnt identifies which ones are disproportionately represented in the presence data
compared to the background, highlighting areas with a higher likelihood of suitable habitat

(Merow et al., 2013).

The comparison between the presence data and the background data allows MaxEnt to
"learn" from the available information. In other words, it distinguishes between suitable and
less suitable habitats by determining which environmental conditions are most strongly
associated with the occurrence of the species compared to those generally present in the

landscape (Elith & Franklin, 2013).

Machine Learning perspective

MaxEnt attempts to define an optimised formula that connects the probability of occurrence
to environmental variables and (1) best explains the known presence patterns with (2) the
least assumptions.

From a mathematical point of view, this translates in the definition of an objective function’

to optimise. This function has two terms: gain and regularisation, a penalty term.

Gain corresponds to the task (1): it measures how much better the model predicts the
species' distribution compared to a null model that assumes the species is equally likely to be

found anywhere (a uniform distribution).

" The “numbers” that MaxEnt seeks to maximise during model training.



Regularisation (2) prevents the model from relying heavily on complex features unless their
inclusion is justified by a significant improvement in fit (gain) by applying a penalty that

increases with the complexity of the model.

The feature classes in MaxEnt determine the mathematical relationships between the
environmental variables and the occurrence of the species. They define how the model can

use the input variables to construct the probability distribution (Phillips & Dudik, 2008).

MaxEnt feature classes include:

Linear features: Capture direct, proportional relationships between the variables and

the occurrence of species.

- Quadratic features: Allow for parabolic relationships and model scenarios in which
probability increases up to a certain point and then decreases.

- Product functions: Represent interactions between variables by multiplying them
together.

- Threshold functions: Capture abrupt transients in species' suitability as a piecewise
constant response (0 - 1) to environmental variables.

- Hinge functions: Expand threshold functions to include piecewise linear response to

environmental variables.

Complex features involve higher order terms that allow the model to capture intricated
patterns in the data, which is referred to as flexibility (James et al., 2021b). This is a desirable
property, but it should be borne in mind that complex features (e.g. quadratic or hinge
features) with a high weighting (importance) lead to extremely (often excessively) specific

models. Flexibility makes the model very susceptible and vulnerable to training data-



specific’ or random™ spatial patterns that are misinterpreted as determinants of presence.

The so-called overfitting.

Users can operate on these aspects by predefining a set of feature classes (fc) and the

amount of the penalty applied to complex features via the regulation multiplier (rm).

Data input

MaxEnt requires two primary types of input: presence-only data and environmental

predictors.

Environmental predictors can be continuous or categorical variables that are used as

covariates by the model.

In addition to these inputs, MaxEnt generates or uses user-entered background points to
represent the range of environmental conditions in the study area. Careful selection of the
background is critical as it provides the context through which MaxEnt “perceives” what

constitutes a suitable habitat for the species (Elith et al., 2011).

Output interpretation

The main output from MaxEnt is the Relative Occurrence Rate (ROR), which is a measure
indicating the relative probability of occurrence in each cell of the study area, given the
environmental conditions. ROR represents the likelihood of a cell being similar to known
occurrence locations in terms of its environmental characteristics. It is essentially a measure
of how strongly the environmental conditions in each grid cell align with those where the

species has been observed (Merow et al., 2013).

2 Bias
3 Noise



The logistic output is a transformed version of the ROR that estimates the probability of
occurrence of a species in each cell, assuming that the presence data represent a random
sample from the landscape. While this transformation can make the output more intuitive as
it scales values between 0 and 1, it also introduces a strong assumption that is often violated
in real-world scenarios: It assumes that species presence data are evenly distributed across
the landscape, which is often not the case due to biases in observations and uneven sampling

effort (Fourcade et al., 2014).

MaxEnt outputs, when assumptions are met, can be interpreted as an index of relative habitat
suitability, highlighting areas that resemble the known habitat of the species (Yackulic et al.,

2013).
Overview of Spatial Interactions Models

Spatial interaction models are a fundamental tool in geography, urban planning, and science
of transports. They provide a structured approach to understanding and predicting the flows
of people, goods, information, and even services between locations (K. Haynes &
Fotheringham, 1985). The underlying principle of these models is that spatial interactions
(such as migration, trade and tourism) are not random but are influenced by the spatial
structure of places and the characteristics of the entities involved. In essence, spatial
interaction models allow to quantify and examine how distance, population size and
connectivity affect the movement and exchange between places, providing insights into

complex spatial relationships and the forces that drive them (Fotheringham & O’Kelly, 1988).

In the last decades, these kind of models were applied to model environmental and
ecological connectivity with interesting results (McRae et al., 2008; Van Etten & Hijmans,

2010).



In its most general form, a spatial interaction model can be written as:
Ty = f(Vi, W}, Sij) (1)
Where:

- Tij represents interaction between j andj locations (flow)

- Vi represents a vector of origins attributes (propulsiveness)

- VV] represents a vector of destination attributes (attractiveness)

- Sij represents a vector of separation attributes (deterrence)

This expansion allows for extreme flexibility in modelling complex spatial interactions that

makes this family of models particularly interesting for the purpose of exposure assessment

and even more when applied to AlS. For example, Vi may be interpreted as the invasion
potential (e.g. propagule pressure) and VV] as the attractive potential (e.g. suitability).
Moreover, Sij can be augmented by introducing ecological barriers and route preferences,
making it an appropriate solution to model the movement across the oceans.

In the context of biological invasions, these models have been applied to simulate the
dispersal of species across landscapes and illustrate the interplay between environmental
characteristics, habitat suitability and the spatial structure of ecosystems (Falaschi et al.,

2018).

One of the most widely used spatial interaction model is the so-called gravity model.



Gravity models

The concept of gravity models has its roots in Newton's law of universal gravitation, where the
force between two objects is proportional to the product of their masses and inversely
proportional to the square of the distance between them. These models quantify how
interactions (e.g. trade, migration or biological dispersal) take place between different
locations based on factors that influence movement from origin to destination (K. Haynes &

Fotheringham, 1985). In the most basic form, gravity models follow the Newton’s law formula:

Tyj =k —32 2)

Where:

- Tij represents interaction between j and j locations
- Mi: Mj represents “masses” of the interacting locations
- dij represents the distance

- ks aconstant that ensures mass balance

This modelis based on the analogy that places with high “quantity” of a feature (e.g.

population) interact more, while the cost or difficulty of interaction increases with distance.

In order to capture the complexity of spatial interactions in the real world, gravity models have

undergone several generalizations and expansions. Gravity models exists to estimate flows



relying on information of total interactions, total outflows and total inflows both for origin and

destination specific formulations (K. E. Haynes et al., 1980).

An example of gravity models applied to the AIS invasion risk mediated by shipping traffic is
provided, as it is the foundation and the starting point for the development of the third

component of this framework.

Gravity models to estimate global biological invasions hotspots

The foundation for the application of gravity models to biological invasions is the work of
Drake & Lodge (2004). The study addresses the threats posed by invasive species transported
by ballast water via international maritime trade and contributing to the increasing biotic
homogenisation of ecosystems. Prior to this study, ballast water management was
recognised as important, but there was a lack of comprehensive models to quantify invasion

risks and prioritise management strategies.

The study had a substantial influence on subsequent research by highlighting the importance
of reducing the propagule pressure (the rate at which invasive species are introduced) across
all ship visits rather than focusing on eliminating key ports from the network. This shifted the
focus in marine invasion science from managing high-risk locations to addressing broader
systemic risks, contributing to international regulatory discussions such as the International
Maritime Organization’s (IMO) Ballast Water Management Convention, which was adopted to

control invasive species spread through maritime pathways (Srébaliené et al., 2019).

The work uses a multidisciplinary approach that combines gravity modelling of spatial
interactions with network flow analysis to identify key pathways for biological invasions. Drake
and Lodge adapted this framework to predict invasion risks from port to port, drawing on

empirical data from 243 harbours worldwide.



Gravity models and probability of invasion
They define the probability of invasion as:
T=1— (1-p)" (3)
Where:
- P isthe per-ship probability of initiating an invasion

- M isthe number of ships

P was estimated empirically from Ricciardi (2001) while Il was estimated using a double

constrained gravity model with this form:

F;; = A;B;0;D;f(d;;) (4)
Where:
-1
- A= (Zz B; Djf(dij)) (5)

- B = (ZzAi Oif(dij))_l (6)
- Oi is the total flow from origins

- Dj is the total flow to destinations

- f(dij) is the deterrence function

Ai and Bj are the constrain terms that ensure the balance of all outflows and inflows, and

are estimated iteratively (Fotheringham & O’Kelly, 1988).



Their model took into account the volume of shipping traffic and the distance between ports
to assess the likelihood of species introductions. By applying a distance-dependent
deterrence function, they identified "hot spots" of invasion where high shipping traffic

increases the risk of species introduction.

A central finding of the paper is that reducing the overall probability of species introduction
per ship visit is far more effective in slowing global biotic homogenization than eliminating
high-risk ports. The study demonstrated that global invasion risk is diffuse and systemic rather
than being concentrated in a few high-traffic areas. By using stochastic simulations to
compare different management strategies, Drake and Lodge showed that strategies focusing
on reducing per-ship invasion probability would lead to a greater reduction in the cumulative

number of invasions compared to the elimination of key pathways or ports.

Limitations

While the paper presents a robust and innovative approach, there are key assumptions and
limitations that affect its generalizability. Shipping patterns are dynamic, and without
continuous updating, the model may not fully account for changes in global trade routes or
emerging markets. Additionally, the per-ship invasion probability is based on generalized
estimates, which may not capture species-specific or port-specific differences in invasion
risks. This creates uncertainty in predicting real-world outcomes, particularly in understudied

regions where invasive species dynamics are less understood.

Moreover, there is a lack of ecological characterisation of the invasion process. Per-ship
probability of initiating an invasion greatly varies due to environmental suitability of both the

donor and recipient site.



2005-2099 High resolution bioclimatic variables for

the surface and bottom of the Mediterranean Sea.

An easy-to-use, high-quality dataset for Risk Assessment

Effective management measures, as emphasised in the MSFD, are highly dependent on
accurate and comprehensive data. Data is crucial for the development of forecasting models,
for policy decisions and for the implementation of targeted management strategies (Omodei

etal., 2024).

In recent years, considerable efforts in ecological modelling have led to the development of
highly reliable global and regional general circulation models (GCMs) and biogeochemical
models (BGCs). These models simulate physical and biological processes with increasing
accuracy and provide valuable insights into the dynamics of marine ecosystems under

current and future climate scenarios (Giorgi, 2019).

However, the complexity and scale of the data generated by these models pose a major
challenge for broad practical application. The high dimensionality and large volume of the
data, combined with the complex technical procedures (e.g. downscaling, bias correction)
required to make these data interoperable, can be an obstacle for users who are not experts in

geospatial data analysis (Fortin & Dale, 2005).

For this reason, one of the key scientific outcomes of this research is the creation and
publication of a high-resolution, ready-to-use dataset of the main physical and
biogeochemical variables of the Mediterranean Sea for the 21st century, considering the

RCP8.5 scenario. The dataset is presented as in the associated article “Downscaled and bias-



corrected bioclimatic dataset for the Mediterranean Sea (2005-2099)” published on Data in

Brief Journal as open access (Fianchini et al., 2024b).
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Authors

Marco Fianchini* %3, Cosimo Solidoro’, Donata Canu’.

Affiliations

"National Institute of Oceanography and Applied Geophysics - OGS Via Beirut 2, 34151 Trieste

- Trst,

Italy

2 Department of Life Sciences, University of Trieste, 34127, Trieste, Italy

3 Department of Environmental Life Sciences, University of Udine, 33100, Udine, Italy

Corresponding author’s email address and Twitter handle

mfianchini@ogs.it

Keywords

Biogeochemical model; RCP8.5; Nutrients; Climate Change; Bioclimatic variables
Abstract

This dataset provides annual statistical descriptors (mean, minimum, maximum, range and
standard deviation) of key biogeochemical and physical variables for the Mediterranean Sea.

It covers the period 2005-2099 under a high emissions scenario (CMIP5-RCP8.5), with a



spatial resolution of 1/24 degree (~4km?). The CMIP5-RCP8.5 scenario considers the current
trajectory of increasing greenhouse gas emissions and population growth to the end of the
century with nominal policies to reduce emissions. Variables include temperature, salinity,
pH, water velocity, nutrients (NO3, PO4, NH4), dissolved inorganic carbon, oxygen, and net
primary production. Data are available for both surface and at bathymetry level. The original
projections were generated using OGSTM-BFM and MFS16 models at daily time and 1/16
degree grid resolution. These were downscaled to 1/24 degree resolution and bias corrected
by quantile delta mapping using CMEMS reanalysis products from 2005 to 2020. The dataset
is provided in a user-friendly format so that it is accessible for various ecological and

environmental modelling applications.

SPECIFICATIONS TABLE

Subject Ecological Modelling.

Specific Mediterranean Sea Physics and Biogeochemistry annual statistical

subject area descriptors for the 21th century in the light of RCP8.5 scenario.

Type of data Processed, netcdf format.

