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SUMMARY

Water is essential for sustaining life, serving as a vital resource for humanity, and significantly contributing
to economic and social prosperity. It plays a crucial role in natural ecosystems and climate regulation, as
many Earth system processes relyfishwater resources' spatial and temporal distributitmwever,

water quality degradatias being fostered by the interconnected effectaid use and land covehange
(LULCC). Rapid global development has amplified these effects, disrupting kegsges that regulate

river flows and runoff. LULCC, particularly in agriculture, is central to the nutrient cycle and runoff to water
bodies, thereby affecting water quality and ecosystem resilience. Changes in precipitation patterns and rising
temperaturs further exacerbate pollutant transport, compromising water quality. Moreover, the complex
interactions between different land use/land cqlieh_C) significantly impact nutrient levels, pollution

concentrations, and sedimentation rates in freshwateysteass.

This research focuses @malysingthe dynamics and impacts of upstream LUibGuced changes on
downstream water quality at the river basin scale in Italy, aiming to support the achievement of good
ecological status as outlined in the Water Framework Directive (WHD3. thesis aimd¢o conduct a
detailed spatiotemporal analysis of LULCC within sudtersheds across the Italian peninsula and assess
their potentialimpacts on water qualiiy the midand longterm time frame under different land use change

scenarios

The research methodology follows a systematic approach, startingceliitting geospatial datasets
covering land use, hydrology, and water quality. These datasets are meticulously cleaned and organized to
prepare fol.andscapeAnalysis using spatial analysis tools such as QGIS and RSttalidentify spatie

temporal evolution and trends of different land use classes over the historical period Z098) Then,
thePrincipal Component Analysigechniquas employed to examirtée interaction among land use classes

in shaping the landscape structufmally, the Binomial Logistic RegressionBLR) Model is built and
validatedn orderto evaluateheimpactof upstream land usmn the ecological status of downstream surface
waters for each river branch in the Italian river netwbdsed on historical LULC data&hen, hevalidated

model is used topredict the likelihood of achieving good ecological status, as defined by the WFD
guidelines, under different future scenarios of LULC, based on the Shared Socioeconomic Pathways (SSP)
and Representative Concentration Pathways (RCP) adopted by the Vetangental Panel on Climate
Change (IPCC). This allows for scenabased assessments of potential impacts on water quality.
Visualization techniques, including maps, graphs, and other visual representations, aoepuesent the

analysis results effectively

The outcomesevealsignificant landscape changes between 2000 and 2012, which were more pronounced

than in the preceding and subsequent periods. Notably, there was a widespread reduction in grassland areas



across Italy, especially between 2006 and 2012, coupled with a substantial increase in barren land during
the same period. A slight decline in agricultural areas was observed, while anthropogenic landscapes
experienced significant growth, particularly witte expansion of highways, landfills, extraction sites, and

urban areas. This transformation coincided with a slight increase in forested areas, likely due to land

abandonment in mountainous regions and a marked decrease in forest cover in plairs and hill

Future predictions of water quality, based on $&HP 4.5 and 8.5 scenarios for the years 2050 and 2100,
indicate a general decline in water quality for both scenarios, with the latter scenario showing the highest
number of watersheds failing to meet WFDod ecological status standards. Regional analysis shows
varying trends across the peninsula: in the mountainous area of the eastern Alps, water quality is projected
to improve slightly compared to the baseline scenario, likely driven by increased asgarabverage due

to land abandonmenRivers in the Alpine and Apennine regionsnsistently exhibited higher quality
statuses, where human influence has decreased due to land abandonment and urban Gogkagisaly,

regions heavily impacted by human activity, such as major cities and urban areas, are expected to see a
significant decline in surface water ecological staRigers near areas heavily altered by human activities,
such as the agriculturally intensive Po Valley and densely populatedagti@ns, consistently showed the
poorest conditions according to WFD standahdsspite of constraints within the case study dataset
simplificatonint he model 6s construction, the results of
ecological status of freshwater and providing valuable resotwcemlicymakers and decisiamakers.

These findings can help guidpatialland management strategies and contribute to more effective water

quality preservation efforts across Italy
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MOTIVATIONS AND OBJECTIVES

Water is a fundamental resource for life and humaniegtig, playing a crucial role in ecosystems, climate
regulation, angocioeconomic development. However, water quality degradation, driven by LULCC, poses

a serious challenge, particularly in freshwater ecosystems. Global development has intensified these
changes, disrupting critical processes like river flow regulatiomatrient runoff management, which are

vital for water quality. Agriculture, in particular, plays a significant role in nutrient runoff, affecting water
bodies, while climate change exacerbates these pressures. Despite the WFD being the primary legal
framework in the European Union aimed at achieving gB8odface Water Ecological Stat(SWES for

water bodies, limited studies have projected future ecological status in relation to different land use
configurations. This gap highlights the need for comprehensive research that links LULCC with water

quality projections under varying future lanse scenarios.

This research aims to contribute to the scientific community by investigating the interaction between land
use changes and surface water quality in Italian watersheds. It seeks to assess the likelihood of meeting the
WEFD goal of achieving good ecologicahtus under various land use scenarlée specific objectives of

this work are:

1 Examine LULC Evolution:
Analyze how LULC hasnd will evolve overtime and utilize these changes to predict future water
quality across the Italian peninsula.

1 Apply an Innovative Methodology for Upstreamto-Downstream Influence:
Investigate and model the influence of upstream landscape composition and structure on downstream
water quality. This includes evaluating the impact of land use on each river segment while considering
all upstream connections, ensuring a thorough undelisguof landscape interactions along the river
network.

1 Refine Future Land Use Projections:
Develop and tilize a noveltechnique to create higlesolution land use maps that allow for accurate
future water quality predictions.

i Estimate the Probability of Achieving Good Ecological Status:
Develop methods to assess the probability of achieving good ecological status for surface waters based

on historical and future land use patterns under different scenarios.

This studyis part ofthe GRINS- Growing Resilient, INclusive and Sustainable project, National Recovery
and Resilience Plan (NRRP)PE9- Mission 4, C2, Intervention 1,.3unded by the European Uniaon

NextGenerationEU



THESISSTRUCTURE

This thesis is structured into three main sections: Section A lays the foundation with a theoretical overview
of how LULC and LULCC affect SWES. Section B outlines gireposedmethodology used to assess
LULC changestheir interactions, and their influence on water quality under different-ecoimomic and

land use scenarios. Section C presents the methodology's applicdtiertase study area in Italy, offering

key findings and insights from the analysis of LUL {npacts on water quality.

More specifically:

Section Aprovides a theoretical framework to understand the relationship between LULC, LULCC, and
SWES. It starts by reviewing the relevant literature and identifying research gaps. Additionally, it introduces
the case study area, covering its geography, landansehydrological characteristics. This section also
discusses the datasets utilized in the analysis, providing an understanding of the context and background for

the research.

Section Bdescribes the methodological approach used to investigate LULC clawegebe study period
(1990-2018), their interactions, and their influenceNES. It outlines the data processing technigques for
LULC and water quality data, detailing the landscape metrics and statistical models used. The section
explains the application dhtensity Analysis (IA), Principal Component Analysis (PCA), aBithomial

Logistic RegressiofBLR) modelto assess the trends in land ,udefine interaction among LUL€lasses

and their mutual influencan shaping the landscapand predict future SWES under variodasnd use
scenarios.These modelserve as innovative tool®r analyzingthe impacts ofLULC changes from

upstream to downstreariver basins

Section Cfocuses on applying the methodology to the case study area. It presstisiytemain findings,
including the results of LULC change over time, PCA, and the regression models. The section also interprets
the findings, discussing their implications for water quality management. Fina#lyCdnclusions
summarize the key insights from the thesis, offeringyathesisreflection on the research outcomes,

strengths, and areas for future exploration.



SECTIONA: THEORETICAL
BACKGROUND

1. INTRODUCTION

1.1. LULC change and its impact on water quality

Water is fundamental to sustaining life, serving as an essential resource for humanity, and contributing
significantly to economic and social prosperity. It plays a pivotal role in natural ecosystems and climate
regulation since many earth system procestmzend on freshwater resources' spatial and temporal
distribution. Society utilizes water to generate and sustain economic growth through farming, commercial
fishing, energy production, manufacturing, transport, and tourism. However, the supply pattatera
particularly vulnerable to climate and land use change, with scientists warning of increased risks of both
droughts and floods in the coming deca@fasropean Commission, 2015; Lehner & Grill, 2013; Y. Zhang
etal, 2023) Overalll, water demand is growing, putting
resources are under significant stress due to economic activities, population growth, and urbanization, which
increase pressures on freshwater systems across ttieeognimpacting human health and hindering
sustainable economic and social developnf€atrvalho et al., 2019; Vigiak et al., 202Qoncurrently,

water quality faces numerous threats from pollution, -@straction, and hydnmorphological changes
caused by industry, agriculture, urban development, flood defense systems, power generation, navigation,
recreation, and wastewater diachpe. Addressing these challenges is critical to ensure that water continues

to support both human life and the natural ecosystems that deper{@wrmpgean Commission, 2015)

The need to protect water resources is reflected in the European Union's comprehensive policy measures,
such as the Water Framework Directive (WFD), which aims to tackle the various challenges arising from
natural and human activities that threaten watality and availability throughout the contineiithe
European Union WFD, enacted in 2000, aims to protect water resources using a riveasadiapproach,
establishing 2015 as the target year for achieving good status for all European (Eatefgean
Commission, 2015; Water Frame Directive, 2000je definition of ecological status encompasses various
factors such as the abundance of aquatic flora and fish fauna, the availability of nutrients, and parameters
like salinity, temperature, and pollution by chemical pollutants. Additionally, morpicaldgatures such

as water quantity, flow, depths, and structures of riverbeds are also considered. The WFD classifies surface
water ecological status into five categories: high, good, moderate, poor, and bad. 'High status' signifies

minimal or no human nessure, 'good status' indicates a 'slight' deviation from this condition, ‘'moderate



status' implies a 'moderate' deviation, and the categories continue sitiladpean Commission, 2015)
Despite the efforts, nearly half of the EU's surface waters were projected to fail to reach good ecological
status by this deadline unless more robust measures were implelf@areiho et al., 2019; EEA, 2018.;
Vigiak et al., 2021)'he second round of River Basin Management Plans (RBMP) referring to conditions
for 2010 2015, indicates that rivers achieving at least good ecological status were about 40% of the total

European river basins

Land Use and Land Cover (LUD@efers to the human activities and practices carried out on a specific area

of land, such as agriculture, residential development, or industrial activities, together with the physical and
biological surface characteristics of the land, including vegetatvater bodies, and barren land, providing

a comprehensive understanding of how land is utilized and what it physically conipA€s2023) Land

use indicates the purpose or function of the land as determined by human actions, while land cover reflects
the actual physical state and material present on the ground. Changes in both aspects, known as Land Use
and Land Cover Change (LULCC), enquess shifts such as deforestation, urban expansion, or agricultural
development, which can significantly impact environmental processes, ecological dynamics, and
biodiversity. Human activities have considerably altered the current LULC. Urban expandiec toathe
extensive construction of paved areas, while agricultural practices have transformed vast natural landscapes
into farmland. These changes have profound implications for water quality, crucial for human sustenance
and ecosystem health. Urbanipatoften leads to increased runoff, as impermeable surfaces prevent water
from percolating into the ground, resulting in higher volumes of surface water that can carry pollutants into
water bodiegAstaraielmani et al., 2012; Nagy et al., 2019; Ouyang et al., 209@icultural activities
contribute to water quality degradation through the use of fertilizers and pesticides, which can leach into
waterways, introducing harmful chemicals and nutrients that can cause eutropl{iBatiooncore et al.,

2021; GimeneGarcia et al., 1996; Krupa et al., 2011; Moss, 2008; Serpa et al., 2017; Zalidis et al., 2002)
The alteration of natural landscapes disrupts the natural hydrological cycle, further exacerbating water
guality issuegBerka et al., 2001; Botter et al., 2021; de Souza et al., 2013; Dou et al., 2023; Pote et al.,
2003; Sweeney & Newbold, 2014)

Understanding and mitigating the impacts of LULCC on water quality is essential for ensuring the health
and sustainability of both human populations and natural ecosystems. Addressing these challenges requires
comprehensive strategies and stronger actmnsduce the pressures on freshwater resources and improve
water quality across Europe and the whole world. Research on the relationship between LULCC and water
quality employs a variety of methodologies, with each approach tailored to address spsedichre
guestions and data availability. Typically, studies begin with statistical analyses, where researchers collect
data on LULC and water quality across different spatial and temporal scales, using methods such as

correlation and regression to quantigfationships between various LULC types (e.g., urban, agricultural,



forested) and water quality paramet@s et al., 2014; Buck et al., 2004; Chiang et al., 2021; Ding et al.,
2016; Shen et al., 2014; J. Zhang et al., 20@@pgraphic Information Systems (GIS) are also extensively
used to map LULC changes and analyse their spatial relationships with water quality data, allowing for the
visualization of patterns and the identification of hotspots where LULC changes maycaighifimpact

water quality(Tong & Chen, 2002; Y. Zhang et al., 202Burthermore, modelling approaches, such as the
Soil and Water Assessment Tool (SWAT), BASINS, and Water Quality Index method (WQI), are often
applied to simulate the effects of LULC on hydrological processes and (#abedd et al., 1998; P. W.
Gassman et al., 2007; Shen et al., 2015; Shree & Kumar, 2023; Tong & Chen, 2002; Z. Wu et al., 2018)
These models require extensive datasets, including LULC, climate, soil, and topography, to predict how
land use changes affect water quality over time, making them valuable for both current assessments and
future projections quality. Additionally, some dies utilize landscape metrics and spatial statistics to
guantify the composition, configuration, and fragmentation of landscapes, providing a more nuanced
understanding of how the spatial arrangement of land uses influences water(ieditet al., 2022; Bu

etal., 2014; Ding et al., 2016; Liu et al., 2021; Shen et al., 2015; Y. Zhang et al.,2@&%) methodologies

offer a comprehensive framework for assessing the complex interactions between LULCC and water

guality, each contributing unique insights into how land use decisions impact aquatic ecosystems.

