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Wetlands are among the ecosystems most exposed to degradation due to the concurrent action of anthropogenic
pressures and climate-related stressors, particularly in highly anthropised landscapes. This study presents a
multi-model comparative methodology for assessing and mapping the risk of forest and grassland habitat
degradation and associated biodiversity loss in wetland environments. It integrates three complementary,
unsupervised models applied to a harmonised geospatial dataset: (i) a deterministic cumulative overlap index,
(ii) a multivariate clustering model, and (iii) a predictive, deep learning model based on a Variational
Autoencoder combined with cluster analysis. The methodology is applied to the Massaciuccoli Lake basin
(Tuscany, Italy), a Ramsar-listed wetland characterised by intense land-use pressure and high ecological value.
Using 12 stressor variables describing ecological fragility and harmful driving forces at approximately 50 m
spatial resolution, the models produced spatially explicit risk hotspot distribution maps consistent with previous
localised studies. Results also highlight complementary aspects among the models: deterministic mapping
identified areas of strong stressor co-occurrence; clustering revealed structurally homogeneous ecological
conditions; and deep learning captured non-linear patterns and anomalous configurations associated with
emerging ecosystem risks. Areas consistently classified as medium or high risk across multiple models de-
lineated robust priority hotspots, while divergent classifications identified transitional or uncertain conditions
requiring further investigation. The proposed methodology is potentially re-applicable to other wetlands to
enhance the robustness and interpretability of ecosystem risk assessments. It provides a reproducible, scalable
tool to support conservation planning, environmental management, and spatial decision-making in wetlands
affected by complex, interacting stressors.

1. Introduction

Wetlands are among the most complex and functionally important
ecosystems, providing key services such as biodiversity support, car-
bon sequestration, climate regulation, water purification, and flood
mitigation (Guo et al.,, 2017; Junk et al., 2013). Despite their eco-
logical and socio-economic importance, they are also among the most
vulnerable ecosystems, exposed to combined anthropogenic and cli-
matic pressures, including land-use intensification, habitat fragmen-
tation, pollution, and hydrological alterations (on Wetlands, 2025;
Haddad et al., 2015). These pressures are further exacerbated by cli-
mate change, which alters temperature and precipitation regimes and
increases the frequency of extreme events (IPCC, 2023; Trenberth
et al.,, 2014). Within wetland landscapes, forest and grassland habi-
tats play a critical role in maintaining ecological connectivity and

supporting biodiversity, yet they are particularly sensitive to these
stressors (Loreau et al., 2001). Their degradation can trigger cascading
effects on ecosystem functioning and resilience, especially in Mediter-
ranean regions already characterised by water scarcity and strong
anthropogenic pressure (Loreau et al., 2001; Cramer et al., 2018).
Assessing ecosystem risk in such contexts requires analytical frame-
works that integrate multiple stressors across spatial and temporal
scales. Traditional deterministic and expert-based approaches, while
widely used, are limited by subjectivity, oversimplified assumptions,
and a reduced ability to capture nonlinear relationships (Jgrgensen,
2008; Schmolke et al.,, 2010). Recent advances in geospatial data
availability and machine learning methods offer new opportunities
to overcome these limitations by modelling complex interactions and
heterogeneous data sources (Rolnick et al., 2022; Tuia et al., 2022).
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Massaciuccoli Lake Basin
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Fig. 1. General overview and geographic context of the Massaciuccoli Lake basin wetland, in Tuscany (Italy).

In this context, our study introduces a multi-model analytical frame-
work to assess the risk of forest and grassland habitat degradation asso-
ciated with biodiversity loss in wetlands. The novelty of the approach
lies in the combination and explicit comparison of complementary
modelling paradigms, applied jointly to the same set of harmonised
geospatial data. Specifically, the framework integrates a determinis-
tic cumulative risk index, a multivariate clustering technique, and
an unsupervised deep learning model, enabling the identification of
reliable risk hotspots supported by multiple models and the detection
of transitional or uncertain conditions characterised by differing model
responses. By systematically comparing risk models and using expert
studies to assess reliability, the proposed methodology enhances the
robustness of the assessments and improves their ecological inter-
pretability, offering a reproducible, scalable tool for ecosystem risk
analysis in highly anthropised wetland environments.

The methodology was first developed to assess risks of change in the
ecosystem state of the Massaciuccoli Lake basin (Tuscany, Italy; Fig. 1)
while remaining transferable to other wetlands. This basin is one of the
most anthropogenically modified and ecologically sensitive wetlands
in central Italy and is recognised as a Ramsar site of international
importance (Baneschi et al., 2013; Coro et al.,, 2024a). It is both a
biodiversity hotspot and a socio-economically relevant area, attracting
tourism and scientific interest (Ciccolini et al., 2013; Nikologianni,
2019). The basin covers 114 km? and includes a shallow lake of about
13 km? (1-2.5 m depth; ~14 Mm? volume) (Rossetto et al., 2010a).
Its hydrological regime is predominantly pluvial and strongly influ-
enced by surrounding agricultural landscapes. Human pressures are
substantial, with agriculture accounting for approximately 40% of land
use, alongside urban and infrastructural development (Silvestri et al.,
2019). Additional impacts arise from wastewater discharges, affecting
water quality and ecosystem dynamics. These conditions influence
habitat suitability for both native species (e.g., black bullhead, eel,
tench, largemouth bass, carp, heron, kingfisher, and others) and non-
native species (e.g., sheatfish and red swamp crayfish) and highlight
the ecological importance of the basin as a migratory stopover for
birds (Ciccolini et al., 2013). As in many wetlands, avian communities
are highly sensitive to hydrological and biogeochemical changes, mak-
ing them particularly vulnerable to climate change (Bertacchi et al.,
2015; Bove et al., 2026). Climate change poses significant risks to the
Massaciuccoli ecosystem. Rising temperatures and increasing aridity
may render habitats unsuitable for many avian species by 2100 (Coro
et al., 2024a), while also altering species distributions and ecosystem
services (Pignalosa et al., 2022a,b). In response, policy-makers are
exploring mitigation and adaptation strategies, particularly to ensure
long-term water availability (Toscana, 2018). However, these efforts
require robust scientific support to anticipate ecosystem transitions and
identify the most vulnerable species.

This paper makes a significant contribution to the existing body of
knowledge on the ecosystem status of the Massaciuccoli Lake basin and
aims to support local authorities in developing effective conservation

and mitigation strategies based on risk assessment. It is organised as fol-
lows: Section 1.1 defines ecosystem risk assessment, illustrates current
approaches, presents the studies available for the Massaciuccoli Lake
basin, and highlights the complementary aspects introduced by our
methodology. Section 2 describes the data available for the analysed
area, the methodology pipeline, and the evaluation strategy. Section 3
reports the results of qualitative and quantitative evaluations, and,
finally, Section 4 summarises the main findings, limitations, and future
work.

1.1. Overview

Ecosystem Risk Assessment (ERA) is a framework for identifying and
spatially representing the likelihood of critical ecosystem transitions
involving changes in structure, functioning, and ecosystem services
due to natural and anthropogenic pressures (generally referred to as
stressors) (De Lange et al., 2010; IPBES, 2019). Unlike impact assess-
ments focused on single stressors, ERA addresses multiple interacting
pressures across spatial and temporal scales and accounts for non-linear
ecosystem responses (Halpern et al., 2008; Landis et al., 2013).

In wetlands, ERA is particularly relevant due to strong intercon-
nections among hydrology, vegetation, biodiversity, climate, and land
use (Mitsch and Gosselink, 2015; Davidson, 2018), which sustain key
ecosystem functions and increase vulnerability to cumulative pressures
such as land conversion, fragmentation, pollution, and hydro-climatic
changes (Finlayson et al., 2019; Kingsford et al., 2016). Ecosystem
risk, therefore, encompasses not only observed degradation but also
conditions that increase the likelihood of future changes, including
biodiversity loss and reduced resilience (Hooper et al., 2012; Cardinale
et al., 2012), supporting preventive and adaptive management.

ERA methodologies vary in assumptions and objectives. Traditional
approaches rely on deterministic, expert-based methods, such as multi-
criteria analysis and cumulative impact mapping (Malczewski, 2006;
Halpern et al., 2008), valued for transparency but often limited by
subjectivity and oversimplified assumptions (Linkov et al., 2006; As-
cough Ii et al., 2008). Statistical and multivariate methods, including
clustering and latent-variable analyses (Legendre and Legendre, 2012;
Coro et al., 2024b), reduce subjectivity and identify recurring patterns
but remain largely descriptive and limited in capturing complex non-
linear relationships (Coro et al., 2025; Pavirani et al., 2025b). More
recently, machine learning approaches, particularly unsupervised meth-
ods such as clustering and anomaly detection (Olden et al., 2008;
Reichstein et al., 2019), and deep generative models (Doersch, 2016;
An and Cho, 2015), have enabled the identification of latent structures
and nonlinear dependencies in heterogeneous data. However, single-
method approaches often face challenges in interpretability, compara-
bility, and robustness (Pichler and Hartig, 2023; Ma et al., 2019).

Recent studies have emphasised the need for integrated frameworks
combining cumulative, structural, and data-driven approaches to im-
prove reliability and interpretability (Wang et al., 2021; Gong et al.,
2025). In the Massaciuccoli Lake basin, ecosystem assessment studies
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have focused on specific subregions to investigate (i) hydrological
dynamics and water quality, including nutrient loads, hydrodynamic
instability, subsidence of reclaimed peat soils, and peat oxidation pro-
cesses (Pasquetti et al., 2024; Venturi et al., 2021); (ii) anthropogenic
pressures related to intensive peri-lacustrine agriculture, urban and in-
frastructural expansion, and diffuse contamination, resulting in habitat
fragmentation and loss of ecological connectivity (Prato et al., 2020;
Baldaccini, 2018); (iii) biological components and habitats of com-
munity interest (Ministero dell’Ambiente e della Sicurezza Energetica,
2025), including coastal pine forests, meadow-woodland mosaics, and
hygrophilous vegetation, as well as phytosanitary and microclimatic
issues (Viciani et al., 2017; Bertacchi et al., 2021); and (iv) biocli-
matic signals and potential impacts of climate change on species and
habitats (Coro et al., 2024a; Joyce et al., 2016). However, these analy-
ses remain sectoral and spatially limited, whereas no comprehensive,
basin-scale ERA integrating multiple stressors has been conducted,
partly due to the historical lack of harmonised geospatial data. Re-
cently, this gap has been partially filled by the availability of an
open-access geospatial Atlas of the Massaciuccoli basin, covering con-
ditions from the 1950-1980 period to future climate scenarios between
2050 and 2100 (Vannini et al., 2025).