Data collection | All the processing was performed in Python 3.12.3 using the packages
xarray, dask scipy, numpy, pandas, cmethods, copernicusmarine,
ddsapi, on a High Performance Computing system (Galileo 700,
Cineca-ltaly) using a total of 24 cores and 256GB RAM. Surface and

bottom Reanalysis data at monthly resolution were obtained by




directly downloading them through copernicusmarine APl service (A
detailed method to obtain bathymetry level data is provided at
https://help.marine.copernicus.eu/en/articles/6049335-how-to-
retrieve-a-variable-at-bathymetry-level-in-python). Future projected
data for RCP8.5 scenario at daily resolution were downloaded through
ddsapi, averaged to monthly data and homogenised in terms of
dimensions and variables names. Trilinear interpolation was
performed to downscale projected data to Reanalysis spatial
resolution and missing values were filled using Nearest Neighbour
method, in a conservative approach. The same procedure used to
extract bathymetry level variables as for Reanalysis data was used.
Quantile Delta Mapping algorithm was applied to minimise
distributional biases between projections and reanalysis time-series

data using the 2005-2020 overlapping period as control.

Data source

location

Raw data are stored and freely available (Creative Commons
Attribution 4.0 International (CC BY 4.0) license) at:

CMCC DDS API:
https://dds.cmcc.it/#/dataset/medsea-cmip5-projections-
biogeochemistry/

https://dds.cmcc.it/#/dataset/medsea-cmip5-projections-physics/

E.U. Copernicus Marine Service Information:
https://doi.org/10.25423/CMCC/MEDSEA_MULTIYEAR_PHY_006_004_

E3R1



https://dds.cmcc.it/#/dataset/medsea-cmip5-projections-physics/
https://doi.org/10.25423/CMCC/MEDSEA_MULTIYEAR_PHY_006_004_E3R1
https://doi.org/10.25423/CMCC/MEDSEA_MULTIYEAR_PHY_006_004_E3R1

https://doi.org/10.25423/cmcc/medsea_multiyear_bgc_006_008_med

bfm3

Data Data are publicly available at:
accessibilit
4 Repository name: 2005-2099 High resolution bioclimatic variables for
the surface and bottom of the Mediterranean Sea

Data identification number: 10.5281/zenodo.12780160

Direct URL to data: https://zenodo.org/doi/10.5281/zen0do.12780160

Download requires no registration or any other procedure.

Related none.

research

article

VALUE OF THE DATA

e The data provide an extended set of annual projected key bioclimatic variables for the
surface and bottom of the Mediterranean Sea for the 21th century at high spatial

resolution.

e Bioclimatic variables at regional scale can be useful for a variety of ecological and
environmental research applications, ranging from environmental management and

risk assessment to biogeographic and species distribution modelling studies.

e The data follows the World Geodetic System standard (WGS84) and are ready-to-use.


https://doi.org/10.25423/cmcc/medsea_multiyear_bgc_006_008_medbfm3
https://doi.org/10.25423/cmcc/medsea_multiyear_bgc_006_008_medbfm3
https://zenodo.org/doi/10.5281/zenodo.12780160

e The OGSTM-BFM model provides accurate simulations of plankton productivity and

biogeochemical cycles for the Mediterranean Sea.

BACKGROUND

The Mediterranean Sea is characterised by its unique marine ecosystems and significant
economic activities, including fishing and tourism. It has complex biogeochemical dynamics
influenced by unique oceanographic and climatic conditions. Climate change is exacerbating
these dynamics and affecting the availability and distribution of nutrients. The 1/16°
resolution Mediterranean Forecasting System and the OGSTM-BFM model provide detailed
insights into the biogeochemical present and future state of the basin under different
emission scenarios (Reale et al., 2022; Solidoro et al., 2022). However, the complexity and
scale of the data hinder their widespread, practical application. This dataset addresses these
challenges by providing annual statistical descriptors of key climate change indicators and
nutrients. The dataset is obtained by harmonising, downscaling and bias-correcting the
model simulations outputs (Reale et al., 2022). The decision to focus on the RCP8.5 scenario
is because it can be considered a fairly realistic scenario compared to RCP4.5 (Schwalm et
al., 2020). The result is a ready-to-use dataset containing variables for the surface and
bathymetric levels (Tong et al., 2021). With improved accessibility and interpretability, this
derived dataset represents an optimised resource for biologists, ecological modellers and

policy makers involved in marine conservation and climate resilience planning.

DATA DESCRIPTION

The dataset is composed of 95 files in a single folder (Fianchini et al., 2024a). Names are
structured as ‘{statistical_indicator}_{varname}_{layer}.nc’ (e.g. mean_thetao_bottom.nc).

Note that for Net Primary Production, there are layers reporting the vertical integration of O-



220m depth layers named ‘{statistical_indicator}_{nppv}_integrated.nc’. See Table 1 for a

complete list of files and variables.

Table 1 Description of the dataset files. Variable names, units, statistics and file names describe the content of

the repository.

Long name Variable | Unit Statistic | Filenames
name

Temperature | thetao °C min min_thetao_surface.nc min_thetao_bottom.nc
max max_thetao_surface.nc max_thetao_bottom.nc
range range_thetao_surface.nc range_thetao_bottom.nc
std.dev | Std.dev_thetao_surface.nc | std.dev_thetao_bottom.nc
mean mean_thetao_surface.nc mean_thetao_bottom.nc

Salinity so PSU min min_so_surface.nc min_so_bottom.nc
max max_so_surface.nc max_so_bottom.nc
range range_so_surface.nc range_so_bottom.nc
std.dev | std.dev_so_surface.nc std.dev_so_bottom.nc
mean mean_so_surface.nc mean_so_bottom.nc

Water Wv m/s min min_WV_surface.nc min_WV_bottom.nc

velocity
max max_WV _surface.nc max_WV_bottom.nc
range range_WYV_surface.nc range_WV_bottom.nc
std.dev | std.dev_WV surface.nc std.dev_WV _bottom.nc

mean

mean_WYV _surface.nc

mean_WYV_bottom.nc




pH ph min min_ph_surface.nc min_ph_bottom.nc
max max_ph_surface.nc max_ph_bottom.nc
range range_ph_surface.nc range_ph_bottom.nc
std.dev | std.dev_ph_surface.nc std.dev_ph_bottom.nc
mean mean_ph_surface.nc mean_ph_bottom.nc
Ammonium | nh4 [mmol | min min_NH4_surface.nc min_NH4_bottom.nc
m-3]
max max_NH4_surface.nc max_NH4_bottom.nc
range range_NH4 _surface.nc range_NH4_bottom.nc
std.dev | std.dev_NH4 surface.nc std.dev_NH4 _bottom.nc
mean mean_NH4_surface.nc mean_NH4_bottom.nc
Nitrate no3 [mmol | min min_NO3_surface.nc min_NO3_bottom.nc
m-3]
max max_NOG3_surface.nc max_NO3_bottom.nc
range range_NQO3_surface.nc range_NQO3_bottom.nc
std.dev | std.dev_NO3_surface.nc std.dev_NO3_bottom.nc
mean mean_NOJ3_surface.nc mean_NO3_bottom.nc
Phosphate po4 [mmol | min min_PO4_surface.nc min_PO4_bottom.nc
m-3]
max max_PO4_surface.nc max_PO4_bottom.nc
range range_PO4_surface.nc range_PO4_bottom.nc
std.dev | std.dev_PO4 surface.nc std.dev_PO4_bottom.nc

mean

mean_PO4 _surface.nc

mean_PO4 _bottom.nc




Dissolved 02 [mmol | min min_o2_surface.nc min_o2_bottom.nc
Oxygen m-3]
max max_o2_surface.nc max_o2_bottom.nc
range range_oZ2_surface.nc range_oZ2_bottom.nc
std.dev | std.dev_oZ2_surface.nc std.dev_o2_bottom.nc
mean mean_oZ2_surface.nc mean_o2_bottom.nc
Net Primary | nppv [mg min min_nppv_integrated.nc
Production m-2
day-1]
max max_nppv_integrated.nc
range range_nppv_integrated.nc
std.dev | std.dev_nppv_integrated.nc
mean mean_nppv_integrated.nc
Dissolved dissic [mol min min_DIC_surface.nc min_DIC_bottom.nc
Inorganic m-3]
Carbon
max max_DIC_surface.nc max_DIC_bottom.nc
range range_DIC_surface.nc range_DIC_bottom.nc
std.dev | std.dev_DIC surface.nc std.dev_DIC_bottom.nc
mean mean_DIC_surface.nc mean_DIC_bottom.nc

Each file covers the Mediterranean Sea (BBOX: lon.min =-6.00; lon.max = 36.28;

lat.min=30.21; lat. max = 45.97, CRS = EPSG:4326) for each year from 2005 to 2099. See

Figure 10 for an example.




Figure 10 Projection of the mean surface temperature for the Mediterranean Sea in January 2050.
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EXPERIMENTAL DESIGN, MATERIALS AND METHODS

COMPUTATIONAL ENVIRONMENT:

Processing was performed on Galileo100 HPC system (Cineca-ltaly) using 24 cores and
256GB RAM using Python language. Dependencies are: copernicusmarine, ddsapi, xarray,

dask, pandas, numpy, scipy, matplotlib, cmethods.

MATERIALS:
The dataset was created using data from two primary sources: the European Union's
Copernicus Marine Service Information (CMEMS) and the Centro Euro-Mediterraneo sui

Cambiamenti Climatici (CMCC). The specific products used were:

1. Mediterranean Sea Biogeochemistry Reanalysis (Cossarini et al., 2021). E.U. Copernicus

Marine Service Information (CMEMS). Marine Data Store (MDS).



2. Mediterranean Sea Physical Reanalysis (Escudier et al., 2021). E.U. Copernicus Marine

Service Information (CMEMS). Marine Data Store (MDS).

3. MEDSEA CMIP5 Projections Physics (Lovato et al., 2013). CMCC Data Delivery System

(DDS).

4. MEDSEA CMIP5 Projections Biogeochemistry (Reale et al., 2022). CMCC Data Delivery

System (DDS).

THE FUTURE OF THE MEDITERRANEAN IN THE LIGHT OF THE RCP 8.5 SCENARIO:

Simulations following the RCP8.5 scenario predict significant changes in the Mediterranean

by the end of the 27st century:

1. Increased water temperature and stratification, reduction in vertical mixing and nutrient

upwelling.

2. Reduced availability of phosphorus and nitrogen in the upper layers, limiting primary
productivity and phytoplankton populations. The eastern Mediterranean could develop into

oligotrophic conditions.

3. Reduced oxygen solubility and increased acidification due to higher CO2 uptake, affecting

marine life, especially calcifying organisms.

4. Altered ecosystem composition and functionality with possible northward migration of

species adapted to warm conditions and decline of less adaptable species.

5. Variable regional impacts, with potentially greater changes in the eastern Mediterranean

compared to the western part.

6. Fluctuations in salinity due to changes in precipitation, river flows and evaporation rates,

affecting water density and circulation patterns.



GIS MODELLING:

All data processing was done using the native coordinate system World Geodetic System
1984 (WGS84) (EPSG:4326) to transform the regular 1/16 degree grid of the modelled data
into the regular 1/24 degree grid of the reanalysis data. The distances are calculated “on the
fly” using the Haversine formula. This approach minimises the risk of introducing integration
and numerical errors associated with the planar projection and preserves the

latitude/longitude trends as produced by the model simulations.

EXPERIMENTAL DESIGN and METHODS:

Daily raw RCP8.5 data from the OGSTM-BFM model for the period 2005-2100 with a grid
resolution of 1/16 degree were processed to obtain bias-corrected statistical descriptors with
a grid resolution of 1/24 degree and an annual time scale. Data processing included the

following steps (package.function in brackets):

1. Monthly aggregation: the daily data were averaged monthly to reduce the data size and

conform to the CMEMS reanalysis format.

2. Spatial downscaling: The data were downscaled to 1/24 degree using trilinear interpolation
(scipy.interpolate.interpn) and masked (numpy.where) to exactly match the spatial grid of the

CMEMS reanalysis.

3. Imputation of missing values: Missing values in the downscaled data set were filled using a
nearest neighbour algorithm (xarray.Dataset.ffill), following a conservative approach. This
ensured that the resulting dataset had the same number of values and the same spatial

structure as the CMEMS reanalysis dataset while limiting extrapolation artifacts.

4. Bias correction: A Quantile Delta Mapping algorithm (cmethods.adjust, method =

quantile_delta_mapping, quantiles = 10000) was used to align projections to the trends in the



CMEMS reanalysis time series (Tong et al., 2021). The overlapping 2005-2020 period was used
as a reference to fit a transfer function that maps the model's distribution to the reanalysis

distribution while maintaining the relative changes projected by the model.

5. Calculation of statistical descriptors: Bias-corrected data were aggregated annually and
five statistical indices were calculated: Minimum(numpy.min), Maximum(numpy.max),
Mean(numpy.mean), Range(numpy.range) and Standard Deviation(humpy.std). The data were

exported as netcdffiles.

An example/template script for reproducing the entire process, starting with the download of

the raw data, can be found in the Supplementary Material.

LIMITATIONS

Itis important to recognise that all model projections are subject to uncertainties. These can
come from various sources, such as: Model structure, model parameterisation, uncertainties
in initial conditions, uncertainties in boundary conditions and forcing functions (scenarios),
numerical approximations. Usually the uncertainties in the initialisation dominate on a
shorter time scale, the uncertainties in the scenarios are generally more important on a longer
time scale, while the uncertainty in the choice of model parameterisation is always important.
However, the results of a systematic global sensitivity analysis on the parameter uncertainties
in a complex marine ecosystem model show that while the details of the time course of many
variables are sensitive to the choice of parameter values, the integrated indicators are much

more robust.

