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Big-data mining approaches based on Artificial Intelligence models can help forecast biodiversity changes before
they happen. These approaches can predict macroscopic species distribution patterns and trends that can inform
preventive measures to avoid the loss of ecosystem functions and services. They can, therefore, help study and
mitigate climate change implications on biodiversity conservation in fragile ecosystems. Wetlands are particu-
larly fragile ecosystems where climate change poses severe risks and has dramatically reduced their size over the
past century, with profound consequences on biodiversity and ecosystem services. Through big-data mining
approaches, we can predict future wetland biodiversity trends in the context of climate change. This paper
proposes such predictive analysis for a specific wetland: The Massaciuccoli Lake basin in Tuscany, Italy. This
basin is a critical tourist attraction due to its rich biodiversity, making it an area of interest for citizens, tourists,
and scientists. However, the region’s suitability for native and non-native species is at risk due to climate and
land-use change. Using machine-learning models, we predict the potential effects of climate change on animal
spatial distribution in the basin under different greenhouse gas emission scenarios. The results suggest that
habitat suitability has generally improved from 1950 to today, presumably owing to the targeted conservation
strategies adopted in the area, but climate change will severely reduce bird biodiversity by 2050 while favouring
several insect species’ proliferation and other species’ habitat change, even under a medium-emission scenario.
This will lead to significant changes in the basin’s biodiversity. Our methodology is adaptable to other wetland
basins, being fully based on open data and models. The spatially explicit modelling used in this research provides
valuable information for policymakers and spatial planners, complementing traditional biodiversity trend
analyses.

1. Introduction the focus of the Convention and are gaining increasing attention (Barik

et al., 2022; Dai, 2013; Gedney et al., 2004; Yang et al., 2017; Zhang

Climate change poses severe risks to delicate ecosystems such as
wetlands, which have shrunk in the last decades (Creed et al., 2017;
Dang et al., 2021; Gohr et al., 2021; Samal et al., 2022; Waleed et al.,
2023; Xi et al., 2021) and reduced of ~70% in the twentieth century
(Davidson, 2014). Consequently, there has been a severe negative
impact on their biodiversity and on ecosystem services such as water
quality, food and resource supply, carbon sequestration, and social and
touristic features (Brink et al., 2013; Finlayson et al., 2005; Gardner and
Finlayson, 2018; Gibson et al., 2015; Keddy et al., 2009). The Ramsar
Convention on Wetlands has collected advice and guidance for wetland
inventory, assessment, and vulnerability monitoring (Finlayson et al.,
2011). The implications of global climate change on wetlands are among
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et al., 2017). Many sites worldwide undergo poor monitoring, which
prevents actions by governmental authorities to contrast degradation
(Gardner and Finlayson, 2018). One crucial aspect studied in the sci-
entific literature is the implication of future wetland condition changes
to biodiversity conservation (Kim et al., 2023; Levandowski et al., 2021;
Xi et al., 2021).

In this context, big-data mining through Artificial Intelligence
models can help forecast future biodiversity change well ahead of the
times (Coro et al., 2016a; Fordham et al., 2016; Trantas et al., 2023). Big
data naturally contain errors and misclassifications, which might affect
models’ reliability when the results are interpreted as detailed answers
to the research problems. However, the results gain validity when
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considered as macroscopic indications rather than detailed answers
(Coro et al., 2022a). Spatial analyses on extensive areas can remain valid
even with a high percentage of errors in the models’ training sets
(Queiroz et al., 2021). Macroscopic spatiotemporal analyses of species
distributions can reveal valid and reliable properties and dynamics,
providing important information for planning prevention actions and
avoiding ecological degradation (Coro et al., 2022b; Pfeiffer and Ste-
vens, 2015). Although these results should complement rather than
substitute local-scale studies, they can provide quick overviews and
answers. Several studies based on big data of wetlands have estimated
that climate change can overall reduce biodiversity and create signifi-
cant population shifts (Coro et al., 2016a; Desta et al., 2012). Machine
learning-based approaches have forecast future biodiversity scenarios
for particular species groups (e.g., plants, fishes, mammals) to assess
vulnerability to climate change (Gallagher et al., 2013; Heubes et al.,
2013; Thuiller et al., 2006). Other studies have predicted future area-
aggregated species richness through asymptotic estimators (Chao and
Chiu, 2016; Gotelli and Colwell, 2001). Data mining approaches have
also used genomics-based approaches to study long-term species-rich-
ness changes in wetlands (Batt et al., 2017; Gibson et al., 2015).

This paper focusses on the wetland basin of the Massaciuccoli Lake in
Tuscany (Italy) (Fig. S1), an important tourist attraction in Tuscany
because of its varied biodiversity. The basin’s hydrogeological, chemi-
cal, and environmental features directly influence the area’s suitability
for the presence and persistence of the native species (e.g., the black
bullhead, eel, tench, largemouth bass, carp, heron, kingfisher, etc.) and
non-native species (e.g., sheatfish, red swamp crayfish, etc.). It is also an
important hub for many bird migrations, which attract citizens’, tour-
ists’, and scientists’ interest (Ciccolini et al., 2013; Nikologianni, 2019).
Birds are particularly susceptible to alterations in the biogeochemical
and hydrological conditions regulating the wetland’s ecosystem; there-
fore, predicting these conditions’ alterations within the current climate
change context is important to prevent loss of ecosystem functions that
would also impact many ecosystem services (Bertacchi et al., 2015;
Colombaroli and Tinner, 2013; Colombini et al., 2013; Giugliano et al.,
2011).

We present a spatially-explicit, multi-species, machine-learning
based animal species-richness assessment for the Massaciuccoli Lake
basin. We predict overall climate change effects on animal presence in
the basin under two future medium- and high-greenhouse gas emission
scenarios, simulated through the Representative Concentration Path-
ways (RCP) 4.5 and 8.5 (Van Vuuren et al., 2011) respectively. We es-
timate species composition through models that learn from 2016 data
and project potential species’ spatial distributions and richness in the
future (2050 and 2100), under the two RCP scenarios. Moreover, we
study how the current species composition might have changed with
respect to 1999 and 1950. We combine two machine-learning models -
one unsupervised and one supervised - to estimate the change of a
biodiversity spatial-distribution measure (species richness) over the years
in the basin, based on 180 resident species’ data. As species observation
data, we use data from a public authoritative repository of big data
(GBIF) improved with reliable records we accurately and directly
observed in the field.

Our results highlight that climate change will pose severe risks to
birds’ biodiversity, even under a medium greenhouse gas emission
scenario. Climate change will also alter the distribution of aquatic and
terrestrial species, which will search for cooler and water-richer areas.
On the contrary, it will favour habitat suitability for several insects. The
results predict that the basin’s biodiversity will significantly change,
which will likely have a negative impact on ecosystem services. This
scenario would call for urgent actions today to mitigate the effects of the
increasing temperature and aridity trends, e.g., through water-refuelling
strategies. Our results enforce the conclusions of alternative ecological
studies but also add the first assessment of the timing and intensity of the
change, which is valuable for management planning.

Our approach is general enough to be applied to other wetland basins
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because the methodology is independent of the specific application case.
In this framework, the data we use are Findable, Accessible, Interoper-
able, and Reusable (FAIR). Compared to other approaches for wetland
species richness estimation, we use spatially explicit modelling instead
of accumulation curves (Chao and Chiu, 2016; Gotelli and Colwell,
2001; Ugland et al., 2003). Specifically, we report spatial distributions
of species richness at a ~ 50 m resolution over different years and RCP
scenarios, which complement aggregated biodiversity-trend analyses
and are more practical to inform policymakers and support spatial
planning (Weber et al., 2004). Previous works for the Massaciuccoli
Lake basin have statistically analysed the basin-aggregated composition
and trophic chain of specific species groups, e.g., macro-invertebrates
(Colombini et al., 2013; Giugliano et al., 2011). A few spatially
explicit analyses are available for single vegetation species related to the
lake’s restoration from eutrophication (Bertacchi et al., 2015). Climate
change-related studies have analysed the long-term effects of fires and
vegetation change on the current vegetation biodiversity (Colombaroli
etal., 2007; Colombaroli and Tinner, 2013; Lastrucci et al., 2017; Tinner
et al., 2013), or probed the basin to discover the undergoing geochem-
ical, hydrologic, and environmental changes (Bertacchi et al., 2019; Da
Prato and Baneschi, 2020; Pistocchi et al., 2012).

The paper is organised as follows: Section 2 describes our method-
ology, including the data preparation and modelling phases and the case
study. Section 3, reports the results of our species-richness analysis over
the years and its evaluation. Finally, Section 4 draws the conclusions.

2. Methods

This section describes our approach for estimating a species-richness
measure for the Massaciuccoli Lake basin in the long term. It introduces
the primary data sources used for our study (Section 2.1) and the data
pre-processing we applied to estimate the basin’s future environmental
conditions (Section 2.2). It then explains our approach to collecting
observation data from FAIR data repositories and on-the-field surveys
(Section 2.3). Additionally, it illustrates a species prevalence estimation
method (Section 2.4), functional to our modelling (Section 2.5). Finally,
it explains our species richness estimation approach (Section 2.6) and
the application to the Massaciuccoli Lake basin (Section 2.7).