Based on this information, the present study represents the first
attempt to apply a multi-model, comparative ERA methodology across
the entire basin, with a specific focus on the degradation of forest and
grassland habitats and the consequent loss of biodiversity.

The main novelty of the proposed methodology, compared to other
ERA methods, lies in its explicit integration and systematic compari-
son of three analytical paradigms (deterministic, statistical, and deep
learning). The deterministic cumulative index provides an inclusive and
precautionary perspective, highlighting areas where multiple stressors
co-occur and supporting exploratory and preventive planning. The
clustering-based approach offers a structural interpretation of the risk-
variables vector space, identifying homogeneous ecological conditions
and clarifying how specific stressor combinations characterise differ-
ent landscape portions. The deep learning component, based on a
Variational Autoencoder integrated with cluster analysis, was newly
designed for the present study. It introduces a predictive dimension,
enabling the detection of non-linear patterns and anomalous configura-
tions that may signal emerging ecosystem changes. These models were
selected among baselines that demonstrated effectiveness in different
contexts of anomaly detection (Kingma et al., 2014; Dilokthanakul
et al., 2016), including ecosystem risk assessment and ecological mod-
elling in marine and terrestrial areas (Coro, 2024; Lou et al., 2025).
In particular, the work in Pavirani et al. (2025a) presented a compre-
hensive comparison of the pros and cons of the models mentioned and
provides guidance on selecting the most suitable model for specific as-
sessment purposes (general vs localised). Following the advice from this
work, we reused the Multi K-means approach, extended the Variational
Autoencoder model by combining it with cluster analysis to refine
the assessments, and introduced a cumulative analysis representing a
traditional approach to risk assessment (Section 2.2).

Rather than selecting a single optimal model, the presented method-
ology analyses their convergence and divergence to produce a more
robust, hierarchical representation of ecosystem risk. Areas consistently
classified as high risk across models can be interpreted as priority
hotspots, while divergent classifications highlight transitional or un-
certain conditions. This multimodal strategy enhances interpretability,
reduces methodological bias, and provides a scalable and reproducible
framework applicable to other wetland systems.

2. Methods

The assessment of the Massaciuccoli Lake basin’s ecosystem risks
related to forest and grassland habitat degradation and biodiversity
loss was conducted using a multi-phase methodological framework
(Fig. 2) designed to ensure analytical robustness, transparency, and
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reproducibility. The approach integrates deterministic, clustering, sta-
tistical, and deep learning strategies, supported by an interpretative
procedure for detected clusters. Section 2.1 reports the details of the
data collection and preparation phase, whereas Section 2.2 explains
the modelling methodology. The code implementing this workflow
was developed in R and is openly available, together with the data,
on Zenodo and GitHub for reproducibility, repeatability, and reuse
(Software and data availability).

2.1. Data

Data collection and preparation was composed by the following
phases, detailed in the next sections: (i) spatial and temporal character-
isation of the study area, through environmental, climatic, biological,
and anthropogenic geospatial data; (ii) definition and identification of
ecological stressor variables, to distinguish ecosystem fragility condi-
tions from harmful driving forces; and (iii) data preparation and stan-
dardisation, which includes variable reprocessing, spatial alignment,
and transformation into a unified dataset suitable for multivariate
analysis.

2.1.1. Spatio-temporal description of the study area

To obtain a comprehensive and coherent environmental character-
isation of the study area, a publicly available cartographic dataset on
Zenodo was used (Vannini and Coro, 2025b; Vannini et al., 2025). Its
content is described in a geographic Atlas of the Massaciuccoli Lake
Basin, which provides a comprehensive description of the environmen-
tal variables and active driving forces acting in the ecosystem (Vannini
and Coro, 2025a). The methodology that led to the realisation of this
repository was based on FAIR (Findable, Accessible, Interoperable,
Reusable) principles and a semi-automated workflow for data collection
and harmonisation.

The data collection constitutes a spatially explicit environmental
knowledge base, organised to support both exploratory and analyt-
ical workflows. It includes raster and vector datasets accompanied
by standardised metadata, a harmonised coordinate reference system
(EPSG 4326 - WGS84), and a consistent spatial resolution. More-
over, it provides an integrated spatial and temporal representation of
the Massaciuccoli Lake basin, describing its climatic, environmental,
pedological, anthropogenic, and biological features, with particular
emphasis on biodiversity. Overall, this data collection includes 75
geo-variables at a spatial resolution of 0.0005° x 0.0005° (approxi-
mately 50 m x 50 m), distributed across 148 datasets and organised
into five temporal snapshots: remote past (1950-1980), recent past
(1981-2015), present (2016-today), near future (today-2050), and
far future (2051-2100). Future projections are provided under the
Representative Concentration Pathways (RCP) 2.6, 4.5, and 8.5.

When aligned on a common spatial grid, the database comprises
a total of 77,346 georeferenced spatial cells covering the study area.
This spatio-temporal structure enables multivariate and multi-temporal
analyses and supports the investigation of long-term environmental
processes, ecosystem dynamics, and their responses to climatic and
anthropogenic drivers within the Massaciuccoli basin.

2.1.2. Definition and identification of ecological stressors

The definition of ecological stressors was based on the specific
characteristics of the Massaciuccoli ecosystem. Stressors are driving
forces within the ecosystem that can influence changes in the ecosystem
status, causing a critical transition (Coro et al., 2023; Pavirani et al.,
2025b). Numerically, a stressor is a spatio-temporal variable whose
high values influence the ecosystem status (Coro et al., 2025; Pavirani
et al., 2025a). A stressor variable is defined on a collection of data,
like that of the Massaciuccoli basin Atlas (Section 2.1.1). In our case, a
stressor variable could directly correspond to a variable represented in
one of the geospatial datasets (e.g., an increase in land imperviousness
over the past decade) or to the inverse of a variable (e.g., reduced
precipitation as the inverse of the increase in precipitation). Overall,
the variables could be divided into two main categories:
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1. Fragile conditions: variables whose high values were associated
with the sensitivity and resilience of the ecosystem (Fennessy
et al., 2007; Scheffer, 2009);

2. Harmful forces: variables representing direct drivers with neg-
ative impact on habitats, potentially causing structural and
functional changes (Foley et al., 2005; Malekmohammadi and
Blouchi, 2014).

Although the original datasets were characterised by heterogeneous
temporal references (single-year snapshots, short-term change peri-
ods, or multi-year reference windows), the stress variables used for
this study were selected from levels explicitly marked as “present”
(2016-today) in the Atlas. This time frame referred to recent and
current ecosystem conditions, rather than distinct historical phases.
Variables aggregated over short time periods in the original dataset
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(e.g.,2015-2018 or 2020-2025) synthesised recent changes or multi-
year baseline conditions that have led to the current state of habitats
and biodiversity. The time frame of the analysis can therefore be
interpreted as representative of the prevailing ecosystem conditions
during 2016-2025, ensuring temporal comparability among stressor
variables.

The restriction to this time frame was motivated by the need to
ensure maximum consistency and alignment across the selected stressor
variables, as this snapshot provides the most complete and harmonised
representation of the ecosystem conditions within the Atlas. Focusing
on a single time frame also allowed us to isolate and evaluate the
performance of the proposed multi-model risk assessment method-
ology without introducing additional variability related to temporal
dynamics. While the Atlas includes multi-temporal data, extending
the analysis across multiple time periods would require dedicated
methodological adaptations and evaluation strategies beyond the scope
of the present study. The main objective of the present study was
thus to identify from this dataset the areas most exposed to forest and
grassland habitat degradation and related biodiversity loss; therefore,
a target set of 12 related variables (Table 1) was defined based on the
Massaciuccoli Atlas, to characterise ecological fragility and degradation
processes.

2.1.3. Data preparation and standardisation

The variables defined in the previous step were extracted from the
Atlas, reprocessed in the case of inverted variables, and aligned on
the same ~50 m grid. Table 1 summarises the reprocessing operations
applied to each stressor variable. A gridded dataset was prepared as
a table file in comma-separated values (CSV) format to enable multi-
variate analyses. Each row of this dataset represented a georeferenced
spatial cell (or raster pixel, measuring 0.0005° x 0.0005°) within the
study area. The columns corresponded to the different stressor vari-
ables. To ensure data consistency and reliability, rows were retained
only if all variables had non-zero values. This aggregation and cleaning
operation yielded 49,382 cells spanning the Massaciuccoli basin.

To enhance comparability among stressor variables and increase the
robustness of subsequent analyses, the dataset was further reprocessed
through categorical and numerical transformations. Categorical vari-
ables were converted into numerical form using either: (i) a normalised
intensity scale ranging from 0 to 1 for variables expressing proportional
information (“Grassland cover”, “Land use and cover Natura 2000
hazard areas”, and “Land use and cover anthropisation increase”), or
(ii) a Boolean encoding (1 = presence, 0 = absence) for binary vari-
ables (“Tree cover density decrease” and “Grassland cover decrease”).
Finally, unavailable data for numerical variables were reinterpreted
when explicit values were unavailable (e.g., as reported for “Land
imperviousness density increase”).

All variables were subsequently z-standardised to have a mean of 0
and a standard deviation of 1. This operation allowed direct comparison
of high and low values across the variables. The purpose was to place
the stressor variables on a common numerical scale, while preventing
variables with larger measurement ranges from dominating the anal-
yses. This procedure did not alter the ecological importance of the
stressor variables, as the relative ecological relevance of each variable
was determined during the stressor-definition phase, where variables
were selected, transformed, and, when necessary, inverted to represent
meaningful ecological pressures or fragile conditions. Although the
methodology allows variable-specific weighting when supported by
expert knowledge or ecological evidence, all stressors were intention-
ally assigned equal contribution to the risk assessment because no
prior ecological evidence was available to justify differential weighting.
This choice also helped maintain a data-driven, assumption-minimising
assessment.

The result of this phase was a stressor-variable table file, ready for
analysis by the risk assessment models.