In this case case, the importance of the atmospheric forcing and boundary conditions (i.e. the
scenarios) should be emphasised, which can strongly influence the dynamics of the

Mediterranean Sea, including vertical mixing, and thus the nutrient distribution and the



dynamics of the lower trophic levels. Another point to consider is the spatial horizontal and
vertical discretisation of the model. The OGSTM-BFM model focuses on resolving the
dynamics of the low trophic levels in the euphotic zone at high resolution, while the
representation of the processes in deep waters and near the bottom is less detailed. A final
consideration concerns the downscaling and bias correction processes, which adjust and
harmonise the dataset to the trends observed in the reanalysis but may also introduce
artefacts and smooth environmental signals. Considering all these factors, the dataset is well
suited for studies at regional and sub-regional scales but should be used with caution for

applications at scales below grid resolution.



Toward a reliable ENM process

This chapter represents the central scientific contribution of this research and describes a
comprehensive re-evaluation and improvement of the Ecological Niche Modelling (ENM)
workflow (see Figure 11). This approach was specifically developed to address the complex

challenges of modelling AlS.

Figure 11 Schematic description of the ecological niche modeling process. Adapted from Cobos et al. (2019).
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The content of this chapter is an extended version of the article: “Improving the reliability of

MaxEnt predictions through multi-criteria decision analysis and site-weighted metrics:

Caulerpa cylindracea case study” (Fianchini et al., 2024. Under review).

The aim is to demonstrate a transparent and reproducible pathway that integrates best

practises in data processing, model calibration, evaluation and risk assessment.

Each section covers a stage of the modelling process and addresses the underlying

assumptions, constraints and methods. This facilitates a comprehensive understanding of

how each element contributes to improving the reliability of ML-ENM.



Although we will address specific MaxEnt aspects and assumptions throughout the study, the

framework is transferable to other ML-ENM algorithms.

Abstract

The increasing availability of data with fine spatial and temporal resolution has popularised
the use of correlative Ecological Niche Models (ENMs) in the field of biological invasions.
However, to predict the spread of Alien Invasive Species (AlS), it is important to maximise the
transferability of the models. Ensuring a balance between model complexity and ecological
validity is essential for reliable results. In this study, we propose a comprehensive framework
to deal with biassed data, assess extrapolation risk, evaluate the impact of threshold
uncertainties on suitability classification, and identify models with minimal "artificially
enhanced" performance. We use MaxEnt to model the current and future distribution of

Caulerpa cylindracea, one of the most dangerous AlS in the Mediterranean.

We evaluated 1240 model configurations under a "present scenario" to identify the model
configuration that most accurately reflects the pattern of species abundance in a withheld
dataset. To do this, we used a set of site-weighted performance metrics and applied a multi-
criteria decision analysis to rank the candidate models. The annual projected probability of
occurrence was then categorised into four suitability classes. We analysed the impact of
threshold uncertainty on the classification results. In addition, a time series analysis of the

annually predicted areas for each suitability class was performed to identify trends.

The success of the training process is confirmed by the fact that the response curves are
consistent with the knowledge of the ecophysiology of the species. All models show a general

shift towards a lower probability of occurrence in the future scenario. The time series analysis



of the high suitability areas showed a significant negative trend, indicating that the spread of

the species is likely to be limited to the currently suitable areas.

The use of site-weighted metrics refines the models evaluation and increases confidence in
the results. It is of particular value in highlighting overfitting and prioritising the selection of
models with desirable, specific properties and scope. Confidence in model reliability allows
the projection to be taken further to create and investigate suitability time series, opening up a

new class of analyses in the process of Ecological Niche Modelling.
Defining the scope

Before beginning, we need to define what we expect from the model and clearly define the

spatial and temporal boundaries of the study.

For C. cylindracea, we want to train a robust MaxEnt model to estimate the present and future
suitability in the Mediterranean Sea considering the RCP8.5 climate projections. To support

reliability of the projections, we want to characterise model uncertainty.

The “present” we consider, i.e. “where” in time the model is trained, are the average
environmental conditions for the year 2000-2020, a choice dictated by the time span in which

most of the occurrences were collected.

The “future” refers to the average environmental conditions for 2030-2050 and can be

considered an arbitrary choice.

In addition, the projection is driven by utilising the high temporal resolution of the
environmental data to obtain annual maps for the entire period, i.e. 2000-2050, to investigate

whether trends exist or are likely to exist in suitable area.



Data processing

The first practical step of the modelling process is the collection of input data, namely

occurrences and environmental predictors.

Occurrence data

To make MaxEnt “learn”, we need to provide positive examples of species presence in the
geographical space. These examples are commonly called “occurrences”. Thanks to the joint
efforts of scientific community and international organisations in the last two decades,
occurrences data are easily available in a standardised form through a diverse ecosystem of
data provider, e.g. the Ocean Biodiversity Information System (OBIS, https://obis.org/), the
Global Biodiversity Information Facility (GBIF, https://www.gbif.org/) (Gaiji et al., 2013).
Specific information systems were developed to gather occurrence data of AlS, such as the

European Alien Species Information Network (EASIN, https://easin.jrc.ec.europa.eu/easin).

The herbarium specimen digitalisation and the emergence of citizen science projects has
augmented the size and number of datasets worldwide (Sandahl & Tattrup, 2020), with

positive effects on the ENM practice (Smith et al., 2023).

Such an abundance of diverse data sources mitigates the numerical demand for data, but
poses a trivial challenge to data quality (Fourcade et al., 2014), as these systems bring
together opportunistic sampling, machine observations, scientific sampling campaigns,
herbarium collections and elaborated datasets from monitoring projects. This has required
the development and adoption of standard formats such as the Darwin Core (Wieczorek et
al., 2012) ,that provide end users with a wide range of metadata to perform quality checks and

filtering on the raw datasets.


https://obis.org/
https://www.gbif.org/
https://easin.jrc.ec.europa.eu/easin

For the purposes of the study, C. cylindracea occurrences up to 2020 were derived from GBIF

and EASIN (GBIF.org, 2024; Trombetti et al., 2013).

One of the retrieved datasets, was retained and elaborated separately to be used as a test.
The Reef Check Med Dataset on Key Mediterranean Marine Species 20071-2020 (RCMED) is
the result of a long-term campaigh conducted by trained citizen scientists, aimed to estimate
presence (with semi-quantitative abundance) and absence of 43 key taxa, among which C.

cylindracea (Turicchia et al., 2021).
Occurrence data cleaning

In this phase, the task is to obtain a valid list of cells' that are labelled as presences.

The first operation consists in filtering duplicate entries and occurrence records that lacks
metadata required by the user to be reliable. This usually imply removal of records that has no

(or clearly wrong) coordinates, coordinates uncertainty, date of the sampling.

The second process consists in the labelling of sites that are considered representative of the
presence ( f;(z), presented in chapter). This stage implies subtle (often overlooked)
assumptions about the representativeness of the samples (Franklin, 2010). A quick
comparison of the spatial scale of an opportunistic sampling (order of square metres) and the

cell of a typical grid (order of square kilometres) makes this issue clearer.

In contrast to the usual approach of considering each occurrence as a valid reason for

labelling a site as a presence, in this study a site was labelled as presence if it was supported

4 Site is used as a synonym for cell and is used interchangeably. The reason for this is to emphasise, depending
on the case, the biological value of the grid unit or the spatial nature of the datum.



by at least three records with non-identical coordinates. The cleaning process led to the

selection of 1667 sites to be used as examples to train the model.

The RCMED dataset was also processed: The lowest frequency among records falling into a
cell was kept and a cell were only labelled as absence if at least 5 records with absence and
no presence fell into a cell. The process led to identify 81 presence sites and 85 absence

sites. See Figure 12 for a map reporting the train and test sites.

Figure 12 Presence (and absence) sites identified after the cleaning process. Dark blue areas identify the
domain of the study (Mediterranean waters with depths <220 m.
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Environmental data

The backbone of realised niche derivation is the assighment of occurrences to the
environmental conditions under which they were recorded. This is often achieved using
geospatial analysis, that represents the environmental conditions as cells (or pixels) with a
defined spatial and temporal resolution that form a grid with a predefined extent (the study
area). The environmental conditions usually comprise several environmental variables
(predictors) that form the levels (layers) of environmental information that characterise each

cell (Fortin & Dale, 2005).



Occurrences are represented as points with geographic coordinates that allow to directly link

them to the environmental conditions represented in the cells in which they fall.

The set of predictors usually comprise physical, chemical or biological related variables or
indexes that are assumed to exert an influence on the species presence (Peterson et al.,

2011).

Common sources of predictors for regional scale studies are remote sensing data, General
Circulation Models (GCMs) and Bio-Geo-Chemical Model (BGCMs). The reason is that they
provide a continuous and consistent estimation of the variables for the whole study area, that

would be impossible to achieve by direct observations (Franklin, 2010).

Our attention is focused on GCMs and BGCMs as these models not only estimates past and
present conditions but provide also future projections according to pre-defined scenarios

(Lovato et al., 2013; Solidoro et al., 2022).

For the purposes of this study, we used as initial predictors all the available environmental
datasets contained in Fianchini et al., (2024), already presented chapter 3. To enrich the
characterisation of the Biotic component of the environment, two categorical predictors,
namely biozone and substrate (Vasquez et al., 2021; available through EMODnet serivce:
https://emodnet.ec.europa.eu/), were integrated.(Bulleri et al., 2018; Caronni et al., 2021;

Piazzietal., 2016)

The term biozone refers to a specific vertical section or depth zone in a habitat. It defines the
environmental layers based on physical factors such as light availability, depth or wave action

that influence species and communities.

Substrate describes the surface or material on which organisms live. It can include various

natural and artificial surfaces such as rocks, sand, mud or biogenic structures (e.g. coral



reefs). Substrate type plays a crucial role in the classification of habitats as it influences the

communities and ecosystems that develop.

See Table 2 for a list of the biozone and substrate types considered in the analysis.

Table 2 EUNIS Biozone and Substrate types.

Layer ID | Description
Biozone 1 Infralittoral
2 Shallow circalittoral
3 | Deep circalittoral
Substrate 1 Seabed
2 | Sand
3 | Rock or other hard substrata
4 | Sandy mud
5 Coarse & mixed sediment
6 | Fine mud
7 | Muddy sand
8 | Posidonia oceanica meadows
9 | Dead mattes of Posidonia oceanica
10 | Coralligenous platforms
12 | Fine mud or Sandy mud or Muddy sand

Variable preparation and selection

To ensure consistent spatial analysis, the environmental layers must be precisely alighed and
have a uniform spatial resolution. In addition, these layers should be projected onto an
appropriate planar space using a Coordinate Reference System (CRS) that is specifically
suited to the type of spatial analysis being performed. When projecting three-dimensional
data onto a two-dimensional space, distortions in area, shape, distance, direction or scale
are inevitable (Fortin & Dale, 2005). Therefore, selecting a projection that best preserves the
properties most important to the analysis is critical. An often overlooked assumption with
MaxEntis that it is area-dependent (Renner & Warton, 2013). Therefore, the use of an equal-

area projection is required to maintain analytical accuracy.

In this work, Eckert IV projection and an area preserving resampling method (Johnson &

Clarke, 2021) were used to prepare the environmental layers.



The main purpose of this phase is to identify a set of environmental variables (predictors) that
is able to statistically characterise the environment in a biological menaningful space for the

species (Cobos et al., 2019).

A number of biologically important variables (min/max T, max salinity, mean phosphate
concentration, min current velocity) were identified through literature review (see Chapter 2.4)
and stepwise Variance Inflation Factor (VIF) (correlation threshold = 0.5, VIF threshold = 2.5;
James et al., 2021). The VIF analysis helps to mitigate collinearity problems that could
artificially inflate the result of the analysis (Zuur & leno, 2016). From the original dataset, 8
continuous variables were identified, covering different aspects of the species, from
mechanical tolerance to nutrient exploitation and habitat preference. Biozone and substrate,

were retained due to their ecological importance.

Table 3 Layers selected after VIF analysis and used in the modelling process.

Name Var unit Statistic  Values VIF score
Temperature thetao °C max surface 1.40

min surface 1.36
Salinity S0 PSU max bottom 1.20
Water velocity KE m/s min bottom 1.01
Phosphate po4 [mmolm — 3] mean bottom 1.69
Net Primary Produc- nppv [mgm — 2day — 1] mean water column sum 1.49
tion
Biozone - - - categorical -
Substrate - - - categorical -

Calibration region

The definition of the calibration region is probably the most important step in ML-ENM (Luna

et al., 2024; Owens et al., 2013).



In MaxEnt, the calibration region refers to the geographical region in which the environmental
variables are sampled, and which serves as the context for the model (its universe) to
characterise the regions in the environmental space (See Figure 13). The algorithm estimates
the statistical relationship that connects the probability of occurrence in this context. In other
words: We ask the model to "draw" the (realised) niche of the species on a “plot” of the

(realised) theoretical domain of possible environmental conditions.

Ecologically, it refers to the geographic region accessible via dispersal over relevant time

periods, where the environmental conditions were “experienced” by the species in question™®.