2.1. Environmental data

The District Basin Authority of the Northern Apennines (Autorita di
bacino distrettuale dell’Appennino settentrionale) is an Italian public
organisation whose role is to monitor and preserve the areas of its
competence (the Central, Northern, and Western Italian Apennines) and
ensure hydrogeological restoration and water resource preservation.
The Authority monitors the Ligurian, Magra, Serchio, and all Tuscanian
rivers (except for the Fiora river). It openly publishes topographical,
urban, environmental, and territorial maps about all monitored areas.
Among the open data, a few environmental parameters - crucial for
agriculture and water resource management - are available for the
Massaciuccoli Lake basin (Fig. 1), i.e.:

1. Evapotranspiration (ET) in 2006 (mm): The combination of processes
that bring water from the Earth’s surface to the atmosphere, which
includes evaporation (direct movement) and transpiration (indirect
movement);

2. Water surplus (WS) in 2006 (mm): The amount of water from pre-
cipitation exceeding evapotranspiration;

3. Conductivity (C) in 2002 (S/cm): The electrical conductivity of soil
and water, principally depending on salts, water capacity, nutrients,
and soil texture;

4. The average annual surface-air temperature (T) between 1980 and
1999 (°C);

5. The average annual precipitation (P) between 1980 and 1999 (mm).
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Fig. 1. Data of the District Basin Authority of the northern Appennines, downsampled at a ~ 50 km resolution (Authority data), with inner gaps for Evapotrans-
piration and Water surplus filled through interpolation. The image at the lower-right corner reports altitude data from GEBCO bathymetry used for the interpolations.

We used these data for our models because they had the highest
spatial resolution (~0.00005°, i.e. ~5 m) among all data publicly
available for the Massaciuccoli Lake basin. These FAIR data made our
results reproducible and repeatable. Unfortunately, the Authority data
did not include additional data bringing complementary information
related to biodiversity change, such as land cover and geomorphology.
However, the listed parameters have demonstrated sufficient suitability
for species-richness modelling in other studies and areas, also for
building wetland models and species-richness temporal analyses (Coro
et al., 2016a; Gohr et al., 2021; Midgley et al., 2002). Moreover, we
demonstrated that they can compensate for the information brought by
parameters such as bathymetry and water presence (Section 3.2).
Hereafter, we will refer to them as Autority data.

Since temperature and precipitation have changed very much in the
last 20 years in the Massaciuccoli Lake basin (Baneschi, 2007; Da Prato
and Baneschi, 2020; Pignalosa et al., 2022a; Tinner et al., 2013), and the
temporal reference in the Authority data (1980-1999) was too far from
today, these data required adjustments to reflect current, near-past, and
future environmental conditions (Section 2.2).

2.2. Environmental data re-analysis

To update the T and P data, we used past and future-projection data
available from a global scale repository of FAIR environmental,
geophysical, and marine-related data for ecological models (Coro et al.,
2023). This repository contains surface-air temperature and precipita-
tion data in the ESRI-GRID ASCII format, among its 2132 raster data of
58 parameters at regional and global scales. These data are re-analysed,

validated long-term daily forecasts between 1950 and 2100 at a 0.25°
resolution, from the NASA Earth Exchange platform (NASA, 2020) and
the Coupled Model Intercomparison Project Phase 5 (Taylor et al., 2012)
data. They result from the merge of 20 different weather models esti-
mating annual temperature and precipitation values for 1950, 1999, and
2016. Forecasts for 2050 and 2100 are available under the RCP4.5 and
RCP8.5 scenarios. The availability of these data and their demonstrated
robustness for ecological models (Coro et al., 2023) also made the RCP
environmental scenarios preferable to alternative future scenarios for
our study (Nazarenko et al., 2022). We used these data in a pre-
processing stage to project the Authority data in past and future sce-
narios. As the first pre-processing step, we selected an appropriate
spatial analysis resolution. This resolution had to be coarse enough to
make statistical aggregations of species and environmental data signif-
icant, and detailed enough to allow models to generate useful species-
richness spatial distributions for management and planning. A reason-
able choice, compliant with other regional-scale studies (Weatherall
etal., 2015), was to reduce the spatial resolution of the Authority data of
one order of magnitude, i.e., to downsample them (or rasterise, in the
case of C) to a ~ 0.0005° (~50 m) resolution. Therefore, we down-
sampled the data at this resolution and stored them as new ESRI-GRID
(ASCII) files cut out on the basin boundaries (Fig. 1). Moreover, since
ecological niche models should work with datasets homogeneously
defined in the analysis area (i.e., without internal gaps), we used spatial
interpolation to extend the definitions of ET and WS to the internal lake
area, which were undefined in the Authority data. Specifically, the
interpolated data estimated evaporation and water availability within
the lake. We conducted interpolation through the Bayesian Interpolation
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Model with Advection-diffusion Constraint (BIMAC) (Coro, 2024).
BIMAC combines an iterative inverse-distance weighting interpolation
method - which fills data gaps through adjacent data at each iteration -
with a Bayesian model embedding hydrodynamic constraints through
the advection-diffusion equation. BIMAC automatically infers all the
internal model parameters by estimating the interpolated field’s spatial
correlation. In the case of the Massaciuccoli Lake, we used BIMAC
without lake-currents’ data (which had poor relevance). We fed the
model with bathymetry data - internally used for interpolation - from
GEBCO (version 2023) (Danielson et al., 2011), at a ~ 50 m resolution to
comply with the target resolution.

After this pre-processing phase, we used the NASA data to project T
and P in the future and the past. We took the Authority data annual
average T and P between 1980 and 1999 as the projection baseline. We
applied a point-by-point transformation to the baseline data by adding
the per cent variation between the NASA 1999 data and the other NASA
years’ data in each point. This way, we obtained new raster data for all
projection years. Specifically, we applied the following transformation
to each point (with longitude x and latitude y) of the Authority data:

Ny(x,y) — Nigoo(x,
AY(X7Y):A1999(x’y)+< = 1%3999(3‘19;;( .

) “A1999(x,Y)

where Ay indicates Authority data in the projection year Y, and N in-
dicates NASA data. We thus obtained new data (Fig. 2) projected for
1950, 2016, 2050 under RCP4.5, 2050 under RCP8.5, 2100 under
RCP4.5, and 2100 under RCP8.5. We kept the baseline data as a proxy
for the 1999 scenario.

Unfortunately, we could not project ET, WS, and C across the years
and scenarios because projections were unavailable for the Massa-
ciuccoli Lake basin. However, the Authority data values for these pa-
rameters referred to conditions not too different from today (as verified
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in Section 3.2). In fact, these parameters depend on T and P non-linearly
and have sensibly lower variation ranges than T and P (Aras and Celik,
2019). Specifically, since the maximum per-cell T and P variations in the
considered time frame were 12.6% and 11.7%, respectively, we ex-
pected a much lower variation for the other parameters. On the other
hand, accurately projecting ET, WS, and C over the years would have
required knowledge of weather- and area-specific parameters unavai-
lable for our study. Therefore, we preferred to use only the reliable T and
P projections from NASA - which correlate to ET, WS, and C variations -
to produce references for future and past values. Instead, we fixed ET,
WS, and C to their Authority-data values across the years and eventually
evaluated the sensitivity of our results to this assumption (Section 3.2).

The environmental data pre-processing algorithm can be summar-
ised as follows:

Algorithm 1. Data pre-processing.

For each Autority data file a; € {ay,as,- -+, a5}

Downsample/rasterise a; at ~0.0005° (~50 m) resolution (R)

If gaps are present within the data spatial distribution — interpo-
late a; to obtain a homogeneous spatial distribution at resolution

R

For each year and RCP scenario (Y) among
{1950, 2016, 2050-RCP4.5, 2050-RCP8.5, 2100-RCP4.5, 2100-RCP8.5}
For each cell at resolution R with (z,y) centroid

Calculate the projection in Y for Temperature (Ay(x,y) =
Ty (z,y)) and Precipitation (Ay (z,y) = Py(z,y))

Save all Ty and Py data to a new raster file for year Y.

Temperature (°C) RCP4.5
‘ <2oso
P 15.64 .
; RCP8.5
M 1478 s
a 1950 1999 2016
Precipitation (mm) RCP4.5
\ \ \ <2050 2100
' RCP8.5 .
826.0
b 1950 1999 2016

Fig. 2. Projection of Temperature (a) and Precipitation (b) data for the Massaciuccoli basin to 1950, 1999, 2016, 2050 and 2100 (under the RCP4.5 and RCP8.5

scenarios, in these two last years).
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After the application of the data pre-processing algorithm, we ob-
tained 17 datasets: one for ET, one for WS, one for C, 7 for T, and 7 for P.
We used these data as proxy environmental conditions for annual
environmental snapshots in the years 1950, 1999, 2016, 2050, and 2100
(under the RCP4.5 and 8.5 scenarios, for the last two).

2.3. Species observation data

Several large-scale repositories of FAIR biodiversity data are publicly
available (Candela et al., 2015). Among these, the Global Biodiversity
Information Facility (GBIF) (Lane and Edwards, 2007) and the Ocean
Biogeographic Information System (OBIS) (Grassle, 2000) are often used
in ecological and ecosystem models. Data FAIRness is guaranteed by the
adoption of domain-specific standards (e.g., Darwin Core (Wieczorek
et al, 2012)) and large-scale e-Infrastructures providing high-
availability access services (Assante et al., 2019; Assante et al., 2022;
Candela et al., 2015). These repositories include millions of records
regarding species’ observations across multiple decades, allowing spe-
cies presence and commonness tracking over time. However, these data
should be used cautiously because they could include sampling biases -
due to varying sampling efforts and paths over time and space - driving
the models to overestimate or underestimate species presence (Maldo-
nado et al., 2015). For example, a species might appear common in a
given period and area just because there was an intensive sampling
survey targeting that species in that period and area. One possibility to
lower sampling bias is to combine data from FAIR repositories of species
observation records with citizen-science data, i.e., data collected from
the field by citizens with education on species identification. If the
collection strategy had sufficient temporal and spatial precision, citizen
data would allow for estimating reliable biodiversity trends, robust to
errors in the overall data collection (Isaac et al., 2014). We pursued this
practice for the present study.