Ecological Informatics 97 (2026) 103872
2.2. Risk assessment

Our ecosystem risk assessment methodology to identify the areas
most exposed to forest and grassland habitat degradation and related
biodiversity loss, consisted of three main processing steps:

1. Step 1: Risk assessment through three complementary models;

2. Step 2: Risk assessment refinement to better identify conditions
associated with ecosystem-change risks;

3. Step 3: Ecosystem-risk hotspot identification to highlight spatialised
risk hotspots.

This methodology was designed to be independent of the specific
study area, as it operated on the statistical structure of georeferenced
stressor variables rather than on site-specific parameters. Consequently,
it could be applied to other ecosystems, provided that a harmonised
dataset of stressor variables describing ecological fragility and anthro-
pogenic or climatic pressures were available. This design choice aligned
with the objective of developing a reusable and scalable risk assessment
framework.

The next sections provide detailed descriptions of these steps. These
sections will explicitly distinguish three related but sequential concepts
that should not be interpreted as equivalent and will be used through-
out the methodology, i.e., (i) attention levels (lower, medium, closer),
derived from clustering analysis to provide a statistical characterisation
of stressor configurations within the data; (ii) anomalies, identified
through unsupervised deep learning as observations with lower re-
construction probability, representing deviations from the dominant
data distributions — used to filter and focus subsequent attention
level classification; and (iii) ecosystem risk levels (low, medium, high),
representing the final ecological interpretations, obtained through a
refinement procedure that integrates biodiversity-related variables and
attention scores.

2.2.1. Step 1 — Multi-model risk assessment
Three unsupervised, complementary models for ecosystem risk as-
sessment were used to analyse the prepared data, as detailed below.

Cumulative analysis. The first model corresponded to a cumulative
overlap index for the stressor variables. This overlap index represented
a basic and common approach to risk-area identification. It simulated
an intuitive analytical approach by an expert who would overlay the
spatial distributions of the stressor variables to identify areas where
the highest overlap among the highest values of all variables occurs.

The overlap index measured the degree of overlap between high
values in all variables. It was obtained by first calculating the sum
of all stressor variables (after standardisation) and then studying the
statistical distribution of this sum. The quartiles of the distribution
indicated regions of high, medium, or low stressor concurrency, based
on the following rules:

« First and second quartiles (<50th percentile): low risk
+ Third quartile (50th-75th percentile): medium risk
+ Fourth quartile (>75th percentile): high risk

This model classified overall 12,346 cells as high risk, 12,345 as
medium risk and 24,691 as low risk. The cells associated with a high
risk included high values for most stressor variables, i.e., a high over-
lap between strong harmful forces and peculiarly fragile conditions.
Consequently, they could be associated with a high risk of potential
ecosystem change due to this cumulation. Therefore, the model’s output
represented a cumulative analysis of ecosystem risk.

As output, the model enriched the stressor-variable table with an
additional column reporting the overlap index classification for each
row (i.e., each cell-wise stressor-variable vector).

Although powerful and interpretable, this approach had two main
limitations: the exclusion of interdependencies among variables and the
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Table 1

List of the stressor variables used in our methodology. For each variable, the table reports the numeric identifier in the Massaciuccoli Atlas, the stressor name, a
general description, the data type (categorial or numeric), our interpretation as a fragile condition or harmful force, whether the variable in the Atlas was used
directly or inversely to define the stressor, the unit of measure, and the transformations used for mapping values onto numerical features. All variables represent
recent ecosystem conditions (2016-today), derived from single-year datasets, short-term change periods, or aggregated multi-year windows, as described in the

Atlas.

Id Stressor name Description (C)ategorial (F)ragile (Dnverse Unit of Value mapping
(Atlas (N)umeric condition (D)irect measure
ref.) (H)armful
Force
3 Land Change in degree of land N H D % Non-sealed in both
imperviousness imperviousness, from -100% to years (stable non-built
density increase +100%. up)—100%
Unclassifiable (no
satellite image
available or clouds or
shadows or snow)—NA
Outside area—NA
Others—as is
9 Tree cover density  Level of tree cover density, from N F D % As is
0% to 100%.
10 Tree cover density  Changes in tree cover density C H I classes Unchanged areas with
decrease across thematic classes no tree cover —0
(unchanged areas with no tree New tree cover —-1
cover / new tree cover / loss of Loss of tree cover —»1
tree cover / unchanged areas Unchanged areas with
with tree cover). tree cover —0
Others—0
11 Grassland cover Classification of grassland cover C F D classes Grassland—1
with two thematic classes 0-0
(grassland / non-grassland).
12 Grassland cover Changes in grassland vegetation C H I classes Unchanged
decrease cover across thematic classes (all non-grassland in both
non-grassland areas, grassland years—0
gain and grassland loss, Grassland gain—-1
unchanged grassland in both Grassland loss—1
years and unverified grassland Unchanged grassland
gain and loss areas). in both years—0
Unverified grassland
gain—-1
Unverified grassland
loss—1
Others—0
17 Land use and cover Land cover and land use in C H D classes Industrial—1
(Natura 2000) Natura 2000 sites. Only classes Commercial and
hazard area with the greatest potential military units—1
impact on natural ecosystems Mineral extraction—1
were selected (i.e., industrial, Dump and construction
commercial and military units, sites—1
mining activities, landfills and Highly modified water
construction sites, heavily courses and canals—1
modified watercourses and Others—0
canals).
40 Plant productivity = Total productivity as the sum of N F D range As is
the daily values of the vegetation
phenological index during the
growing season. It provides an
annual estimate of accumulated
plant biomass and overall
ecosystem productivity.
57 Temperature Absolute change in air N H D °C As is
increase temperature values
(approximately 2 m above the
Earth’s surface) relative to the
average across 1971-2010.
58 Potential Relative change in potential N H I % As is
evapotranspiration  evapotranspiration values
decrease compared to the average across
1971-2010.
59 Precipitation Relative change in precipitation N H I % As is
decrease values per unit area compared to
the average across 1971-2010.
65 Species richness Biodiversity index based on N F D number of As is
cumulative species richness, species
including birds, fish and
crustaceans, insects and clams,
mammals, reptiles and
amphibians, and other groups.
147 Land use and cover Changes in land use and C H D classes Artificially shaped
anthropisation vegetation cover. Only classes territories—1
increase with the greatest potential Utilised agricultural
impact on natural ecosystems areas—0.5
were selected (i.e., artificially Water bodies—-1
shaped territories, utilised Others—0

agricultural areas, Water bodies).
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likely misestimation of higher-risk areas. In fact, the high-risk condi-
tions identified by this model required the simultaneous presence of
high values for most variables, whereas actual risk was most likely due
to combinations and interdependencies between variable subsets (Pavi-
rani et al., 2025a). These limitations justified our search for alternative
models that could substitute or complement the cumulative analysis.

Structural analysis. To account for interdependencies among the stres-
sor variables in identifying ecosystem-risk conditions, our methodology
used a Multi K-means model. This model, in a variant introduced
in Coro et al. (2025), is an extended version of the K-Means algorithm
that automatically estimates the optimal number of clusters (K*) by
analysing different partitions of the stressor-variable space. The cen-
troids, i.e., the vectors representing the averages of the variables within
each cluster, were randomly initialised and updated iteratively until
convergence, using the Euclidean distance as the similarity metric to
estimate variable co-occurrence. The quality of clustering was assessed
through the UNIF(K) function, which compared the observed dis-
tribution of vectors with a theoretical uniform distribution by a y?
(Chi-square) test. The optimal solution was selected as the one with
the best fit, indicative of more homogeneous and statistically robust
clusters.

As an additional processing, our model conducted a statistical anal-
ysis on the model’s output. For each identified cluster, the centroid
vector values were compared with the statistical distributions of the
variables across the entire dataset. In particular, each stressor variable
value of a centroid was classified as follows:

* H (closer attention), if the value was higher than the 75th per-
centile

« M (medium attention), if the value fell between the 50th and 75th
percentile

» L (lower attention), if the value was lower than the 50th per-
centile

An overall attention level was subsequently assigned to each clus-
ter centroid, and consequently to the entire cluster, by counting the
variables labelled as H, M, and L:

« Closer attention level (dominance of H variables)
* Medium attention level (dominance of M variables)
» Lower attention level (dominance of L variables)

Multi K-means identified overall 21 clusters (K* = 21) in the Mas-
saciuccoli dataset, of which 15 (including 38,632 vectors, overall) were
associated with closer attention, 5 (including 8340 vectors, overall)
with medium attention, and 1 (including 2410 vectors, overall) with
lower attention.

Notably, the assignment of attention levels was not intended to
model ecological interactions among stressors. These interactions were
approximated during the clustering phase by analysing multivariate
similarities among complete stressor-variable vectors through Euclidean
distance. The centroid interpretation procedure served instead as a
transparent and reproducible mechanism for summarising the domi-
nant characteristics of each cluster and facilitating ecological interpre-
tation. In this sense, the attention levels did not replace the multivariate
information used to generate the clusters, but provided a synthetic
description of the stressor configurations represented by their centroids.
For example, one cluster classified as deserving closer attention was
characterised by high values of land imperviousness density increase,
grassland cover, grassland cover loss, plant productivity, temperature
increase, and land-use anthropisation, indicating the coexistence of
productive ecosystems with strong anthropogenic and climatic pres-
sures. Conversely, a cluster classified as deserving lower attention
exhibited low values of grassland loss and plant productivity, low
species richness, and only minor changes in temperature and potential
evapotranspiration, representing comparatively stable conditions with
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limited evidence of active degradation pressures. These examples illus-
trate how the centroid-based interpretation complements, rather than
substitutes for, the multivariate structure identified by the clustering
algorithm.

Overall, this model extrapolated a structure for the vector space of
the stressor variables; therefore, it performed a structural analysis of the
dataset, a term that will hereafter refer to this model. As the output,
the model generated an updated risk assessment table containing an
additional column that reported, for each stressor-variable vector, the
attention level of the belonging cluster.

Predictive analysis. The third ecosystem risk assessment model ad-
dressed the modelling of non-linear relationships between the stressor
variables. The Euclidean distance used by the Multi K-means model
could detect vector similarities but could not capture the complex
relations among the variables that led to the observed data. One way
to model these relations was to infer the latent variables that generated
the observed stressor-variable combinations (Coro et al., 2026).