A consequence is the removal of all cells that shows bathymetry depths greater than 200 m,

well outside the euphotic zone.

Figure 13 Geographical representation of the calibration (“train”) and testing (“test”) regions. "Domain" indicate cells
present in the study but not used for the inference.
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For the purposes of this analysis, background is defined as the set of valid cells within 200 km
from any presence cell, but distant at least 20 km'® from the cells used as test (RCMED). This
ensures that the validation happens on extrapolation capabilities rather than interpolation.

Cells used as background are 25194.

S In practice, it is the process that selects the points that are to be used as (meaningful) “background” f(z).
6 Subjective distance, related to the need of not excluding too many points from training and the need to break
spatial autocorrelation between train and test data.



Spatial autocorrelation

Accounting for spatial or environmental stratification in contextual data is essential to reduce
the likelihood of models interpreting exogenous factors (e.g., unequal sampling effort shaping
geographic gradients of presence cells) or random spatial patterns as (over)explanatory
variables (Radosavljevic & Anderson, 2014). Spatial autocorrelation, i.e. the non-random
arrangement of data points in space, can lead to biassed model evaluations if it is not

adequately considered.

A basic approach for dealing with spatial autocorrelation is to estimate empirical variograms
for each environmental variable. Variograms quantify the degree of spatial dependence by
measuring the similarity between observations as a function of the distance separating them
(Fortin & Dale, 2005). Analysing variograms can indicate a critical distance beyond which
spatial autocorrelation becomes negligible. This distance serves as a threshold to ensure the
spatial independence of the observations used in training and validating the model (Roberts

etal., 2017).

Conventional cross-validation methods often inadvertently split geographically close
observations between training and test sets, leading to overly optimistic performance

estimates due to spatial autocorrelation.

To mitigate this problem, the blockCV R package (Valavi et al., 2019), specifically designed to

create spatially disjoint subsets for cross-validation, was implemented.

The function cv_spatial_autocor was used to analyse the spatial autocorrelation of the
environmental variables throughout the study area. This made it possible to estimate a
distance threshold (drange) at which autocorrelation becomes minimal. To counteract the

"edge effect", where observations near the boundaries of blocks may exhibit residual spatial



dependence, the distance range was increased by 50% (Roberts et al., 2017). A drange of

399106.5 meters was used to create the blocks.

Five spatially disjoint samples (with drange as minimum distance) within the calibration

region are created using the 'random' method in the cv_spatial function.

This approach allowed for robust model evaluation by systematically partitioning the data into
spatially independent subsets, thereby enhancing the generalizability and reliability of the

predictive models.
MaxEnt learning and calibration

Data are now ready to be “fed” into MaxEnt.

The goalis to train a model using calibration data and evaluate its ability to fulfil a specific

task using a set of known outputs (test), outside the calibration space.

To train a model, MaxEnt requires the user to provide two settings'’: response types (feature

combination, fc) and a penalty for complex features (regulation multiplier, rm).

Each combination of fc and rm is assimilable to a hypothesis on the complexity of the
relationship between predictors and presence. On top of this hypothesis, the algorithm tries

to estimate predictors’ importance and species response to each variable (calibration phase).

The output is a formula that “predict” the species probability of occurrence as a combination

of the environmental variables.

7 Hyperparameters, in ML terms.



Calibration phase

Hyperparameters’ choice strongly affects model results and is the primary task of the model

calibration phase (Low et al., 2020; Morales et al., 2017).

The “philosophy” supported by this research work is that calibration should be considered as
a ML optimisation task and involve an extensive exploration of hyperparameters’ space to

ensure a robust model selection (Low et al., 2020).

In this work, all possible combinations of regularisation multipliers (rm: from 0.5to 20, 0.5
each) and MaxEnt feature classes (fc: linear, quadratic, products, thresold, hinge, categorical)
are tested, resulting in 1240 model configurations. Calibration was performed with no
clamping (assumptions on response curves outside the training range), as suggested by

Guisan et al. (2017).

Model evaluation

The most important task in ML-ENM is the evaluation of model performance. Performance
refers to a quantitative measure of the model's capabilities, typically assessed on a set of

reliable data not used in the calibration process.
The key capabilities that are measured are predictive ability, transferability and complexity.

Predictive ability assesses how well the model can distinguish between presence and

absence.



Transferability measures how well the model generalizes to new, unseen data. Itis crucial for
ensuring the model’s predictions can be reliably applied in other context than the calibration

region's,

Complexity refers to the level of sophistication in the model structure. It depends on the

number of the features included, therefore is related to model flexibility.

Figure 14 Confusion matrix and common performance metrics. Taken from Fawcett (2006).
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The selection of appropriate evaluation metrics is non- trivial, as different metrics provide
different interpretations of model performance. Researchers need to carefully select metrics
that are aligned with their specific research questions and the ecological context of their

study (Elith et al., 2010).

Evaluation metrics can be divided into two types:

1. Threshold-dependent metrics.

These metrics require the selection of a specific probability threshold to classify predictions

into presence or absence. The central element is the construction of a confusion matrix

8 In the optic of AIS distribution modelling, this is the most desirable model capability.



(Fawcett, 2006). See Figure 14 for a visual representation and the definition of key

performance metrics based onit.

They are particularly important because they evaluate the performance of the model on tasks
that are very close to practical, real-world applications. The downside is that the choice of
threshold becomes the most important factor in interpreting performance (and results).
Despite the great attention it has received in the scientific community, there are still no
optimal strategies for selecting meaningful thresholds, so the choice is to some extent

subjective (Elith & Franklin, 2013; Rajbahadur et al., 2019).

2. Threshold-independent metrics.

These metrics test the model's performance across the full range of possible thresholds and
provide an unbiased assessment as they focus on the model’s ability to rank positive cases

higher than negative cases, rather than its ability to be “right”. This means that they are more
robust when it comes to highly imbalanced data sets, making them the most important tools

for evaluating the performance of ENMs (Fawcett, 2006; Peterson et al., 2008).

There is a rich corpus of critical reviews of the performance assessment process and
comparisons of evaluation metrics in the scientific literature (Fawcett, 2006; Low et al., 2020;
Warren & Seifert, 2011; Wunderlich et al., 2019). Despite differing views on which metrics to
use in which case, there is a consensus on the need to evaluate model performance using a

mixture of threshold-dependent and independent metrics (Guisan et al., 2017).

In Table 4, the set of performance metrics used to evaluate models of C.cylindracea are

presented.



Table 4 Summary of the performance metrics used in this work. SEDI and OR10p are threshold-dependent metrics, while
AUC, pROC and CBI are threshold-independent metrics.

Metric  Rationale Description Reference

AUC Predictive ability Measures the probability that a randomly Fawcett, 2006
selected positive example will be ranked
higher than a randomly selected negative one

pROC Statistical significance A modified ROC analysis that adjusts the Peterson et al., 2008
AUC to focus on the proportion of area cor-
rectly predicted as present, accounting for
model-specific prediction spans and prioritiz-
ing omission errors.

SEDI Predictive ability Measures the accuracy of deterministic fore- Wunderlich et al., 2019
casts of rare binary events, robust to low preva-
lence

OR.10p  Predictive ability Percentage of test sites where presence wasnot  Muscarella et al., 2014

predicted, using the 10th percentile of training
presence values as the threshold

AUCdiff  Overfitting Measures the risk of model overfitting by com-  Warren and Seifert, 2011
paring AUC values between training and test
datasets

AlCc Complexity Relative measure of model fit that considers Burnham and Anderson, 2003
the number of parameters and penalizes over-
fitting

CBI Transferability Measures the accuracy and the reliability in  Hirzel et al., 2006
predicting presence based on the Spearman
rank correlation between predicted suitability
and observed presence

Improving the informative value of performance metrics

This work introduces a novel weighting system that aims to make the results of the metrics
more robust against spatial biases in the observations and more meaningful for the ecological

signal.

Ecological significance is increased by using additional data (if available) related to

occurrences to account for site-specific ecological relevance in the metric calculation.

Weighted metrics are obtained by applying weights to account for different importance levels
in the data. This adjustment ensures that certain observations (e.g., more critical locations or

underrepresented regions) are given more emphasis during evaluation. Weighted metrics



provide a more balanced and realistic assessment of model performance when data is

imbalanced or certain predictions are prioritized.

Site-specific weighting
Occurrences and background test sites in cross-validation are weighted according to their

reciprocal distance to reduce the impact of spatial autocorrelation on the metric (Fourcade et

al., 2014).

For the RCMED dataset, the weighting of presence sites is based on reciprocal distance and
abundance, while the weighting of absence sites is based on reciprocal distance and
proximity to presence sites. It is assumed that sites with a higher abundance are more
representative of the realized niche and that absences close to presence points are more

informative for the "edge" of the distribution.

Points play a decisive role in the demarcation of suitable and unsuitable areas. However, the
effects of clustered points can distort interpretations due to spatial autocorrelation as well as
sampling and detection biases (Phillips et al., 2009). To counteract these divergent effects, a
distance weighting system was developed with respect to a specific set of points (occurrence

and presence points).

This distance weighting system reduces the influence of spatially contiguous points by
applying decreasing weights with increasing point density. This influence decreases with
increasing distance up to a threshold value (drange), above which the points receive the

maximum weight.

This system is used for background, occurrence and RCMED presence points (Figure 15, left),
where the weighting for the latter is multiplied by the abundance index to weight the

abundance.



For RCMED absence points (Figure 15, right), proximity to presence points leads to a higher

weighting, indicating their greater importance in representing suitability gradients.

This mechanism ensures that the weighting for points further away from presence points
decreases until a maximum distance (drange) is reached, after which a fixed weighting is

applied.

It is worth to notice that this method allows to use basically any auxiliary information as
weighting factor (e.g. time) and is customizable based on species-specific knowledge (i.e. a

drange meaningful for the species biology).

Figure 15 Presence (left) and absence (right) weights for the RCMED test set. The dashed line indicates the value assigned to
each point the Spatial Auto Correlation range from absence sites (right). PP= Presence Points.
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Weighted and unweighted metrics

Using abundance values in the weighting somehow aligns the model performance measured
with the weighted metrics with its ability to reproduce abundance patterns at presence sites

and mimic the known suitability gradient.



The introduction of weighted metrics led to unexpected results that illustrate the complexity
of interpreting model performance in the context of machine learning. The performances of
most models change, in some cases drastically, between cross-validation and RCMED
dataset, and between weighted and unweighted metrics. This change is significant as it alters

the ranking of the models and thus the model selected. These inconsistencies are interpreted

Figure 16 A comparison of the AUC, evaluated on cross-validation (top) and RCMED Criteria and model selected

datasets (bottom). In each plot, all 1240 model configurations are sorted from left to

right, from best to worst. Candidate models are highlighted in colour (see legend to the AlCc - fe.QT_rm.1

right), while non-candidates are shown as grey dots. The dashed lines show the 10th AUC -fc.T_rm.4.5

and 90th percentile performance values calculated for the entire group of models. The AUCiff - fc.Q_rm.20

plots on the left show the “unweighted” AUC values, while the weighted values are CBIl - fc.HT rm.6.5

shown on the right. Note how the ranking changes between datasets and after OR10p - fc.TI' rm.16

applying the weights. This effect is particularly important when we evaluate and rank pROC - fc.HP_T m.0.5

the performance of the models using the metrics. Since it is not possible to evaluate -

the “true” values of the metrics, we consider them all as somehow (simultaneously) SEDI - fc.T_rm.4

informative and biassed. The proposed approach is to identify an ideal model with € wAUC -fc.H_rm.7

perfect scores (PIS) and use it as a reference for ranking the candidates. € wAUCdIff - fc.Q_rm.17
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as an artificial distortion of metrics’ scores due to biases in the data'. Figure 16 presents an

example of the magnitude and impact of this change.

Delta metrics

As can be seen in Figures 16-17, the performance of the models in the weighted and

unweighted versions of the metrics differs considerably in some cases.

From a theoretical perspective, a good model is expected to perform well on both versions,
and the difference (METRIC - wMETRIC, hereafter referred to as the delta-metric) is an
extremely informative indicator of artificially boosted performances (overfitting) and/or the

strength of spatial bias.

Figure 17 Delta metrics for AUC (top-left), SEDI (bottom-left) and CBI (bottom-right). Some candidates’ performance are more
affected than others when considering site-weighting.
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9 Here the data refer to all data, as the biases can (and probably do) affect the training and test datasets during
cross-validation as well as the independent test data set.



As a matter of fact, a positive delta can be interpreted as a measure of overfitting, as the
information we obtain is that the model performs better on the least important points (i.e.
sites that are spatially clustered and/or have low abundance) than on the most informative

points (i.e., sites that are spatially isolated and/or have high abundance).

Indeed, a negative delta can be interpreted as the model's ability to perform reasonably well

on the most important test points in the set.

For the purpose of model selection, an objective way to evaluate delta in absolute values,
avoiding strong interpretations and limiting the information to the fact that delta should

ideally be zero.

Model selection

The main purpose of the evaluation metrics is to support model selection. During the
calibration phase, a variety of models are trained and evaluated using the chosen methods to

identify one or a few that are best suited to the scope of the research (Muscarella et al., 2014).

Using a single metric is not advisable as it usually measures a single model capability and,
more importantly, each metric has some drawbacks and limitations (Dorji et al., 2020;

Fawcett, 2006; Peterson et al., 2008; Velasco & Gonzalez-Salazar, 2019).