The GBIF repository is a taxonomic and observation data provider
involved in several data FAIRness initiatives (Lane and Edwards, 2007).
Unlike other data providers, GBIF has a broad scope across taxonomic
orders and kingdoms. It currently hosts ~2.5 billion observation data
records at the global scale. An R package is available to automatise the
retrieval of occurrence records containing taxonomic, coordinate,
sighting authorship, and primary source information.

As for the animals (Animalia Kingdom) living in the Massaciuccoli
Lake basin, GBIF hosted 6815 geospatial-explicit records for the last ten
years (2013—2023), at the time of the study (August 2023). These re-
cords corresponded to 393 different species. We used these data and
revised the species list to exclude misreported and occasional species.
Given the log-normal-like distribution of the number of occurrence re-
cords per species in a large basin (Coro, 2020), we selected the species
with at least 5 observations because this value fell over the distribution’s
second quartile and could thus be considered not-too-low. Moreover, we
excluded the species not present in other Italian wetlands, which could
be occasional species in the Massaciuccoli Lake basin. The resulting list
contained 180 species with a total of 6540 observation records (Section
Software and data availability reports the complete list). These species
represented ~46% of the total reported species and were animals reli-
ably living in the basin, i.e., trends valid for them could likely be
generalised. Of course, other animal species have been reported as living
in the basin by other studies (Marta et al., 2019), but in our study we
could only rely on observations and thus could not include poorly-
observed species or species without observation records associated.

The selected species belonged to animal groups such as birds (80%,
140 species), insects (15%, 30 species), and other species (reptiles,
amphibians, mammals, fishes, crustaceans) (5%, 10 species) (Fig. S2).
These groups accounted for 73% (birds), 22% (insects), and 100% (other
species) of the total reported species in GBIF in each group. Birds were
the most reported animals because of the basin’s high migration

Ecological Informatics 81 (2024) 102644

importance, which attracts tourists and scientists in all seasons. Since we
targeted annual models, we considered all-season data. We also checked
this list against the GBIF-reported species for 1950 (and the previous
decade) and 1999 (and the previous decade). This check confirmed that
all species observed in these years were also on our last-decade list. The
number of species observed in the past was notably lower (16 species for
1950 and 53 for 1999) and it was unclear if misreports were due to
actual missing species or a lower frequency of the survey campaigns.
Interviews with a local volunteer organisation for wildlife protection
(LIPU) indicated that bird species such as Leiothrix lutea, Threskiornis
aethiopicus, and Falco subbuteo - all included in our analysis - are nov-
elties of the last years that have found suitable habitat in the basin. Our
results agreed with these considerations and partially shed light on the
issue of missing species in GBIF for past years (Section 4).

To improve the reliability of the GBIF records, we included the ob-
servations of two citizens (students of the University of Pisa, co-authors
of the present paper) with extensive expertise in sightseeing the native
species of the basin, particularly birds, insects, fishes, and crustaceans.
The students had the task to report only verified and high-confident
sightings. They recorded coordinates through their smartphones’ GPS
and manually adjusted the locations to improve record precision. They
reported all records on a shared online MS Excel file that we eventually
merged with the GBIF records. The students’ survey period was Febru-
ary-September 2023. Ultimately, this citizen-science approach enriched
our original GBIF occurrence-record collection with 167 new high-
quality records for 43 species (already included in the GBIF species-list).

In summary, our study could leverage 6707 punctual species
occurrence records for 180 species, referring to the last 10 years
(2013-2023), which we manually checked for consistency through the
QGIS software (Moyroud and Portet, 2018). These data were the basis
for our models, alongside our re-analysed environmental data.

2.4. Species prevalence assessment

Although citizens’ data improved the overall quality of the occur-
rence data, sub-sampling biases were likely present, primarily due to the
under-representation of rare species that could drive distribution models
to underestimate their presence. One way to soften this bias is to add
prior information to the models, regarding species presence and
commonness in the area (Sillero et al., 2021). The prior probability of a
species’ presence in an area is commonly named the species’ prevalence.
We approximated species’ prevalence in the Massaciuccoli Lake basin as
prevalence in Italian wetlands, i.e., as the expectation that a common
species in the Italian wetlands was also prevalent in the Massaciuccoli
Lake basin before observing it. In a Bayesian modelling approach, such
as the one we followed, this prior assumption is later revised during
model’s adaptation to the data.

To estimate species commonness in Italian wetlands, we used the
public wetland area definitions of the Ramsar Convention on Wetlands
(available as vector geospatial data) (Finlayson et al., 2011). After that,
we analysed the GBIF observations in the last decade in all Italian
wetlands and classified the different types of emerging species-
observation distributions. We extracted the optimal number of classes
(clusters) that could be associated to these distributions through an un-
supervised machine-learning model. Finally, we associated a prior
prevalence value between 0.2 and 0.8 to each cluster.

As the clustering algorithm, we used a methodology that demon-
strated high performance on species commonness classification (Coro
et al., 2015a) (Fig. S3): First, we extracted numeric features from the
observation records, which referred to species abundance (number of
individuals per record), observation frequency, and habitat extension.
Second, we executed the X-Means clustering algorithm (Pelleg et al.,
2000), a variant of the popular K-Means algorithm that searches for the
optimal assignment of the input features to different clusters, while
searching for the optimal number of clusters between a minimum-
maximum range. X-Means starts from the minimum cluster number and
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iteratively applies K-Means until it reaches the maximum number. The
optimal number of clusters corresponds to the lowest Bayesian Infor-
mation Criterion (BIC) (Schwarz, 1978), which measures the overall
goodness of fit of the features to the clusters. We set the cluster range of
our study between 1 and 50. As the third step, after clustering, we
assigned species commonness interpretations to the clusters after
describing their centroids’ characteristics in natural language.

As numeric features, in compliance with other works (Coro et al.,
2015a; Maturo, 2018), we used the ones reported in Table 1, which
measure (i) the average species observation density within the presence
areas, (ii) species presence and overall abundance across the areas, (iii)
the relative number of areas in which a species is present, (iv) the
widespreadness of a species in the presence areas, (v) the observation
frequency, and (vi) how much a species is observed with a high fre-
quency (at least five occurrences per year). These features describe
common species in wetlands as frequent, widespread, and abundant
species. Conversely, they describe rare species as localised, infrequent,
and only present in a few wetlands.

Since prevalence assessment was a fundamental pre-processing step
for our modelling approach design, we report the findings already here:
The X-Means algorithm indicated the existence of six optimal clusters,
similarly to other studies (Coro et al., 2015a). The natural-language
descriptions of the cluster centroids’ features allowed us to assign
overall species-commonness labels between High and Very Low to the
clusters (Table 2). Consequently, we assigned a prevalence score be-
tween 0.2 and 0.8 to each interpreted cluster. The species with Medium/
Medium-Low/Medium-High commonness constituted the largest set,
overall accounting for 72% of all species (Fig. S3). Highly-common
species constituted the 7% and Low/Very Low species the 21%.

2.5. Ecological niche modelling

Ecological niche models (ENMs) estimate the set of resources and
environmental conditions underlying the suitability of an area to a
species’ presence, i.e., the species’ fundamental ecological niche (Campos
et al., 2023; Coro et al., 2016a; Deneu et al., 2021; Jones et al., 2012;
Pearson, 2007; Weber et al., 2017). ENMs estimate a species’ habitat as
the regions with environmental conditions falling within the species’
ecological niche. An ENM for a species’ native areal estimates the actual
(or native) species’ distribution. Outside of the native area, the ENM
estimates the potential (or suitable) species’ distribution (Anderson et al.,
2011; Peterson and Soberon, 2012). Mathematically, a species’ ecolog-
ical niche is defined within a vector space whose dimensions are envi-
ronmental parameters. The model’s task is to trace a hypervolume within
the vector space associated with the species’ subsistence conditions. The
ENM performance in correctly tracing the species’ preferences depends

Table 1
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Table 2

Labels of the species commonness clusters with (i) the associated descriptions,
(ii) the prevalence values assigned, and (iii) a representative species for each
cluster. Common names are reported in English and Italian, and scientific names
are in parentheses.

Commonness  Description Example Assigned
prevalence
High Abundant in most areas, Eurasian coot/Folaga 0.8
widespread, and (Fulica atra)
frequently observed
across many wetlands
Medium- Abundant in several Great tit/Cinciallegra 0.7
High areas, averagely (Parus major)
widespread, and
frequently observed
across several wetlands
Medium Averagely abundant and ~ Pintail/Codone (Anas 0.5

observed with moderate acuta)
frequency in several
wetlands

Medium-Low  Poorly abundant and Dunnock/Passera 0.4
unfrequently observed, scopaiola (Prunella
but seen in several modularis)
wetlands

Low Poorly abundant, Hummingbird hawk- 0.3
localised, and moth/Sfinge colibri
unfrequently observed (Macroglossum

stellatarum)
Very low Poorly abundant, Red avadavat/ 0.2

localised, present in few
wetlands, and rarely
observed

Bengalino moscato
(Amandava amandava)

on identifying a complete set of environmental parameters related to the
species’ subsistence (Pearson, 2007). Therefore, parameter selection
methods are often used before ENMs (Bargain et al., 2017; Coro et al.,
2013a; Coro et al., 2015b; Coro et al., 2015¢; Guo and Liu, 2010;
Magliozzi et al., 2019; Muscarella et al., 2014; Sanchez-Tapia et al.,
2017; Schnase et al., 2021; Warren and Seifert, 2011; Zeng et al., 2016).
ENMs use statistical analysis, machine learning, or expert-defined rules
to estimate the species’ ecological niche as a predictive function be-
tween habitat suitability conditions and the input environmental pa-
rameters. One input to an ENM is, therefore, a set of environmental
parameters related to species’ subsistence in the analysis area, homo-
geneously defined on the area at a specific spatial resolution (Alvera-
Azcérate et al., 2005; Durand et al., 2010; Huang et al., 2008; Peterson,
2001; Ravdas et al., 2018; Scarponi et al., 2018; Werdell and Bailey,
2005). An additional input is a set of species observations in the area
(presence locations) and, possibly, locations where habitat is known to be
unsuitable (absence locations) or random places potentially representing

Definition of the numeric features extracted from our species observation data to describe species commonness-related characteristics.