1.2. Knowledge gaps across current literature

As reported in Sectioh.1, a majority of research on predicting and assessing the impact on water quality
utilizes complex multilevel models such as the SWAT or BASINS mdé&élkhoury et al., 2015; Mello

et al., 2020; MolineNavarro et al., 2014; Ross & Randhir, 2022, 2022; Serpa et al., 2017; Shrestha et al.,
2018; Teurlincx et al., 2019; Tong & Chen, 2002; D. Zhu et al., 20&8¢h require a broad range of data,
including weather conditions, surface runoff, return flow, percolation, evapotranspiration, transmission
losses, pond and reservoir storage, crop growth and irrigation, groundwater flow, reach routing, nutrient and
pesticide loading, and water transf&. W. Gassman et al., 200Despite the potential for modelling and
forecasting current and future water conditions, these detailed approaches can dilute and obscure the specific
impact of land use structure as an individual predictor of water quality. These models often ftiite ca

the nuanced impact of landscape structure, including the arrangement, distribution, and connectivity of
varying land use types and their interactions within the spatial domain. As a result, the findings may reflect
the interaction of multiple domaimather than isolating the impact of landscape patterns as a primary factor.
Additionally, many studies are constrained by their focus on relatively small areas with simplified or limited
river networks(Camara et al., 2021; Ding et al., 2016;Koury et al., 2015; Shree & Kumar, 2028}

on larger areas where the analysis is based on generalized watersheds that do not account for the nuances of
individual river branchegVigiak et al., 2021)thus limiting the generalizability of their findings without

accounting for the detailed spatial variations in river networks and land use across different landscapes.
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Regarding the studies on the relationship between landscape patterns and water quality, researchers typically
begin by using Digital Elevation Models (DEMSs) in GIS software to divide a watershed into smaller sub
watersheds and buffer zones. Then the laaqusattern metrics were calculated for eachveatiershed

and buffer zone and collect water samples from monitoring points or outlets for analysis. Finally, statistical
methods were utilized to explore the relationships between landscape metrics angualéigrusually
focusing on the sulvatershed as the main unit of analyisl et al., 2021; Shen et al., 2014; Z. Wu et al.,
2018; J. Zhang et al., 2020Jwo main approaches are currently used to correlatewsidrshed
characteristics with water quality data. The first approach links the water quality of each monitoring site
only to its specific suvatershed, often overlooking the effects of upstreamffymmocesses and nested
catchment dynamic&Bu et al., 2014; Pratt & Chang, 2012; Shen et al., 2015; F. Zhang et al., 26&2)
second approach connects each monitoring site to all upstreavaterisheds and their buffers, taking into
account the cumulative impact of the upstream landscape on water @Daigyet al., 2016; Liu et al.,

2021; Shi et al., 2017; J. Wu & Lu, 202Results fromPei et al. (2023show that this upstreain-
downstream method demonstrates a strong correlation and significant explanatory power in linking
landscape patterns to water quality, underscoring the importance of considering the influence of nested
watersheds. To accuratelgpture this relationship, the delineation method should encompass all upstream
subwatersheds of the site and align with natural runoff and confluence processes. However, applying this

approach to forecast future water quality based on projected LULChmaapw®t yet been explored.

Although the studies mentioned above provide valuable insights into the impacts of land use changes on
water quality the consideration of the Water Framework Directive (WFD) classifications to predict water
quality within nested watersheds was still lacking. While the WFD provides a comprehensive framework
that includes specific quality standards, ecological statussifitaations, and environmental objectives,
many studies tend to focus predominantly onde@ochemical parametgi@amara et al., 2021; Ding et al.,

2016; EtKhoury et al., 2015; Mello et al., 2020; MolitNavarro et al., 2014; Ross & Randhir, 2022, 2022;
Serpa et al., 2017; Shree & Kumar, 2023; Shrestha et al., 2018; Teurlincx et al., 2019; Tong & Chen, 2002;
D. Zhuet al., 2023) To assess water quality, these works often evaluate changes in parameters such as
nutrient concentrations, chemical contaminants, and sediment loads. In contrast, the WFD emphasizes a
more holistic approach by incorporating biological indicators, sutiegsresence and condition of aquatic

flora and fauna, alongside chemical and physical water quality metddsessinghe ecological health of

water bodies by consideriaysofactors like habitat quality and the ecological status of aquatic ecosystems

(European Commission, 2015; Water Frame Directive, 2000)
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SECTION B: METHODOLOGICAL
DEVELOPMENT

2. CHARACTERIZATION OF THE CASE STUDY

2.1. Case studwareadescription

The ltalian Peninsula, a diverse and complex landmass, extends deep into the Mediterranean Sea and is
characterized by its varied topography, climate, and lan@Qeseascia et al., 2006; Todorovic et al., 2018)
(Figurela). It spans from approximately latitude 47°5029" N to 35°47'00" N and longitude 6°32'05" E to
18°31'01" E with an area 0802.073km?. Geographically, the peninsula is defined by the imposing Alps

to the north, which serve as a natural boundary, and the Apennine Mountains, a continuous chain running
down the center from north to soyffigurelb). Surrounded by the Tyrrhenian Sea to the west, the Adriatic

Sea to the east, and the lonian Sea to the south, the peninsula's coastline, including its islands, extends for
about 7,375.3 km. The rugged terrain of the Alps and Apennines significantlgriofis Italy's climate,

which ranges from Alpine conditions in the northern regions to a Mediterranean climate in the south. The
Apennines also play a crucial role in shaping the peninsula’s hydrology by dividing its watersheds, directing
rivers and stream®ward either the Adriatic Sea on the eastern side or the Tyrrhenian Sea on the western
side. This geographical diversity has led to a wide range of land uses across the peninsula, reflecting the
interplay between natural landscapes and human activities of the defining biophysical features of the

Italian Peninsula is its surface freshwater resoufidessarutto, 2005)The peninsula is interspersed with
numerous rivers, lakes, and smaller water bodies, historically vital for human settlement and agricultural
activities (Figure 1c). Major rivers like the Po, the Arno, and the Tiber traverse the landscape, providing
water for irrigation, industry, and drinking purpogbtassarutto, 2005)The Po River, the longest in Italy,

drains the extensive and fertile Po Valley in the north, an area of intense agricultural getizvitgla &

Swanson, 2014; Montanari, 2012; Scarascia et al., 200@) Tiber runs through central Italy, including

Rome, contributing significantly to the region's historical and economic development. Italy's lakes, such as
Lake Garda, Lake Como, and Lake Maggiore, are not only critical freshwater resources but aktocentr

the country's tourism and recreation industf(@sffi et al., 2021; Pasini, 2023)ULC in ltaly reflects the

interplay between the country's natural landscapes and human activities. The peninsula's varied topography
has resulted in a mosaic of land uses, from the dense urban centers and industrial zones to expansive
agricultural areasnd forests. The Po Valley, with its flat terrain and fertile soils, is one of the most

agriculturally productive regions in Europe, known for its cultivation of crops like wheat, rice, and maize,
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as well as its intensive dairy farmifBozzola & Swanson, 2014; Massarutto, 2005; Montanari, 2012;
Scarascia et al., 2008 contrast, the hilly and mountainous regions, particularly in central and southern
Italy, are characterized by a mix of smsdiale agriculture, including vineyards and olive groves,
interspersed with patches of forests and natural veget@iorerrara et al., 2021)Forests cover

significantly variates in types depending on altitude and clif@t&errara et al., 2017)

(a) - A (b)

Elevation (m)
M 4313

-53

(c)

River network

0. 50 100 150 200 250 300 km 0 50 100 150 200 250 300 km
e ™ = =S i ——

Figureli Case Study Area: The map on the left shows Italy as depicted by OpenStreetMap (OSM). The top right panel presentsrihe elevati
profile derived from the Digital Elevation Model (DEM). The bottom right panel illustrates the river network of Italyreedsivom ISPRA.

The Apennines and the Alps are home to large tracts of deciduous and coniferous forests, which play a
crucial role in biodiversity conservation, carbon sequestration, and soil protection. However, these forested
areas are often fragmented due to the exparef agricultural land and urban development. Urbanization

in Italy has been another critical factor shaping the land gg@mano, Zullo, Fiorini, Marucci, et al.,

2017) The peninsula is home to several major cities, including Rome, Turin, Milan, Naples, and others,

each with a significant historical and cultural heritage. These urban areas have expanded over time,
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increasing pressure on surrounding natural landscapes and agricultural lands. Thus, The Italian landscape
reflects its long history of human settlement, where ancient towns and modern cities coexist with cultivated
fields and natural ecosystems. Seetmromically, the Italian Peninsula is one of the most developed
regions in Europe, with a diverse economy that includes agriculture, manufacturing, and services,
particularly tourism(EIB, 2022; OECD, 2024)The country's agricultural sector is highly varied, with the
northern regions focusing on intensive farming, while the central and southern regions are more oriented
towards producing wine, olive oil, and other Mediterranean crops. The tourism sectoagieg Italy's

rich cultural and natural heritage, is also a major contributor to the economy, with millions of visitors

flocking to the country's cities, historical sites, and coastal regions everflS€AT, 2024)

The Italian Peninsula is a land of contrasts, where natural and human landscapes are deeply intertwined. Its
surface freshwater resources and varied land use patterns are central to its biophysical-andrsmuio

identity, shaping the region's develogmh and its role within the broader European context.

2.2. Case study data collection

The implementation of a predictive model capable of forecasting water quality across diverse and extensive
landscapes requires a substantial amount ofdpigtity data. To meet this need, ardiepth search for GIS

and DEMbased data was conducted tanitify high-resolution and precise datasets that are compatible and
complementary, ensuring alignment in scale, resolution, and coverage. A comprehensive data set was
collected to support a detailed spatial analysis of the interactions between varioosreental factors.

This dataset includes critical information on landscape morphology used to identify and delineate water
basins and watersheds, providing insights into the physical structure and boundaries of the terrain.
Hydrography data was also gathdrancluding details on water flow direction, river connectivity, and the
intricate network of streams and rivers. This information is essential for mapping the pathways through
which water travels across the landscape and understanding how differeriatéterare interconnected.

In addition, highresolution WFDBbased water quality data were obtained for the entire river network. This
data offers crucial insights into water quality's current status and variability across different regions.
Furthermore, dtailed land use data was collected to assess the influence of various human activities and
natural landscapes on water quality and the broader hydrological system. Finally, future land use projections
under different socioeconomic and climate scenariaos widlized to predict the future state of water quality

in Italy. These scenarios, which represent a range of -sgcimomic pathways and climate conditions,
allowed for an examination of potential changes in land use patterns and their consequenheffatts

quality, helping to forecast and plan for future environmental challenges imnddongterm timeframes.

The technical details of the collected data are summariZeabilel, and an irdepth description of the data

will be presented in the next sections.
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Tablel - Collected Data

Spatial Published Spatial

Domain year Resolution Time Frame Data Format Reference/Link

Dataset

Land Use Data

|(_(L:JléglNE Land Cover) Europe 2020 100m 100 m | 9% P08 200

CORINE Land Coved Copernicus
2012, 2018 Vector/Raster Land Monitoring Service

Chen, G, Li, X., & Liu, X. (2022).
Global land projection based on plant
Raster functional types with a-km resolution
under socieclimatic scenariosScientific
Data, 9(1), 125.

(2015), 2050,

LULC Projection Global 2022 1km*1km 2100

Hydrology Data

https://ec.europa.eu/eurostat/web/gisco

\(/é?;eég;ed Europe 2014 1 ?I(;(S)er%(;nd Shapefile eodata/digitaklevationmodel/eu
dem#Hydrography%20(LAEA)
Watershed ) https://www.hydrosheds.org/products/h
(HydroSHED) Global 2014 15 aresecond Shapefile drobasins
. https://ec.europa.eu/eurostat/web/gisco|
River Network 1 aresecond ) - :
(GISCO) Europe 2014 (=30 m) Shapefile eodata/digitaklevationmodel/eu

dem#Hydrography%20(LAEA)

Water Quality Data

https://sdi.isprambiente.it/geoserver/we

;SlévaRSA) Italy 2016 - 2010- 2016 Shapefile wicket/bookmarkable/org.geoserver.we
demo.MapPreviewPage?0&filter=false
2.2.1. LULC data

For the analysis of land use and land cover (LULC), two key datasets were utilized: the CORINE Land
Cover(CLC) inventory from the Copernicus Land Monitoring Service (CLMS), which provides detailed
European LULC data, and the global land use projections from Chen et al. (2022), which offer future LULC
scenarios based on the ESA Climate Change Initiative (CCl)daver data. The CLC nomenclature is
divided into three levels of detalbvel lincludes five main categories representing broad types of land
cover, such as built environments, agricultural areas, natural landscapes, wetlands, and bodies of water;
level 2 provides more detailed swdategories within the Level 1 classes, distinguishing between different
types of built environments, various forms of agricultural practices, and different types of natural landscapes
and vegetation;elvel 3 the most detailed level, consists of specific land cover types withinleash2
category, capturing finer distinctions within urban and rural areas, different agricultural uses, and specific
natural featuregKosztra et al., 2017)The CLC nomenclature &vel 3features 44 thematic classes,
characterized by a sequence of three numbers, which refer respectively to the three levels at which the class

can be categorized, providing a detailed and standardized framework for land cover and land use mapping
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https://land.copernicus.eu/en/products/corine-land-cover
https://land.copernicus.eu/en/products/corine-land-cover
https://ec.europa.eu/eurostat/web/gisco/geodata/digital-elevation-model/eu-dem#Hydrography%20(LAEA)
https://ec.europa.eu/eurostat/web/gisco/geodata/digital-elevation-model/eu-dem#Hydrography%20(LAEA)
https://ec.europa.eu/eurostat/web/gisco/geodata/digital-elevation-model/eu-dem#Hydrography%20(LAEA)
https://www.hydrosheds.org/products/hydrobasins
https://www.hydrosheds.org/products/hydrobasins
https://ec.europa.eu/eurostat/web/gisco/geodata/digital-elevation-model/eu-dem#Hydrography%20(LAEA)
https://ec.europa.eu/eurostat/web/gisco/geodata/digital-elevation-model/eu-dem#Hydrography%20(LAEA)
https://ec.europa.eu/eurostat/web/gisco/geodata/digital-elevation-model/eu-dem#Hydrography%20(LAEA)
https://sdi.isprambiente.it/geoserver/web/wicket/bookmarkable/org.geoserver.web.demo.MapPreviewPage?0&filter=false
https://sdi.isprambiente.it/geoserver/web/wicket/bookmarkable/org.geoserver.web.demo.MapPreviewPage?0&filter=false
https://sdi.isprambiente.it/geoserver/web/wicket/bookmarkable/org.geoserver.web.demo.MapPreviewPage?0&filter=false

across EuropéKosztra et al., 2017¥For this studyCLC layers with a spatial resolution of 100 meters by
100 meters for the years 1990, 2000, 2006, 2012, and(E@f8e2) were utilized.

Corine Land Cover - Agro-forestry areas

|| Broad-leaved forest
- Coniferous forest
7] Mixed forest
[] Natural grasslands
| Moors and heathland
| sclerophyllous vegetation
|| Transitional woodiand-shrub
| Beaches dunes sands

- Continuous urban fabric
Il Discontinuous urban fabric
I Industrial or commercial units
Il Road and rail networks and assodiated land
T Portareas
Airports
I Mineral extraction sites
I Dump sites
Construction sites

\ Bare rocks
| Sparsely vegetated areas
- Burnt areas
\ Glaciers and perpetual snow
7] 1nland marshes
I Pest bogs
| salt marshes
- Rice fields j salines
[ Vineyards [ Intertidal flats
[ water courses
J Water bodies
Pastures [ Coastal lagoons
Annual crops associated with permanent crops
_ Complex cultivation patterns
comeant mese of neturl yoamtaton | NODATA

[ Green urban areas
Sport and leisure facilities
Non-irrigated arable land
___ Permanently irrigated land

Fruit trees and berry plantations
7 olive groves

\ Estuaries
| sea and ocean

0 100 200 300 400 km

Figure2 - Map of Italy's LULC for 2018, sourced from the CLC project, with a resolution of 100 m.