For this reason, itis common practice to define subjective selection criteria that involve
multiple metrics (Cobos et al., 2019; Radosavljevic & Anderson, 2014; Warren & Seifert,

2011).

A set of 13 metrics was considered in this study: the (unweighted) metrics shown in Table 4,

wAUC, wCBI, wSEDI and the respective delta metrics.



Multi-Criteria Decision Problem approach

One advance of this research is to interpret the task of model selection as a Multi-Criteria
Decision Problem (MCDP). MCDP is a theoretical framework developed in the field of
operations research to evaluate and prioritise a limited number of alternatives based on their
performance with respect to multiple, often conflicting, criteria. Typically, these problems
involve identifying relevant factors, evaluating their relative importance and integrating them

to select the best or a set of optimal alternatives (Taherdoost & Madanchian, 2023).

One of the most widely used approaches for solving MCDP is the Technique for Order
Preference by Similarity to Ideal Solution (TOPSIS). TOPSIS is a MCDP method that ranks
alternatives based on their distance from a Positive Ideal Solution (PIS), the most desirable,
and a Negative Ideal Solution (NIS), the least desirable. The best alternative has the shortest
distance to the ideal solution and the furthest distance to the anti-ideal solution (Hwang et

al., 1993).

TOPSIS provides a coherent and mathematically sound framework through which all
evaluation metrics can be interpreted together in respect to PIS but does not solve the

problem of subjectivity (Chakraborty, 2022).

For this purpose, a different operations research method is used to estimate the objective
criteria weights: CRiteria Importance Through Inter-criteria Correlation or CRITIC (Krishnan et

al., 2021)

CRITIC weights the criteria on the basis of their variability (standard deviation) and the degree
of conflict (correlation) between them. Criteria with higher variability and lower correlation

with others are weighted higher.



To objectively evaluate the best model among the 1240 configurations tested for C.

cylindracea, a TOPSIS ranking was performed for the subset of models (candidates)

maximising a single metric, using the objective weights estimated by CRITIC analysis. The

ranking considered both the cross-validation and the RCMED dataset.

PIS is defined here as an ideal model that has the highest score for each performance metric

in both datasets and the lowest score for the delta metrics. The reason for choosing the

smallest differences as a desirable model feature is that we prefer transferability (consistent

performance regardless of different weighting systems) over specialisa

Table 5 Candidates scores for both cross-validation and RCMED test, ranked by TOPSIS score.

tion.

Name Tune Args TOPSIS wALC pROC wSEDI wAUCiff OR10.p AlCe wCBI
oy test (4] test pvalue cov test ¥ test oV test v test
wAUC feH_rm7 0.88 077 071 140 119 000 052 051 019 010 001 006 841349 088 076
CBI Se HT _rm6.3 0.85 077 071 140 1.19 000 052 045 019 010 002 006 835982 088 076
AUC feT_rm4.5 0.74 076 069 145 1.9 000 030 046 020 012 003 007 826302 085 071
SEDI feT_rmd 0.73 076 069 146 107 000 053 038 021 012 004 007 B244.15 084 069
wSEDI  feHT _rm.12.5 0.68 0,77 068 136 116 000 061 044 020 014 001 009 B467.64 090 073
wCBI fe H_rm135 0.60 0,77 067 136 115 000 059 044 020 014 001 009 849715 090 073
OR10p feT_rml16 0.41 075 063 122 105 000 0356 029 012 010 001 013 859595 079 042
AlCe fe. QT _rm.1 0.38 072 063 158 125 000 041 026 037 017 009 009 B11482 061 022
wAUCiff fe.Q_rm.17 0.38 0,74 055 123 107 000 047 009 020 014 000 019 867661 075 022
AUCiff Se.Q_rm.20 0.22 073 052 123 107 000 051 002 018 014 000 022 B701L19 074 025
pROC fe.HPT _rm.0.5 0.21 0,71 060 168 125 000 032 015 050 023 019 011 830327 048 004

Figure 18 Kiviat diagram of model rankings for unweighted (a), weighted (c), AICc and delta (b) metrics. The delta metrics are
calculated as follows: dMETRIC = [ METRICunw - METRICw /. Coloured lines represent model candidates, while grey lines
represent all other model configurations. The model selected by TOPSIS, highlighted in bold, shows the most consistent

overall performance.

a) b) <)

AUC (CV) AUCdIff (CV)

OR10p
(cv)

OR10p

JOR10p s WAUCHIff (CV) (Test)

Bl

\ W , AUCdiff pROC
(cv)

dcsi

(cv) (Test) (Test) *
& 1
WSEDI ot wAUCdiff wSEDI
(V) A A wCEl(CV) (Test) (Test)
N\ 72
¥ v
SEDI (CV) dAUC
fc.HPT_m.0.5 (pROC) —— fc.T_rm.4 (SEDI) fc.HT_m.6.5 (CBI) fc.HT_rm.12.5 (wSEDI) fc.T_rm.16 (OR10p)

— fc.QT_rm.1 (AICc) - fc.T_rm.4.5 (AUC) = fc.H_rm.7 (wAUC) - fc.H_rm.13.5 (wCBI) - fc.Q_rm.17 (wAUCdiff)

AUC (Test)

SEDI (Test)
- fc.Q_rm.20 (AUCdiff)

wAUC
(Test)

weCBI
(Test)

fa:]]
(Test)



Interestingly, the model closest to the PIS, fc.H_rm.7, was “identified” by a weighted metric
(wAUC). For avisual presentation of model performance, see Figure 18. A summary of the

candidates’ evaluation is provided in Table 5.
Biological realism

In the context of ML-ENM, a "reality check" is essential: the statistical relationships derived
from the model between the probability of occurrence and the environmental variables

should be consistent with existing knowledge about the biology of the species.

Figure 19 Boxplot showing the influence of the individual variables on MaxEnt's ability to correctly identify presence sites, as
estimated from the 1240 trained models. Red squares highlight variables importance according to the best model. Best
model and mean importance values are reported at the bottom of the plot. See the main text for an explanation of how the
permutation importance is calculated by the MaxEnt software.
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The “reality check” consist in the evaluation of variables importance and response curves.

MaxEnt estimates the importance of the variables by randomly shuffling the values for each
variable in the training dataset, which contains both presence and background data. The

performance of the model, as measured by AUC, is then re-evaluated using this permuted



data set. The decrease in AUC resulting from the permutation of each variable reflects the
importance of the variable to the accuracy of the model. This decrease is normalised and
expressed as a percentage to provide a clear measure of the contribution of each variable.
Variables that cause a significant decrease in AUC when permuted are considered critical to

the model and indicate strong dependence (Phillips & Dudik, 2008).

Boxplots of variables permutation’s importance computed for all the 1240 fitted models are

shown in Figure 19.

Biozone and (max) temperature are the most important variables, followed by currents
velocity and substrate. This is reasonable, according to different authors (Bulleri et al., 2018;

Caronni et al., 2021; Piazzi et al., 2016).

Response curves illustrate how the predicted probability of presence (or suitability) changes
as a function of an environmental variable, with all other variables remaining at their average
or fixed values. They help to visualise and interpret the influence of each environmental
variable on species distribution by showing species preferences or tolerances for each

environmental condition (Elith & Franklin, 2013).

The response curves of C. cylindracea for the four most important variables, as estimated by

the 1240 fitted models, are shown in Figure 20.

The preference for shallow waters, but the ability to survive and thrive at greater depths, is
consistent with observations (Cantasano et al., 2017). The relationship with the substrate
reflects the species’ ability to colonise all types of sediments, with a preference for complex

substrates that facilitate anchoring (Bulleri et al., 2011; Piazzi et al., 2016).

Caronni et al. (2021) investigated the influence of water motion and temperature on

gametogenesis and spawning of C. cylindracea. The number of fertile thalli (FT) and releasing



thalli (RT) is already disturbed at a low water velocity, with high success rates only occurring at
"no water movement". The study found an optimum temperature of 24 C and a strong

negative effect on the RT/FT ratio at 30 °C.

Figure 20 Response curves for biozone (topleft), maximum temperature (topright), minimum water velocity (bottomleft) and
substrate (bottomright). The red lines/points signal the selected model response, grey lines are the other models. The dashed
line is the "mean" response curve, light-blue area shows *1.sd.
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It is worth noting that analysing the response curves is also useful to identify potential
problems in the data and therefore in training. As discovered by Santamaria et al. (2021), a
cryptic, filamentous form of C. cylindracea emerges at temperatures above 28 oC, which can
survive and return to its original form when the stressful conditions disappear. The cryptic
form has a completely different thallus, indicating a strong correlation between the
probability of detection and temperature, which could undermine the validity of the estimated

response and thus the predictions.

Considering the high ecological realism of the models and TOPSIS results, fc.H_rm.7 was

selected as the best model and used for the projection phase.



Spatial and temporal projections

The last phase of ENMs is to generate maps of presence-absence or suitability (Cobos et al.,

2019).

The selected model was projected for the entire geographical area according to the "present”
and "future" scenarios (see Defining the scope section) and for each year available in the

dataset, assuming that species do not adapt to new conditions.

From continuous probability to suitability classes

MaxEnt creates maps that represent the probability of occurrence as continuous values
between 0 and 1. To create presence-absence maps or suitability maps from these results,
these continuous values must be classified into discrete categories. This classification
usually involves the selection of threshold values. MaxEnt offers 11 methods for estimating

thresholds and alternative, more complex methods exists in literature (Phillips et al., 2017).

For C. cylindracea, the threshold that maximises the sum of sensitivity (true positive rate) and
specificity (true negative rate) (maxSSS; Liu et al., 2016) was used to classify the probability of

occurrence into suitability.

In particular, four suitability classes are defined on the basis of the maxSSS value (th): high

2th

suitability (HS: P > th), medium suitability(MS:T < P < th), low suitability (LS: th% <

P <

2%, and no suitability (NS: 0 < P < 2),

Uncertainty in classification

The suitability classification depends heavily on the threshold value (Merow et al., 2013).



MaxEnt specifies a single maxSSS threshold for the final model, but actually determines k
thresholds, one for each partition used in the cross-validation process (Muscarella et al.,

2014).

By extracting the maxSSS thresholds estimated by the fitted models for each partition, we can
evaluate how the classification results change depending on the threshold variability, which

provides an additional measure of the uncertainty of the predictions.

Time series analysis

Annualtime series for the areas classified in each suitability category are compiled. Mann-
Kendall Trend (M-K) Test, as implemented in Collaud Coen et al. (2020) is used to determine

the presence of significant monotonic trends within the time series.

Mann-Kendall Test

The Mann-Kendall test is a non-parametric method to detect trends in a time series without

assuming a specific distribution.

Starting with the null hypothesis of no trend, the test evaluates the ranks of data points to
determine if there's a consistent upward or downward movement. A significant Mann-Kendall

statistic indicates the presence of a trend. The test provides two outputs:

- Kendall’s Tau: This coefficient represents the strength and direction of the trend. A
positive value indicates an increasing trend, while a negative value suggests a
decreasing trend.

- Pvalue: The probability of observing the given result if the null hypothesis of no trend is
true. A small p-value (<0.05) suggests that the observed trend is statistically

significant.



The Mann-Kendall test primarily discerns the direction of a trend. Kendall's tau in the test
output measures both the strength and direction of the trend. A positive tau indicates an
upward trend, while a negative value suggests a downward one. The closer tau is to 1 or -1, the
stronger and more consistent the trend. However, while tau indicates trend consistency, it
doesn't quantify the actual magnitude or rate of change in the data (Collaud Coen et al.,

2020). Results are shown in Figure 25.

Extrapolation Risk Analysis

The reliability of MaxEnt projections depends on a fundamental assumption: the consistency
of the relationships between environmental variables and species responses in both
calibration and projection space. The model learns these relationships from the calibration
space and applies them to make predictions. Projection involves either interpolation or

extrapolation, each of which has a different degree of reliability (Cobos et al., 2019).

Interpolation takes place when the projection space contains environmental conditions that
are analogous to those in the calibration space, so that predictions can be made within the
bounds of the observed data. This scenario provides more reliable predictions as they are

based on patterns that the model was trained on (Elith et al., 20086).

Conversely, extrapolation occurs when predictions need to be made for environmental
conditions that are non-analogous to the calibration space. Extrapolation estimates species
responses beyond the original range of observation based on relationships with other
variables, without empirical evidence of these relationships in the new conditions (Fitzpatrick

& Hargrove, 2009).



Figure 21 (right) This PCA diagram visually represents the entire environmental space (in grey) of the study area for the entire study period
(2000-2050). Notice how the calibration space, shown in light blue, “surrounds”the (most) training occurrences (orange) and the entirety
of the RCMED test occurrences (red). This ensures that the model has had the opportunity to explore and evaluate the surrounding space
of all presence points during training. We can be confident that 1) the evaluation metrics in the RCMED dataset were obtained by
interpolation and that 2) ecological gradients controlling the presence probability were available during training. In fact, only a few training
occurrences are located at the edge of the calibration space. Presences at the edge of the calibration space leads to some uncertainty in
the response curves as the models do not “know” what happens beyond these ecological coordinates.