Feature name Description

Analytic definition

Abundance Average density of occurrence records

Intra-area commonness Average number of occurrence records across the areas

Inter-area commonness Fraction of areas where the species has been observed

Observation extent
associated

Observation frequency Average annual frequency of observation

High-observation
frequency

Average annual frequency of many observations

Average fraction of occurrence cells at 0.1° resolution with occurrence records

No. occurrences

A LAl aresgroq extent
No. areas
Intr DAl areasNO. Occurrences
q = Al arees "7 TR
No. areas
Inter — No. areas with occurrences
No. areas

No. cells with occurrences
No. cells

No. areas with occurrences

No. years with occurrences
No. years

No. areas with occurrences

ZAII areas with occurrences

ZAII areas with occurrences

Fthr =

No. years with occurrences > 5
No. years
No. areas with occurrences

ZAII areas with occurrences
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averagely unsuitable conditions (background locations) (Campos et al.,
2023; Coro et al., 2016b; Elith et al., 2011a). Bayesian ENMs also require
specifying the prior probability of species presence (i.e., the prevalence),
which they revise through likelihood adaptation to produce a posterior
probability of habitat suitability (Sillero et al., 2021).

Operationally, a species’” ENM can calculate the probability that a
specific location, defined through its environmental features, is a suit-
able habitat for the species. The ENM thus predicts habitat suitability
probability in all locations within a study area data or under future
climatic scenarios (Ashraf et al., 2017; Chala et al., 2019; Coro, 2020;
Coro et al., 2016a; Coro et al., 2018; Coro et al., 2022c; Friedlaender
et al., 2011; Lasram et al., 2010; Peterson et al., 2007).

For the present study, we used the Maximum Entropy (MaxEnt)
ENM, a shallow-machine learning model that can reach high prediction
accuracy (Angeletti et al., 2020; Baldwin, 2009; Capezzuto et al., 2018;
Coro et al., 2015b; Coro et al., 2022b; Coro and Bove, 2022; Phillips
et al., 2004; Phillips et al., 2006; Phillips and Dudik, 2008). MaxEnt can
be effective in estimating species-richness change under future climate
change conditions using regional- or global-scale environmental pa-
rameters (Coro et al., 2022a; Gallagher et al., 2013; Xu et al., 2012). The
model builds a species’ ecological niche as a probability density function
7(X) of habitat suitability in the vector space of environmental param-
eters X. It uses two constraints: (i) z(x) should assign a reasonably high
probability to the mean parameter values at the presence locations and
(ii) the overall entropy function (H = — Y z(X) In(z(x))) should be
maximum (Elith et al., 2011b; Merow et al., 2013; Phillips and Dudik,
2008). During training, MaxEnt maximises the entropy function on the
species presence locations with respect to the entropy function on
background locations (Phillips et al., 2006). Alternatively, absence lo-
cations can be provided if available. At the end of the entropy max-
imisation process, z(x) will model a projection function that can be used
to estimate species’ habitat suitability on an area at the environmental
parameters’ spatial resolution (R), i.e. on all the squares with side-size R
(cells) covering the area (Coro et al., 2018; Pearson, 2007).

One advantage of MaxEnt with respect to alternative models is that it
can achieve a high prediction accuracy when only species-presence data
are available (Melo-Merino et al., 2020; Pearson, 2007; Zurell and
Engler, 2019). However, it is over-sensitive to biased data (Coro et al.,
2015b; Elith and Graham, 2009). Another advantage is that during the
training phase, it estimates the percentage contribution of each envi-
ronmental parameter to the z(x) prediction accuracy on the training set
locations, which could be used for parameter selection (Coro et al.,
2015b). Finally, since the internal MaxEnt optimisation follows a
Bayesian approach that iteratively adapts the model to the data, it can
incorporate prevalence as a prior probability multiplying the likelihood
function during adaptation.

We used a MaxEnt implementation by Phillips et al. (Phillips et al.,
2017) for the present study. This software allows wrapping the envi-
ronmental parameters within complex functions (hinge functions) in z(x)
to model complex species response to the environmental conditions
(Dudik et al., 2005; Hengl et al., 2009; Phillips et al., 2017; Phillips and
Dudik, 2008; Zaniewski et al., 2002). For the present study, we tested all
hinge functions proposed by the software, i.e., linear, quadratic, product,
threshold, and all their combinations (Merow et al., 2013). The MaxEnt
software calculates the Receiver Operating Characteristic (ROC) curve
to estimate model quality and allow for optimal model identification.
The ROC curve reports the true-positive rate vs. false-positive rate using
different decision thresholds on the model output. The area under this
curve (AUC) - i.e., the ROC curve integral - indicates the quality of the
learning. AUC close to 1 indicates high model quality, whereas 0 in-
dicates low model quality. We used AUC to select the optimal hinge
features and checked that all models used for species richness estimation
reached a least a 0.75 AUC. This check contributed to result reliability.

We applied MaxEnt to all our selected species and environmental
data (Fig. 3-a). Therefore, we produced 180 models for each of the seven
analysis years (180 x 7 = 1260 models) (Fig. 3-b and c¢). We represented
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the resulting spatial distributions in the ESRI-GRID (ASCII) format. We
used 10,000 random and sparse background points to simulate potential
habitat unsuitability, and the data described in Section 2.3 as punctual
presence data. These points were selected in a varied environment made
up of rivers, a lake, and land and sandy areas, containing 130,257 50 m-
cells. Therefore, background points were 7.7% of the total cells and
likely included several unsuitable habitat locations in such a varied
scenario. Moreover, we selected species with enough presence locations
to define reliable (although incomplete) presence areas. Background
points were selected at least ~50 m outside these areas but within the
entire basin. Referring to other studies (Elith et al., 2011b; Phillips and
Dudik, 2008), using random and sparse background points not including
presence areas was reasonable in this scenario.

Including citizen-science data was functional to improve the obser-
vations’ quality and consequently the MaxEnt models’ overall reli-
ability. Prior prevalence assessment likely improved model reliability
further (Section 2.5.1). Lower reliability could remain for models
working with a few occurrence records (i.e., for rare species). However,
this issue is common for big data analyses (Coro et al., 2016a; Queiroz
et al., 2021), but can be tolerated considering that reliability emerges
from the statistical aggregation of many model outputs even if these
contain individual biases (Coro et al., 2018; Coro et al., 2022c¢). Our aim
was indeed to extract general, hidden information from the combination
of many models. Moreover, we addressed the study of the modulations
of the aggregated model outputs over time. Such derivative analysis of
higher-order model combinations usually produces more stable and
reliable macroscopic knowledge than the individual models (Coro and
Bove, 2022; Weber et al., 2004).

Based on the omission rate of the training presence locations, MaxEnt
also indicates potential thresholds on the probability distribution func-
tion, over which the cumulative probability of species presence is
sensibly non-zero. We used the threshold corresponding to the value
over which the model correctly predicted all training presence locations
as the optimal decision threshold for dichotomic classification of suit-
able/unsuitable locations, in compliance with other studies (Coro, 2020;
Coro and Trumpy, 2020; Liu et al., 2016; West et al., 2016).

Our species observation data referred to the last decade
(2013-2023). Therefore, we used conditions associable with species
presence in this period to train the MaxEnt models consistently. In
particular, we trained the models with the only environmental data at
hand falling in the period, i.e., the 2016 T and P data. Moreover, we used
the original ET, WS, and C values (resampled) as proxies of the values of
these parameters in the same period (Section 2.2). Since we targeted
general habitat suitability trends, our models did not include naturally
oscillating population density, which especially occurs for invertebrates.

The dichotomic threshold for each species was thus extracted from a
MaxEnt training session using the 2016 environmental data. We used all
other years’ environmental data as projection scenarios and applied the
same dichotomic threshold, whose value only depended on model
training (by construction). The dichotomic threshold was indeed the
minimum MaxEnt value for a cell to be classified as a suitable species’
habitat during model training. One possible bias with this approach is
that if the threshold were too low, the model would overestimate species
presence in all projection years. However, our decision thresholds were
not biased because the T and P changes - combined with the other pa-
rameters within complex prediction functions in the MaxEnt models -
frequently produced very different cell values across the years (Section
3.1). Model thresholding was also necessary, before model combination
for species richness estimation, because the different species models
were mutually independent and their probability distributions had very
different shapes. This condition is common for non-linear machine-
learning models (Austin et al., 2022; Card et al., 2019; Coro et al.,
2013b; Coro et al., 2018; Coro et al., 2022¢; Coro et al., 2024).