Thefutureglobal land use projections were sourced from the study conductelddmyet al. (2022based

on the 2015 ESAlimate Change Initiative (CCland cover datarhe nomenclature adopted by the ESA

CCl includes around 22 different land cover classes that follow international sta(ilardgsean Space

Agency- ESA, 2020)which have been grouped into seven madasses: Water, Forest, Grassland, Barren

land, CroplandUrban area, and Permanent snow andlibe datasets provide LULC projections atlari

resolution for the period 2018100, following the latest projections of socioeconomic and climate scenario
produced by the Intergovernative Panel on Climate Change (IPCC). The Shared Socioeconomic Pathways
(SSP) and the Representative Concentration Pathways (RCP) are frameworks used in climate research to
model and analyse future climate scenarios. The Shared Socioeconomic Pathways (SSPs) are five scenarios
that describ different global socioeconomic trends influencing greenhouse gas emissions and climate
change impacts: SSP1 ("Sustainability”), SSP2 ("Middle of the Road"), SSP3 ("Regional Rivalry"), SSP4
("Inequality™), and SSP5 ("Fosdilieled Development) O6 Ne i | | et . Thdy are dedgdel 0, 20 1°

provide a broad range of future pathways to assess the impacts of different socioeconomic developments on

16



climate change and the environment. The Representative Concentration Pathways (RCPs) are four climate
scenarios representing various levels of radiative forcing by 2100: RCP2.6, RCP4.5, RCP6.0, and RCP8.5,
with RCP2.6 representing strong mitigation and BGRepresenting a higgmission futurgvan Vuuren
et al., 2011)In this thesis, the land use projections of SBREP4.5(Figure3) and SSPIRCP8.5(Figure
4) for the years 2050 and 2100 were selected to analyse the change in-tredrodgterm timeframe,

respectively, along with the baseline scenario of 2015.

The SSP2RCP4.5 scenario combines the "Middle of the Road" socioeconomic pathway with a

moderate climate change mitigation strategy:

1 SSP2i Middle of the Roadi envisions a future where societal, economic, and technological
developments proceed without major deviations from historical trends. Progress in income and
development is uneven, with some nations advancing more rapidly thens.d®olitical stability is
generally maintained, and global markets operate, though not flawlessly. Efforts towards sustainable
development are gradual and incremental. Environmental degradation occurs, but resource and energy
use efficiency improve oveime. While reliance on fossil fuels diminishes slowly, unconventional
fossil resources are still utilized. Population growth is moderate, stabilizing in the latter half of the
century, although insufficient educational investments initocs@me regions day the shift to lower
fertility rates. Persistent income inequality, societal stratification, and limited social cohesion hinder
efforts to reduce vulnerability to societal and environmental shifts. These trends create moderate
challenges for mitigationral adaptation, with significant disparities between and within countries.
SSP2 reflects a development trajectory consistent with historical patterns, such as rapid growth in
emerging economies that slows at higher income levels, an average pace of deimogragition, and
continuous technological progress without major disruptfol®é Ne i | | et.al ., 2014,

1 RCPA4.5 represents a stabilization scenario where radiative forcing stabilizes at 4.5 W/m2 by the year
2100. It assumes that global greenhouse gas emissions peak around 2040 and then decline, stabilizing
radiative forcing by the end of the century withoutshooting. This pathway involves moderate
mitigation efforts compared to more aggressive scenarios like RCP2.6. The scenario includes
assumptions about global socioeconomic development, energy use, land use changes, and technological
advancements. It ersions a mix of energy sources, including a significant share of renewable energy
and some reliance on fossil fuels with carbon capture and storage (CCS) technologies. Under RCP4.5,
the global average temperature is projected to increase by approxim8&t&ytd 2.4°C above pre
industrial levels by 2100, depending on climate sensitivity. This scenario aims to balance mitigation
efforts and economic growth, providing a pathway that seeks to moderate climate impacts while

allowing for continued developme(iPCC, 2014; Thomson et al., 2011; van Vuuren et al., 2011)
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In the SSP-RCPA4.5 scenario, the combined narrative reflects a future with moderate socioeconomic and
technological progress, coupled with stabilization efforts to limit radiative forcing. This balanced approach
seeks to mitigate climate change impactslavhllowing for steady, albeit uneven, development across
different regions. The scenario underscores the importance of moderate mitigation strategies and
sustainable development practices to address both global environmental challenges and socioeconomic

inequalities

SSP2-RCP45 2050 SSP2-RCP45 2100

Land Use classes
B WATER

B FOREST

I GRASSLAND
BARREN
CROPLAND

¥ URBAN

PERMANENT
SNOW AND ICE

0 100 200 300 km
(a) ' (b) : e

Figure3-Map of |t al y 6 s-RCR4E &enfirm im 2058)(@d 2@ K) 2with a resolution of 1 km.

The SSP5RCP8.5 scenario combines a future characterized by rapid economgzowth driven by
industrialized and emerging economie$ Taking the Highway i with high greenhouse gas emissions

leading to significant climate change:

1 SSPS5 Taking the Highway describes a future driven by the economic success of industrialized and
emerging economies, with a strong emphasis on competitive markets, innovation, and participatory
societies. Rapid technological progress and human capmtadlapment are seen as the keys to
sustainable development. Global markets become increasingly integrated, with efforts focused on
maintaining competition and removing barriers for disadvantaged groups. Significant investments are
made in health, educatipand institutions to enhance human and social capital. This scenario also
involves extensive exploitation of fossil fuel resources and adoption of resanctenergyntensive

lifestyles worldwide, leading to rapid global economic growth. There isdemde in managing social
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and ecological systems effectively, including the potential use of geoengineering. Local environmental
impacts are mitigated through technological solutions, but global environmental concerns receive less
attention due to a perceived tragf with economé development. Global population peaks and then
declines in the 21st century, with rapid fertility declines in developing countries and relatively high
fertility in high-income countries. Increased international mobility results from gradually opened labou
markets and decreasing income disparities. The strong reliance on fossil fuels and lack of global
environmental concern present significant challenges to mitigation. However, the attainment of human
development goals, robust economic growth, and highgyneered infrastructure result in relatively
low adaptation challenges to potential climate changes for most, though not all, regions. SSP5 envisions
accelerated globalization and rapid development of developing countries, significant improvements in
institutions, and increased economic participation of disadvantaged groups, unprecedented global trends
(Kriegler et al ., 2017; O6 Nei I | et al ., 2014,
1 RCP8.5 represents a high greenhouse gas emission scenario where radiative forcing reaches 8.5 W/mz
by the year 2100. This pathway assumes that emissions will continue to rise throughout the 21st century,
with minimal efforts to curb them. The scenario sfons continued heavy reliance on fossil fuels, with
rapid population growth and slower technological development regarding energy efficiency and
renewable energy adoption. Economic growth is uneven, with some regions experiencing significant
development Wile others lag behind. Under RCP8.5, global average temperatures are projected to
increase substantially, with estimates ranging from 3.2°C to 5.4°C aboirelpgtrial levels by 2100,
depending on climate sensitivity. This scenario is often referreg # "businesasusual” pathway,
reflecting a future where little is done to mitigate climate change, leading to severe and widespread

impacts on natural and human systéR€C, 2014; Riahi et al., 2011; van Vuuren et al., 2011)

In the combined SSHBCP8.5 scenario, rapid economic growth and high emissions drive significant
climate change. The world experiences considerable technological progress and improved human capital,
but at the cost of extensive environmental degradatientduhe persistent use of fossil fuels. The heavy
reliance on these fuels and the minimal focus on global environmental concerns lead to substantial
challenges in mitigating climate change, although the robust economic infrastructure provides some
capaciy for adaptation. This scenario underscores the trafie between rapid economic development and
environmental sustainability, highlighting the potential for severe climate impacts if current trends continue

without significant changes in policy and priaet
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Figure4-Map of |t al y 6 s-RCR85 senfirm m 2050 (left) & 80 (right), with a resolution of 1 km.

2.2.2. Hydrology data

For the hydrological analysis, we utilized two primary datasets: the watershed and hydrology layers from
the Geographic Information System of the Commission (GISCO) and the HydroBASINS dataset from the
HydroSHEDS Projeci(Figure 5), both of which provide comprehensive geospatial data crucial for
modelling and analysing hydrological features within the study areaThe GISCO
(https://ec.europa.eu/eurostat/web/g)sdata provides crucial geospatial information, created through the

digital elevation model over Europe (HREM) derived from the GMES Geospatial Reference Data Access
(RDA) project. The ELDEM is a digital surface model with a 1 esecond resolution (apptinately 30

meters) and combines data from the Shuttle Radar Topography Mission (SRTM) and the ASTER Global
Digital Elevation Model (GDEM)Tgttrup, 2014)Using the ELDEM, we extracted layers representing

river catchments, the river network, and river segments, including essential details like watershed IDs, river
IDs, downstream connections, and node locations, which were essential for modeling hyalrfdagires

and water flow patterns in the study arétydroBASINS datasefrom the HydroSHEDS Project
(https://www.hydrosheds.org/products/hydrobasissa global dataset that provides vectorized polygon

layers representing stiasin boundaries. Designedaifer seamless coverage of consistently sized and

20


https://ec.europa.eu/eurostat/web/gisco
https://www.hydrosheds.org/products/hydrobasins

GISCO River Network - GISCO Watersheds
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Figure5 - Hydrology map of Italy with detail: GISCO river netwoi&), GISCO watershed®), and HydroSHED$evel 08(c).

hierarchicallynested watersheds, HydroBASINS supports detailed catchment analysis at multiple scales,
ranging from tens to millions of square kilometres. The dataset is derived from the gridded HydroSHEDS
core layers, specifically at a 15 aecond resolution. One dfi@ key features of HydroBASINS is its
hierarchical suib a s i n delineation, whi ch i mpl ement t he
hierarchically nested stfiasin breakdowns globally, facilitating the navigation through the-rieexork

from upstream to downstream: at its most detailed level (i.e., level 12). HydroBASINS includes
approximately 1.0 million individual subasin polygons at its highest resolution, with an average area of
130.6 km?, covering a total of 135.0 million km? oblgal land area (excluding Antarctiq@dehner, 2014,
Lehner & Grill, 2013) For this study, HydroSHEDS Level 08 was chosen, representing a grid of watersheds
presenting larger polygons compared to those in the GISCO watershed layer, but still sufficiently detailed
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to cover areas with similar structural and ecological characteristics. The average area of the Level 08 basins
is 717,87 kM, with a median of 479,48 K&n

2.2.3. Water quality data

Waterquality datavere sourced from Istituto Superiore per la protezione e la Ricerca Ambientale (ISPRA)
(https://sinacloud.isprambiente)iith collaboration with Sistema Nazionale per la Protezione dell'Ambiente
(SNPA) https://www.snpambiente jt/The layer refers to the SWES of Italian rivers, for the yeat§-20
2016 (Figure 6). The SWES indicates the quality and functioning of aquatic ecosystems. Directive
2000/60/EC(Water Frame Directive, 2000implemented in Italy through Legislative Decree 152/2006,

requires that water bodies achieve a "good" quality status, evaluated by considering both ecological and

chemical conditions. This indicator assesses the ecological status of inland surface usiaigrs
classification data from the WISE 2022 Reporting, relevant to the 3rd Water Management Plan. The good
SWES is defined by the Directive 2000/ 60/ EC as the
elements for the surface water bodyeyghow low levels of distortion resulting from human activity but
deviate only slightly from those normally associ a:
is determined by evaluating (BQES), selected based on an analysis of pressurgmets] &and supported

by the physicochemical properties of the water column, specific chemical pollutants, and
hydromorphological features of the water body. The BQEs monitored in inland surface waters include
macroinvertebrates, macrophytes, fish faund, pinytobenthos (diatoms) in rivers, and phytoplankton in

lakes. The status is classified into five quality categories, represented by numeric values from 1 to 5: 'high,’
'good," 'moderate,’ 'poor,’ and 'bad." According to the -banme allout” principle d¢ the Directive
2000/60/EC the overall status class of the water body is assigned based on the lowest value among the
statuses of the individual biological quality elements and the chemical status of specific pollutants, evaluated
by whether they exceed the quality standard valdlds t he AHi ghd status {evel,
chemical elements correspond almost entirely to undisturbed, natural conditions. Nutrient concentrations
remain within the range typically found in pristine environments, and key factors such ay, saltini

oxygen balance, acideutralizing capacity, and temperature show no signs of himdaned disturbance.

These elements remain well within the natural range, ensuring that the ecosystem functions as it would in a
completely undicodo bedatstat et hdowathe&sr body still
ecosystem's proper functioning, though there is some deviation from undisturbed conditions. Temperature,
oxygen balance, pH, acitkutralizing capacity, and salinity do not exceed leveat would disrupt the

specific ecosystem type or the biological quality elements. Nutrient concentrations, while potentially higher
than in pristine conditions, remain within limits that ensure the ecosystem continues to function effectively

and suppds the necessary biological quality elements.
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Figure6 - Surface water ecological status of Italian river network in 2016 (ISPRA)

| n fiModer ateodo status, t he water body meets the c
elements, but with noticeable anthropogenic influence. The phisimical conditions are consistent with

the functioning of the ecosystem, thoughtheyrefct a gr eater degree of distu
and AGoodo status |l evels. This means thatthawhi | e t
optimal level, reflecting a more significant departure from natural, undisturbedt condin s . For AP
status, the water body shows significant signs of anthropogenic disturbance, with-gbteysioal

conditions that are markedly altered from their natural state. Nutrient concentrations, salinity, pH, oxygen
balance, acigheutralizing capeity, and temperature are outside the range that would typically support a
healthy, functioning ecosystem. While some biological elements may still persist, the overall ecosystem is
heavily degraded, and its capacity to support diverse life forms is beyerec o mpr omi s e d . Final
status, the water body's condition is critically impaired. Phgamical elements are so far from their

natural, undisturbed state that the ecosystem's ability to function is almost entirely lost. Nutrient levels and
other critical factors such as salinity, pH, and oxygen balance are at extreme levels, well beyond those
necessary to support even the most basic biological quality elements. The ecosystem is in a state of collapse,
with the vast majority of life forms unable survive under these conditions, signalling a +tetal loss of

ecological function.
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3. DATA PROCESSING METHODS

3.1. Land useae-classification

Scholars utilizing CLC data for their studies typically focus on Level 1 of the nomenclature as the land use
types for conducting a comprehensive analysis of LUL(BAwaik & Pontius, 2012; Xu Et Al., 2019;
Zhang Et Al., 2023)This approach is sensible because the classification at this level follows precise criteria
that divide the data into macuotasses with weltlefined and distinct structural, ecological, and landscape
characteristics. Since the future scenario projestafriLULC from Chen et alChen et al., 2022)ill be

utilized for the scenario analysis, which uses EH8A ClimateChange Initiative Land Cover (CLIC)
nomenclature; it is crucial to harmonize these with the CLC nomenclature of LULO Histalignment is
essential for accurate and meaningful interpretation and analgsisarmonize the CLC and ES2CI
classifications, the categories need to be aligned from each system based on their structural, ecological, and
landscape characteristics. This alignment ensures consistency and comparability acrossvdzitdsets,
essential for producing reliable and robust anaytautcomes. By integrating these nomenclatures, the
accuracy of LULC analyses will be improved, providing a comprehensive view of LULCC ovefotime

both historical dataandfuture projections.