A Variational Autoencoder (VAE) (Kingma and Welling, 2022) is a
deep, unsupervised probabilistic neural network that learns a latent
representation z underlying the observed data x. It models the data
distribution p(x) through a lower-dimensional latent space, capturing
the generative structure of the input vectors. The VAE consists of two
neural components: (1) an Encoder, which maps each input vector
to the parameters (mean and standard deviation) of a multivariate
Gaussian distribution over the latent variables, thereby approximating
the posterior distribution ¢(z|x); and (2) a Decoder, which reconstructs
the input vector ¥ from a sample drawn from this latent distribution
(z ~ g(z|x)). The Decoder also estimates the reconstruction likelihood
p(%]Z), which can be used to identify anomalous observations as those
with low reconstruction quality (Zhang and Peng, 2018; Liu et al,
2021). During training, the model parameters are optimised to max-
imise reconstruction likelihood by minimising a loss function composed
of two terms: (i) the reconstruction loss, which measures how accurately
the Decoder reproduces the input (e.g., via mean squared error or cross-
entropy), and (ii) the Kullback-Leibler divergence, which regularises the
learned posterior ¢(z|x) towards a standard multivariate Gaussian prior
with 7=(0,...,0)and 6 = (1, ..., 1).

In our study, the optimal architecture was automatically determined
during training using a “growing” strategy, in which nodes were incre-
mentally added to the hidden layers, and the configuration achieving
the highest total reconstruction probability of the input data was se-
lected. For simplicity and consistency with previous studies (Pavirani
et al., 2025a; Bove et al., 2026), the Encoder and Decoder architectures
were designed to be symmetrical. The dimension of z was varied
from 1 to dim(x) (=12) to identify possible compressed and less noisy
representations of the input data. More specifically, for each candidate
latent-space dimension, the hidden architecture was progressively ex-
panded from a minimal configuration of one hidden layer with one
neuron. Neurons were incrementally added until either no further
substantial increase in total reconstruction probability was observed
(increase <1%) or the reconstruction probability decreased. Once the
optimal number of neurons for a layer was identified, an additional
hidden layer was introduced and evaluated using the same procedure.
The architecture search stopped when adding further neurons or hidden
layers did not produce a substantial improvement in reconstruction
probability. Each candidate architecture was trained 10 times inde-
pendently with different random initialisations, and the architecture
yielding the highest average reconstruction probability was retained.
The selected architecture was found to be stable across repetitions,
with only minor variations in reconstruction probability and negligible
differences in the resulting risk classifications. For the Massaciuccoli
dataset, the optimal Encoder architecture consisted of 10 neurons in
the first hidden layer and 5 neurons in the second, while z had the
same dimensionality as x (12). The Decoder mirrored this structure,
with hidden layers of 5 and 10 neurons and a final reconstruction layer
of 12 neurons.



G.L. Vannini and G. Coro

A threshold at the 50th percentile of the reconstruction probabil-
ity distribution across the data was adopted to identify the subset
of vectors with lower reconstruction probability. These vectors were
referred to as ‘“anomalous” in a relative sense, i.e., as observations that
deviated more from the dominant data distribution learned by the VAE,
rather than as rare or extreme outliers in the classical sense of anomaly
detection. The choice of the 50th percentile was motivated by the
absence of prior knowledge on the proportion of anomalous conditions
in the ecosystem. Instead of assuming a fixed or small anomaly rate, the
VAE was used as a preliminary filtering mechanism to rank the data by
reconstruction probability and to reduce the vector space size for subse-
quent analysis. This threshold represented a balanced trade-off between
excluding potentially relevant anomalous configurations (if too restric-
tive) and including an excessive number of well-reconstructed, typical
observations (if too permissive). Previous studies have highlighted a
strong correspondence between this type of anomalous stressor variable
vectors and higher ecosystem risk (Pavirani et al., 2025a; Coro et al.,
2026). In this framework, the VAE did not provide a final anomaly
classification but rather served as a complexity-aware filter, leveraging
its ability to model non-linear relationships among stressor variables to
isolate less typical ecosystem configurations. The actual discrimination
of ecosystem risk was subsequently refined through structural analysis
applied only to this subset.

In our dataset, the VAE filter selected 24,674 vectors. The additional
structural analysis was applied to this subset to characterise different
types of anomalies. In fact, the VAE distinguished only between rela-
tively well- and poorly-reconstructed observations, the clustering step
enabled a more nuanced interpretation of anomaly patterns and the
identification of those deserving closer ecological attention. Attention
levels from the structural analysis were thus extracted only for the sub-
set of the original dataset vectors that the VAE identified as anomalous.
From the 24,674 anomalous vectors, the structural analysis identified
27 clusters (K* = 27): 7 clusters (including 7855 vectors, overall) were
associated with closer attention, 12 (including 9612 vectors, overall)
with medium attention, and 8 (including 7207 vectors, overall) with
lower attention.

The output of this modelling phase consisted of an updated risk
assessment table with an additional column reporting the attention
levels classified by this model.

One important difference between this model and the mere struc-
tural analysis is that the latent variables learned by the VAE can be used
to generate new data beyond the training dataset. This feature could
be used to hypothesise future anomalies and, consequently, project
new scenarios of ecosystem change. In this view, this system can be
interpreted (and referred to) as a predictive analysis.

Notably, the 50th percentile threshold over the reconstruction prob-
ability distribution was intended to provide the later structural analysis
with suitable and stable information for assessing attention levels.
Lower thresholds (e.g., the 25th percentile) yielded a smaller subset
of anomalous vectors and, consequently, reduced the abundance of
the clusters identified in the subsequent structural analysis. However,
the clusters deserving closer ecological attention remained broadly
consistent, with similar centroid profiles and spatial distributions. The
main effect of the lower threshold was a reduction in cluster size,
which increased variability across repeated executions and reduced
the robustness of the subsequent statistical refinement procedure. Con-
versely, higher thresholds increased the number of retained vectors and
progressively diluted the distinction between anomalous and typical
observations. Under these conditions, the predictive analysis became
increasingly similar to the structural analysis applied to the full dataset,
reducing the added value of the VAE-based filtering stage. Overall, the
50th-percentile threshold provided the best compromise between re-
taining sufficiently representative anomalous configurations for stable
clustering and preserving a meaningful distinction from the structural
analysis.
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2.2.2. Step 2 - Risk assessment refinement

In marine ecosystem-risk assessments, stressor variables are typi-
cally dominated by fishing pressure and biodiversity indicators (Coro
et al., 2025; Pavirani et al.,, 2025b). These variables are generally
well-mapped, spatially dense, and tightly coupled, enabling a rela-
tively direct integration of human-induced pressures and ecological
responses (Halpern et al., 2015; Korpinen and Andersen, 2016). There-
fore, the spatial overlap between these pressures and biodiversity pat-
terns facilitates the identification of risks and the attribution of ecosys-
tem impacts (Halpern et al., 2008). In terrestrial systems, however, the
configuration of stressors can be more heterogeneous. Datasets, such
as those from the Massaciuccoli Atlas, include diverse anthropogenic
and climatic drivers — such as urbanisation, increasing impervious
surface area, land-use change, soil degradation, or rising aridity —
whose spatial patterns may not align neatly with ecosystem processes.
In many cases, these stressors intersect primarily through human-driven
dynamics rather than through direct evidence of ecological change (Fo-
ley et al., 2005; Nelson et al., 2006). Consequently, ecosystem-risk
assessments should identify areas with a complex interplay among
anthropogenic pressures, climatic variability, and biological compo-
nents. These areas should encompass intricate interactions among plant
and animal communities, habitat structures, and ecological functions,
which cannot be inferred solely from physical or human-induced stres-
sors. Our ecosystem risk evaluation, therefore, had to identify areas
where biodiversity and ecological indicators adequately captured po-
tential impacts from human activities and climate-related drivers on
the ecosystem. To this aim, a refinement procedure was developed to
optimise the selection of the closer-attention clusters generated by the
structural and predictive analyses. This procedure aimed to identify
the clusters that exhibited stronger association with risks of ecosystem
change, based on statistical properties of the clusters. The procedure
consisted of the following steps:

1. The clusters classified as deserving closer attention were extracted
along with their associated vectors (selected clusters).

2. For each stressor variable, the average across all selected clusters
(X) and the related standard deviation sdy were calculated.

3. Each element in a selected-cluster centroid vector (xi1,) was
compared to X to produce a positive deviation score (D) through
the following rules:

 If x> X +sdg — D =1 (highly significant deviation)
* Else, if X +(sdz/2) < Xije, < X +sdg - D = 0.5 (significant
deviation)

« Else - all other cases - if x;

ile, < X +(sdg/2) - D=0 (non
significant deviation)

4. Among the selected clusters, an additional selection was con-
ducted to identify the clusters with at least a significant devia-
tion (D > 0) for fragile-condition related to biodiversity (species
richness), forest presence (tree cover density), and grassland pres-
ence (grassland cover).

5. For each biodiversity-related selected cluster, an overall ecosys-
tem risk index was calculated by summing and classifying the
D-scores of all centroid variables according to the following
rules:

« If ¥° D > number of features/2 — high ecosystem risk
« Else, if )} D > 0 — medium ecosystem risk
* Else — low ecosystem risk

Notably, this classification assigned the highest risk to clusters
that involved very high values (D = 1) for most variables or at
least significant values (D = 0.5) for all variables.

Overall, the presented risk assessment refinement process identified
clusters indicating strong concurrence between anthropogenic and/or
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climatic stressors on biodiversity. As a result, the process added a new
column to the risk assessment table that, for each row vector, contained
the ecosystem risk re-classification of the corresponding cluster, cate-
gorised as low, medium, or high. This table served as the basis of the
cell-wise analysis presented in the evaluation (Section 2.3).

2.2.3. Step 3 - Ecosystem-risk hotspots

To identify hotspots of ecosystem risks, the cell-wise assessments
from the previous step were reprocessed using Kernel Density Estima-
tion (KDE) (Rosenblatt, 1956). The coordinates of the cells associated
with the vectors in the medium and high clusters were processed through
a quartic Kernel. The interpolation radius was set to the estimated
spatial autocorrelation of the at-risk cells (0.003°, ~300 m). As the
output, the KDE produced a density map (heatmap) of the ecosystem-
risk cells, with higher-density areas indicating greater risk hotspots.
This output served as the basis for the hotspot analysis presented in
the evaluation (Section 2.3), which used the ecosystem risk hotspots
after excluding values below the 25th percentile to improve heatmap
visualisation and at-risk area identification. In particular, values above
the 25th percentile were used to assess similarities and discrepancies
between the maps produced by the three models.