2.5.1. Novelty of the modelling approach
Our model presents peculiar features compared to other approaches.
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Although an ensemble of models would have been a valid alternative in
our scenario (Coro et al., 2018; Coro et al., 2022a; Zhu et al., 2021), we
propose combining an X-Means clustering algorithm with a MaxEnt
model to form a new Bayesian model. Cluster analysis simulates prior
expert knowledge about wetlands before seeing the Massaciuccoli data.
It simulates questions like “Is the Eurasian coot easily observable in the
Massaciuccoli Lake basin?” posed to an Italian-wetland expert before
visiting the basin. This strategy can reduce data overfitting risk: If the
species observations in the area were few because of sub-sampling, the
model’s likelihood would overfit the data, but the prior probability
would increase the overall habitat suitability probability through the
Bayes’ rule. For example, even if the Eurasian coot had few observations
associated, a high prior would improve the model’s generalisation of the
species’ presence in the basin. Using automatically estimated priors was
also functional to produce objective prevalence assessments and over-
come the frequent criticism that Bayesian models’ results are too
influenced by subjective priors based on personal expertise (Elith et al.,
2011a; Ward et al., 2009). MaxEnt was a suitable solution to build a
Bayesian model that could easily incorporate objective priors. Moreover,
since it can work with species-presence data only, it was suitable for our
case study which lacked reliable absence (or pseudo-absence) data at the
basin scale.

Another source of bias for ENMs originates from the species’ envi-
ronmental parameter ranges inferred (Pearson et al., 2006): A model
trained on a species’ native habitat at the global scale will extrapolate
ranges and relations that might be insufficient for regional-scale ana-
lyses, especially for areas not included in the training set (Guinan et al.,
2009; Préau et al., 2020). Specifically, learning from large-variance
parameters at the global scale can make models unable to appreciate
small variations within a limited area, which might even fall outside the
learned ranges. Therefore, a consistent approach is to learn from the
data at the regional scale directly, while using knowledge from larger
scale analyses as prior information (Magliozzi et al., 2019). For this
reason, we trained MaxEnt directly at the Massaciuccoli Lake basin scale
to extrapolate basin-specific environmental parameter ranges, while
simulating larger-scale prior information through prevalence.

2.6. Species richness estimation

Using the dichotomic threshold, we binarised the ENM spatial pro-
jections into spatial distribution maps reporting 1 (suitable locations) or
0 (unsuitable locations) for each species (Fig. 3-d). To this aim, we
assigned, to each cell, 1 if the model value was higher than the
threshold, and 0 otherwise. We conducted this operation on all our 1260
species spatial distributions to obtain new binary ESRI-GRID raster data.
From these, we calculated an overlap index estimating the total, cell-wise
species’ habitat suitability, i.e., we cell-wise summed the species’ binary
distributions in each year (Fig. 3-e). This index measured the number of
different species potentially living in each cell, i.e., the species richness.
This is a common approach for measuring species richness that can
produce reliable macroscopic information for long time frames,
although not considering species’ mutual interactions (Coro et al.,
2016a; Pearson, 2007).

The entire modelling process described so far can be summarised as
follows:

Algorithm 2. Species richness estimation.
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For each species s in the species-group under analysis:
retrieve the species’ prevalence (p), observation records (o), and
the environmental parameters in 2016 (.’7‘,201(;)
Train a MaxEnt model for s, to estimate the probability distribu-
tion (72016 (s,0,

Extract the minimum threshold dy;, predicting the training data
as suitable locations

For  each year and RCP  scenario (Y) among
{1950, 1999, 2016, 2050-RCP4.5, 2050-RCP8.5, 2100-RCP4.5, 2100-RCP8.5}

Project 7 on the Y data by calculating 7(Zy ), for the 7y
parameter values of each data cell

Save the cell-wise data to an ESRI-GRID (ASCII) raster file
Binarise 7 for each cell ¢ — b(c)y,, = {1 if 7(Zy)s >
dypyr; 0 otherwise}
Save the binarised data to another ESRI-GRID (ASCII)
raster file

For each cell (¢) and scenario (Y):

Calculate species richness in the cell by summing the species’ bi-
nary assessments: B(c)y = >, b(¢)y,s

Save the species richness data to an ESRI-GRID (ASCII) raster file.

As a result, this algorithm produced one spatial distribution (in the
ESRI-GRID format) for each year and species group analysed, reporting
the total number of species’ models indicating suitable habitat at a ~
0.0005° (~50 m) spatial resolution.

2.7. Case study

The Massaciuccoli Lake basin covers a 114 km? area delimited by
the Camaiore River to the North, the Oltre Serchio Mountains to the
East, the Serchio River to the South, and the Tyrrhenian Sea to the West
(Fig. S1). The lake has a 13 km? area and a depth between 1.0 and 2.5 m,
containing about 14 Mm?® of water (Baneschi, 2007; Ciccolini et al.,
2013; Rossetto et al., 2010a; Rossetto et al., 2010b). The principal water
source depends on the pluvial regime of the eastern mountains and the
neighbour soils, extensively used for agriculture. The lake water re-
sources are connected with the intensity of human activities around the
basin, which include agriculture (counting for 40% of the total activ-
ities), farming, cereal and industrial production, horticulture and olive
tree orchards, and train railways (Silvestri et al., 2019). Two water-
depuration plants are active in the basin, discharging effluents to the
lake.

We applied our species richness estimation algorithm to the 180-spe-
cies data in our occurrence record set for the Massaciuccoli Lake basin.
The species richness estimation algorithm produced 7 spatial distribu-
tions when executed on all species. However, to improve the analysis
granularity, we repeated the process for different animal groups in our
data, i.e., birds, insects, and other three different groups altogether
(reptiles, amphibians, mammals, fishes and crustaceans) hereafter
named other species (Section 2.3). These groups are indirectly related to
many ecosystem services in the basin, including touristic and economic
services (Colombaroli and Tinner, 2013). Therefore, we produced 28
species-richness distributions, i.e., 7 distributions for each species group
(7 x 4 = 28).

As the evaluation strategy, we first analysed the T and P trends across
the years to outline the climate change scenarios and patterns from the
past to the possible futures. Secondly, we evaluated the expansion/
contraction trends and similarities between pairs of species richness
distributions over the years. We conducted these analyses for each of the
four species groups identified, to highlight the biodiversity changes that
occurred in the basin from 1950 to the near past (2016) and the possible
future natural developments without regulations by governmental
authorities.

We measured pairwise change and similarities between the distri-
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butions. To this aim, we used map-comparison metrics proposed by
other studies (Coro et al., 2014; Coro et al., 2016a). In particular, for
comparing two data distributions (A and B), we measured (i) the overall
trend from A to B (expansion, contraction, or stationarity) and (ii) the
per cent growth/decrease of B with respect to A (i.e., considering A as a
previous temporal scenario). We used the 25th percentile upper limit of
the 2016 data to distinguish between high- and low-value cells (named
Ay, Ap, By, By, respectively). We used the 2016 data for this operation to
have a uniform reference for all years. After that, we calculated and
annotated the cell-wise agreement on high and low values between the
two distributions. For example, A;B; indicated agreement by A and B on
assigning a low value to the same cell, whereas A;B; indicated
disagreement (with A assigning a high value and B a low value to the
cell). Indicating cell counting operation as ||, we calculated the
following distribution-comparison quantities:

|AiBn| — \A,,B,\)

Trendpp = [ —————
rena- (lAth\ + |ArBi|

AiBy| — |AnB
Growth,_p = (7‘ tBal — A l‘)

|An|

In our evaluation, for simplification, we only reported the Trend sign,
interpreted as contraction (negative), expansion (positive), or statio-
narity (zero).

For the species richness distributions, we added two more metrics
that evaluated the overall similarity and agreement between two dis-
tributions:

|AiBy| + \AhBh\>

Similarity, ., = < A

Similarity,_ — Chance Agreement>

A thop =
greement, g ( 1 — Chance Agreement

Agreement,_, is indeed Cohen’s Kappa (Cohen, 1960), which esti-
mates the agreement between the two distributions with respect to a
purely random agreement (chance agreement). To simplify the reading,
we only reported Kappa interpretation according to Landis & Koch
(Landis and Koch, 1977), i.e., Poor (<0), Slight (0.01-0.20), Fair
(0.21-0.40), Moderate (0.41-0.60), Substantial (0.61-0.80), or Almost
perfect (0.81-1.00).

As an additional test, we verified how much the 2016 and the
(extreme) 2100-RCP8.5 scenarios were overall different habitats (being
all other differences lower than this), independently of the ENMs.
Complete habitat alteration could indeed justify potential species pres-
ence change independently of the model estimating them. We measured
habitat dissimilarity through the Habitat Representativeness Score
(HRS) (MacLeod, 2010). HRS is based on Principal Component Analysis
(PCA) (Abdi and Williams, 2010) and measures how much the envi-
ronmental data representing two regions are similar across the largest
data variance axes (principal components). The algorithm applies PCA
to the environmental parameter values of a reference region (A). The
environmental parameters thus constitute the original vector space of
the PCA projection. After that, the algorithm projects the parameter
values of a compared region (B) onto the PCA space calculated on the A
vectors. Finally, it calculates the distributions of the A and B values on
each principal component separately, over several bins, and then pair-
wise subtracts them (with total difference normalised to 1). The HRS is
the sum of the total differences calculated on each principal component.
It can range from O (complete dissimilarity) to the number of principal
components (representing perfect, 100% habitat similarity). With
respect to other measurements (e.g., MESS maps (Elith et al., 2010)),
HRS has the advantage of representing habitat similarity as a percentage
(over the maximum value), which allows for quickly interpreting it.
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3. Results
3.1. Trend analysis

Trend analysis highlighted that annual T has and would constantly
increase over the years (Table 3 and Fig. 2-a). The Trend assessment
between consecutive years or scenarios was always of expansion type.
Significantly lower temperatures would likely remain in the mountain
areas up to 2100. However, high-temperature cells would saturate the
basin in 2100 under the RCP4.5 and RCP8.5 scenarios, reaching alti-
tudes as high as 300-400 m. The quartile distribution (Fig. S4-a)
confirmed the temperature-increase trend (summarised by the median)
and the enlargement of higher quartile ranges that would include more
and more cells. The Growth table (Table 3) indicated that from 2016 to
2050 the high-temperature extent would likely increase of 28.5% and
33% (in the two RCP scenarios, respectively), and of 33.3% in all 2100
scenarios (up to basin area saturation). The table also revealed that only
a few cells in 2050 would not be covered by high temperatures, because
Growth in 2100 was minimal. It is worth noting that Growth values were
unavailable for 1999 and 1950 because temperatures in those years
were always lower than the second quartile of the 2016 temperatures.