CLC and ESACCI land cover maps of Europe were examined and compared by Vilar et al. (2019) at
regional and local scaléi®m 2010- 2014. They harmonized the map legends and assessed the similarities
and differences through a crasdulation process to quantify spatial agreement and disagreement. The
overall agreement between the two maps for all of Europe was about 75%gAdst hgreement was found

in the forest and agriculture categories, whereas shrubland and grassland categories had the lowest
agreement(Vilar et al., 2019) In land cover comparison, agreement measures depend on the semantic
resolution of the chosen land cover typology, with a lower number of classes resulting in higher
agreement/accuradyreinhart et al., 2021) The two datasets were paired by harmonizing the CLC and
ESA dataallowing the effective comparison of different laydfsllowing theclassificationof Chen et al.
(2022),land use classesere grouped into 7 macrgroups, which were then used for land use change

analysis angbrojection (seénnex1 for the detail}.

The following sections present and describe the seven main classes selected following the harmonization
between CLC and ESECI.

3.1.1. Water
Water class encompasses areas dominated by the presence of water, including both natural and artificial
bodies of water. This class includes inland water bodies such as rivers, lakes, and reservoirs, as well as

coastal and marine waters like seas, oceams estuaries. The water class also covers wetlands, including
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marshes, peat bogs, and other areas where water is the primary environmental factor influencing the
ecosystem. This classification accounts for both permanent and seasonal water features, providing a broad
category for various aquatic environments. Natureilands are widely acknowledged for their ability to
mitigate nutrient and sediment runoff from agriculture, playing a crucial role in reducing turbidity by
capturing suspended sediments from the water col@ereta et al., 2004; Moreridateos et al., 2009)
Agricultural runoff poses a significant challenge, but wetlands demonstrate their effectiveness in mitigating
non-point source (NPS) pollution loading. Constructed wetlands, especially in steep watersheds where
surface runoff plays a substantial rolenuatrient export, prove effective in reducing N®3loading to

surface waters. Practical and straightforward, agricultural runoff wetlands that intercept tile drainage emerge
as a viable tool for enhancing surface water quality. In the long term, thegisee po be the most cest
effective method for addressing nitradated issues in drinking water and reducing nitrogen loading
(Kovacic et al., 2006)

3.1.2. Forest

The Forest class comprises areas dominated by trees, including both native and exotic species, intended
primarily for timber production and other forest products. Forests are characterized by trees exceeding 5
meters in height under normal climatic cormmis and a canopy closure of at least 30%. Additionally,
Shrubland is included within the forest macro group, covering areas with dense shrub and bush vegetation
and transitional woodland/shrub areas where bushy and herbaceous vegetation, along wéith seater
represent stages of forest regeneration, degradation, or natural sucdemsishecosystems play crucial

roles in water provisioning and regulation, primarily through their capacity to filter, retain, and store water.
Site-specific variations in morphology, topography, and stream channel vegetation cover and soil biota
within forests contribute to diverse watershmhavioursinfluencing water chemistry, nutrient dynamics,

and shifts in the aquatic ecosystem struc{@erka et al., 2001) Thus, forests act as buffers for aquatic
ecosystems, preventing nutrient export effects, influencing electrical conductivity, fine sediment cover,
dissolved oxygen, and nitrogen, phosphoraumsl chemicals concentrations in water bodis Souza et

al., 2013; Sweeney & Newbold, 2014)

3.1.3. Grassland

Class Grassland refers to areas with low or moderate human influence, often in rough or uneven terrains,
steep slopes, and high mountains above the timberline. These grasslands exhibit herbaceous vegetation, with
gramineous species prevailing and coveandeast 50% of the surface. The areas may include scattered
trees, shrub formations, and mineral outcrofscording to the Water Framework Directive (European
Commission, 2015), permanent grasslands are typical-nested ecosystems, so they largdfget water

quality, cycling, and balance addserve protection. Nutrient concentrations and mass losses in runoff from

incorporated litter, such as in natural grasslands, are significantly lower than in runoff from-apghed
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litter. This class is an element of landscape structure (ecosystem function or service) commonly considered

to be a factor in stabilizingnvironmental changd€Botter et al., 2021; Pote et al., 2003)

3.1.4. Barren Land

Barren class encompasses natural areas with minimal or no vegetation, characterized by exposed rock, sand,
or soil. These landscapes often arise due to extreme environmental conditions or disturbances that prevent
the establishment of significant plant eovBarren land includes sparsely vegetated regions, where less
than 10% of the area supports plant éifelcompletely bare areas. Examples include rocky surfaces, scree,

and regions with large mineral fragments. Burnt areas, where vegetation has madreyfire, also fall

under this classification, highlighting the impact of natural or huindaced disturbances on the landscape.

3.1.5. Cropland

The Cropland class includes areas used for the cultivation of crops, both annual and perennial, as well as
land dedicated to permanent grasslands for agricultural asd. andclimate-specific cultivation typeare
recognized ashe significant influence of different management regimes and practices on various soil
propertiegBonanomi et al., 2011Pverall, agricultural intensification significantly contributes to stream
water pollution, endangering both surface water and ground water quality. Upon the application of nitrogen
and phosphorusontaining fertilizergBijay-Singh & Craswell, 2021; Moss, 2008; Zalidis Et Al., 2002)

and other chemicalontaining pesticides and herbicid€xalderon Et Al., 2016; Hermosin Et Al., 2013)

these substances undergo runoff and infiltration, ultimately reaching local streams, rivers, and groundwater
reservoirs, posing threats to aquatic ecosystems and potentially compromising potable water sources.
Biocide leaching, sediment loads originatingm soil erosion, channelization, embankment, drainage, and
modifications in hydrological cycles further exacerbate the environmental @#ass, 2008; Zalidis Et

Al., 2002) Pastures and meadows used for grazing or fodder production also fall under this taiemoss

of their significant influence on water quality dynamics. The combined impacts of heavy or unsustainable
grazing, overstocking, and inappropriate land management result in changes in the hydb@bgigalof

hillslopes through impacts to soil properties.

3.1.6. Urban Area

The Urban class includes areas characterized by humade environments such as residential and
administrative zones, transportation infrastructure (motorways, railways, ports, airports), and sites dedicated
to mining, waste disposal, and construction. Thean landscape significantly alters infiltration and
evapotranspiration dynamics, and the presence of impervious impermeable surfaces intensifies runoff
processegAstaraielmani Et Al., 2012; Nagy Et Al., 2019The more rapid the urbanization process, the
more serious pollution the urban river water suffe(@lyang Et Al., 2006)Moreover,motor-vehicle

circulation contributes to increased suspended sediment concentrations, elevated leadssarsgdiment
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depositionin downstream water bodies, leading to a decline in water quality characterized by heightened
turbidity and total suspended solids (T$83ne & Sheridan, 2002Additionally, mining operations can

exert specific and noteworthy impacts on water resoxs#on et al., 2001)encompassing five primary

areas: acid mine drainage (AMD), release of metals, cyanide, siltation, and water use. The escalating urban
population and heightened demand for food and essential goods contribute to a concurrent increase in daily
household andhdustrial waste generatigieck Et Al., 2006) Finally, construction projects are primarily

linked to disturbed soil surfaces, exerting a significant influence on urban runoff d&aiiyaboh Et Al.,

2013; Sillanpaa & Koivusalo, 2015)

3.1.7. Permanent Snow and Ice

Perpetual Snow class refers to land covered by glaciers or permanent snowfields. Streams impacted by
active rock glaciers exhibit distinctive characteristicenparedto unaffected streamBifferent studies
showed how glacier retregsultsin higher stream temperatures, possibly transient increases in suspended
sediment fluxes and concentrations, and changes in water che(@istyer, 201Q)Where cryosphere
conditions occurchemical weathering is more intensive, witstang seasonal increasesajnificantions
(Colombo et al., 2019 learwater streams influenced by active rock glaciers cftenwelevated electrical
conductivity (EC) levels, buacidity, heavy metal content, and diatom composition variations. éxist
contrast, reference strearase characterized by low EC and circumneutral to slightly acidic pH values.
Generally, reference streams show no detectable heavy metdlaraonddiatom compositions typical for
high-altitude softwater streams. The increased ion concentrations in streams influenced by active rock

glaciersare attributed to the seasonal release of meltwaters from these glacial {@diieget al., 2013)

3.2. Selection of landscape metrics

In order to analyse the composition and spatial arrangement of differertdaadclasses in the Italian
landscape, a comprehensive patoid classbased analysis was conducted. This analysis aimed to quantify
the number and abundance of laoaVer clases, facilitate comparisons among different landscapes, track
landscape changes over time in response to disturbances-oskEpdessures, and explore the relationship
between landscape characteristics and ecological patterns affecting water Ghealitgndscapemetriés
package(v2.1.2, Maximilian H.K., Hesselbarth et al., 2019; McGarigal & Marks, 1988% utilized in
RStudioto reach this aimThis decision is grounded in the package's compatibility with aesgdblished
spatial framework in R, allowing for the preprocessing of daoder maps and subsequent statistical
analysis without the need to transfer data between different soémwarenmentgMaximilian et al., 2019)

The selection criteria for various landscape metrics and indicators are based on a review of articles related
to landuse changanalysi§Amiri & Nakane, 2009; Chiang et al., 2021; Clément et al., 2017; Constabel &
George, n.d.; Y. Zhang et al., 202Bhey are reported iable2 and deschedbelow.
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Table2 - Selected landscape metrics

GROUP METRIC LEVEL UNIT RANGE
Landscape division index Landscape & Class Proportion 0 <=Division < 1
Euclidean nearesteighbor distance (sd Landscape & Class Meters ENN_SD >=0
Contagion Landscape Percent 0 < Contag <=100

Aggregation Interspersion and Juxtaposition index Landscape & Class Percent 0<1J1<=100
Number ofpatches Landscape & Class - NP >=1
Patch Density Landscape & Class Number per 100 he 0 < PD <= 1e+06
Aggregation Index Landscape & Class Percent 0 <=Al<=100
Total Class Area Class Hectares CA>0
Edge Density Landscape &lass Meters per he ED>=0

Area and Edge Largest Patch Index Class Percent 0 <LPI<=100
Percentage of landscape Class Percent 0 < PLAND <=100
Mean of patch area Class Hectaes AREA_MN >0
Total area Landscape Hectaes TA > 00

Core area Total Core Area Class Hectaes TCA>=0

Diversity Patch richness density Landscape Number per 100 he PR >0
Shannon diversity index Landscape - SHDI >=0

3.2.1. Area And Edge Metrics

This group of metrics involves the size and extent of pa&hdihe edges associated with patch boundaries
within a landscape mosafMcGarigal & Marks, 1995)These metrics are fundamental to understanding
landscape patterns, as they can significantly impact various processes, including water quality. The amount
of land occupied by a specific LULC type and the boundaries between different LULC dessescial

in understanding theinfluence onwater quality. For instance, large patches of natural land cover, such as
forests and wetlands, should act as natural filters, trapping pollutants and reducing runoff. Conversely, large

patches of urban or agriculadldand should contribute to increased pollutant loads in water bodies.

3.2.1.1.

The total class area (CA) is an absolute metric that calculates the combined area of all patches belonging to

TOTAL (LANDSCAPB AREA AND(TOTAL) CLASSAREA(TA, CA)

a specific LULC class. This measure indicates whether the landscape is dominated by a single class or if
there is a more balanced presence ofiplaltlasses. As the patch areas of a particular class become smaller,
CA approaches zero; conversely, it increases indefinitely as the patch areas of that class grow larger.
Similarly, the total landscape area (TA) calculates the combined area of &lépatithin the landscape,
reflecting the total extent of the observation area in hectares. TA approaches zero when the landscape is

small and grows indefinitely as the landscape expands
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3.2.1.2. PERCENTAGE OALANDSCAPE(PLAND)

PLAND represents the percentage of the landscape occupied by a specificladeCThis metric assesses
landscape composition and is directly comparable across landscapes of varying total sizes due to its relative
nature. PLAND approaches 0% when the proportional area of the class declines and reaches 100% when

only one patch afhat class is present.

3.2.1.3. LARGESTPATCH INDEX (LPI)
LPI measures the percentage of the landscape occupied by the largest patch of each LULC class, serving as
a straightforward indicator of dominance. LPI approaches 0% when the largest patch diminishes in size and

reaches 100% when there is only one patdhatfclass present.

3.2.1.4. EDGE DENSITY(ED)

ED at class levetquals the sum of all edges of clagsrelation to the landscape ar&ehile at landscape

level equals all edges in the landscape in relation to the landscap@tedasoundary of the landscape is
notincluded in the corresponding edge length. The metric describes the configuration of the landscape, e.g.
because an aggregation of the same aasm overall aggregation of classedl result in a low edge
density. The metric is standardized to the total landscape area, and thengfoaeisons among landscapes

with different total areas are possibED equals 0 when only one patch is present (with the landscape

boundary excluded) and increases indefinitely as the landscape becomes more fragmented.

3.2.1.5. MEAN PATCHAREA(AREA_MN)

AREA_MN is a class level metric thaummarizes each class as the mean of all patch areas belonging to
classi. Especially together with tHeA, it can also give an idea of patch structure (e.g. many small patches
vs. few larges patchehREA_ MN approaches 0 if all patches are small, while it increases indefinitely as

the sizes of the patches grow larger.

3.2.2. Core Area Metrics

Core area is defined as the portion of a patch that is beyond a specifiedfdegte influence or buffer

width (McGarigal & Marks, 1995)This metric is important for understanding edge effects, which result
from changes in environmental conditions along the edges of patches compared to their interiors. Core areas,
being less affected by edge effects, provide more stable and suitablensrerits for many ecological

functions and species.

3.2.2.6. TOTALCOREAREA(TCA)
TCA is aclasslevel metricand equals the sum of core areas of all patches belonging to. dassll is
defined as core area if the cell has no neighbour with a different value than itself (rook's case). In other

words, the core area of a patch is all area that is not an edge. It characterises patch areas and shapes of
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patches belonging to classimultaneously (more core area when the patch is large and the shape is rather
compact, i.e. a square). Additionally, TCA is a measure for the configuration of the landscape, because the
sum of edges increase as patches are less aggrefafedcreases, without limit, as patch areas increase

and patch shapes simplifyhile TCA = 0 when every cell in every patch of clagsan edge.

3.2.3. Aggregation Metrics

Aggregation refers to the tendency of patch types to be spatially aggregated, forming large, contiguous
distributions often described as landscape textMeGarigal & Marks, 1995)This term encompasses
several closely related conceptamelydispersion(the spatial distribution of patches across the landscape
interspersion(the mixing of different patch types within a landsgggubdivision(the division of large

patches into smaller, more numerous patches, which can increase edge effects and influence ecological
processesandisolation (the degree to which patches are separated from one gndtherconcept of
aggregation is indirectly related to connectivity, as the sgatiahgement of the patch mosaic can influence

connectivity depending on how it is measured.

3.2.3.7. EucLIDEAN NEARESTNEIGHBOURDISTANCE(ENN)

ENN measures the distance to the nearegthboring patch of the same clasarid it representssample

way to describe patch isolation. The distance is measured frort@ddge andits range isfrom the cell
resolutionon the lower limitto the landscape extent on the upper liffifte standard deviation approaches
ENN_SDequal0 if the Euclideamearesineighbour distance is identical for all patches, while it increases,
without limit, as the variation of ENN increases. ENah be calculated at both the class and landscape
levels. When calculated at the class level, distinct results are obtained for each class, providing insights into
the isolation level of patches within the same class. On the other hand, when calculaedradscape

level, ENN provides a holistic view of patch isolation across the entire landscape.