NOTE: Visually, the strict extrapolation can be thought of as predicting the probability of presence for a point outside the light blue area:
The greater the distance, the less confidence we can have in the quality of the prediction, as we expect the statistical relationships
between the variables to be increasingly different from those estimated by the model.
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To assess whether the predictions are interpolation or extrapolation, researchers use
techniques such as Multivariate Environmental Similarity Surfaces (MESS; Phillips & Dudik,

2008) or Principal Component Analysis.



These methods compare the distributions of environmental variables between calibration and
projection spaces and identify areas where predictions may be less reliable due to novel
conditions. This understanding is critical for assessing model reliability and determining

appropriate applications for the projections (Elith & Franklin, 2013).

The pivotal research of Owens et al. (2013) established the conditions for the projection of
MaxEnt onto a new environmental space by introducing the concept of Mobility Oriented

Parity (MOP).

MOP is designed to quantify the environmental similarity between calibration and projection
regions and helps to identify areas of strict extrapolation®. It improves MESS by using
multivariate distances (e.g. Mahalanobis or Euclidean) to assess how closely the
environmental conditions in the projection space resemble the closest part of the

environmental conditions in the calibration space.

In practise, the environmental conditions represented in the calibration region must cover the

full range of conditions observed in the occurrences to reduce strict extrapolation.

In the methodology presented in this study, MOP analysis entails a classification of the
Euclidean distance between calibration and projection space, which serves as an index of
extrapolation risk (Figure 21bottom). The thresholds for classification were determined using
the percentiles of a chi-squared distribution fitted to the degrees of freedom of the

environmental variables. In particular, the environmental distances were categorised into

20 Strict extrapolation refers to the process of applying an ENM to environmental conditions that are completely
outside the range of values used in the model calibration. This type of extrapolation occurs when models are
forced to predict species suitability in environments that were not part of the original training data, often
resulting in biologically unrealistic predictions.



quintiles, with all distances exceeding the 90th percentile of the chi-squared distribution

being considered as strict extrapolation.

The environmental conditions in the cross-validation scheme must envelop the
environmental conditions of RCMED dataset. By taking this precaution, we can ensure that
the results of the model for the RCMED dataset result from interpolation of known conditions
rather than extrapolation into unknown environmental spaces. This ensures that the model
recognizes reasonable environmental combinations and avoids strict extrapolations when
projecting to the test sites, thereby avoiding artificial results. See Figure 21top for a visual

representation of calibration and projection spaces.

Analysis of the results

The training process provided the models a sufficiently large calibration and validation
context to evaluate the independent dataset mainly by interpolation rather than extrapolation,
which strengthens the validity of the results. The proportion of cells classified as 'strict
extrapolation'is 0.21% of the total. See Figure 21 for a visual representation of the calibration,
validation and test environmental space and a semi-quantitative map of uncertainty of

prediction based on MOP analysis.

The probability density functions (PDFs) for predicted occurrence probability for both present
(Figure 22a) and future (Figure 22b) scenarios, as determined by each of the 1240 fitted
models, show a general shift towards an increase in lower probabilities of occurrence at the
expense of medium to high probability values in the future. Figure 22c-h illustrates the effect
of maxSSS threshold uncertainty. The maps show the different suitability classifications for
the present (left) and the future (right) according to maxSSSmin (c-d), maxSSS (e-f) and

maxSSSmax (g-h) thresholds.



Figure 22 Probability Density Functions for the predicted probability of occurrence by the 1240 different MaxEnt models for present (a)
and future (b) conditions. Thick lines highlight the selected model. Vertical lines represent maxSSS based thresholds used to classify
probability of occurrence into suitability. Grey shaded areas indicate threshold range. Suitability maps show how introducing
thresholds’ uncertainty affects the present(left) and future (right) predictions. "worst scenario” (c-d), using: maxSSSmin; "normal
scenario" (e-f), using: maxSSS; "best scenario" (g-h), using: maxSSSmax.
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The predicted suitable areas (expressed in km”2) decrease in the future both in the scenarios

and in the annual projections regardless of the threshold used.

The time series analysis of the annual projected suitability area shows a significant negative

trend for HS, MS and LS while NS shows a significant positive trend. See figure 23.

Changes in the threshold can have a significant impact on the classification results if the
peaks of the probability density have similar values or if the threshold has a high degree of
uncertainty (Figure 22a-c and Figure 23a). This effect can be seen in Figure 22 when

comparing c,g suitability maps. This underlines the need for a clear assessment of

Figure 23 Area (#£m22 ) for each class as predicted by projecting the model to each available year. The grey area shows the

variability associated with threshold uncertainty. Red and blue horizontal lines indicate the area (thick) predicted for present
and future.
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uncertainty in the classification process, to provide additional insights for a better informed

decision-making process.

These results indicate that further spread of the species is likely to be limited, despite some
fluctuations in the currently suitable areas. The smooth annual oscillation is reminiscent of
the "persistence phase" for the "natural fluctuation" invasion model,as defined in C. F.

Boudouresque (1999).

Conclusion

A robust ENM process

In this study, an optimised MaxEnt model was used to predict the current and future habitat
suitability of C. cylindracea in the Mediterranean Sea using IPCC-AR5-RCP8.5 projections
with a fine spatial and temporal resolution. In line with the work of Moreno-Amat et al. (2015)
and Radosavljevic & Anderson (2014), our approach emphasises the treatment of overfitting,
sampling bias and spurious results over pure model performance. The use of using site
weights in the calculation of performance metrics should become a standard analysis in the

ENM practice to amplify the ecological signal and better evaluate the models.

The availability of abundance measures for the independent test set enabled a further step in
model ranking, revealing the triviality of performance metrics in the context of presence-only
regressive methods. The TOPSIS analysis provided a robust and unbiased method for
determining the best performing model among the candidates. Model selection should be
treated as a Multi-Criteria Decision Problem with a clear definition of the ideal solution, as

individual metrics capture only partial and biassed information.



Sensitivity analysis to threshold variability provides a nuanced measure of uncertainty in the
results and underscores the critical importance of careful threshold evaluation and selection

for management and restoration purposes.

The software to reproduce this study (based on R programming language) is available on

request and will be freely available on publication.

Insights on invasion spread

In our study, the annual changes in predicted suitability for C. cylindracea in the

Mediterranean were examined to gain insights into the spread of the invasion.

Although suitability shows a negative trend due to the adverse effects of the rising
temperature, sexual reproduction can give rise to new genotypes that favour the invasion

profile, as noted by Caronni et al. (2021).

The analysis showed that the Adriatic Sea is a new hotspot for the species. This observation is
consistent with the results of lveSa et al. (2015), which investigated the C. cylindracea spread

in this region between 2004 and 2014.

In summary, our dynamic suitability predictions shed valuable light on the potential spread of
C. cylindracea and expand the possibilities for utilising ENM results. The comprehensive
methodological analysis sets a standard for future research in model evaluation and selection

in the context of machine learning-based ENM techniques.

Limitations

Invasion dynamics in the real world often involve complex relationships that go beyond mere
suitability and are often neglected in correlative ENMs. Factors such as the adaptability of

invasive species, evolutionary changes and the intricate role of human activities not only alter



the invasion trajectory, but also distort the patterns in the data we use to train our models to
an unknown degree. An example was presented in “Biological Realism” section, regarding the

cryptic form of C. cylindracea.

Further research is needed to identify and manage the nature and strength of biases in the
data and to find better ways to select models that are less prone to overfitting problems. In
addition, the critical role of thresholds in shaping outcomes requires comprehensive and
refined procedures for selecting thresholds and assessing uncertainty so that decision

makers can take more informed action to limit species invasion risk.

A mechanistic model to explicitly assess exposure to

AIS secondary invasion

Introduction

The Mediterranean Sea is increasingly threatened by AlS, with Caulerpa cylindracea proving to

be one of the most aggressive and ecologically disruptive invaders (Piazzi et al., 2016).

Predicting the current and future spread of AIS species is a multifaceted challenge that goes
beyond identifying suitable habitats. It requires a comprehensive understanding of both the
ecological factors and the mechanisms by which these species spread, especially in the
context of human activities. ML-ENMs have greatly improved our ability to map potential
distribution areas by focussing on abiotic and biotic factors. However, they often overlook the

likelihood of reaching these areas, highlighting a critical gap in our predictive capabilities.



This gap emphasises the importance of incorporating movement constraints, the "M"
component of the Biotic-Abiotic Movement (BAM) framework (Soberon & Peterson, 2005). The
BAM framework states that the distribution of a species is determined not only by the abiotic
environment (A) and biotic interactions (B), but also by its ability to reach suitable regions (M).
In this work, we have investigated the intricate vectors and pathways of AlS invasions, and
highlighted how C. cylindracea may spread due to human-mediated dispersal linked to

shipping traffic using a particular spatial interactions class of models, namely gravity models.

C. cylindracea spreads naturally by vegetative fragmentation, allowing it to colonise
neighbouring areas efficiently (Bulleri et al., 2018). However, its rapid spread in the
Mediterranean region has been greatly facilitated by human activities (Cantasano et al.,
2017). Ships not only inadvertently transport fragments of the alga attached to hulls or
anchors, but also directly contribute to fragmentation when travelling over C. cylindracea

meadows (Creese et al., 2004).

Through this complexity, the link between our refined ENM process and mechanistic models
provides a more holistic and accurate assessment of invasion risks. This integration is crucial
for species such as C. cylindracea, where the interplay between ecological suitability and

dispersal mechanisms determines the invasion trajectory (Piazzi et al., 2016).

An improved gravity model to estimate probability of invasion
mediated by vessel traffic

The framework presented here builds on the gravity model developed by Drake & Lodge (2004)
and introduces several important advances that address the limitations of the original
approach by focussing modelling efforts on the AlS-specific biological aspects and ecological

dynamics of vessel-mediated invasions.



As the authors note in their conclusions, the likelihood of invasion per vessel is the true driver
of invasion risk, and there is a large gap in characterising the destinations' exposure to

invasion.

To address these gaps and investigate in depth the role of invasion probability per vessel, the

gravity model was revised and enriched to integrate biological and anthropic factors to

characterise the attributes of origin (V; ), destination (VVj), hereafter defined as Origin

Infective Potential, Destination Establishment Potential, respectively.

In this study, the factors shaping origin and destination attributes are substrate type and

habitat suitability.

Substrate type is one of the main factors that regulates fragment production. Sandy
substrates are able to generate an order of magnitude more fragments than rocky substrates
(Creese et al., 2004), and the geometrical complexity of the substrate interacts with the

capacity of anchors and hulls to harvest fragments (A. M. West et al., 2016).

Habitat suitability indicates the likelihood that a species can survive and thrive in a particular
location based on environmental conditions. At the place of origin, a higher habitat suitability
correlates with greater species fitness and the availability of reproductive material (Uya et al.,
2018). At the place of destination, it influences the potential for survival and the successful

establishment (Bulleri et al., 2018).

By integrating these mechanistic models with the correlative ENMs, we comprehensively
address each component of the BAM framework. This ensures that our predictions reflect not
only where the species can survive and thrive, but more importantly, where (and how) it can

physically spread. This comprehensive framework allows us to produce detailed maps of



exposure as a likelihood of invasion through human-mediated dispersal (Soberon & Peterson,

2005).

The importance of this integrated approach lies in its ability to inform management and
mitigation strategies. The identification of high-risk areas for vessel-mediated introduction
can, for example, lead to stricter regulations for hull cleaning and anchoring in these areas (E.

J. West et al., 2007).

Figure 24 Visual representation of average annual route density for 2020 retrieved from EMODnet. Logarithm values to
enhance contrasts.
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Data and methods

In this section, we will describe the data used as inputs and the methodology implemented to

estimate the expected invasions per year.

Data

Traffic data for the period 2020-2023, namely route density and vessel density yearly averages

for all vessel types were retrieved from EMODnet Data Services



(https://emodnet.ec.europa.eu/en) at a spatial resolution of Tkm x 1km. See Figure 24 for a

visual representation of the route density.

Route density data are expressed as raster data in which each cell’s value represent the
number of routes that crosses the cell in a year (EMSA, 2019). They are used to estimate

realistic vessel paths across the network.

Vessel density data are expressed as raster data in which each cell’s value represent the
monthly average hours spent by vessels for a determinate year (European Commission.

Directorate General for Maritime Affairs and Fisheries., 2023).

The Species occurrence points, the Habitat suitability maps for the period (2020-203) and
EUNIS substrate map are taken from the results of the work presented in the previous chapter.
These are two categorical rasters. Table 6 provides a comprehensive overview of the classes,

and the weights assigned to each class.

Table 6 Suitability and Substrate classes. We assigned a numerical value to each, based on relevant studies on C. cylindracea
fragmentation and colonisation processes. A brief explanation of the rationale is provided.