2.3. Evaluation methodology

The following sections describe the evaluation methodology for the
three models. It was a two-step approach: the first step was a qualitative
assessment of the results that displayed and characterised the principal
hotspots of ecosystem risks. It offered ecological interpretations of the
major hotspots identified by the models. This analysis aimed to identify
the likely reasons for ecosystem risk arising from the interactions
among the stressor variables. Additionally, this evaluation compared
the identified spatial risk hotspots and their associated explanations
with the risks reported by localised agronomic and ecological studies
pertinent to those regions.

Following this, a quantitative evaluation aimed to highlight the
differences and similarities among the maps produced by the models. It
was conducted using a pairwise analysis to measure agreement between
the risk assessment maps generated by the models. This analysis was
conducted separately for cell-wise maps and hotspot maps. The agree-
ment was always calculated on a ~50 m grid, the spatial resolution
of the maps. Calculation was based on binarised maps. For cell-wise
comparisons, a value of 1 was assigned to cells corresponding to
medium- and high-risk clusters (at-risk cells), and O to those belonging
to low-risk clusters (non-at-risk cells). Similarly, for hotspot comparison,
a value of 1 was assigned to grid points with KDE values exceeding
the 20th percentile of the distribution, and O to those with lower KDE
values. For each map pair, we assumed one risk distribution (A) as the
reference distribution and the other (B) as the evaluated prediction. We
defined similarity as the proportion of cells (or grid points, equiva-
lently) categorised as at-risk or non-at-risk that were jointly assessed
by the models. Consequently, we calculated the following metrics:

True positives (TP) as the ratio of jointly assessed risk cells: TP =

%, with |A| = | B| = total number of cells

True negatives (TN) as the ratio of jointly assessed non-at-risk

cells: TN = 14=0and B=0|
: |A]

False negatives (FN) as fraction of cells where A indicated risk,

whereas B indicated non-risk: FN = w

False positives (FP) as fraction of cells where A indicated non-risk,

whereas B indicated risk: FP = %
. _ TP+TN
Accuracy as A = (TP+TN+FP+FN)

Agreement through Cohen’s Kappa (Cohen, 1960), which com-
. . Accuracy—
pared accuracy with chance agreement (P,): k = ——=¢

P, _ .
T with
p = TP+FPYTP+FN)+(TN+FN)TN+FP) ¢
e (TP+TN+FP+FN)?
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» Precision as the proportion of cells jointly classified as at-risk
compared to the total number of cells classified by B as at-risk:

= TP+FP
» Recall as the proportion of cells jointly classified as at-risk with

. . p_ TP
respect to those at risk for A: R = TPIFN

» Fl-score as the harmonic average between Precision and Recall,
which summarised the overall assessment performance of B with

respect to A: F; = zp'fr—‘lf

As a further quantitative evaluation, a simultaneous comparison was
conducted, in which the three maps were overlapped to highlight pat-
terns of medium or high ecosystem risk that were collectively identified,
treating the three models as a unified assessment. In this case, we
calculated the following metrics:

+ All medium/high risk: percentage of cells classified as medium or
high risk by all three models compared.

* One non-medium/high risk: percentage of cells classified as low risk
by one model but as medium or high risk by the other two.

+ All non-medium/high risk: percentage of cells classified as low risk
by all three models compared.

» One medium/high risk: percentage of cells classified as medium or
high risk by one model but as low risk by the other two.

The pairwise and simultaneous analyses therefore provided an
overview of the similarities, differences, and complementary aspects
among the models, as well as the advantages of combining them.

Notably, the evaluation framework adopted in this study does not
constitute a formal validation against independent ground-truth data.
In ecosystem risk assessment, risk refers to the likelihood of poten-
tial ecosystem transitions rather than directly observable degradation
states, and comprehensive, spatially explicit reference datasets are
typically unavailable. For the Massaciuccoli basin, existing studies are
largely sectoral, focusing on specific components such as hydrology,
biodiversity, agriculture, or pollution, and therefore do not provide a
unified benchmark for ecosystem-wide risk. Accordingly, the proposed
evaluation strategy combines a qualitative comparison with indepen-
dent domain-specific studies to verify the plausibility of the identified
risk patterns, and a quantitative analysis to assess the consistency and
complementarity of the models. This approach, therefore, evaluated
the external alignment of the methodology with established ecological
knowledge and its internal coherence. The results should thus be inter-
preted as a plausibility-based assessment rather than a strict empirical
validation.

3. Results

This section reports the results of the qualitative and quantitative
evaluations of the models described in the previous section.

3.1. Qualitative results

A characterisation of the areas at risk as indicated by each model
is provided below. Subsequently, a comparison with other scientific
studies is presented to evaluate the consistency of the findings.

Cumulative analysis. A total of 12,346 cells out of 49,382 were classi-
fied as high-risk cells (Fig. 3-a). The hotspot map (Fig. 4-a, magnified
in the Supplementary Material along with the other hotspot maps)
provides a more concentrated overview of the areas where at-risk cells
accumulate. These areas were characterised by the following features
(Table 2):

» Marshy areas surrounding the lake, particularly to the west near
Torre del Lago, to the north-west between the canals, and to the
east on the border with the town of Massaciuccoli. (H1.0);
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| Cumulative analysis " Structural analysis " Predictive analysis |

Legend
Legend 1 Cluster HLM - High risk [1991 cells] - Cluster M1.M - Medium risk (1350 cells]| | 9"
1st Quartile (25P)<-2,284 ™ -1.040<3rd Quartile (75P)<0.413 Cluster H2.M - High risk [2796 cells] m Cluster M2.M - Medium risk [5288 cells] | | Cluster HLV - High risk [918 cells] = - Cluster M1V - Medium risk [767 cells]
W -2,284>2nd Quartile (S0P)<-1.040  m 4th Quartile (100P)>0.413 Cluster H3.M - High risk [2594 cells] Cluster H2.V - High risk [896 cells] m Cluster M2.V - Medium risk [1560 cells]
Quantile identification Clustering identification Clustering on VAE identification

Legend Legend Legend
m Low risk [24961 cells] ~ Low risk [24691 cells] m High risk [12346 cells] W High risk [7381 cells] m Low risk [35408 cells] ~ Medium risk [6593 cells] I Low risk [45241 cells] ~ Medium risk [2327 cells] m High risk [1814 cells]

Cell-wise risk classification Cell-wise risk classification Cell-wise risk classification

Fig. 3. Distribution of the classification results (first row) estimated by the three models included in our methodology (cumulative, structural, and predictive
analyses), along with respective cell-wise risk classifications as low/medium/high (second row). The spatial resolution of the cells is approximately 50 m.

Cumulative analysis " Structural analysis " Predictive analysis |

Legend B x Legend v 4 Legend
HHigh risk \ -y High risk ) High risk
Low risk Low risk Low risk
Risk hotspots Risk hotspots Risk hotspots

Fig. 4. Distribution of the hotspots of ecosystem risk estimated by the three models included in our methodology (cumulative, structural, and predictive analyses).
The spatial resolution is approximately 50 m. Labels are intended as references for the characterisations reported in the article. Prefix H indicates hotspots with
a prevalence of high-risk cells. Prefix M indicates hotspots with a prevalence of medium-risk cells.
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Table 2
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Interpretation and classification of medium and high ecosystem risk by the cumulative analysis. For each area, the table reports a unique
identifier, its spatial location, the main fragile conditions present (along with their identifiers in the Massaciuccoli Atlas), and the main

harmful forces at work.

Identifier Localization Fragile conditions Harmful forces
High Risk
H1.0 Marshy areas distributed along the perimeter ~ « High species richness (id 65) « Moderate reduction in grassland
of the lake, with a higher concentration cover (id 12)
in the western sector near Torre del Lago « High increase in absolute average
Puccini, in the north-western sector along temperature (id 57)
the canal network, and in the eastern sector « High decrease in potential evapo-
bordering the town of Massaciuccoli, char- transpiration (id 58)
acterised by hygrophilous vegetation.
H2.0 Agricultural areas immediately adjacent to  « High presence of grassland cover (id  « High reduction in grassland cover
the lake and marshland, with a higher con- 11) (id 12)
centration in the western sectors near the o High plant growth (id 40) « High increase in absolute average
towns of Pian del Quercione and Massarosa, « High species richness (id 65) temperature (id 57)
west of Bozzano and Quiesa, and in the « High decrease in potential evapo-
southern sector south of the town of Mas- transpiration (id 58)
saciuccoli.
H3.0 Mixed agricultural and wooded areas lo- « Moderate tree cover density (id 9) « Moderate reduction in tree cover
cated between the towns of Viareggio and « Moderate presence of grassland  density (id 10)
Torre del Lago Puccini, near the marshland cover (id 11) « High presence of hazard areas (id
area, extending south-southeast along the < High plant growth (id 40) 17)
A12 motorway and the Aurelia state road. « High species richness (id 65) « Moderate increase in absolute aver-
age temperature (id 57)
« Moderate decrease in potential
evapotranspiration (id 58)
H4.0 Agricultural area cultivated with olive  « Moderate tree cover density (id 9) « High reduction in grassland cover
groves, located in the south-eastern sector < High presence of grassland cover (id  (id 12)
of Massaciuccoli Lake. 11) « High reduction in precipitation (id
« Moderate plant growth (id 40) 59)
« Moderate species richness (id 65)
H5.0 Wooded area, known as Pineta di Levante, « High tree cover density (id 9) e Moderate decrease in potential

located between the coast and the urbanised
areas of Torre del Lago Puccini and Viareg-
gio.

« Moderate plant growth (id 40)
« Moderate species richness (id 65)

evapotranspiration (id 58)

Medium Risk

M1.0 Wooded areas within the Migliarino, San  « High tree cover density (id 9) « High reduction in precipitation (id
Rossore and Massaciuccoli Natural Park, in- « Moderate plant growth (id 40) 59)
cluding the area around the mouth of the
Serchio River.