3.2.3.8. NUMBER OFPATCHES(NP)

NP describes the fragmentation of the landscape. At the classNevetjual when only a single patch of

the same clagdss present, indicating minimal fragmentation, and increases without limit as the number of
patches of the same class increases, reflecting greater fragmentation within the landscape. At the landscape
level, the concept of NP remains the same, but it do@i$ierentiate between different classes. Instead, it
considers the total number of patches within the landscape, irrespedtiee ofass. This holistic approach
provides an overall assessment of landscape fragmentation without distinguishing between individual class

types.

3.2.3.9. PATCHDENSITY(PD)
PD describes the fragmentatioh a specific class, at class level, or of the overall landscapleen

calculated at the landscape level; however, it does not necessarily contain information about the
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configuration or composition of the landscape. In contradPpit is standardized to the area, and
comparisons among landscapes with different total aaeapossiblePD increases as theass or the

landscape getsatchier, eacling its maximum if every cell is a different patch.

3.2.3.10. LANDSCAPEDIVISION INDEX (DIVISION)

DIVISION can besea as the probability that two randomly selected cells are not located in thpatmme

of classi, for the class level, or, more generally at the landscape level, in thepatohdt equals 0 when

only one patch exists, indicating complete connectivity, and approaches 1 when all patches of the class

consist of single cells, reflecting increased fragmentation

3.2.3.11. INTERPOSITIONJUXTAPOSITIONINDEX (1J1)

1J1, also called "salt and pepper" metritescribes the intermixing of classes (vathout considering like
adjacencies the diagonal of the adjacency tablé)l measureshe observed interspersion over the
maximum possible interspersion for the given number of patch tijpesaluates the extent to which
different land cover types are interspersechoted andconsiders the proportion of each unique edge type
relative to the total edge lengthhe number of classes to calculate 1JI musgteater o equal to3. 131
approaches 0 if a class is only adjacent to a single other class and equals 100 when a class is equally adjacent

to all othes.

3.2.3.12. AGGREGATIONINDEX (Al)

Al equals the number of like adjacencies divided by the theoretical maximum possible number of like
adjacencies for that clagst thelandscape level, Al is thesummed over each class for the entire landscape.
The metric is based on the adjacency matrix and the stogiet methodAn Al value of O indicates a
maximally disaggregated landscape, where similar patches are widely separated, while an Al value of 100

signifies a maximally aggregated landscape, where similar patches are clustered.together

3.2.3.13. CONTAGION(CONTAG)

CONTAG isa landscape metrlzased on cell adjacencies and describes the probability of two random cells
belonging to the same class. Contagion is affected by both the dispersion and interspersion,af glasses
low class dispersion.€.,high proportion of like adjacencies) and low interspersien (ineven distribution

of pairwise adjacenciedead to a high contagion valuEONTAG approaches 0 when the cells are
distributed unevenly, with little adjacency among similar classes. Conversely, it reaches a value of 100 when

all cells are uniformly adjacent to all other classes, indicating a highly interconnected landscape.

3.2.4. Diversity Metrics
Diversity measures have been extensively used in various ecological applications. These measures are

influenced by two main componentichness (i.e.the number of patch types present in a land9cape
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evennessi.e., how evenly the area is distributed among different patch Yypéshness and evenness are
generally referred to as the compositional and structural components of diversity, respectively. Some indices
are more sensitive to richness than evenness, meaning that rare patch types have a disproportionately large
influenceon the index's magnitude. Conversely, other indices are less sensitive to richness and place more
weight on the common patch typésndscape ecologists employ these diversitidesto measure one

aspect of landscape structure/landscape composition; by assessing both richness and evenness, these indices
provide insights into the complexity and heterogeneity of landscapes, which are crucial for understanding
ecological processes anmdiversity patterngMcGarigal & Marks, 1995)

3.2.4.14. PATCHRICHNESSDENSITY(PRD)
PRD is one of the simplest diversity and composigmuscape level mettieRDapproached whenonly
one patch ipresentand the landscape is rather larged ncreases without limit as the number of classes

increases and the total landscape area decreases.

3.2.4.15. SHANNONSS DIVERSITYINDEX (SHDI)

SHDI is alandscapdevel metric that representthe sum, across all patch types, of the proportional
abundance of each patch type multiplied by that proportion. The heterogeneity of a landscape can be
guantified using the Shannon measuresRichnessandEvenness. These metrics areneasure of the
likelihood that a selected pixel will have the same land cover class as the adjacenEhik¢lequals 0

when only one patch is present, indicating no diversity, and increases without limit as the number of classes

grows and their proportions become more evenly distributed.

3.3. Hydrology andWaterQuality: from rivers to watersheds

Given that water quality data (i.e., ecological status) is reported at the river segment level, it is necessary to
translate this information to the sghtchment level, as other datasets are aggregated in that fdhisat.

process involved integrating data from different sources to ensure a comprehensive representation of the
hydrological and ecological characteristics of the study area. Before achieving this, it was essential to
undertake severgbreprocessing stepscluding data cleaning, recoding, amefinement. These steps
ensured the accuracy and consistency of the datasets, making them suitable for integration and subsequent

analysis.

3.3.1. Hydrology Data Refinement

Layers concerning watersheds and hydrology, sourced from GISCO, underwent a detailed process of
refinement and recoding. The primary challenge with these layers stemmed from the extensive scope of the
dataset, which encompassed the entire globe and widedlimto multiple sulparts. These suparts did

not always align accurately with the actual distribution and structure of the countries. For example, the
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hydrology layer, specifically the river network, had the Italian peninsula divided into three separate sub
layers(Figure7a). These sullayers needed to be spatially merged for coherent analysis. Additionally, the
coding of various water bodies and their labelling restarted from zero in eatayesulof the dataset,

leading to repeated river IDs and variables across thedhreé f er ent AfApi eces of the

A specific recoding process was implemented to ensure each river branch had a unique identifier. The
variables of interest selected were "LABEL," "NEXTDOWN," "FROMNODE," and "TONOHEure

7b). Here, "LABEL" refers to the river ID, "NEXTDOWN" refers to the downstream river's ID connected

to it, "FROMNODE" indicates the node/point where the river branch begins, and "TONODE" indicates the

node/point where the river branch ends.

To create unique identifiers for each river branch, two new variables were generated for each river branch

with the following structure:

6 6 60 0

1. 06 6000YG UG GOMDE 6 OBYG O 66 O0QAQWO 6 OO
2. 0'0OOYOU W) 6§ '0Q) OG'YOU &6 6 6 O@MQBDO®"Y

1. "key LABEL" (C): This was created by merging the "LABEL" (A) and "FROMNODE" (B) variables
into a single variable (LABEL_FROMNODE), which represents the ID of the river branch and its
starting point.

2. "key_NEXT" (C): This was created by merging the "NEXTDOWN" (A) and "TONODE" (B) variables
into a single variable (NEXTDOWN_TONODE), which represents the ID of the river branch connected
downstream and its starting point (the endpoint of the upstreanbriasch).

Through this method, the "key NEXT" of the upstream river corresponds to the "key LABEL" of the
subsequent downstream ri(@igure7c). No repetition was found in the "key LABEL" and "key NEXT"
values. This ensured consistent and unique identification for each river branch, enabling accurate integration

and analysis of the hydrological data.
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Figure7i Hydrological data refinemenpanel (a) present ttaiginal GISCO river network map divided in 3 laygranels (b) and (c) shoav

simplified example of the recoding process to define the new key variables utilized to identify the upstream conneatiomverf branch.

3.3.2. Water Quality Data Refinement

The refinement of water quality data sourced from ISPRA necessitated a distinct approach from that used
for hydrology data, due to specific geometrical issues within the dataset. Initially, the data consisted of
multiple polylinesrepresenting interconnected river branches in a configuration analogous to a "tree"
diagram. Eacpolylinewas a composite of individual river bramshaggregated based on shared ecological
status within a given region. This aggregation created challenges because the GISCG@dvadatas which

hasa high resolution, requires distinct watershed polygons for each river branch. To address this, ArcMap
was used to disaggregate the npldtipolylinesnto separate, discrete features at the points where individual
polylinesintersected or connected. Each newly delineated river branch was assigned a unique identifier to
facilitate further analysis. Following this, the dataset required additional cleaning. Some rivers displayed
numerous small branches that interwove with orateer, ofte reentering the main river course due to the
presence of land fragments within the water body. After disaggregating thplenptilylines these tiny,
previously interconnected branches were treated as separate entities despite originally being part of a single
river. Therefore, it was necessary to filter the dataset to either consolidate these small branches back into
their primary watercarse or remove them if they were redund&ytisolating the mulple polylinesinto
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individual linestrings assigning unique 1Ds, and further filtering the dataset, it was ensured that the data was

compatible with the detailed GISCO watershed structure.

3.3.3. Layers Intersection

An additional adjustment was necessary when integrating the various data layers. While the watershed and
river network layers from GISCO were inherently compatible due to their common origin, this was not
always true when merging the watershed data wétritler network and water quality data from ISPRA.

The ISPRA dataset showed minor discrepancies in compatibility and alignment with the GISCO river
network, especially in flat regions like the Po Valley. These issues were even less pronounced in
mountainos areas where the DEMs used to create the layers could more accurately delineate river paths
due to significant altitude variations. In contrast, flat regions with minimal elevation differences posed
challenges in accurately tracing river lines. Additibnahe ISPRA water quality layer included data on
artificial channels that were not present in the GISCO river network. To address these discrepancies, the
ISPRA water quality layer was refined by adjusting the linestrings using ArcMap. This processaimed
select the ISPRA rivers linestrings that matched the GISCO river network to minimize differences. The
alignment accuracy was assessed using two similarity indices. The Dice Similarity Coefficient (DSC),
which measures the overlap between two sets hgidering both their intersection and their individual
areas, was 0.916, and the Jaccard Similarity Index (JSI), which evaluates the proportion of the intersection
relative to the union of the two datasets, was O(iBwvan | Haque & Neubert, 2020§hese high values
indicate a strong agreement between the refined ISPRA and GISCO datasets. Following this refinement, the
layers were intersected in order to assign a single water quality value, based on the WFD classification, to
each watershed. In aswhere the ISPRA data were less compatible with the GISCO watershed boundaries,
resulting in multiple river branches or segments intersecting a single watershed polygon, only the water
guality value of the longest river intersecting the watershed waiaeét This approach, consistent with the
method used bYigiak et al. (2021)ensured that each watershed was assigned a single, representative water

guality value.

3.4. Future land use projection

In order to effectively utilize the land use projections for predicting water quality under differeRESP
scenarios, extensive data processing was required due to the coarse resolution of the available data. The 1
km resolution of these projections wasufficient for the analytical needs of the research, as it was too
coarse to accurately derive the landscape metrics needed for training the predictive models. The
hydrological layer used in the study, which was aligned with the 100 m resolution CQfRIiNEOver data,

had a much finer resolution, resulting in a significant mismatch between the datasets. Given that the average

size of the watersheds was 19.2 kmz2, with a median size of 15.5 km2ktheaesolution of the future

35



projections did not provide the granularity needed to extract meaningful insights from landscape metrics,
which require detailed information on the composition and spatial configuration efdaed classes. To
address this limitation, a refined methodptovas developed to generate higisolution future land use

maps from the lowesolution pojections. First, the "Toepp" approach was utilized to calculate the changes

in land use and LULCC information between future projections and the baseline dathe datasethen

the "closest pixels" method was adoptetréamslatehese changes accuratelythe higher resolution map

(i.e., CLC) This innovative method enabled the creatioradfighresolution future land use mapat
maintained the same rates apaltterns of change as those proposed by Chen et al. (2022), ensuring
consistency while enhancing spatial resolution for more detailed analysis.

341. 6 Tdp 6 approach

The "TopUp' approactstarts by comparindifferentland use maps in time evaluate changes the land

use composition of the data that have both projections and baseline. The identified differences are then
stored and used to apply specific and targeted changes to another dataset that has a higher resolution but
lacks projectionseffectively replicating the land use changes observed in the ttiaset

In the context of this thesis, this step abmguantify the land use changes for each class by comparing the
1 km resolution baseline scenario of 2015 with the future land use projection maps and to apglp{)Top
these changes to the higksolution map sourced from the CLC Project. This aralgished to facilitate

the effective translation of land use data from-l@solution to higkresolution maps, ensuring thte
information's spatial distribution and categorical integwigre preserved. However, calculating land use
changes for the enéitalian peninsula would result in an overly generalized interpretation of the data. Given
the complex topography of the study area, coupled with significant variations in land use distribution and
class density across different geographical and ecologitees, a single table summarizing land cover

changes would not adequately capture the nuanced changes occurring in smaller, more localized areas.

To address this challenge, the HydroSHED layer at level 08, obtained from the HydroSHED Project, was
used to subdivide the Italian peninsula into smaller regions based on distinct hydrological characteristics.
The Xkm resolutionof baselindand use, which was utilizeay Chen et al. (2022) for developing future

land use projectionsvas intersected with the HydroSHED level 08 layer. The same intersection process
was applied to the raster layers of the future land use projections, ensuring that all neagsnaistently
subdivided but represented different LULC scenarios. For each polygon within the HydroSHED layer, the
differences and changes in land use between the baseline and future projectickmaiesadlution were
calculated. Specifically, the mber of pixels that transitioned from one land use class to another was
determined and the percentage exchange between classes was derived, effectively erehiatged

contingency table for each region. This method allowed the identification ofZedalhanges in land use
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patterns preserving both spatial coherence and the integrity of class transitions across different scenarios
and allowing for more refined calculations of land use changes specific to each watershed. For example, in
a particular basin, a certain percentage ofdioneay need to be converted to cropland, or grassland may be
transformed into barren areas. The extent and nature of these changes would differ from one basin to another,
reflecting variations in landscape structure and the inherent potentispdoific land use changes. For
instance, in a mountainous watershed located in the Alps, it would be unrealistic to assume the same level
of conversion from forest or grassland to cropland or barren land as might be seen in a watershed located in
the flatplains of the Po Valley. This is due to the differences in soil composition, land cover distribution,
and topographical constraints. By utilizing the HydroSHED level 08 framework to calculate-segific

land use changes within the Italian peninsutawas possible to capture and differentiate land use
transformation processes with greater precistomsideringgeographic distribution, ecological structure,

and regional characteristics. This approach allowed the generation of detailed datasets that reflected the
percentage exchanges between land use classes for edsssulielineated by the HydroSHED level 08

layer in different ecological zones

342. 6Cl osest pixel sb6 methodol ogy

The "Closest Pixels" approach is an innovative methodology designed to systematically assign new pixel
values while preservinignd use data's spatial and categorical integFitys method accounts for both the
proximity between donor and receiving classes and the number of pixels to be transferred, as defined by the
calculated percentage of pixel exchangéhe previous steprhe donor class is the land use category that

is reducing in area and thus needs to be converted into another class for a gnNem afi pixels.
Meanwhile, the receiving class is the land use category expanding in area and will receive the transferred
pixels. Essentially, the donor class loses pixels while the receiving class gains them, ensuring an accurate
representation of landsa changes. By emphasizing spatial proximity and precise pixel changes, the
approach effectively applidand-use transformations, facilitating the creation of higholution future

land-usemaps that accurately reflect projected conditions.