The case of Precipitation was different because it did not show a
monotonic trend but rather a curve with a peak in 2016 (Table 3 and
Fig. 2-b). Precipitation likely increased from 1950 to 2016 and would
decrease in the future, reaching the minimum median value in 2100
under the RCP8.5 scenario (Fig. S4-b). This trend predicts a future of
generally higher aridity. In 2050, the median precipitation in the ana-
lysed area would increase under the RCP8.5 scenario more than in the
RCP4.5 scenario. The Growth table (Table 3) reflected a general
decrease from 2016 to 2050, between —29.2% and — 41.7% (in the two
RCP scenarios, respectively), and between —52.8% and — 75.8% from
2016 to 2100.

The combination of the T and P modulations and the ET, WS, and C
parameters within the MaxEnt models, resulted in complex patterns that
could be observed in the species-richness change over the years. The
analysis of the all-animals’ group highlighted a high Similarity and
Agreement between the 1950 and 1999 species-richness distributions
(97.2%) and between the 2050 and 2100 distributions in all RCP sce-
narios (90.9-97.5%) (Table 4 and Fig. 4-a). The 2016 scenario presented
medium-low Similarity and Agreement with all future scenarios
(34.8-41.6%). The Trend assessment from 2016 towards the future
scenarios demonstrated a general contraction and substantial decrease
in future species richness (with Growth ranging between —79.1% and —
88.4%). The quartile distribution highlighted an averagely increasing
trend of species richness and higher-quartile expansions from 1950 to
2016, followed by a slight species-richness decrease from 2016 to all
future scenarios (Fig. S4-c).

Analysing all species as one group hid the reality behind biodiversity
changes, because some subgroups indeed showed habitat gain and
others habitat loss. In fact, an analysis of the Birds group (Table S1 and
Fig. 4-b) highlighted similar or increasingly suitable conditions from
1950 to 1999 and 2016, with a constant expansion Trend. A 1.5%
Growth measured between 1950 and 1999, and a 72.1% Growth be-
tween 1999 and 2016, enforced this observation. However, all mea-
surements between 2016 and the future scenarios indicated potential
problems for bird species conservation. Bird species richness was esti-
mated to decrease between —98.3% in 2050 (under RCP4.5) and —
99.9% in 2100 (under RCP8.5) in the study area. The low Similarity and
Agreement between the 2016 and the future distributions indicated
habitat loss and distribution change. The quartile distribution reflected
this scenario and showed a sudden species-richness decrease and quar-
tile range reduction after 2016 (Fig. S4-d).

On the contrary, the analysis of the Insects group (Table S2 and Fig. 4-
c) highlighted a full Similarity and Agreement between the 1950 and
1999 scenarios but a low Similarity between these past scenarios and the
2016 scenario. This observation seems to disagree with the expansion
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Table 3
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Trend and Growth parameter values for Temperature and Precipitation across the years and RCP scenarios

used in our study.

Temperature ‘

‘ Trend: extension change of high temperatures ‘

1999 2016 2050 RCP4.5 2050 RCP8.5 2100 RCP4.5 2100 RCP8.5
1950 expansion  expansion expansion  expansion  expansion expansion
1999 expansion expansion expansion expansion  expansion
2016 expansion expansion expansion expansion
2050 RCP4.5 expansion expansion expansion
2050 RCP8.5 expansion expansion

2100 RCP4.5

‘ Growth of high-temperature areas’ extension (%) ‘

1999 2016 2050 RCP4.5 2050 RCP8.5 2100 RCP4.5 2100 RCP8.5
1950 - - - - - -
1999 - - - - -
2016 28.5 33.0 33.3 33.3
2050 RCP4.5 3.7 3.7 3.7
2050 RCP8.5 0.02 0.02
2100 RCP4.5 0.00
Precipitation ‘
Trend: extension change of heavy precipitation ‘
1999 2016 2050 RCP4.5 2050 RCP8.5 2100 RCP4.5 2100 RCP8.5
1950 contraction expansion contraction expansion contraction contraction
1999 expansion expansion expansion contraction contraction
2016 contraction contraction contraction contraction
2050 RCP4.5 expansion contraction contraction
2050 RCP8.5 contraction contraction
2100 RCP4.5 contraction

‘ Growth of heavy-precipitation areas’ extension (%)

1999 2016
1950 -6.1 61.2
1999 71.6
2016

2050 RCP4.5
2050 RCP8.5
2100 RCP4.5

Trend estimated for 2016 with respect to the past. However, this
discrepancy was only a consequence of the spatial distribution changes
of many species gaining new habitats while losing a few areas. Insect
richness in 1950 and 1999 was indeed lower than the 2016 richness’
25th percentile (Growth was consequently undefined from those years).
The 2016 insect richness distribution had a medium-high Similarity
(75.8%-77%) with all future distributions, and presented future
expansion Trends. The predicted habitat Growth in the future scenarios
ranged between 31.6% and 33.2%. The mutual Similarities between the
future distributions was also high. Only the 2050-RCP4.5 distribution
was slightly less favourable (contraction Trend) than the 2050-RCP8.5
distribution. A minimal, positive Growth was measured between the
2050 and 2100 scenarios. The quartile distribution reflected the signif-
icant increase in the insect-group richness from the past to the future
(Fig. S4-e).

The Other species group presented different aspects than the previous
groups (Table S3 and Fig. 4-d). The 1950 and 1999 environmental
conditions were less suitable than the 2016 conditions, especially for
terrestrial species. The Trend across the years was generally increasing
(expansion), with a slight contraction from the 2050-RCP4.5 to the 2050-
RCP8.5 scenario. Growth from 2016 to the future scenarios ranged be-
tween 31.5% (2050-RCP8.5) and 34.1% (2100-RCP8.5). However, the
2016 species richness distribution significantly disagreed with the future
species richness distributions because of a large shift of suitable area

2050 RCP4.5

2050 RCP8.5 2100 RCP4.5 2100 RCP8.5

-5.9 14.2 -23.9 -61.0
0.1 21.5 -19.0 -58.5
-41.7 -29.2 -52.8 -75.8
21.4 -19.1 -58.5

-33.3 -65.8

-48.7
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locations for most species. The inverse of Similarity (1-Similarity) indi-
cated an amount of area shift between 23.6% (2050-RCP4.5) and 25.3%
(2100-RCP8.5). Major discrepancies were observable in the significant
habitat gain for most species from 1950 to 2016 (especially for terres-
trial species such as wild boards and deers), followed by an overall bulk
movement towards lower temperature areas with more water available,
e.g., the mountains. The quartile distribution reflected the general
habitat increase over the past years, and reported stationary future
ranges corresponding to habitat shift rather than increase (Fig. S4-f).

3.2. Sensitivity analysis

We simulated future and past variations of ET, WS, and C to evaluate
our assumption that the potential variations of these parameters in the
analysed time frame did not influence the extracted species-richness
trends. Before the simulation, we verified that these parameters were
important for our ENMs by analysing their percentage contributions to
the MaxEnt models. The number of species for which at least one of these
parameters overcame a significant percentage contribution (5%) was
90.2%. The species percentage was 81.1% for a 20% minimum contri-
bution, and 51% for a 50% minimum contribution. Therefore, the pa-
rameters were important for our models. Moreover, we observed that
they could substitute parameters such as bathymetry and water presence
in producing consistent results, e.g., predicting fish presence in water
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Table 4
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Similarity assessment, Agreement (interpreted according to Landis and Koch, (1977)), Trend and Growth
estimates for the species-richness distributions over the years and RCP scenarios produced for the present
study. The table refers to the analysis of all animal-species involved in our study.