M2.0 Agricultural areas near and north-east of the « Moderate species richness (id 65) « High reduction in precipitation (id
towns of Vecchiano and Nodica. 59)

M3.0 Agricultural areas near the urban centres of  « Moderate tree cover density (id 9) « Moderate reduction in grassland

Piano di Mommio and Piano di Conca

« Moderate presence of grassland
cover (id 11)
« Moderate plant growth (id 40)

cover (id 12)

« High increase in absolute average
temperature (id 57)

« High decrease in potential evapo-
transpiration (id 58)

Agricultural zones located immediately surrounding the lake and
marshy areas, particularly to the west of the towns of Pian del
Quercione and Massarosa, west of the towns of Bozzano and
Quiesa, and south of the town of Massaciuccoli (H2.0);

Structural analysis. The high-risk clusters identified by this model cor-
responded to 7381 cells within the basin (Fig. 3-b). Table 3 pro-
vides a detailed characterisation of these areas, while the hotspot map
(Fig. 4-b) illustrates the accumulation areas of the at-risk cells. The
characterisation can be summarised as follows:

Mixed agricultural-wooded regions situated between the towns of
Viareggio and Torre del Lago Puccini, extending south-southeast
along the routes of the A12 highway and the Aurelia state road
(H3.0);

Fields with olive groves located to the southeast of the lake
(H4.0);

The wooded area of Pineta di Levante, located west of the town
of Torre del Lago Puccini (H5.0).

A more heterogeneous distribution of high and medium-risk areas
was observed in the wooded regions of the Natural Park of Migliarino,
San Rossore, and Massaciuccoli, as well as at the mouth of the Serchio
River in the southwest (M1.0). Additional mixed areas were found in
the agricultural fields adjacent to the towns of Vecchiano and Nodica
(M2.0), and in the northern part of the basin, near the towns of Piano
di Mommio and Piano di Conca (M3.0).

All identified areas were characterised by elevated values for most
fragile conditions and harmful forces, as the model did not account for
the interconnection between stressor variables.

+ Agricultural areas surrounding the lake and located between the
towns (H1.M). In these areas, the presence of grasslands and plant
productivity is threatened by a gradual artificial reduction in
grassland coverage and an increase in aridity observed in recent
years;

Wooded areas within the Pineta di Levante, near the Tyrrhe-
nian coast (H2.M). These areas, rich in biodiversity with high
tree cover density and plant productivity, face increasing aridity
(particularly a decrease in potential evapotranspiration) as the
primary threat;

Agricultural fields south of the lake and within the bends of
the Serchio River (H3.M). These areas are characterised by high
biodiversity and substantial plant production, yet they are also
subject to an increasing trend of aridity (notably a decrease
in precipitation) and ongoing artificial reductions in grassland
coverage in recent years.

Medium-risk areas (6593 cells) were predominantly located in

mixed agricultural-wooded zones south of the lake (M1.M and M2.M),



G.L. Vannini and G. Coro

Table 3
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Interpretation and classification of medium and high ecosystem risk by the structural analysis. For each area, the table reports a unique
identifier, its spatial location, the main fragile conditions present (along with their identifiers in the Massaciuccoli Atlas), and the main

harmful forces at work.

Cluster Localization

Fragile conditions

Harmful forces

High Risk

H1.M Agricultural areas surrounding the lake
and marshes, located between neighbour-
ing towns (Montramito, Pian del Quercione,
Massarosa, Bozzano, Quiesa and Massaciuc-
coli). To a lesser degree, it also involves
the lacustrine areas, particularly those lo-
cated to the south-east and south-west of
the lake, near Torre del Lago Puccini and
Massaciuccoli, characterised by the presence
of hygrophilous vegetation.

11)

« High presence of grassland cover (id

« High plant productivity (id 40)
« High species richness (id 65)

« High reduction in grassland cover
(id 12)

« High increase in absolute average
temperature (id 57)

« High decrease in potential evapo-
transpiration (id 58)

H2.M Wooded area, known as Pineta di Levante,
located between the coast and the urbanised
areas of Torre del Lago Puccini and Viareg-
gio. Smaller wooded areas are located along
the highway sections between Torre del
Lago Puccini and the lake and between
Viareggio and the marshland area; within
the town of Viareggio (Pineta di Ponente);
south of the town of Piano di Mommio.

« High tree cover density (id 9)
« High plant growth (id 40)
« High species richness (id 65)

« High decrease in potential evapo-
transpiration (id 58)

H3.M Agricultural areas located south of the lake,
near the town of Migliarino and within the
bend of the Serchio River. To a lesser ex-
tent, it also includes tree crops distributed
along the highway. Cluster complementary
to M1.M and M2.M.

« High plant growth (id 40)
« High species richness (id 65)

« High reduction in grassland cover
(id 12)

« High reduction in precipitation (id
59)

Medium Risk

M1.M Mixed agricultural areas with tree crops e« High presence of grassland cover (id  + Moderate reduction in tree cover
located south of the lake, with a higher 11) density (id 10)
concentration around the town of Migliarino  « High species richness (id 65) « High reduction in precipitation (id
and along the bend of the Serchio River, 59)
almost reaching its mouth. Cluster comple-
mentary to H3.M and M2.M.

M2.M Agricultural areas located south of the lake, « High species richness (id 65) « Moderate reduction in tree cover (id

with a higher concentration near the town
of Migliarino and along the bend of the
Serchio River. It also includes part of the
wooded areas near the highway (on the west
side) and part of the coastal area (Marina
di Vecchiano), both of which fall within
the Migliarino, San Rossore and Massaciuc-
coli Natural Park. Cluster complementary to
H3.M and M1.M.

10)

« Moderate reduction in grassland
cover (id 12)

« High reduction in precipitation (id
59)

complementary to the high-risk agricultural areas classified as H3.M.
They were characterised by a good level of biodiversity and occasional
grassland coverage, but were increasingly affected by reduced pre-
cipitation and moderate declines in tree cover density and grassland
extent.

Predictive analysis. The high-risk clusters identified by this model cor-
responded to 1814 cells within the basin (Fig. 3-c). Similar to the
structural analysis, Table 4 reports the detailed area characterisation,
and the hotspot map (Fig. 4-c) highlights the accumulation areas of
the at-risk cells. The characterisation can be succinctly summarised as
follows:

» Wooded areas and grasslands within the Pineta di Levante (H1.V).
These areas exhibit high tree cover density and plant productivity,
alongside moderate biodiversity. However, they are also affected
by the artificial reduction of green areas coupled with increasing
aridity in recent years;

Areas adjacent to the highway and state road, south of the lake
(H2.V). These regions are characterised by grasslands and plant
productivity, featuring high biodiversity but also reduced precip-
itation and a decline in green areas in recent years;

Localised biodiversity-rich areas within the bends of the Ser-
chio River (H2.V). These areas primarily consist of grasslands
characterised by rich biodiversity, yet are increasingly subject to
aridity due to rising temperatures, declining precipitation, and
evapotranspiration.
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Areas adjacent to the highway and state road, south of the lake
and within the bends of the Serchio River (H2.V). These zones mainly
corresponded to forest margins interspersed with grassland patches,
characterised by ecosystems with substantial tree cover, high plant
productivity, and high species richness. However, these areas have
been increasingly exposed to climatic stressors, particularly reduced
precipitation, accompanied by a moderate decline in grassland extent
and a progressive increase in aridity.

Similar to the structural analysis, medium-risk areas (2327 cells)
were mainly situated in mixed agricultural-wooded zones south of the
lake and in localised regions along the bends of the Serchio River (M1.V
and M2.V), characterised by rich biodiversity but a moderate reduction
in tree cover and grassland.

3.1.1. Consistency with other studies

The predictive analysis emerged as the most focused and localised
model, because it produced at-risk areas that were also classified by
the other models. Consequently, the risk areas delineated by this model
demonstrated greater reliability in identifying ecosystem risk. Our qual-
itative evaluation, therefore, compared the hotspot areas from this
model (Table 4 and Fig. 4-c) with the findings from other localised
scientific studies. In particular:

Agricultural areas north and east of the lake (M2.V). Numerous studies
have identified the peri-urban agricultural belt that separates agricul-
tural settlements from the town of Massaciuccoli as one of the most
vulnerable areas within the basin (Lastrucci et al., 2017; Viciani et al.,
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Interpretation and classification of medium and high ecosystem risk by the predictive analysis. For each area, the table reports a unique
identifier, its spatial location, the main fragile conditions present (along with their identifiers in the Massaciuccoli Atlas), and the main

harmful forces at work.

Cluster Localization Fragile conditions Harmful forces

High Risk

H1.V Extensive coverage of the wooded area  « High tree cover density (id 9) « Moderate reduction in grassland
known as Pineta di Levante, located between  « High plant productivity (id 40) cover (id 12)
the coast and the urbanised areas of Torre  « Consistent species richness (id 65) « High increase in absolute average
del Lago Puccini and Viareggio. Additional temperature (id 57)
mixed forest areas with grass cover are lo- « High increase in potential evapo-
cated along sections of the Al2 highway transpiration (id 58)
between Torre del Lago Puccini and the lake
and between Viareggio and the marshland
area; within the town of Viareggio (Pineta
di Ponente); and south of the town of Piano
di Mommio.

H2.V Areas covered by trees located: south-east of  « High tree cover density (id 9) « Moderate reduction in grassland

Torre del Lago along the A12 motorway, the
Aurelia state road and the railway; south of
the lake (agricultural area planted with olive
groves), along the bend of the Serchio river
to its mouth.

« High plant productivity (id 40)
« High species richness (id 65)

cover (id 12)
« High reduction in precipitation (id
59)

Medium Risk

M1.V

Heterogeneous coverage of agricultural ar-
eas located south of the lake. Greater
concentration in the vicinity of the town
of Migliarino and within the bend of the
Serchio River, extending towards the mouth.