The process begins wilteparingoaseline land use maps, which represent the initial distribution of all land

use classes across the landscé&jigufe 83). Each small watershed from the GISCO dataset is linked to a
corresponding subasin within the HydroSHED Level 08 framewoikach sufbasin is associated with a
dataframe containing percentage exchange information for these classes, calculated usingWpé "Top
approachThe methodology involves several key steps. First, it isolates a pair of land use classes within a
selected watershed and calculates the number of pixels for each class and the number of pixels to be

exchangedFigure8b).
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Figure81 6 Cl osest Pixelsd6 Methodology: On the left, panel Aeselaeds a si mp

donor class (cropland, yellow) and receiving class (urban, orange) before the pixel exchange. Panel C illupixatefistrébution of both classes
after the exchange. On the right, panel D provides a graphical example of distances between donor class pixels ahtet@\dtasekss pixels,
where lower values (blue) indicate shorter distances, and highes (g&liew) indicate longer distances. Panel E displays the selected pixels to be
exchanged, based on the required number calculated through the percentage exchange derivetbfsdsp tagproach.

Next, the coordinates and the indices of each pixel in the selected land use classes are determined, and the
distance between each pixel of the donor class and the nearest pixel of the receiving class is calculated. An
example matrix was created to disptagse distancg$igure8d), where coloicoded cells and numerical

values represent the proximity between pixels. For each pixel in the receiving class, the closest pixel in the
donor class is identified based on the minimum distance. From this slat@edramefrom smallest to
largestdistancesthe number of pixels to be transfededccording to the percentage exchange table for

that watershadl is selectedFigure8e). The coordinates and indices of these donor pixels, along with the

new value they should take, are then stored in a list. Importantly, the actual value exchange is not carried
out within this loop; instead, the loop focuses on compiling a compreherstiv the pixels requiring

updates and their corresponding new values. Once all pairs of land use classes within a watershed have been
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processed and the necessary pixel changes havedtatyuedthe method proceeds to the next watershed
within the same subasin. This process continues until all small watersheds in the currebasimowith

the same rate of class exchange are addressed, after which it is repeated for subsegasinsauttithe

entire HydroSHED Level 08 basin has been analysed and updated. The final value exchanges are conducted
only after completing the iterative preparation pro¢Eggure8c), allowing for a weHorganized and precise
transformation of the land use data. This approach avoids random value assignment and upholds the spatial
integrity and categorical accuracy of the updated maps, leading to a more accurate representatien of futur
land use scenario$he output maps from the 'Closest Pixels' methodology are shown in the Annex (
2Annex3Annex4

Annexs). The 1 km resolution LULC map (a) is compared with the newly projected 100 m LULC map (b)

for the same SSRCP scenario and year.

3.4.3. Accuracy

To ensure that the higtesolution future land use maps produced using theUmpand Closest Pixels
approaches are accurate and relevant, a validation ploasis=en carried out against thé future SSP

RCP scenarios proposed Ghen et al. (2022Before conducting this comparison, the coherence between

the baseline scenarios used in their study and t he
of how well the 1 km resolution LULC map used by Chen et al. aligns with the 10@luti@s map from

the CLC Project, which served as baselimas carried out. This preliminary validation was crucial to ensure

that any discrepancies or similarities in the baseline data did not undermine the accuracy of the newly created

high-resolution fiture land use projections.

To accomplish this, the CLC land cover map of 2018 was upscaled by a facto@B)was then used

to evaluate the differences between the newly aggregated@€rand the baseline raster of 2015 used

by Chen et al. for their projection maps. This comparison was performed with the raster calculator using a
function similar to ‘raster CORINE_2018@1 = raster CHEN_ 2015@1°. The resulting raster contained
pixel values ofeither 0 or 1, where 1 indicated equivalence between pixels and 0 indicated a atifferen
Next, the overall number of pixels was calculated, excluding missing values, using RStudio. The Similarity
Index (Sl) was determined by dividing the number of matching pixels (MP) by the total number of pixels

considered (TP), thereby providing a measaf agreement between the two rasfg)ys
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The same approach was applied to the variousEB3P scenari® This comparison was conducted using
QGIS and RStudio, following the same process as before to evaluate the agreement between the upscaled

rasters and Chen et al . 6s scenario projections.

[ BASELINE SCENARIOS
[ PROJECTIONS

CORINE_2018 (100 m) CORINE_2018 (1 km) CHEN 2015 (1 km)

DIFFERENCE

Raster congruence: 0,768

l PROJECTION

CORINE SSP5_RCP85_2100 (100 m) CORINE SSP5_RCP85_2100 (1 km) CHEN SSP5_RCP85_2100 (1 km)

DIFFERENCE

Raster congruence: 0,772

Figure91 Accuracy of the 'Closest Pixels' methodology: assessment of the congruence between the original 1 km resolution LUL&@enap and
reprojected 100 m LULC map, upscaled to 1 km. The red frame highlights a comparison between the 2015 LULC baselineost&tzeio ¢t
al. (2022) and the 2018 CLC map. The blue frame presents a comparison between the original 1 km LULC map foR6@&SREenario in

2100 and the reprojected 100 m resolution LULC map for the same scenario and year, upscaled to 1 km.

The Slbetween the 1 km resolutitraseline scenario of 2015 by Chen at al., and the upscaled map of 2018
land use from the CLC projeatas 0.7684. In the SSP2_RCP45 scenario, the accuracy was 0.7901 in 2050
and 0.7890 in 2100. Under the SSP5_RCP85 scenario, the accuracy was 0.7829 for 2050 and 0.7719 for
2100.The average similarity rate is 0.7805, indicating a relatively high level of agreement between the
maps. Moreover, the differences observed between the baseline scenarios are consistent andirpropagate
the same ratio across the projections. This consistency implies that the overall variations between each pair
of rasters are largely attributable to differences in the baseline scenarios used to derive the various
projections. Such results highlightetteffectiveness of the Tdgp and Closest Pixels methodologies in
creating higkresolution maps, as they preserve spatial and categorical integrity despite the differences in
the baseline data. The consistency across scenarios further supports théyralfathiese methods in
accurately reflecting expected land use changes and maintaining coherencer@sdiigion projections.
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4. METHODOLOGY

The methodology applied in this study follows these key steps:

First, historical land use/land cover (LULC) datasets from 1990 to 2018 were analyzed using spatial tools
such as QGIS and RStudio to assess the sgatiporal evolution and trends of various land use classes.
Landscape metrics were then calculated tmwaet for the impact of upstream LULC on downstream
watersheds. These metrics served as inputs for a Principal Component Analysis (PCA) to explore
interactions between land use classes and their influence on landscape structure. Next, the original dataset
containing landscape metrics was transformed based on the most relevant principal components identified
through PCA. A Binomial Logistic Regression (BLR) model was trained on these new data to evaluate the
effect of upstream land use on the ecological stafudownstream surface waters in the Italian river
network. The model was validated using historical LULC data and water quality records to establish the
relationship between landscape composition and surface water quality. Finally, the validated BLR mode
was used to predict the likelihood of achieving good ecological status under future LULC scenarios. A
comprehensive spatial and statistical analysis of the results was conducted to assess the implications of these
predictions for water management and@emaking.

4.1. LULC change Analysis

As detailed inSectionl.1., LULCC refers to the dynamic processes through which human activities and
natural factors alter the Earth's surface. Understanding LULCC is crucial for gaining insights into the spatial
and temporal patterns of land change, which aids researcheygbrynakers in comprehending the
drivers behind these changes and their impacts on ecosystems and human dReiigtty, emote
sensing and Geographic Information Systems (G&e been pivotal tools for monitoring and analyzing
LULCC. Among them the OpenLand package (v1.0Bxavier & Zeilhofer, 202Pin RStudiois used for
detailed analysis of LULC time series. This package enables consistency checks and the loading of
spatiotemporal raster data, providing advanced capabilities for synthesized spatial plotting. It supports
extracting and visualizing various LULCC metricg@gular and irregular intervals through estep and
multistep Sankey and chord diagrams. Additionally, it includes a comprehensive intensity analysis tool, as
described byAldwaik & Pontius (2012) which generates standardized multilevel output graphics to

facilitate thorough assessments of land use changes.

In the OpenLand package (v1.0.Exavier & Zeilhofer, 202)) the process begins with the
ficontingencyTablef) function, which extracts data from raster inputs and compiles them into tables that
capture land use change information. Following thisfitheensityAnalysis(@ function is used to perform

the three levels of the Intensity Analysis, enabling a thorough examination of land use dynamics over time.
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A contingency table, also known as a crtadsulation, is a fundamental statistical tool used to summarize

and analyse the relationships between two or more categorical variables. It organizes data into a matrix
format, where the rows and columns represifferent categories or classifications of the variables under
study. In the context of LULCC analysis, contingency tables play a crucial role in summarizing transitions
between different land use classes over tigaeh cell within the table then shovw tfrequency or count

of occurrences where a specific transition has taken place, such as the number of land units (pixels) that
transitioned from forest to urban land between two time periods. The contingency table also provides
marginal totals, which arhe sums of rows and columns, indicating the total number of observations in
each category at each time point. Tinformationallows understandindgnow much land has transitioned

from one class to another but also the overall distribution of land (ssEsla

Intensity Analysis (IA) is a method designed to quantitatively assess LULCC over time by evaluating cross
tabulation matrices, which summarize land cover changes between time in(Exaler & Zeilhofer,

2020) This approach operates at three distinct analytical levels, each providing a deeper understanding of
the patterns of change, moving from a broad overview to more detailed examinations, allowing the
extraction of various insights into the changes obseredthe first, or "Interval Level", the focus is on
evaluating the total change within each time interval, and how the size and rate of land use changes vary
across different time intervals, identifying the overall magnitude and speed of change. Thissinvo
assessing both the magnitude and the annual rate of change across different periods. The annual change
intensity is calculated for each interval, and these observed rates were compared to a hypothetical uniform
rate, which assumes that changes woeld\wenly distributed throughout the entire time period. The second
level of analysis, known as the "Category Level", looks at each land use category individually to assess how
the size and intensity gfross loses and gains vary across the landscaperingfénsights into which land

use categories experience the most significant
transitions between categories were considered, analysing how the size and intensity of each transition vary
among the avaible categories, revealing patterns of land use conversion and the relative intensity of these
transitions, such as which categories are more intensively avoided or targeted during transitions. IA allows
for the testing of these temporal patterns to st are stationary across different inter@klwaik &

Pontius, 2012)

OpenLandbffers a suite of visualization tools that allow for a detailed examination of LUCC metrics. One
particularly useful tool is the combined bar chart that balancesteperansitions by representing net and

gross changes across all categories. In thieggmiross gains (GG) refer to the total amount of area added

to a category, while gross losses (GL) reflect the total area that a category loses. The net change is then the
difference between these GGs and GLs. This type of visualization idlehecause it highlights both the

total activity within each category (gross changes) and the overall shift in landscape composition (net
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changes), giving a clearer picture of land use dynamics over time. Moreover, OpenLand implements Sankey
diagrams, utilizing the networkD3 packgddiaire et al., 2018)to visualize onestep and multistep LUCC

between different land use categories.

Finally, OpenLand provides powerful tools for the spatial analysis of LUCC frequencies, allowing the
screening of changes across one or multiple raster layergad@tiechangesgfunction proved essential for

the study, as it allowettacking the number of times a specific pixel changed during the angleried.

This spatial representation is particularly useful for identifying hotspots of LULCC, offering a clear
visualization of areas experiencing the most significant chamgemforming decisions regrding land

management and planning.

This combined approach of frequency analysis and transition tracking allowed to move beyond mere
statistics and gain a deeper understanding of how land use changes are distributed across space. By seeing
where specific transformations occurred, spatial patterns and trends that would not have been evident from
numerical analysis alone were uncoveredisTenriched perspective on the spatial distribution of LULCC

is critical for making informed decisions on land management and planning, ensuring that interventions are

appropriately targeted to areas undergoing the most significant changes.

4.2. LandscapéMetricsAnalysis cumulativeinfluenceof upstream land

use on downstream watersheds

The intrinsic connections of headwaters to landscape processes and downstream watpstarg as

they influence the supply, transport, and fate of water and solutes within watersheds. Hydrological processes
in upstream catchments regulate the recharge of subsurface water stores, flow paths, and the residence times
of water throughout landscapé&$e hydrological and biogeochemical dynamic processes in upland streams
further control the chemical form, timing, and longitudinal distances of solute toah$p downstream

waters(Alexander et al., 2007; Buck et al., 2004hd thus, its ecological status.

To assesshe cumulative impact of upstream land use on downstream water quality, a novel methodology
that traces and identifies all upstream watersheds connected to the downstream ones was developed. This
approach ensures that the landscape metrics calculatedafbr downstream watershed reflect the
cumulative impacts of all connected upstream watersheds. The process starts with creating a list to store the
connections between watersheds, as explaine8.3rl Each watershed, identified by a unique key
(key_LABEL, is tracked for its upstream connections using an iterative search method. Starting with the
initial one, any upstream watersheds linked bykéye NEXTfield are identified. This iterative process
continues until no further upstream connections are found, resulting in a comprehensive list of all connected

upstream watersheds for each specific downstream one. Finally, the landscape metrics for eaghtcatchm
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are calculated based on the spatial union of all upstream connected regions. This aggregated polygon
represents the total upstream area influencing the downstream water(Giglitg 10). For example, when
considering an upstream catchment located in a source area, the water quality will be influenced solely by
the landscape metrics calculated for that single watershed. Conversely, when considering a downstream
catchment, such as at theuath of the river, its water quality will be influenced by the cumulative effects

of all connected upstream watersheds.

Ecological Status

B HiGH

B Goop
MODERATE
I POOR

Il s2D

[ ] Unknown

Figure101i Process for calculating landscape metrics, accounting for the influence of upstream watersheds on downstream onesagénhe top im
illustrates a river network with its associated watersheds and Surface Water Ecological Status (SWES). The bottom ohiwgesalgpons used
for calculating landscape metrics, highlighting the upstream connections between river branches.

I n this anal ysi kndscgemetriadspackageserves asafdrap rbptacerient for the
FRAGSTATS softwardMcGarigal & Marks, 1995)offering a streamlined environment for landscape
analysis. The package is compatible witbrrad package (v1.7.7&lijmans et al., 2024)and it accepts
SpatRaster or stars spatial objects as input arguments. Importantly, the resolution of the raster cells must be
in meters, as the package converts units internally and returns results in meters, square meters, or hectares.
This ensures caistency and accuracy in the analysis, especially when dealing with different spatial
resolutiongR-spatialecology.github.io)
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In addition, apreliminary analysis was conductezhlculatingthe Pearson Correlation Coefficient (PCC)
and utilizing a Generalized Linear Model (GLM) to assess the relationship between SWES and the various
landscape metrics. This analysis aimed to provide a detailed understanding of how different aspects of

landscae structure might influence ecological outcomes.

PCC is a statistical measure that quantifies the strength and direction of the linear relationship between two
continuous variable@.iu et al., 2021; Pei et al., 2023}he coefficient produces a value betwek(perfect

negative linear relationshiand 1 (perfect positive linear relationshipThis analysis used the Pearson
correlationto assess the relationship between SWES and landscape metrics. Positive correlations indicate
that as the value of a landscape metric increases, the water quality deteriorates, assuming a higher value on
the water quality scale. Negative correlations sgtjthathe water quality improves as the landscape metric

increases, asdicatedby lower values in the water quality index.