Classification Category Weight Rationale
Habitat Suitability No Suitability 0.05 Accounts for uncertainty in the
Classes suitability estimation
Low Suitability 0.33
Medium Suitability 0.66
High Suitability 0.95 Accounts for uncertainty in the
suitability estimation
Substrate Types Seabed 0.5 Base value when no information
is available on the substrate
(estimated from: Sand 1.0 Higher fragment generation in
sand anchors
Creese et al., 2004; Rock or other hard sub- 0.2 Lower fragment generation, even
strata at high stress
West et al., 2007; Sandy mud 0.7 Moderate impact combining
sand and mud properties
Bulleri et al., 2017) Coarse & mixed sediment  0.65 Discrete potential for fragment
generation
Fine mud 0.4 Reduced generation due to frag-
ment trapping
Muddy sand 0.55 Slightly higher fragment capac-
ity than fine mud
Posidonia oceanica mead- 0.1 Isolated specimen in the mead-
ows ows
Dead mattes of P. ocean- 0.8 Suitable place for the species to
ica thrive
Coralligenous platforms 0 Low production and reduced
fragments creation from hard
structures
Fine mud/Sandy 0.75 Mixed positive effects

mud/Muddy sand



https://emodnet.ec.europa.eu/en

The data processing involved the homogenisation of raster data, obtained by resampling
traffic data, and converting Vessel Density to Vessels Per Cell. This is an approximation of the
number of ships passing through the cell in a year. The methodology is provided in the

technical report of the product (EMODnet, 2023).

Based on findings from literature on C. cylindracea, habitat suitability and substrate were
converted into numerical values, symbolising the importance of each class in the process of

fragments formation and colonisation.

A synthetic list of weights, parameters used as input and related references is provided in

Table 6.

Methods

Despite the similarity in the approach, the network we are trying to model is completely
different from that of Drake and Lodge (2004). In this case, we want to estimate the directed
flow from the origins (cells in which the species is present) to destinations (valid cells of our

domain in which vessels passes through).

Fij takes the form of the so called Production-Constrained Gravity Model (K. Haynes &

Fotheringham, 1985):

Fij = A;0:D;f (d;;) (7)
Where:

- A= (Zj D; f(dij))_l (8)

- Oi is the total production from origins (= Vessels Per Cell)



- Dj is the attractiveness factor of destinations (= Vessels per Cell)

- f(dij) is the deterrence function

Ai is the production constraint term ensuring that the sum of the inflows is equal to the sum

of all outflows (Fotheringham & O’Kelly, 1988).

The deterrence function f(dij)s following Drake & Lodge (2004) is built by fitting a
multimodal gamma distribution (Young et al., 2019) to mean route lengths.

To estimate the route lengths, local maxima route density along the coast are defined as
ports. The least distance between each pair of ports is computed using the inverse of the
route density as “resistance” surface according to the methodology defined by Etten (2017).

In this way, realistic routes are “simulated” and measured.

The formula for the probability of invasion is modified to consider ecological aspects of the

invasion process:
Fi;
m;=1— (1—p;) "’ (9)

- pl-j is the per-ship probability of initiating an invasion, depending on origin and
destination characteristics

- Fij is the number of estimated ij flow

In particular:

pij = Po * OIP; » (1 + DEP;) (10)

0IP; = H* x S* x w; (11)

l



DEP; = H/ *SP x w; (12)
Where:

- OIPl- is the Origin Invasive Potential

- DEP]- is the Destination Establishment Potential

- H isthe Habitat Suitability
- S isthe Substrate Type
- Q, ﬁ, Y, o) regulate the impact

- (@ are an efficacy factors

() assumes a particular importance from the point of view of risk assessment because it

could be interpreted as a vessel-type specific coefficient and/or the efficacy of biosecurity

protocols.

A sensitivity analysis is performed on (X, ﬂ, Y, 5, @ to explore the impact of each parameter.
Values tested for &, ,3, Y, O are 1.0 and 1.5 while values for @ are 0.5 and 1.0, resulting in 64

simulations for each year.

Getis-Ord Gi statistics are used to spatially identify (and cluster) hotspots of probability of
invasion and test whether they change across the different simulations and years (Bivand &

Wong, 2018).



Results and discussion

Deterrence function

The analysis of route data identified 2188 ports. To estimate a representative distribution of
distances, the pairwise shortest path between the identified harbours was calculated. The
probability density of the distance from port to port and the fitted bimodal distribution used
as the deterrence function are shown in Figure 25. Parameters estimated for the 2-modes
gamma distribution: Shape parameters: 1.89 and 8.14; Scale parameters: 387606 and
209673; Mixture coefficient: 0.47 and 0.53. For details on the parametrisation and fitting

process, see Young et al. (2019).

The deterrence function enables a modulation of the traffic flow to the origin-arrival distance
that depends on two types of routes. In this formulation, it shapes the response of the model
so that short and medium distances (up to 1000 km) and long distances (>1000 km) are taken

into account.

The reason is to incorporate the effect of the transport vector in “shielding” the
fragments/propagules from ecological barriers, including distance. Fragments and
propagules of C. cylindracea can survive and remain viable for days, allowing them to travel

hundreds if not thousands of kilometres (Cabrini et al., 2019; Creese et al., 2004).

Since the estimation of the gamma distribution is based on the route density, it implicitly
includes the traffic volume and offers an improved risk-oriented definition of shipping traffic.
The disadvantage is that vessel types are not taken into account, which is likely to lead to an
underrepresentation of important vectors such as pleasure crafts, which account for only a
small proportion of total vessel traffic but may play an important role in the spread of

Caulerpaceae (E. J. West et al., 2007).



Figure 25 Probability density of port-to-port distance (route length, in meters). Red area shows the fitted multimodal gamma
distribution (k=2). Blue areas represent the mixed gamma distributions. Shape parameters: 1.89 and 8.14; Scale parameters:
387606 and 209673; Mixture coefficient: 0.47 and 0.53. For details on the parametrisation and fitting process, see Young et al.
(2019). The distribution is used for the deterrence function in the production-constrained model.
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Per-ship probability of initiating an invasion
The analysis of variance (ANOVA) was performed to determine the influence of various

ecological and anthropogenic factors on the per-ship probability of initiating an invasion pij-

The response variable pij’ was log-transformed to reduce heteroscedasticity.

Table 7 contains the results of the ANOVA analysis, in which all the significant terms are

listed, sorted by F-values.

The per-vessel efficacy factors at the origin ( W; )and destination ( wj) had the largest effects

on the probability of invasion, with F-values of 185,194.41 and 12,876.94, respectively.

The strong effect of vessel efficacy factors emphasizes the impact that biosecurity protocols
can have in managing invasion risk. A higher efficacy in transporting fragments is the most
important determinant of invasion probability, which is consistent with the work of Drake &

Lodge (2004).



Table 7 ANOVA results for the significant terms, using mean p;; as response and testing all single factors and their interactions.

Sum Sq Df F-value Pr(F)

Wi 3039.00 1.00 185194.41 0.00
Wj 211.31  1.00 12876.94 0.00
Year 1147.05 3.00 2987.01 0.00
Ié] 20.22  1.00 1232.22 0.00
! 3.87  1.00 235.78 0.00
d 3.00 1.00 182.99 0.00
v 1.74  1.00 105.98 0.00
a:f 141 1.00 86.03 0.00
o : Year 4.09  3.00 83.07 0.00
g:a 0.19 1.00 11.41 0.00
a:d 0.11  1.00 6.69 0.01
d : Year 0.26  3.00 5.21 0.00
oy 0.08 1.00 41.68 0.03
v : Year 0.15 3.00 2.95 0.03

Among the ecological parameters, the coefficients for substrate type at origin ( ,3 ) and
destination ( o) ) as well as habitat suitability at origin( & ) and destination () ) were

significant terms. In particular, ,8 had a pronounced effect (F = 1,232.22), emphasising the
role of substrate in fragment production and dispersal potential.
Several two-way interactions were significant, suggesting that the effects of ecological

parameters are not completely independent. The interaction between habitat suitability and

substrate type at origin was significant, indicating that the influence (F = 86.03) of habitat

suitability on pij is moderated by substrate type. The interaction between habitat suitability

at origin and year was also significant, indicating temporal changes (F = 83.07) in how habitat

suitability shapes invasion risk.

The significant influence of substrate type at origin underscores the importance of suitable
substrates in fragment production. Sandy substrates, which are associated with more

fragments than rocky ones (Creese et al., 2004), contribute to higher invasion probabilities.



The interaction between habitat suitability and substrate type at origin suggests that optimal

environmental conditions combined with favourable substrates increase Pj ;.

The effect of year was also significant (F = 2,987.04). The temporal variation captured by the
significant year effect and its interactions with habitat suitability and substrate type suggest
that changes over time, possibly due to environmental fluctuations or increased vessel

activity, shape the invasion dynamics.

Figure 26 Tukey's Honest Significant Difference plot. Grey bars report the 95% confidence interval.
2020 is used as the baseline.
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To further investigate the temporal dynamics, post-hoc pairwise comparisons were performed

using the Tukey Honest Significant Difference (HSD) test. The results (Figure 26) show that all

pairwise year comparisons are statistically significant (p <0.001) and reveal differences in pij

across the years analysed.



These findings indicate that average pij of C. cylindracea initially decreased after 2020 but

gradually recover in 2023. The pattern likely mirrors the temporal trend in habitat suitability

(Figure 23a).

Figure 27 Maps reporting C. cylindracea presence points used as origins (black), and cells showing m >1 (coloured). Colors
indicate the first year in which rt >1 occurs. The layer underneath highlights major routes.
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Expected invasions per year
For each year, 64 independent simulations were carried out to test the effects of the different

parameter combinations. The invasion probability T[j, as the route density, has an extremely

skewed distribution (see Figure 28left) with 99% of the values below than 0.12 and a very long

tail (max value is 10.36).

The expected number of invasions per year seems to generally increase with time, regardless

of the parameterisations. This pattern is interesting since P ; is lower than the 2020 baseline,

showing that the impact of increasing vessel density (from the 2020 density: +2.3%, +6.5%,



+6.7%, respectively) can overcome the impact of decreasing suitability (see Figure 23a) over

the years.
Year | Mean + SD | Minimum | Maximum
2020 | 21.34 + 2.61 6 39
2021 | 2747 £ 2.81 12 45
2022 | 33.67 £+ 3.29 18 511
2023 | 46.16 £+ 5.46 21 88

Table 8 Summary statistics for the
estimated number of cells with Tt > 1 per
year. The simulations show great
variability but all agrees in a general
increase in the invasion probability.

Table 8 provides a statistical overview of how the number of cells with 7T > 1 varies through

simulations and with time while Figure 27 shows the position of origins and cells that

obtained 7T > 1 in every simulation. Interesting insights comes from observing the

probability density function of 7T in relation with time:

Figure 28 Estimated density of invasions per year. Observing the full distribution is not feasible. 99 percentile value
is 0.12 and max value 10.26. Plot in the middle represents highlights the range of top 1%-0.1% values, while the plot
on the right shows top 0.1% values. At high TT-values, the peak values of invasion density per year appear to shift to

the right, indicating an increasing risk of invasion with time.
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Higher values increase more than lower ones. In Figure 28centre and Figure 28right density

peaks progressively shift rightward indicating a higher incidence of higher values.

Spatial patterns of invasion

To ensure reliable identification of areas acting as hotspots of invasion, only those cells
identified as hotspots by the Gi statistics in all 64 simulations within the same year are
considered. We then overlaid the annual hotspot maps to analyse temporal fluctuations and
trends in invasion patterns. This enabled the identification of persistent invasion hotspots and
provided valuable insights into the spatio-temporal dynamics of invasion processes by
highlighting areas of persistently high invasion risk and their changes over time. The fact that
the hotspots are becoming more evenly distributed over time and the risk of invasions is
spreading to an ever larger region is a major cause for concern. The species, through
subsequent successful invasions, can naturally expand and invade coastlines in between two

hotspots from multiple sides.
See Figure 29 for a detailed visualisation of the hotspots in the Strait of Sicily, representing

hotspots in time and locations of estimated invasions events.
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Figure 29 Hotspot areas, as identified by

probability of zero or very close to zero, a

of ship-borne invasion risk, is presented

as a visual example. The increase in ship
traffic from 2020 to 2023 exerts a double



Count

Substrate-specific invasions

Figure 30 displays the distribution of 7T > 1 across the different substrate types over four

years (2020-2023). The complex interactions between substrate exposure to invasion, vessel

intensity and route density have non-linear effects on TT.

In particular, the model is able to downweigh likelihood of invasion on the base of the

interactions mediated by vessels: i.e Dead mattes of P. oceanica and rock or other hard

substrata have few invasion events despite their high establishment potential (see Table 6).

This is likely due to the uneven distribution of substrate types and correlation between route

Figure 30 Estimated count distribution of T > 1 per substrate type and year. Substrate types with no T >1 values are not shown.
ILikelihood of invasion increase both in magnitude and frequency, as the peaks are higher and the right tail becomes longer.
Notably, Dead mattes of P.oceanica reach values of Tt >1only in 2023.
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density and substrate type. Sandy and muddy substrates are the most represented types in
coastal areas, particularly those interested by high vessel density, and this manifestsin a

higher number of invasion events. The positive trend in vessel density and changes in route

density likely result in more concentrated traffic that in turns produce higher TT values despite

the general decrease in suitability values.

Conclusion

This study introduces a refined gravity model to quantify the secondary invasion risk of C.
cylindracea in the Mediterranean Sea, providing important insights into vessel-mediated

spread of the species between 2020 and 2023.

The sensitivity analysis shows that vessel spreading efficacy is the most important factor for
invasion probability at both origin and destination, while substrate type at origin emerges as
the overall most important ecological factor. In addition, several two-way interactions
emerged as significant, highlighting dependencies among ecological parameters. Notably,
habitat suitability’s influence on pijp_{ij}pij was moderated by substrate type, and temporal

shifts were observed in the impact of habitat suitability on invasion risk across years.