‘ All species ‘

| Similarity (%) ‘

1999 2016 2050 RCP4.5 2050 RCP8.5 2100 RCP4.5 2100 RCP8.5
1950 97.2 42.2 89.9 87.6 92.6 95.6
1999 41.9 88.4 86.0 91.2 94.1
2016 34.8 32.8 37.6 41.6
2050 RCP4.5 97.5 97.1 93.2
2050 RCP8.5 94.7 90.9
2100 RCP4.5 96.0

‘ Agreement (Landis & Koch, 1977)

1999 2016 2050 RCP4.5 2050 RCP8.5 2100 RCP4.5 2100 RCP8.5
1950 Almost perfect Slight Moderate Fair Substantial Almost perfect
1999 Slight Moderate Fair Substantial Substantial
2016 Slight Slight Slight Slight
2050 RCP4.5 Almost perfect Almost perfect Substantial
2050 RCP8.5 Substantial Moderate
2100 RCP4.5 Almost perfect

Trend

1999 2016 2050 RCP4.5 2050 RCP8.5 2100 RCP4.5 2100 RCP8.5
1950 contraction expansion contraction contraction contraction contraction
1999 expansion contraction contraction contraction contraction
2016 contraction contraction contraction contraction
2050 RCP4.5 contraction expansion expansion
2050 RCP8.5 expansion expansion
2100 RCP4.5 expansion

‘ Growth (%) |

1999 2016 2050 RCP4.5 2050 RCP8.5 2100 RCP4.5 2100 RCP8.5
1950 -1.9 100.0 -46.5 -58.9 -28.9 -3.9
1999 100.0 -45.5 -58.1 -27.5 -2.0
2016 -88.4 -91.1 -84.6 -79.1
2050 RCP4.5 -23.2 32.9 79.7
2050 RCP8.5 73.0 133.9
2100 RCP4.5 35.2

areas only. We also verified that bathymetry (from GEBCO) had very low
contribution when ET, WS, and C were used.

Between the extreme and different 1950 and 2100-RCP8.5 scenarios,
the maximum per-cell T and P variations were 12.6% and 11.7%,
respectively. Based on the Thornthwaite formula (Thornthwaite, 1948)
and reusing the results of other sea-close-wetland analyses (Aras and
Celik, 2019), the maximum ET variation per cell resulted approximately
3% around the ET values in 2006. This percentage was the entity of the
approximation for considering ET constant over the years (relative
error). Similarly, fixing WS to the 2006 values coarsely corresponded to
a ~ 5% relative error (Aras and Celik, 2019; Guo et al., 2021). We also
assumed an (overestimated) ~ 5% relative error for C because it directly
depends on WS.

We tested the sensitivity of our results to these errors by simulating a
new 1950 scenario with ET values reduced by 3% of the 2006 values,
and a 2100-RCP8.5 scenario with values increased by 3%. We also
simulated the intermediate 1999 and 2050-RCP8.5 scenarios using lin-
early decreased and increased percentages, respectively, from the mid-
dle of the variation range (+1.5%). We repeated the same simulation for
the WS and C data using a 5% maximum relative variation. After that,
we spatially projected our ENMs on the simulated data and aggregated
the distributions to produce new species richness distributions over the
years. Finally, we evaluated if the trends still corresponded to the ones
reported in Section 3.1.

Fig. 5 shows the average species richness, per species group, for the
simulated data compared to the one from our previous results using
fixed values (original). The simulated trends were the same as the
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original trends for all groups. Year-wise discrepancy ranged between (i)
1.9% and 10.2% for all animal species analysed, (ii) 0.4% and 1.9% for
birds, (iii) -7.0% and 23.8% for insects, and (iv) -10% and 0% for other
species. Growth estimates indicated very similar temporal variations
between the original and simulated scenarios. For example, the overall
decrease in the all-species richness from 2016 to 2100-RCP8.5 was
—79.1% (original) vs —82.07% (simulated). The average decrease for
birds was —99.9% (original) vs —93.4% (simulated). Conversely, the
average increase for insects was 33.2% (original) vs 39.1% (simulated),
and 34.1% (original) vs 36.3% (simulated) for the other species.
Increasing species richness from the past to 2016 was also visible in the
simulated data. In particular, bird species richness increased by 48.8%
from 1950 to 2016 and by 48% from 1999, in compliance with the
original results.

These results imply that ET, WS, and C could reasonably be fixed to
the original Authority-data values. Their variations were mostly
included in the larger T and P variations, which reduced the influence of
the other (smaller and correlated) variations. For completeness sake, we
specify that fixing these parameters also implied to assume constant land
cover and geomorphological parameters over the years.

As an additional check, we verified that the species-richness changes
were possibly not an artefact of the MaxEnt model extensions but could
be due to significantly different overall habitat conditions. To this aim,
we tested, through HRS, how much the future conditions in 2100-
RCP8.5 differed from the 2016 conditions independently of the ENMs.
The HRS between the 2100-RCP8.5 and the 2016 scenarios was ~20%
(17%, using simulated parameter variations). Therefore, the habitats
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Fig. 4. Species richness distributions over the years and the RCP4.5 and RCP8.5 scenarios for 4 different animal groups living in the Massaciuccoli Lake basin: All
selected animal species (a), birds (b), insects (c), and other species (reptiles, amphibians, mammals, fishes and crustaceans) (d).
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Fig. 5. Comparison of average species-richness variation from past to future years (under the RCP8.5 scenario). The charts compare the results obtained by fixing
Evapotranspiration, Water surplus, and Conductivity data to the Authority data values in the 2000s (original) with simulated variations of these parameters over the
years (simulated). The charts are reported for 4 different animal groups living in the Massaciuccoli Lake basin: All selected animal species (a), birds (b), insects (c),
and other species (reptiles, amphibians, mammals, fishes and crustaceans) (d). The dotted lines indicate the overall variational trends. The percentages indicate the
point-wise per cent variation from the original species-richness average to the simulated one.

were very dissimilar independently of the ENMs, i.e., the overall envi-
ronmental parameters’ distributions and their mutual variations would
sensibly change in the future. Consequently, the species-richness change
highlighted by our results was consistent with this dissimilarity.

4. Discussion and conclusions
4.1. Result summary

Our trend analysis estimated a constant increase of temperature from
the past to the future, in compliance with the vast majority of climate
change studies (Alexeeff et al., 2018; Coro et al., 2020; Coro et al., 2023;
Dai, 2013; Dosio, 2016; Karl et al., 2015; Lewandowsky et al., 2015).
Precipitation showed a peak in 2016 and then a concentration in the
mountain areas, in compliance with other studies (Coro et al., 2020;
Coro et al., 2023). The overall species richness would strongly change in
the shorter-term (2050) and longer-term (2100) future in both the me-
dium (RCP4.5) and high (RCP8.5) greenhouse gas emission scenarios.
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The temperature and precipitation change over the last 70 years might
have benefited animal biodiversity. Therefore, the lower number of
species - especially birds - reported in GBIF for the past might also relate
to previous species absence, in agreement with local-experts’ consider-
ations (Section 2.3). However, the expected drying of most of the basin,
with heavy precipitation confined more and more to the mountain areas,
would negatively affect species composition in the future. It is worrying
that even the reduced emissions of the RCP4.5 scenario would be
insufficient to stop this change. Birds will likely be the most impacted
group, with an extensive species-richness loss in 2100. Intense changes
would also occur in 2050 in both the RCP scenarios. On the contrary, the
selected insect-group’s habitat suitability has increased and will likely
increase in the short- and long-term future. This trend might not be
generalisable to all insects living in the basin, since the group accounts
for only 22% of the total insect species reported in GBIF. Moreover, a
general increasing trend for a species group does not exclude that some
species (including endemic or endangered) representing a minor but
very important percentage might go extinct because of future habitat
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unsuitability (Marta et al., 2021). Finally, terrestrial and water species
will likely move towards water-richer and cooler areas, radically
changing their presence in the basin.

All involved environmental parameters had a high influence on most
species’ distributions. However, it is impossible to identify one primary
driver of the detected species-richness change. A complex combination
of parameters within the MaxEnt models produced the presented results.
The Habitat Representativeness Score indicated that significant differ-
ences existed between the overall climatic conditions of 2016 and 2100-
RCP8.5, with lower but still significant differences between 2016 and
the other years. These differences indicate that species-richness changes
should be expected independently of the species-richness modelling
approach used.

4.2. Indications for policy-making authorities

Our results indicate that climate change poses severe risks to the
vulnerability of the species living in the Massaciuccoli basin, and
consequently to the ecosystem services relying upon them. A significant
species-composition change already in 2050 would negatively impact
the entire ecosystem, with ecological and economic consequences
(Colombaroli and Tinner, 2013; Pignalosa et al., 2022b). These findings
call for policy-making authorities to take actions as soon as possible to
mitigate the risks. The same conclusions about future biodiversity asset
and ecosystem service degradation were drawn by other studies focus-
sing on eutrophication and drought monitoring, which have proposed
water drainage and refuelling mitigation strategies (Bertacchi et al.,
2015; Pignalosa et al., 2022c; Rossetto et al., 2010b). These consider-
ations enforce our result reliability further. A few safeguard initiatives
are indeed undergoing (Regione Toscana, 2018), which mostly plan to
guarantee water presence in the lake. However, they are acting too
slowly to meet the change already occurring in the basin. Our results
constitute the first numeric assessment of the timing and intensity of the
change, which can be used as a reference for management planning.

4.3. Advantages and drawbacks

4.3.1. Model prediction beyond the training ranges

We trained the MaxEnt ENMs directly on the Massaciuccoli Lake
basin environmental data instead of using global-scale ranges. This
choice brought drawbacks and advantages. Global-scale parameters
would have allowed the model to better appreciate each species’ toler-
ance to the parameters, e.g., the thermal tolerance by studying the
species’ presence in an extensive range of temperatures. Therefore, the
MaxEnt model would have produced parameter-specific distributions
covering large parameter ranges. However, large-variance parameters
(such as global-scale parameters) decrease the resolution of parameter
variations and hide small modulations that are crucial when studying
habitat suitability in a limited area (Mushtaq et al., 2021; Wan et al.,
2019). The MaxEnt parameter-specific probabilities would be coarser
than those based on regional-scale parameters. Therefore, in line with
other approaches (Holt et al., 2018; Kumar et al., 2014; Owens et al.,
2013; Piekielek et al., 2015; Stohlgren et al., 2011), we used regional-
scale parameters to extract species-environment relationships at a
higher resolution. This choice allowed our ENMs to better model the
non-linear relations between the species and the selected environmental
parameters. The drawback was that the models needed to automatically
infer how to deal with broader temperature and precipitation ranges.