« High presence of grassland cover (id
11)
« High species richness (id 65)

« Moderate reduction in grassland
cover (id 12)

« High reduction in precipitation (id
59)

M2.V

Agricultural areas surrounding the lake and
located between neighbouring urban centres
(Torre del Lago Puccini, Montramito, Pian

« High presence of grassland cover (id
11)
« Consistent species richness (id 65)

« High increase in absolute average
temperature (id 57)
« High decrease in potential evapo-

del Quercione, Massarosa, Bozzano, Quiesa
and Massaciuccoli).

transpiration (id 58)

2017). These reclaimed and intensively cultivated fields (Conti et al.,
2021; SNPA and Consumo di suolo, dinamiche territoriali e servizi
ecosistemici, 2025) place considerable pressure on natural habitats,
primarily by introducing nutrients into the lake system and indirectly
affecting adjacent grassland and forest ecosystems (Pasquetti et al.,
2024). Hydrological analyses have substantiated that nitrogen- and
phosphorus-rich agricultural runoff exacerbates trophic imbalance and
facilitates siltation processes (Rossetto et al., 2010a; Baneschi et al.,
2013). Concurrently, the historical reclamation and oxidation of peat
soils have induced subsidence and hydrological instability (Pasquetti
et al.,, 2024), thereby jeopardising the water regime essential for the
conservation of grassland and forest habitats within the marsh system.
In summary, this hotspot aligned with one of the basin’s most critical
areas in terms of hydrological and ecological vulnerability.

Tree transition areas along infrastructure and urban margins (H1.V and
H2.V). Previous research has indicated that the urban and infrastruc-
tural margins of the Massaciuccoli basin are characterised by significant
fragmentation, resulting in a diminished ecological connectivity (Pas-
quetti et al., 2024; Lastrucci et al., 2017). These regions, situated along
road corridors and at the periphery of urban settlements, predomi-
nantly feature residual vegetation cover that is particularly vulnerable
to microclimatic fluctuations and anthropogenic disturbances. This
vegetation acts as an ecological buffer between urbanised zones and
wetlands. The dynamics of fragmentation and anthropogenic pressures,
as previously noted in national environmental reports (SNPA and Con-
sumo di suolo, dinamiche territoriali e servizi ecosistemici, 2025), may
contribute to a decline in ecosystem resilience. Hotspot H1.V indeed
indicated these transitional zones as ecologically sensitive areas under
significant environmental stress.

Olive groves in the southern part of the lake (H2.V). The olive groves lo-
cated in the southern agricultural fields play a crucial role in promoting
landscape diversity and facilitating biodiversity conservation. However,
the implementation of intensive management practices, including the
use of fertilisers, pesticides, and irrigation, has been linked to pervasive
contamination and habitat degradation (Silvestri et al., 2012; Pistocchi
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et al.,, 2012). The conversion of permanent grasslands and agroeco-
logical mosaics into tree crops has reduced the landscape’s structural
complexity, thereby increasing its vulnerability to climatic and hydro-
logical stresses. The hotspot identified by our model was located within
the area indicated by other studies, and its characterisation in terms of
stressor variables reflected the conditions described in these studies.

Wooded areas of the levante and ponente pine forests (H1.V). The coastal
pine forests in this region are increasingly vulnerable to phytosanitary
degradation, soil compaction, and salinisation, alongside disturbances
stemming from wildfires and tourist activities (Lastrucci et al., 2017;
Pasquetti et al., 2024). These factors have led to a progressive decline in
tree cover, alterations in floristic composition, and reduced ecological
functionality. Our model successfully identified these areas as hotspots,
highlighting the concurrence of anthropogenic and climatic pressures
that impact these vulnerable forest habitats.

Mixed woodland and grassland areas along the bend of the River Serchio to
its mouth (H2.V and M1.V). The areas delineated by the model in the
lower Serchio valley, situated between the town of Migliarino and the
mouth of the River Serchio, represent a complex mosaic wherein agri-
cultural land intersects with woodland and grassland formations. This
coastal strip features a highly dynamic hydrogeomorphological system,
susceptible to fluctuations in water regimes, flooding, salinisation, and
marine intrusion (Pasquetti et al., 2024; Rossetto et al., 2010b). The
riparian habitats, along with the grassland and woodland formations
present within the delta plain, are crucial for maintaining biodiversity
and regulating the ecological integrity of the river system. However,
they are particularly susceptible to climatic stresses such as drought and
alterations in water levels, as well as anthropogenic pressures related to
the proximity of cultivated areas and the settlements of Migliarino. The
presence of agricultural land disrupts ecological continuity, heightening
the risk of habitat degradation and diminishing its resilience. The
localised hotspots identified by our model in this region, along with
their characterisation regarding the concurrency of stressor variables,
aligned with findings from the other studies cited.

Overall, the regions identified by the model were known to basin
experts for their ecological significance, persistent anthropogenic pres-
sures, and ongoing degradation. Furthermore, the highlighted hotspots



G.L. Vannini and G. Coro

Table 5

Ecological Informatics 97 (2026) 103872

Pairwise comparison metrics for the ecosystem risk assessments produced by the three models compared
(cumulative, structural, and predictive analyses). The table reports Accuracy, Precision, Recall, F1 score,
and Cohen’s Kappa for cell-wise and heatmap comparisons, with one model serving as the reference and
the other as the prediction. Symmetrical values for Accuracy, F1, and Kappa are not reported to avoid

information redundancy.

Cell-wise Hotspots
Accuracy Accuracy
Prediction Prediction
Cumulative Structural Predictive Cumulative Structural Predictive
o»  Cumulative — — — — — —
% Structural 0.65 — — 0.63 — —
g‘f Predictive 0.79 0.73 — 0.73 0.72 —
Precision Precision
Prediction Prediction
Cumulative Structural Predictive Cumulative Structural Predictive
° Cumulative — 0.33 0.76 — 0.51 0.81
£ Structural 0.37 — 0.59 0.49 - 0.82
‘§ Predictive 0.25 0.17 — 0.35 0.34 —
Recall Recall
Prediction Prediction
Cumulative Structural Predictive Cumulative Structural Predictive
o»  Cumulative — 0.37 0.25 — 0.49 0.35
% Structural 0.33 — 0.17 0.51 — 0.34
ig Predictive 0.76 0.59 — 0.81 0.82 —
F1 score F1 score
Prediction Prediction
Cumulative Structural Predictive Cumulative Structural Predictive
o»  Cumulative — — — — — —
£ Structural 0.35 — — 0.50 — —
g Predictive 0.38 0.27 — 0.49 0.48 —
Cohen’s Kappa Cohen’s Kappa
Prediction Prediction
Cumulative  Structural  Predictive Cumulative  Structural  Predictive
o»  Cumulative — — — — — —
% Structural 0.12 — — 0.21 — —
:E Predictive 0.29 0.16 — 0.35 0.33 —

were known to have experienced degradation and undergone ecological
transformations characterised by renaturalisation dynamics, including
recolonisation by grassland and woodland.

3.2. Quantitative evaluation results

Pairwise analysis. For each model pair, the results of the cell-wise
and hotspot comparisons were calculated separately. Fig. 5 visually
represents these comparisons, emphasising the differences and sim-
ilarities in the spatial patterns of the cell-wise (left-hand side) and
hotspot (right-hand side) maps. Additionally, Table 5 reports the con-
fusion matrices. It is noteworthy that the at-risk areas identified by the
predictive analysis were predominantly encompassed within those iden-
tified by the other models, whereas the cumulative analysis exhibited
complementary patterns to the structural analysis.

Cumulative vs structural analyses: The cumulative analysis achieved
a moderate accuracy (0.65) in replicating the assessments of the struc-
tural analysis, along with only a slight agreement (x = 0.12) as per
Fleiss’ interpretation of Cohen’s Kappa (Fleiss and Cohen, 1973) (Fig.
5-a). When the two models were alternated as references, the Pre-
cision (0.37-0.33), Recall (0.33-0.37), and F1-score (0.35) remained
modest, indicating limited overlap between the at-risk areas identified
jointly by the two models, suggesting substantial complementarity.
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This limited disagreement was corroborated by the comparison be-
tween the hotspots (Fig. 5-b), which revealed an Accuracy of 0.63
and a slight agreement (x = 0.21). The Precision (0.49-0.51), Recall
(0.51-0.49), and F1-score (0.50) confirmed that the two models were
largely complementary.

Cumulative vs predictive analyses: These two models achieved the
highest level of agreement among the comparisons, with an Accuracy
of 0.79 and a fair Kappa (0.29) (Fig. 5-c). Precision and Recall had
dissimilar values (0.76 vs 0.25) and swapped when predictive analysis
was used as the reference, with the previous false negatives becoming
false positives and vice versa. This dissimilarity was reflected in a
modest F1 Score (0.38), indicating some complementarity between
the two models. However, these results also indicate that the false
positives — at-risk areas for the predictive analysis not classified by
the cumulative analysis — were few. Therefore, the at-risk areas were
almost entirely included in the cumulative analysis. On the other hand,
the low Recall indicated that the cumulative analysis produced more at-
risk areas. The hotspot comparison confirmed this scenario, with a fair
Accuracy (0.73) and Kappa (0.35), and an F1-score of 0.49 (Fig. 5-d).

Structural vs predictive analyses: The comparison between these two
models yielded a moderate Accuracy (0.73) but only a slight agreement
(x 0.16) (Fig. 5-e). When structural analysis was utilised as the
reference, the Precision of predictive analysis was 0.17, while the
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Fig. 5. Pairwise differences between the three models included in our methodology (cumulative, structural, and predictive analyses), reported at the levels of the
individual cells classified by the models and the hotspot maps. For each map, the first-mentioned model is used as the reference, and the second as the prediction.

The spatial resolution of each map is approximately 50 m.

Recall was 0.59, resulting in an Fl-score of 0.27. This observation
suggests that the at-risk areas delineated by the predictive analysis
were nearly fully included within those identified by the structural
analysis, indicating that the structural analysis produced a broader
classification. This assertion was further corroborated by the hotspot
comparison (Accuracy = 0.72 and Fl-score = 0.48), despite a slightly
higher agreement between the maps (x = 0.33) (Fig. 5-f).

Simultaneous analysis. The simultaneous analysis, applied to both cell-
wise and hotspot maps, evaluated the spatial consistency among the
three models, thereby distinguishing areas characterised by joint agree-
ment from those exhibiting divergent classifications. This approach
offered an integrated perspective on the models, as reflected in their
complementary outputs. Fig. 6 illustrates the spatial distributions of
the agreement categories, while Table 6 presents the evaluation met-
rics. The category “all medium/high risk” encompassed 3.40% of the
cells and 9.92% of the hotspots, indicating a low level of joint as-
sessment in areas classified as medium or high risk. Conversely, the
“one non-medium/high risk” category accounted for 10.40% of the
cells and 14.07% of the hotspots, suggesting that high concordance
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among the models occurred when at least two models indicated a
cell as being at medium or high risk. The “all non-medium/high
risk” category accounted for 55.64% of the cells and 44.59% of the
hotspots, reflecting substantial agreement in classifying numerous areas
as non-medium/high risk. Finally, the “one medium/high risk” cate-
gory accounted for 30.56% of the cells and 31.42% of the hotspots, as
several locations were classified as medium or high risk by only one
model due to the complementary nature of their assessments.