To complement the Pearson correlation analysis, Generalized Linear Models (GLMs) were employed to
explore these relationships in greater depth. A separate GLM was fitted for each group, with SWES as the
response variable and the suletrics within each gup as predictors. This approach allowed for a nuanced
examination of how each specific sotetric influences ecological outcomes. By isolating the effects of
individual submetrics, the GLM analysis provided a clearer understanding of which particulacdged

characteristiad such as different land use classdmd the most significant impact on ecological status.

4.3. Principal Component Analysis

The landscape metriesalysigesulted irB5 distinct variables and over 15,000 observatiensompassing

all 16 metrics calculated at both the class level (for individual land use classes) and the landscape level
(considering the entire landscape). This large number of variables made it challenging to interpret the
individual contributions anihteractions between them. Analysing all 95 variables independently would not
only have been inefficient but also would have overlooked the complex relationstiiipteadependencies

that exist among them.

To bridge these gapBrincipal Component Analysis (PCA) was performedh&ased5 variables. PCA is a

robust multivariate statistical method used to simplify complex datasets by reducing their dimensionality
while retaining the most significant variabili(Carpita et al., 2013; Holland, 2019; Hotelling, 1933; loele

et al., 2020; Jolliffe, 1998defined byChandra Paul et al. (2018sfia st r ai g h-parametigea r d
met hod for extracting perti neThearticlealbHovane al.i(2021) f r om
provides examples of how PCA can be effectively employed to reduce the dimensionality of available
measurements and identify distinct data groups, demonstrating the versatility and power of PCA in

environmental monitoring and data analysis. PCA is widsBd in this context, as highlighted by various
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studiegCalazans et al., 2018; Kumari & Sharma, 2019; Mohamed et al., 2015; Pastor et al., 2016; Sergeant
et al., 2016) particularly for the analysis of water quality data. Beyond reducing dimensionality, PCA
enhances the interpretation of complex datasets, making it easier to identify spatial and temporal trends
within the data, which is crucial for understanding theaVevater qualitySatheeshkumar & Khan, 2012)

The frequent reliance on PCA by researchers underscores its effectiveness as a data analysis tool. For
instance Mohamed et al. (2015 pplied PCA and factor analysis to study 20 monitoring stations in the
Klang River basin, identifying three main factors that explained the pollution at these lodgtioasi &

Sharma (2019¢ombined PCA with cluster analysis to examine the deterioration of water quality in Lake
Prashar, India. Similarlyyilma et al. (2019used PCA to assess water quality in the Little Akaki River.
Tavakoly Sany et al. (201@)so utilized PCA and cluster analysis to estimate water quality and evaluate
data variation in West Port.

The fundamental goal of PCA is to identify the directions.,(principal components) in which the data

varies the most, thereby allowing a reduction in the number of variables needed to describe the data while
preserving essential information. In PCA, each principal component (PC) is a linear combination of the
original variables, meaning the computation of a weighted sum of these variables in a way that maximizes
the variance captured by that component. The weights, known as loadings, are derivegl éigemtrectors

of the covariance matrix of the data. Each eigenvector corresponds to a PC, and the associated eigenvalue
indicates the amount of variance captured by that component. The loadings represent how much each
original variable contributes to tharincipal component, with variables having high absolute loadings
contributing significantly to that component, while those with lower absolute loadings contribute less. The
first principal component (PC1) captures the maximum variance present in thet,datésved by the

second principal component (PC2), which captures the next highest variance orthogonal to PC1, and so on.
This orthogonality ensures that each subsequent pi

variance.

In the context of landscape metrics analysis, PCA cameheficial Suppose there are several landscape
metrics, such as Patch Density , Edge Density® |, Shannonoés i, Patch Richmegs | n d e x

Density @ , and more @ , these metrics often exhibit complex interrelationships and correlations,

making it challenging to interpret their individual effects on landscape structupedén to define their

linear combination, the P@) can be writes as:

e T O O T T 88T O O 2

wherg  are the loadings that reflect the contribution of each variabte the PC, an®is the residual

matrix (Holland, 2019; loele et al., 202@or example, if the PC has high loadings on Patch Density and
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Edge Density, it may indicate a principal trend
high |l oading on Shannonés Diversity Index and

ecological diversity and habitat richness.

In this thesis, th®CA was performed using tliercomp function (v4.4.2R Core Team 2021y RStudio

to analyze the landscape metrics from the dataset and their interactiozaglittotherThe analysis starts

with the selection of metrics with a PCC-6f2 or lower, or 0.2 or higheip ensure that only those with a
notable impact on water quality were included. This threshold helped identify variables with both positive
andnegative correlations of practical importance, filtering out metrics with negligible or no infloence
SWES PCA transformed these metrics into PCs, which are combinations of the original variables that
capture the most significant patterns and variations in theStzhng the metrics ensured that each variable
madean equal contribution to the analysis. The contributions of each landscape metric to the principal
components were visualized in a cetmded plot using théfactoextra (v1.0.7; Kassambara & Mundt,
2020)package in RStudio.

The next step involved applying PCA to prepare the dataset for the regression models. The output of the
PCA yielded principal component scores and a rotation matrix. The scores describe the data's coordinates
in the new principal component space, while th&ation matrix indicates the loadings of the original
variables on each P@kbar et al., 2022; Holland, 2019)he proportion of variance explained by each PC

was calculated in order to determine how much variance each component captures. The cumulative
proportion of variance was computed to decide how many PCs were necessary to explain a substantial
portion of te variance. By setting a threshold of 5% for the proportion of variance explained, the most
important PCs were retained. This threshold allowed the focus on the most significant components that
captured the majority of the data's variation. This approaaiiced dataset complexity without sacrificing

critical information, resulting in more manageable and interpretable data.

4.4. Regression models and predictions

Regression models are statistical tools essential for predicting future values of a dependent variable based
on one or more independent variables. They enable the estimation of the strength and nature of relationships
between variables, thereby helpingitmlerstand how changes in predictors affect outcomes. Additionally,
regression models are valuable for analysing trends over time and uncovering underlying patterns and
dynamics within data. The simplest form, linear regression, assumes a dinagéhbtionship between the
outcome and predictor variables and is used when the dependent variable is continuous. However, in many
practical scenarios, the relationship between variables is not linear, or the outcome variable is not
continuous, necessitating neosophisticated models. One such model is logistic regression, specifically

designed for modelling binary outcome variables, where the dependent variable takes on two possible
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outcomes, such as success/failure, yes/no, or presence/alfseNedey, 2008; Peng et al., 2002;
Sperandei, 2014; Stoltzfus, 201Unlike linear regression, which models the relationship using a straight
line, logistic regression uses a logistic function to model the probability of an event occurring. The equation
of logistic function or logistic curve, also known as the sigmoid aair, is a common ASO

defined by the below equatig¢8):

0

"Qw o (3)
whereD is thecarrying capacityQis the logistic growth rate, or the steepness of the curvapaisdhe
value of the function's midpoint. The logistic function has domain 1- e
thereal numbers, the limit a®° His 0, and the limit asw® /

Hbis 0 . os)
Thestandard logistic functiof¥), depictedin Figure 16 where 0 /
phQ phw T, has the equation: | _L----—/|/ ) ]
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Figurell - Standard logistic function

p

Among nonlinear modelBinomial Logistic Regression (BLR) leverages the standard logistic function to

Qw

transform the linear combination of predictors into a probability that an event will occur. This model
converts the binary dependent variable into a logit variable, reflettingatural logarithm of the odds of

the event occurring versus not occurriAgkinson & Massari, 1998; Vigiak et al., 202BLR have proven
effective in addressing social, economic and environmental issues, as demonstrated by seve(Ahstudies

et al., 2000; Atkinson & Massari, 1998; Avila et al., 2018; Podgorski et al., 2017; Thoe et al., 2014;
Twarakavi & Kaluarachchi, 2005; Vigiak et al., 2021; Wang, 200%hile machine learning techniques

such as Regression Trees, Random Forests and Bayesian Network often provide superior predictive
accuracy(Avila et al., 2018; Glendell et al., 201Mgistic regressions offer clearer insight into the impact

of explanatory variables on probability outcomes, particularly through marginal €¥fegitk et al., 2021)

BLR is applied when the response variable is binary, representing two categories such as ‘pass/fail' or
‘good/bad.Therefore binomial regressionan be used tpredict the likelihood of a water body meeting a
specific ecological standard based on environmental predictors. By fitting data to this function, such as
landscape metrics for each watershed, BLR predicts the likelihood of the binary outcome basealoeshe

of one or more predictors. This transformation ensures that the predicted prob&lilitighin the range

of 0 to 1, which can be directly interpreted as the chance of the event oaturritigs case, reflecting the

probability of achieving good ecological status in surface water.
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In the field of environmental studies, logistic regression has proven to be a valuable tool for modelling and
predicting various ecological and geospatial phenomena. For insPadmmrski et al. (201 4pplied BLR

to create a hazard probability map for groundwater arsenic concentrations in Pakistan's Indus Valley. This
approach enabled the identification of critical hotspots and an estimate that 50 to 60 million people are at
risk from high arsenic leve Similarly,Atkinson & Massari (1998mployed logistic regression to analyse
landsliding in the central Apennines, Italy, and found that variables such as vegetation cover and slope
concavity were more significant predictors of active landslides than traditional factors like geology and
slope angleThoe et al. (2014assessed the effectiveness of various predictive models, including BLR, to
evaluate water quality at Santa Monica Beach, California, comparing their performance in predicting faecal
coliform and enterococci concentrations. Finaligiak et al. (2021)used logistic regression to develop
European maps that predict river conditions and the likelihood of failing to meet ecological standards

In this thesis, BLRvas used to determine the probability of watersheds achieving a good ecological status
by regrouping the WFD quality levels into two categories: 'good’ status, coded as 1, encompassing levels 1
(HIGH) and 2 (GOOD), and 'bad' status, coded as 0, combliemeds 3 (MODERATE), 4 (BAD), and 5
(POOR). This approach aimed to estimate the probability of a watershed falling into either the 'good' or
‘poor' category based on upstream land use. In the model, the-fgnaded SWES was treatedthe
dependent variable, while the predictors were landscape metrics calculated for each watershed through an
analysis of upstream connections. These landscape metrics were transformed using principal component
analysis (PCA) to capture the most significpatterns and interactions among the original metrics, thereby
enhancing the predictive power of the logistic modéls Zhu et al., 2019)This approach allows for
efficiently modelling the probability of the likelihood of achieving good ecological status concerning the
SSRRCP scenarios introduced2r2.1

The statistical formulation of the binomial regresgidnis:

p

0 & A 5
P 50 & ®)
Whered & pIn is the probability of the outcome being category 1 given the predidtgrsis the

intercept, antl hi h&&1 are the coefficients for the predict@ish & h 8B & (Stoltzfus, 2011; Vigiak
et al., 2021)

4.4.1. Model calibration and validation

To evaluate the accuracy of the model in predicting water quality and to identify the most effective model
for the study goals, Monte Car@rossValidation (MGCV) was employed. ME&V is an iterative random
subsampling validation methodhat is particularly effective for assessing model stability and

generalizability. It involves repeatedly and randomly splitting the dataset into training and validation subsets
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based on a predefined ratice et al., 2023; QS. Xu, 2004; Q. S. Xu & Liang, 2001¥or each iteration,

the model is trained on the training subset and evaluated on the validation subset. By performing this process
multiple times, MGCV generates a distribution of performance metrics, providing a comprehensive
assessment of model perfwaince by averaging results over numerous iterations, which helps reduce the
influence of any single random split and offers a more stable estimate of predictive perfaihaficé&
Goodacre, 2018)

In this application,te model was trained on a random sample comprising 75% of the total observations
from the landscape metrics dataset, derived from the reclassified Corine Land Cover raster of 2018 and then
transformed using the PCA process. The remaining 25% of the dataeserved for validation. This

training and validation process was repeated 100 times for each model to ensure robustness. For each
iteration, the predictions generated by the model was compared with the 2016 water quality dkda of It
rivers, sourced from ISPRA and classified according to the WFD. The overall accuracy of the model was

determined by calculating the mean accuracy across all 100 iterations.

The evaluation methodology involved a straightforward comparison between the predicted water quality
probability and the values obtained from field measurements. A threshold of 0.5 was applied, meaning that
if the model's predicted probability of good emgital status was above 0.5, it was classified as a positive
prediction of good SWES. Additionally, the Hosineemeshow (HL) test was also integrated in the
analysis procesdiosmer et al., 1997; Hosmer & Lemeshow, 200Mje HL test assesses the goodness of

fit for the logistic regression model by comparing the observed and expected frequencies in subgroups of
the data. It divides the data into deciles based on predicted probabilities and then calculasgsiaehi
stdistic to determine if the observed event rates match the expected event rates in thegPaubepal.,

2013) A high p-value from this test indicates a good fit, suggesting that the model's predictions are

consistent with the actual outcomes.
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SECTIONC: APPLICATIONTO THE
CASESTUDY AREA

5. RESULTS

This chapter presents the findings from the analysis of the relationship betweeAd lWIGT and water

quality in Italian watersheds using a variety of statistical and spatial analysis techniques. The results are

organized to correspond with the methodologies described in Chapter 4, encompassing LULC change and
intensity analysis, PCA, antlescenario analysigom the BLR modelThefindingsof these analysisffer

a comprehensive understanding of how changes in land use and landscape structure impact water quality

and provide predictions of future SWES under diffesmmticeconomic andlgnate scenarios.

5.1. LULC change Analysis

Figurel2depictshe general land composition of Italy for the considered period, focusing on the distribution
of different LULC classesver the timeframe (19902018)

LULC composition (%)
S LU L I I I
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30,00
20,00
10,00
0,00 : : : :

1990 2000 2006 2012 2018

Figurel2 - General land composition of Italy felach considered year.

Cropland consistently emerges as the predominantdawvelr type, accounting for approximately 52% of

Italy's total land area across all the years examined. Forestaae¢as second largest category, covering
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between 33.5% and 33.8% of the land, with minimal fluctuation over time. In contrast, grasslands exhibit a
noticeable declinajecreasing their proportidrom 4.89% in 2000 to 2.56% in 2012. Barren land, though
initially a more minorcomponent, shows a significant increase, particularly in the years 2012 and 2018.
Urban areagradually expanffom 4.4% to 5.5% of the total land area, reflecting a growing urban footprint.
The proportions of water bodies and areas covered by permanent snow and ice rexnzfy refable
throughout the period, with water bodies and wetlands collectively accounting for less than 1% of the land

area, and snow and glacier areas averaging 0.14%.

Figure13 presents a detailed visualization of the net and gross changes across various land use categories
for the entire period from 1990 to 2018, encompassing the Italian peninsula. These visualizations reveal the
temporal dynamics of land use changes, highinghtine shifts in land cover and the relative magnitudes of
gains and losses for each category over the studied timeframe. The data depicted offer insights into the
transformation patterns of land use types and their implications for environmental amdalaagement

practices

l B o
Gross changes

B vetcan
B netioss

Area (kmz)

-10000 -

Water Forest Grassland ~ Barrer Cropland Urban Snow

Figurel3- Net (coloured bars) and Gross (grey bars) gains (green bars) and losses (red bars) for each LULC class over the-peti®d 1990

The analysis reveals that grassland experienced the largest net loss (NL), with a significant gross loss (GL)
of 11,262.0 kmz?, far exceeding its gross gain (GG) of 4,424.6 kmz, resulting in a net468&3@f4 km2.
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In contrast, barren land recorded the highest net gain (NG), with a GG of 7,953.0 km2 and a GL of 3,005.3
kmz?, leading to a net gain of 4,947.7 km2. Forests saw a modest NG of 243.6 km2, where gains slightly
exceeded losses. Urban areas also experientablegrowth, with a NG of 3,068.0 km2. Cropland, on the
other hand, declined, showing a net losslgB74.5 km2 despite substantial gross gains. Water bodies had

a small NG of 94.8 km2, while permanent snow and ice experienced a netdb42.afkm2 Annex6).