To manage this issue, we followed the practice advised by other
studies (Coro et al., 2022c; Elith et al., 2011a) to disable clamping in
MaxEnt. This option allows the model to extend the estimated proba-
bility distribution beyond the parameter ranges observed on the training
set. Since MaxEnt learns a complex, multidimensional function between
the observations and the environmental parameters, it is hard to eval-
uate the overall goodness of its extension precisely. However, the single-
parameter response curves (i.e., the marginal distributions) can be used
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as indicators. In particular, we verified that the single-parameter curves
consistently continued the trends at the range limits. In our case, the
models had to reach T and P values ~16% outside the training bound-
aries to cover the 1950 and 2100-RCP8.5 scenarios. We sample-checked,
across the species, that the extensions continued with monotonic
increasing or decreasing trends outside the range ends, always indi-
cating a suitability/unsuitability value similar to those at the range ends.

In summary, the single-parameter curves reasonably covered the
slight range extension. It is worth noting that this extension was helped
by larger-scale prior information provided by prevalence estimation.
This scenario’s reliability is also supported by the consideration that the
projection insists on the same region as the training data (Owens et al.,
2013; Stohlgren et al., 2011).

4.3.2. Data limitations

Using only public FAIR data to build our models guaranteed the
reproducibility and repeatability of the results. Other studies have
demonstrated that the parameters we used for the present study can be
sufficient for species-richness modelling in other areas (Coro et al.,
2016a; Midgley et al., 2002). We also demonstrated the high contribu-
tion of the parameters to our models. Moreover, the approximate as-
sumptions of averagely constant values across the years we made for ET,
WS, and C were tolerable because the inferred species-richness trends
were robust to significant variations of these parameters. However, the
selected parameters might be incomplete for modelling other change
factors for the Massaciuccoli basin biodiversity. For example, we did not
include land use and land cover changes, water and ecosystem man-
agement, pollution, and other direct human impact that could further
alter the depicted scenarios. To cover these aspects, we are planning a
new data census and collection campaign based on other public FAIR
data repositories (e.g., from the Tuscany Region administration to
Copernicus (Bertacchi, 2017; Bhardwaj and Khaiter, 2023; Thépaut
et al., 2018; Trevisani, 2014)). These data will likely have a coarser
spatial resolution than the data we used and will require sophisticated
data-harmonisation strategies to allow us to build regional-scale models.

4.3.3. Limitations and extensions

It is essential to highlight that, in the spirit of big-data analyses, our
results should be considered as macroscopic indications of overall
species-richness trends (per group) rather than as cell- and species-wise
detailed answers (Coro et al., 2022a; Queiroz et al., 2021). An erroneous
or missing indication of one species’ presence (or species richness) in a
cell is not important if most of the cells were correctly predicted and a
sufficient number of species was used (we used ~50% of all GBIF-
reported animals in the basin). The biases blur when several models
are aggregated and can fade away when overall trends are the target of
the study (Coro et al., 2024; Hannemann et al., 2016; Iannella et al.,
2018). The highlighted general patterns and temporal trends should be
considered the principal targets and results of the present paper. We also
demonstrated their low sensitivity to ET, WS, and C variations.

Although our results are based on approximations, they are valuable
for several additional analyses to understand future biodiversity change
directions and implications on ecosystem status and extract environ-
mental trends and food web in the basin (Jarnevich et al., 2015; Melo-
Merino et al., 2020; Nieto-Lugilde et al., 2018; Sinclair et al., 2010).
Generally, multi-species ecological niche models (MSENMs) like ours
are quick methods to generate an overview of species richness and es-
timate complex correlative relationships between overall species pres-
ence and environmental parameters (Barbet-Massin and Jetz, 2014;
Boyd and Foody, 2011; Sidumo et al., 2022). One drawback is that they
do not explicitly incorporate mutual species interactions, such as
competition, predation, or mutualism (Austin, 2007; Kissling et al.,
2012). Nevertheless, this approximation may still be valid in specific
contexts, especially when using yearly-aggregated environmental pa-
rameters. First, mutual species interactions can operate on various
temporal scales, from short-term interactions (e.g., seasonal competition
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for resources) to long-term dynamics (e.g., co-evolutionary relation-
ships). The omission of mutual interactions can be less problematic for
short-term dynamics when using annual environmental variables and
reduces model overfitting risks (Aratjo and Guisan, 2006; Norberg et al.,
2019; Pearson and Dawson, 2003; Urban et al., 2016; Wisz et al., 2013).
Second, mutual species interactions often occur at localised spatial
scales. In contrast, MSENMs typically operate at broader spatial extents,
where individual species interactions at an annual scale may be diluted
across the area, and the approximation might be more acceptable.

Our primary goal was indeed to understand broad-scale patterns of
species richness and habitat suitability rather than investigating fine-
scale ecological processes or predicting community dynamics.
MSENMs do not aim to capture the complexity of the entire ecological
system; instead, they address the complexity of the species-environment
relationship. Adding mutual species interaction would have introduced
additional complexity and uncertainty to our models, which was not
justified given our goal. MSENMs commonly delegate aspects such as
population dynamics and food web modelling to ecosystem models
(EMs). EMs can use the output of MSENMs to simulate and understand
food web and ecosystem dynamics (Guisan and Thuiller, 2005; Robinson
et al.,, 2017; Wang, 2019). For example, EMs based on Bayesian Net-
works (BNs) can incorporate MSENM output as prior information in
their nodes (Haussler et al., 2020; Lyu et al., 2022; Lyu et al., 2024;
Wang et al., 2024). Species presence, general habitat suitability (e.g.,
from MSENMs), and environmental parameters are often modelled in
BNs as prior probability nodes. A BN usually incorporates information
on species interactions as additional nodes and connections, and models
their effects on prior species distributions and ecosystem dynamics.
Bayesian inference updates all nodes’ probabilities based on additional
evidence and observations (e.g., remote sensing and ecological moni-
toring campaigns). The BN eventually quantifies uncertainty in the
ecosystem predictions and the MSENMs retrospectively. Therefore, EMs
can build upon MSENMs to (i) improve species composition and spatial
pattern knowledge (Bulmer et al., 2022), (ii) infer population dynamics
and community structure (Spiers et al., 2016; Trifonova et al., 2021),
(iii) detect broad patterns of species richness and ecological commu-
nities across environmental gradients (Hui et al., 2022), and (v) simulate
the relations between species composition/distribution and ecosystem
services (Bourhis et al., 2023; Felipe-Lucia et al., 2022; Kang et al., 2024;
Kissling et al., 2012). MSENMs can also provide input to spatial planning
models for biodiversity and ecosystem service conservation. These
models can combine the MSENM output with climate projections and
land-use scenarios to identify potential future trajectories of ecosystem
change and evaluate the effectiveness of different conservation and
management interventions (Beger et al., 2022; Devarajan et al., 2020;
Franklin et al., 2011).

In summary, our results have a moderately limited ecological point,
and should be considered as a general approach that can support pre-
liminary management measures and awareness campaigns (Hilbert,
2016; Queiroz et al., 2021; Sun and Scanlon, 2019; Valerio et al., 2024).
Their value would increase when used in ecosystem and spatial planning
models and generally when combined with other ecological data and
models. Additionally, they would pave the way to developing a digital
twin of the study area (Campana et al., 2021).

4.3.4. Modelling approach suitability and reliability

We used a modelling approach suited for the problem and data at
hand. Moreover, we relied on citizen science to collect updated, accurate
species observations on the field and consequently support the model’s
sensitivity to data quality. Our study also injected prevalence into the
models as a larger-scale knowledge about wetlands to reduce overfitting
risks and further enhance model reliability. Some extracted trends (e.g.,
for birds) also agree with local experts’ knowledge. Compared to other
biodiversity studies conducted on the Massaciuccoli Lake basin that
highlighted similar environmental-parameter and species-richness
trends (Bertacchi et al., 2015; Colombaroli et al., 2007; Colombaroli
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and Tinner, 2013; Colombini et al., 2013; Giugliano et al., 2011; Las-
trucci et al., 2017), we have produced the first spatially-explicit
assessment of animal species-richness trends while estimating the
timing of the changes. Differently from other Bayesian approaches
(Jarnevich et al., 2015; Joshi and Miller, 2021; Lee et al., 2023), we
produced Bayesian models where prior probabilities were estimated by
another model that simulated expert knowledge and reduced data
overfitting risks.

To be compliant with modern Open Science requirements of repro-
ducibility, repeatability, and reusability (Feng et al., 2019), our study
was entirely conducted through open-source software and FAIR envi-
ronmental and species-observation data. Our code and data are also
entirely open source (Section Software and data availability).

Our modelling approach would be valid for analysing other basins
with minimal regional-scale environmental data available and studying
their species-richness development over time. Our future work will
include applications of our approach to other wetland basins monitored
by the ITINERIS Italian Ministry-funded project, which develops cross-
disciplinary research in environmental sciences and ecology through
open data and service reuse (Italian Ministry of University and Research,
2023).
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818 Supplementary Material

Figure S1. Geographic references of the basin of the Massaciuccoli Lake in Tuscany (Italy),
with an overview (smaller image) of the river network intersecting the basin and the
longitude/latitude indications of the bounding box corners. The framed images were
extracted from the public maps distributed by the District Basin Authority of the northern
Appennines.





