The temporal variation captured by the significant year effect and its interactions with habitat
suitability and substrate type suggest that changes over time, possibly due to environmental
fluctuations or increased vessel activity, shape the invasion dynamics. For the simulated
years, the temporal analysis shows an intriguing trend in which probability of invasion
constantly increases despite lower per-ship probability of starting an invasion. This suggests a

prevailing effect of increasing vessel and route densities on invasion risk.

This effect also shapes the exposure of substrate type to invasion risk. Sandy and muddy

substrates, for instance, have a higher invasion rate, which is likely due to their prevalence in



coastal regions characterised by high vessel density. Conversely, substrates with higher
intrinsic establishment potential, such as dead P. oceanica mattes and rocky and hard
substrates appear to be less frequently invaded. This discrepancy suggests that biological
compatibility of the substrate is less important than the spatial distribution of vessel traffic in

determining the outcome of invasion.

Spatially, invasion hotspots are becoming more evenly distributed across the Mediterranean
over time, increasing the area at risk and highlighting the potential for new invasion hotspots.

This suggests that C. cylindracea is likely expanding its range thank to vessel activity.

These results provide a quantitative basis for targeted monitoring and intervention strategies
in the Mediterranean: i.e new invasions seem likely to already strongly impacted areas (e.g.,
Sicily, Ligurian Sea), highlighting the importance of increased monitoring and specific

containment measures in these areas.

The fine spatial resolution of the model allows for locally tailored management measures,
while the temporal trend remarks the importance of improved biosecurity protocols to
address increasing invasive pressure from maritime transport. Although future validation with
new occurrence data could improve prediction accuracy, this framework already provides a
solid basis for assessing regional exposure to secondary invasion by C. cylindracea at a scale

relevant to Maritime Spatial Planning.

Limitations

The challenge of identifying meaningful parameters is critical, especially when applying local

estimates (e.g. Pg) or when parameters’ interactions are very uncertain.



An example is the impact of habitat suitability at of the origins: some authors have found that

C. cylindracea increases fragments and propagule production when it is under stress

(Santamaria et al., 2021; Uya et al., 2018). This implies that & depends on Hi and behaves
non-monotonically. At low suitability values, & may have high values due to the species

biological response to the stressful situation, potentially contributing to P; rather than

hampering it.

Another major limitation lies in the simplified representation of the fleet and the
characterisation of the deterrence function and vessel efficacy. More effort should be made to
estimate vessel-type parameterisation to enhance a more realistic estimate of invasion rate.
This could, for example, help to give a higher weighting to the impact of pleasure crafts on
local spread and a lower weighting to the impact of cargo and tanks, that follow strict

biosecurity protocols during operation (David et al., 2015).



Conclusions and final remarks

The increasing complexity of environmental challenges demands innovative approaches that

can effectively integrate multiple layers of analysis while maintaining scientific rigor.

This thesis has developed and demonstrated a comprehensive framework for assessing the
risk of Alien Invasive Species (AIS) spread in the Mediterranean Sea, with particular focus on
Caulerpa cylindracea as a case study. The appropriate use of ML methods can provide
powerful tools for understanding and predicting the dynamics of marine ecosystems, even
with fragmented or scarce data. This is crucial for an effective conservation and sustainable

management of marine resources.

The framework's strength lies in its multi-layered perspective on understanding and predicting
AIS spread. The groundwork is a robust dataset that ensures that subsequent analyses are
built upon reliable and scientifically sound information. The high-resolution dataset for the
Mediterranean Sea spanning 2005-2099 featuring key biogeochemical and physical variables
under the RCP8.5 scenario provides the essential environmental context for both current and
future predictions allowing the possibility to quantitatively consider the impacts of climate

change onto species future distribution.

Significant methodological progress has been made in the field of Machine Learning
Ecological Niche Modeling (ML-ENM). The cornerstone is the development of a Multi-Criteria
Decision Making (MCDM) framework for performing model selection, based on the TOPSIS
(Technique for Order Preference by Similarity to Ideal Solution) and CRITIC (CRiteria
Importance Through Intercriteria Correlation) methods. The centrepiece of TOPSIS is the
definition of the Positive Ideal Solution (PIS) in order to rank the models. Defining PIS is the

same as setting the research objective (e.g. maximising transferability or predictive power) in



the ML realm. This ensure that the best model is selected meaningfully. On the other hand,
CRITIC determines the weighting of the criteria based on the variability of the criteria and the
intercorrelations. It provides an objective system that efficiently organises the performance
distance measured by TOPSIS according to the nature of the data, mitigating the impact of

biassed data on metrics.

Another important achievement is the introduction of the site weighting scheme, which
allows additional information on occurrences to be used to embed ecological significance
into the evaluation metrics. The weighting scheme is the basis for the introduction of delta
metrics, which make it possible to recognise artificially inflated (overfitted) model

performance.

Particularly important advances in the context of AIS are the refined methods for assessing
threshold uncertainty and extrapolation risk. Threshold variability is relevant for scenario
generation, while analysing extrapolation risk is a diagnostic tool that is essential for

quantifying the reliability of projections.

The result of applying this robust ENM process is a model that project a general, significant
decrease of suitable areas for the Mediterranean Sea, that is a quite interesting finding,

considering the relevance of the species.

The integration of the model outcomes into a mechanistic framework that simulates vessel
mediated dispersal provided even more interesting insights about C. cylindracea invasion

dynamics in the Mediterranean Sea:

Despite projections shows a general decline in environmental suitability under future climate
scenarios, the species continues to expand its range. This apparent paradox highlights the

dominant role of human activities, particularly maritime transport, in AIS spread. Through



explicit flow representation, it’s shown that vessel density and route patterns have a greater
influence on invasion outcomes than substrate and suitability. This is indeed dependent on
the deterrence function and, more specifically, on its bimodal gamma representation. The
gamma distribution roughly approximate aggregated traffic data and is certainly biassed
towards medium-long route lengths. This means that the dominance of vessel density on
estimated number of invasions holds on average, but not in certain cases, such as the flows
to neighbouring and very close cells or in the case of vessel-specific flows. This imply that the
outcomes are relevant to regional scale assessments but must be taken with caution in local

assessments.

The temporal and spatial analyses conducted through our framework revealed emerging
invasion hotspots across the Mediterranean, with particular concern for already impacted
areas like Sicily and the Ligurian Sea. The increasingly even distribution of invasion probability
over time suggests a broadening of risk across the basin, pointing to the need for widespread

rather than localized monitoring efforts.

The framework developed in this thesis makes substantial contributions to the
implementation of the Marine Strategy Framework Directive (MSFD). By providing a
standardized, reproducible approach for assessing AlS risk at the required spatial and
temporal resolutions, it directly supports evidence-based decision-making in marine
management. The integration of correlative and mechanistic models can enable to the
possibility to distinguish between climate-driven and anthropogenic factors in species

spread, allowing for more targeted and effective interventions.



Future directions

This work provides a solid foundation for AlS risk assessment and pave the way to even more
integrated risk characterisation with the addition of vulnerability layers, biotic resistance and

socio-economic factors.

Furthermore, the development and integration of other pathways (e.g. aquaculture release) or
processes (e.g. natural expansions and gene flows between populations Van Etten &
Hijmans, 2010 ) could be straightforward as they could be included in the spatial interaction

model.

From a technical and methodological perspective, there is an ample opportunity of

improvement:

Refining the modelling of vessel-mediated spread represents an important direction for future
research. The excessive importance of shipping in invasion dynamics points to the need for
detailed vessel-specific parameterisation and per-ship type assessments. This would involve
developing risk profiles for different vessel types and evaluating the effectiveness of current
biosecurity protocols. Such refinements would improve our ability to predict and manage

invasion risks associated with maritime activities.

In addition, to make the mechanistic model a useful tool for predicting invasions, a robust

model validation system needs to be developed.

The framework presented in this thesis represents a significant advancement in AIS risk
assessment. Its most notable feature, however, lies in its adaptability: it is designed to be
easily transferable across different contexts and prepared to accommodate future
developments. For this reason, the software infrastructure was designed from the outset to

be as modular and flexible as possible. A fundamental aim was to define “blocks” of



operations (with standard input-output data formats) that would allow the implementation of
the hypothetical user's preferred method with little effort. (e.g. one could opt for arandom

forest or GAM model instead of MaxEnt).

As marine ecosystems face increasing pressures from both climate change and human
activities, the need for robust, integrated approaches to environmental risk assessment
becomes ever greater. This framework provides a new set of tools and, more importantly, a

spacious toolbox.
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A Mathematical Foundations of MaxEnt

This appendix provides a mathematical treatment of the Maximum Entropy
(MaxEnt) in the context of machine learning and statistical inference.
A.1 Problem Formulation

Let X C R? be the feature space representing environmental variables, and
Y = {0,1} be the binary label space indicating species presence (1) or absence
(0). We aim to estimate the conditional probability distribution p(y|z), where
reXandyeV.

Given:

e A set of n presence locations: {z1,...,2,} C X
e A set of m background points: {z1,...,2m} C X

e A set of k feature functions: f; : X = R, for j =1,...,k

A.2 Maximum Entropy Principle

The MaxEnt principle states that we should choose the probability distribution
that maximises entropy while satisfying the constraints imposed by our empirical
observations. Mathematically, we are trying to maximise:

H(p) = — L p(#) log p(z)de (1)

subject to the constraints:

]Ep[fj]:%z:fj(ffi) forj=1,...,k (2)
i=1

where E,[f;] denotes the expected value of feature f; under distribution p.



A.3 Duality and Exponential Form

Using the method of Lagrange multipliers, we can show that the solution to this
constrained optimisation problem has exponential form:

k
X i g )\j j X
i) 8 p(Z_,Z_(A) fi(@)) @)

where A = (A1,..., Ag) are the Lagrange multipliers and Z () is the partition
function:

k
Z(\) = . /X exp(z A\ fi(z))dz (4)

A.4 Optimization
The dual problem is to find A* that maximises the log-likelihood:

k

X =34 D> D Nifi(@i) — nlog Z(N) (5)

i=1 j=1

This optimization is typically performed using numerical methods such as
L-BFGS (Limited-memory Broyden-Fletcher-Goldfarb-Shanno algorithm).

A.5 Regularization

To prevent overfitting, MaxEnt employs L1 and L2 regularization. The regu-
larised optimization problem becomes:

N =N N fi(@) —nlog Z(N) =Y (BilA] + B2X3) (6)

=1 j=1 =1

where 5; and By are the L1 and L2 regularization parameters, respectively.

A.6 Feature Engineering

MaxEnt uses several types of features derived from the environmental variables:

e Linear: f;(z)=z;

Quadratic: fj(z) = 7

Product: fjx(z) = xjap

Threshold: f;(x) = I(x; > t), where I is the indicator function and ¢t is a
threshold

Hinge: f;(z) = max(0,z; —t)



A.7 Prediction

For a new point z*, the raw prediction is given by:

ex ’7_1 A5 fi(a*
(o) = T .

The logistic output, which can be interpreted as the probability of species
presence, is calculated as:

o c-pa(z*)
P(y = 1|.’L ) 1 —p,\*(l'*) +C'p,\*(«’1;*) (8)

where ¢ is the prevalence of the species in the study area.

B Model Evaluation

Performance metrics used in the thesis:

B.1 Area Under the Receiver Operating Characteristic
Curve (AUC)

AUC measures the probability that a randomly selected positive example will
be ranked higher than a randomly selected negative one.

AUC=— 3 3 1 > ) (9)

nyin_ . y
+ ©y;=17:y;=0

where n4 and n_ are the numbers of positive and negative samples, respec-
tively, and I is the indicator function.

B.2 Partial ROC (pROC)

pROC is a modified ROC analysis that adjusts the AUC to focus on the propor-
tion of area correctly predicted as present, taking into account model-specific
prediction margins and prioritising omission errors.

=2 ROC(E)dE
(B — By) (B —D1)/2

where F; and Fs are the lower and upper bounds of the partial area, respec-
tively.

pROC = (10)



B.3 Symmetric Extremal Dependence Index (SEDI)

SEDI measures the accuracy of deterministic forecasts of rare binary events,
robust to low prevalence.

In(F)—In(H)+In(l1-H) —In(1-F)
In(F)+Wn(H)+In(l— H)+In(1 - F)

where F' is the false alarm rate and H is the hit rate.

SEDI =

(11)

B.4 OR.10p

OR.10p represents the percentage of test sites where presence was not predicted,
using the 10th percentile of training presence values as the threshold.

OR.10p = Number of test presences below threshold

x 100% 12
Total number of test presences = (12)

B.5 AUCdiff

AUCiff measures the risk of model overfitting by comparing AUC values be-
tween training and test datasets.

AUCdiff = AUCtraining - AUCtest (13)

B.6 Akaike Information Criterion corrected (AICc)

AICc is a relative measure of model fit that takes into account the number of
parameters and penalises complexity.

L 2k(k+1)

AICc = 2k — 2In(L) + o — (14)

where k is the number of parameters, L is the maximum likelihood estimate,
and n is the sample size.

B.7 Continuous Boyce Index (CBI)

CBI measures the accuracy and reliability in predicting presence based on the
Spearman rank correlation between predicted suitability and observed presence.

1<~ P,—E;

Bl = —
C ni:lpi+Ei

(15)

where P; and E; are the predicted and expected frequencies in bin 4, respec-
tively.
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