4. Discussion

This paper has presented a multi-step methodology for conducting
ecosystem risk assessments for the Massaciuccoli Lake basin in Tuscany
(Italy). The presented results provide valuable, previously unavailable
information for conservation planning by local authorities. The ap-
proach incorporates three complementary models: a cumulative analysis
based on an overlap index, a structural analysis based on Multi K-
means, and a predictive analysis based on applying structural analysis
to selected outputs from a Variational Autoencoder. These models
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Fig. 6. Simultaneous comparison of the three models included in our methodology (cumulative, structural, and predictive analyses), reported at the levels of the
individual cells classified by the models and the hotspot maps. Different colours/tones are used to distinguish different agreement conditions among the models.

The spatial resolution of the maps is approximately 50 m.

Table 6

Quantitative evaluation of the spatial agreement categories from the simultaneous comparison of the three methods included in our
methodology (cumulative, structural, and predictive analyses). The table first summarises the agreement category definitions. Then, for
cell-wise and hotspot comparisons separately, it reports the number of cells per category and the relative percentage. This table is meant
to support the interpretation of the colour-coded spatial patterns reported in the related figure.

« Medium/high risk o Non medium/high risk

Cell-wise Hotspots

Agreement category Cumulative Structural Predictive Number of cells % Number of cells %
| All medium/high risk | - . . 1677 3.40% 4898 9.92%
o . . 716 1359
| One non medium/high risk | ° . 1465 10.40% 1343 14.07%
. . o 2949 4248
All non medium/high risk o ° ° 27451 55.64% 22019 44.59%
. o o 6254 7433
One medium/high risk o . ° 8587 30.56% 8012 31.42%
o o . 238 70
Total 49337 100.00% 49382 100.00%

processed data focusing on ecosystem stressors within the analysed
area, encompassing current fragile conditions and harmful forces likely
to converge, thereby pushing the status of the Massaciuccoli ecosystem
towards degradation.

A simultaneous comparative analysis provided an overview of the
three models combined, highlighting their complementary and con-
cordant assessments. This analysis, complemented by pairwise com-
parisons, demonstrated that the models yielded risk assessment maps
with low to moderate agreement. This outcome also underscores com-
plementary conceptual and operational foundations underlying the
methodologies employed. The cumulative analysis showed an inclusive
approach that typically identified larger at-risk areas. Generally, this
model tended to overestimate ecosystem risk compared to the other
models. However, by design, it identified regions of high stress within
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the ecosystem, even though these regions were not necessarily crit-
ical. Conversely, the structural analysis identified clusters of vector
similarities, thereby revealing homogeneous conditions rather than
merely co-occurrences of stressors. This model produced risk maps
interpretable as precautionary, as they tended to encompass extensive
areas surrounding the identified risk-accumulation zones. Lastly, the
predictive analysis inferred latent variables that captured the generative
process underlying the data, thereby accounting for more complex
interrelations among the stressor variables. By nonlinearly reducing the
stressor variables, this model captured latent anomalies associated with
ecosystem risks, aligning with findings from other studies (Pavirani
et al., 2025b; Coro et al., 2025). The results indicated that it prioritised
the reliability of risk assessments over their expansiveness; its high-risk
areas were primarily included in those identified by the other models.
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However, this emphasis on reliability may lead to an underestimation
of risk, rendering the model’s results more conservative.

These structural differences justify the ensemble overview pre-
sented in the simultaneous analysis. Hierarchical spatial structures also
emerged: areas of maximum agreement (depicted in dark green in
Fig. 6) represented critical ecosystem risk zones, often encircled by
a zonal buffer (orange), within which the two models concurred on
the presence of risk. This observable gradient suggests that ecosystem
risk is not merely a binary construct but rather has a progressive
intensity, consistent with the ecological complexity characteristic of
the Massaciuccoli basin. From this perspective, the simultaneous maps
in Fig. 6 were more effective at capturing the nuances of risk and
identifying management priority areas for conservation or mitigation
efforts. Therefore, the discrepancies observed across the three models
should not be interpreted as inconsistencies but rather as complemen-
tary perspectives on a complex ecosystem. Future research will aim to
integrate these three models into a hierarchical framework to bolster
decision-making processes through spatial, statistical, and predictive
evidence.

The qualitative analysis demonstrated the reliability of the jointly
identified ecosystem risk hotspots, as they showed correspondence with
other studies focused on specific subregions of the basin. Overall, the
principal risks emerging were driven by the pressure of climate change
(with increasing aridity) on biodiversity-rich or productive areas, as
well as by the reduction of grassland and trees near urbanised areas
due to urban or industrial expansion.

From an ecosystem management perspective, using either one risk
assessment model or the simultaneous maps as a support for guid-
ing interventions should depend on the specific ecological objectives,
available data, and management context, as these factors influence
prioritisation of conservation and intervention efforts. The cumulative
analysis map (Fig. 4-a, magnified in the Supplementary Material along
with the other hotspot maps) was more useful for providing a com-
prehensive overview of risk areas and general problems. It consistently
identified marshy areas, agricultural zones around the lake, areas near
rural towns, mixed agricultural-wooded regions, and areas surrounding
the highway and the principal state road. From a management per-
spective, it provided a macroscopic view of the principal risk assets.
The structural analysis map (Fig. 4-b) was more specific in detecting
risk areas and might be more useful for spatial planning. However,
its precautionary output would not be suitable for urgent management
interventions that should prioritise targeted actions in specific areas.
The predictive analysis map (Fig. 4-c), on the other hand, would support
this type of planning at the expense of a comprehensive overview
of the problems. Ongoing research (CNR News, 2025) is testing how
the produced maps can practically support spatial planning by pre-
senting them to local authorities to gather feedback and support their
decision-making processes.

The main limitation of our approach is that risk depends on the
selection of the stressor variables. A more exhaustive analysis would
require examining new variables related to ecosystem services, such
as tourist pressure, flood-reduction capacity, water-purification rates,
aesthetic value, tourism revenue, soil health indicators, and nutrient
cycling rates. Future research, in collaboration with local authorities,
will investigate how the ecosystem-risk maps evolve after incorporating
these variables and whether the methodology can be extended to assess
risks associated with changes in ecosystem services.

Another limitation of the present study concerns the absence of
independent, spatially explicit ground-truth data for validating the
ecosystem risk maps. Ecosystem risk is inherently a forward-looking
concept, representing the likelihood of future degradation rather than
an immediately observable condition. Additionally, the available stud-
ies for the Massaciuccoli basin are fragmented and focus on specific
environmental components, preventing the construction of a compre-
hensive validation benchmark. For this reason, validation was con-
ducted through a combination of model comparison and qualitative
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agreement with independent expert studies, which should be inter-
preted as an assessment of plausibility rather than strict accuracy.
Future work will aim to strengthen validation by integrating additional
data sources, such as updated ecological monitoring data, changes in
species distributions, and ecosystem service indicators, to provide more
direct empirical support for the identified risk patterns.

Future research will also analyse the multi-temporal dimensions
of the Massaciuccoli Atlas data for long-term ecosystem monitoring
and management. While the present study focuses on a single time
frame to evaluate the methodology, the availability of historical and
projected datasets offers the potential to analyse the temporal evolu-
tion of ecosystem risk. Extending the methodology to multiple time
steps would enable the identification of risk trajectories, the detection
of emerging or declining hotspots, and the assessment of ecosystem
responses to climatic and anthropogenic changes. However, such an
extension will require dedicated methodological developments, includ-
ing the definition of temporal consistency metrics and comparative
frameworks across time frames.

Finally, although the methodology was designed to be reproducible
and reusable, in line with the Open Science paradigm (Coro et al.,,
2024c), its generalisability has not been empirically demonstrated
across multiple study areas. However, the approach relies on general-
purpose models that operate on the statistical properties of stressor
variables and does not require site-specific parameterisation, thereby
supporting its applicability across different ecological contexts. How-
ever, successful transfer depends on the availability of harmonised
geospatial datasets representing comparable stressor variables. Future
research will focus on applying and validating the methodology across
different wetland and terrestrial ecosystems to assess its robustness
under varying environmental conditions and data configurations. Such
cross-site analyses will be essential to fully establish the generalisability
and operational reliability of the proposed framework.

5. Conclusions

In conclusion, from the perspective of emerging technologies in
ecology and sustainable development, the proposed methodology rep-
resents a disruptive approach in terms of integration, scalability, and
applicability. By combining deterministic, statistical, and deep learning
models within a unified framework, it enables the analysis of a com-
plex ecological system without requiring labelled data or strong prior
assumptions. This is particularly relevant in contexts where data are
heterogeneous or incomplete, as is often the case in rapidly chang-
ing environments. Overall, the proposed approach helps bridge ad-
vanced computational methods and ecological applications, in line with
the development of scalable, context-aware solutions for sustainable
ecosystem management.

Several challenges emerged during the development of the method-
ology. The first concerned integrating heterogeneous geospatial infor-
mation from different sources, temporal references, spatial representa-
tions, and measurement scales. This challenge was addressed through
a dedicated harmonisation workflow that transformed the original
datasets into a common stressor-variable representation suitable for
joint analysis. A second challenge involved defining ecologically mean-
ingful stressors from a much larger set of environmental variables. This
challenge required identifying variables representing either harmful
forces or fragile ecosystem conditions, along with appropriate transfor-
mations and inversions to ensure a consistent ecological interpretation.
Finally, the absence of spatially explicit ground-truth data for ecosys-
tem risk necessitated the adoption of a consistency-based evaluation
framework that combined model agreement analysis with compar-
isons with independent ecological studies. These challenges motivated
several design choices of the proposed methodology, including the
use of complementary analytical models, stressor standardisation, and
a transparent refinement procedure to improve the robustness and
interpretability of the resulting risk assessments.
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