Figurel4illustrates the results of the intensity analysis at the interval (egglfrom one snapshot in time

to another)detailing how the size and speed of LULCC varied across diffpegintdsfrom 1990 to 2018.

The analysis reveals fluctuating rates of change throughout this span. From 1990 to 2000, the interval change
in |l and cover area was 3. 42%, with an annual c ha

marginally below the uniformate of 0.368%, suggesting a moderate level of land cover transformation.

i
18902000
i
1
I
I
3 2 1 L 0o o1 0.2 0.3 ¢

Interval Change Area (%) Annual Change Area (%)

Figurel4 - Results of the Intensity Analysis at the interval level, representing the relative annual chayg foeaach time interval.

In the subsequent period from 2000 to 2006, there was a notable increase in the rate of change. The interval
change area rose to 3.09%, and the annual change rate climbed to 0.515%. Botmaohthesexceeded

the uniform rate, indicating an accelerated pace of land cover transformation during these years. The trend
of increased change persisted into the 20082 period, where the interval change area reached 3.59%, and

the annual change rate peakée®.£98%. This marked a significant acceleration carag to the uniform

rate of 0.368%, highlighting a period of pronounced dynamism in land cover changes. However, from 2012
to 2018, a noticeable deceleration occurred. The interval change area dropped to 0.201%, and the annual
change rate decreased to @9%. Both of these metrics were below the uniform rate, suggesting a

slowdown in the pace of land cover change during this final period.
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Figurel5report the results of the Intensity Analysis at the Category l(egelals@\nnex7), providing a
comprehensive overview of the dynamics in various land use categories across different time intervals. The
data reveals both the gross gains and losses, along with the associated rates of change for each land use
category during four distingteriods: 199€2000, 2002006, 20062012, and 201-2018.

g‘/"-"z * ‘;‘/u.usx
20082012 20082012 20082012 2008-2012
q| I L5 Categories
i ; W v
| d W roes
| i i Wl cossena
1 Baren
20002006 2000-2008 2000-2005 2000-2008 Cropand
" urban
_J i

. ]
; [ i — Unforn Rate
[ |~ =

1900-2000 1900-2000 1990.2000 1990-2000

Loss Area (km? ) Loss Intensity (%) Gain Area (km® ) Intensity Gain (%)

Figurel5 - Intensity Analysis at the Category Leyvelith Gain and Loss area for each LULC class and time interval.

From 1990 to 2000, water maintained a balanced rate of gains and losses, while forests remained stable.
Grasslands showed more dynamic changes, and barren areas experienced significant losses. Cropland saw
a balanced rate of change, whereas urban areanaegbrapidly. Permanent snow and ice notably declined.
From 2000 to 2006, water bodies increased slightly, fedeateasnaintained gains, and grasslands and
barren areas faced higher losses. Urbanization continued strongly, while permanent snowlecithéck
moderately. In the 2008012 period, forest cover losses increased, and grassland losses surged. Barren land
saw significant gains, while cropland changes slowed. Urban expansion persisted, although at a reduced
rate. Between 2012 and 2018, theeraf change across all categories slowed. Water, forests, and grasslands
showed stability, with minor changes. Urban areas continued to expand but at a much slower pace, while
permanent snow and ice remained relatively stable. This final period indiageegral deceleration in land

cover change. To provide a more nuanced understanding of NGs and NLs across different time periods
Figure16 presents a simplified Sankey plot. In this visualization, the area that remains unchanged between
LULC classes has been obscured. This approach highlights the actual transfers of area between different

LULC classes, allowing for a clear and precise visaéitin of how these changes have occurred over time.
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Sankey Land plot
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Figure 16 - Sankey Land plotlepictingthe flows of LULC area between different classes. Unchanged areas are obscured to highlight LULC
transfers.

The spatial analysis of LULCC across Italy from 1990 to 2018, as depicted in the accumulated changes map
(Figurel7), offers a comprehensive overview of the frequency and intensity of land cover transitions over
this nearly threalecade periodtigurel7ashows the accumulated changes at the pixel level, using a colour
scale to represent the number of changes each pixel experiencedbhapindicates that approximately

80.02% of the study area did not experience any changes during this period, 16.51% of the area underwent
one change, 3.17% experienced two changes, 0.29% had three changes, and a very small portion, 0.01%,
experienced four clmges. It isessentiato clarify that this analysis does not provide information on the
specific type or direction of land cover changes but rather focuses on the number of changes and their spatial
distribution across the countiyigurel7b provides a different perspective by illustrating the sum of changes
within each watershed from 1990 to 2018. This map udesksbasedcolourgradient ranging from grey,

which indicates areas with fewer changefQ0), to red, which indicates areas with the most significant
number of changes (25@®%00). This visualizatioreffectively identifieshotspots of land use change,
particularly in watersheds that have experienced higher frequencies of change. This spatial representation
offers valuable insights into the areas where LULCC has been most pronounced, which is crucial for
understanding the bader patterns of land use dymas across the countryhe distribution of land cover

changes across lItaly is uneven, with concentrated hotspots in the north, particularly in the Alpine arc.
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Significant changes are found in the western Alps (Piedmont, Aosta Valley) and central Alps (Lombardy,
TrentincAlto Adige), while the Po Valley experienced fewer transitions, with only isolated clusters of
change. In central Italy, the Apennine regionsufeern Lazio, Abruzzo, Marche) show more dynamic
transitions compared to other parts of the region. In southern Italy, Calabria and Basilicata exhibit noticeable
changes, while the islandisSardinia and Siciy show substantial variation. Sicily, in partiary has

undergone significant land cover transformations over the nearlydboaele period.

(b)

Sum of changes
in the watershed
(1900-2018)

Accumulated changes
(1900 -2018)

B 0 Changes (80.02%) > ¥ 0-200 °
1 Changes (16.51%) 200 - 550
2 Changes (3.17%) 550 - 1200
3 Changes (0.29%) 1200 - 2500

[l 4 Changes (0.01%) . ot I 2500 - 6600

Figure 17 - Accumulated changes mapgsanel (& presentsa pixeltby-pixel representation of the number of change&ULC each pixel has
experienced between 1990 and 20h&anel (b) thesum ofaccumulategbixelschanges per watershed for the same period.

5.2. Landscape metrics and water quality

The analysis reveals a clear distinction between the effects of natueaithnobogenic land use classes on
SWES(Table3). Urban and cropland areas consistently exhibit the most negative impacts on water quality.
Metrics such as PLAND, LPI, and CA for these classes show significant positive correlations with a
decrease in SWES, indicating that larger urban and cropland @etitute to poorer water quality.
Specifically,LPI andPLAND for cropland shows one of the strongest negative effdetsiral land uses

like forest grasslandandbarren landdemonstrate the most positive effects on water quality. Metrics such
as LPI, PLAND, and AREA_MN for these classes are negatively correlated with poor water quality,
suggesting that larger patches and higher proportions of these natural land covers BWE®SeIn
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particular, LPland PLAND for forest stands out as having a strong positive influeWetland and

permanent snow and ieghiow moderate correlations, with metrics indicating weaker or less direct effects

on SWES compared to urban and cropland areas.

Table3 - Results of theorrelation analysis and GLM for each landscape metric at the class level. Blues dotticate a positive correlation with

a decrease in SWES, while red colors represent a negative correlation with a decrease in SWES.

Correlation

Metric Index

GLM
Coefficient

0,033 -3,08E+01
e oos: -2,28E01
GRASSLAND -0,037 -9,22E+00
3 BARREN -0,091 -1,44E+01
CROPLAND 0,107 7,75E01
[hrean | o7 2,67E+01
SNOW -0,082 -3,10E+01
0,029 -1,98E+01
0,022 -5,96E01
GRASSLAND -0,027 -1,55E+01
E) BARREN -0,094 -1,88E+01
CROPLAND 0,111 1,44E+00
0,127 5,83E+01
SNOW -0,066 -1,07E+02
0,011 -2,17E+04
0,217 -5,05E+04
GRASSLAND -1,12E+04
e BARREN - -3,00E+04
CROPLAND 0,171 4,48E+04
SNOW -0,135 -6,40E+04
_ 0,012 -2,53E+03
GRASSLAND -0,195 -1,43E+04
Q BARREN -1,44E+04
CROPLAND 3,75E+03
2,34E+04
SNOW -0,104 -9,34E+03
2,75E+03
-3,46E+03

a GRASSLAND -0,232 -5,64E+03

% BARREN -8,44E+03

C CROPLAND 7,75E+03

2,32E+04

SNOW -0,120 -5,54E+03

0,008 -1,95E+00

-0,238 -1,27E+02

§ GRASSLAND -0,130 -7,14E+02

5' BARREN -0,205 -2,71E+02

z CROPLAND 9,62E+01

SNOW -0,073 -1,33E+02
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Correlation
Index

GLM
Coefficient

0,052 2,04E+05
By oo 1,75E+05

z GRASSLAND -0,215 -2,03E+05
%) BARREN -0,202 -1,39E+05
E CROPLAND -5,15E+05
5,50E+05

SNOwW -0,163 -4,31E+05

0,036 1,15E+01

0,163 1,79E+02

5 GRASSLAND 0,038 1,38E+01
= BARREN 0,038 9,70E+00
& CROPLAND -0,109 -3,35E+02
0,101 7,88E+01

SNOwW -0,043 -3,95E+01

0,030 2,54E+03

-7,59E+03

GRASSLAND -0,174 -3,05E+03

5 BARREN -0,144 -4,75E+02
CROPLAND 0,222 8,03E+03
D 20:02

SNow -0,031 -1,94E+04
—_ 0,064 _1,71E+04
PEGRESAN o085 3,57E+02
GRASSLAND -0,054 -4,46E+03

5 BARREN -0,050 -5,09E+03
CROPLAND 0,067 1,67E+03
_ 0,109 3,36E+03

SNow -0,098 -2,02E+04

0,022 1,40E+05

-0,044 3,27E+05

GRASSLAND 0259 -2,60E+06

o BARREN -0,155 -7,56E+05
CROPLAND -0,017 -5,33E+05

SNOW -0,135 -4,43E+06

0,055 2,40E+03

-5,83E+03

GRASSLAND -0,216 -2,13E+03

= BARREN 0252 -2,04E+03
CROPLAND 7,26E+03

5,19E+03

SNow -0,156 -3,80E+03




5.3. Principal Component Analysis

Out of the initial 95 landscape metrics, the selection process identified 30 variables with Pearson correlation
coefficients lower thar0.2 or higher than 0.2 fdurther analysis. This filtering process resulted in the
inclusion of key landscape metrics such as Edge Density (ED), Largest Patch Index (LPI), Percentage of
Landscape (PLAND), Mean Patch Area (AREA _MN), Landscape Division Index (DIVISION),
Interspersiorand Juxtaposition Index (1JI), Patch Density (PD), and Aggregation Index (Al). Each of these
metrics, referring to multiple specific land use classes, was identified as having a significant influence on
SWES due to its strong correlations with water dquatidicators of the WFD. By focusing on these selected
metrics, the subsequent PCA aimed to reduce the dimensionality of the data and uncover key patterns that
contribute to explaining the variability in surface water quallighle 8presents the loadings of these
selected landscape metrics across the principal PCs, fore the different land use classes (1 = WATER; 2 =
FOREST; 3 = GRASSLAND; 4 = BARREN; 5 = CROPLAND; 6 = URBAN; 7 = SNOW). The loadings
indicate how much each landscape nicetontributes totte corresponding PC. Green cells in the table
represent positive loadings, meaning that an increase in the respective landscape metric leads to an increase
in the PC score. Conversely, blue cells denote negative loadings, indicating that an incredasedadape

metric results in a decrease in the PC sd®eder toAnnex8 to visualize thelistribution of variance among

the principal components (PCs). PC1 has the highest standard deviation (3.12) and captures the largest
portion of variance (32.44%). PC2 and PC3 account for 12.55% and 9.85% of the variance, respectively.
As the PCs progresthe variance explained decreases, with PC10 contributing only 2.69%. PCs 21 through
30 explain minimal variance, each ranging from 0.35% to 0.04%. The cumulative variance reaches 86.74%
by PC10 and 98.75% by PC20, with firel components contributing little to the total variance.

Overall, the PCA results highlight that a small number of principal components account for most of the
variance in the data. Specifically, the first five PCs (PC1 to PC5) collectively explain over 70% of the
variance, suggesting that these components ighgyhsignificant in understanding the variability of the
dataset, and emphasizing how different land use classes contribute to the overall variance in the data. In
practical terms, this implies that dimensionality reduction to the first few PCs coultfeloéve for
simplifying the dataset while retaining the majority of its informational content. The diminishing proportion

of variance explained by subsequent PCs reinforces the effectiveness of focusing on the initial components
for further analysis or naelling. Table4 presents the loadings of the selected landscape metrics on each

PC. Here, the most important components are presented.
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Table4i Loadings of the selected landscape metrics on each Principal Component (PC). Blue colours signify negative contribetR@swiiéreas green cols denote positive contributions
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PC1 accounts for the largest proportion of variance, indicating a strong relationship between natural land
cover® forest, grassland, and barren l&nand anthropogenic land uses such as cropland and urban areas.
Forest metrics, including Percentage of Lamagie (PLAND_2, 0.24) and Largest Patch Index (LPI_2,
0.22), show strong positive loadings, suggesting that a higher proportion of forest area and larger, more
cohesive forest patches play a key role in shaping the overall landscape structure. Grassiesid met
(PLAND_3, 0.17; Edge ED_3, 0.20) and barren land metrics (PLAND_4, 0.18; ED 4, 0.21) also
demonstrate higpositive loadings, indicating their contribution to reducing fragmentation and maintaining
cohesive natural landscape patterns. Conversely, cropland metrics such as PLANEB):(d LPI_5-(

0.27) exhibit negative loadings, reflecting the introductiénfragmentation on natural landscape by
cropland, with urban metrics, including PLAND_-0.(15) and LPI_6-0.13), further contribute to it. This
principal component captures the contrasting effects of different land use types on landscape structure,
emphasizing the significant role of natural landscapes in maintaining continuity and the detrimental impact
of human activities on landscape fragméota

PC2 highlights the dominant influence of urban areas on landscape structure, with urban metrics driving the
principal component's variation and showcasing the substantial impact of urbanization on landscape
patterns. Metrics associated with urban land usesh as the Percentage of Landscape for urban areas
(PLAND_6, 0.31), the Mean Patch Area for urban areas (AREA_MN_6, 0.33), the Aggregation Index for
urban areas (Al_6, 0,38), Largest Patch Index (LPI_6, 0.27), Division Index (DICISION_6, 0.35) and Edge
Density for urban areas (ED_6, 0.29), exhibit very strong positive loadings. These results underscore the
significant role of urban areas in shaping landscape complexityfragthentation.Additionally, the
Interspersion and Juxtaposition Index for cropland (1JI_5) also shows a positive loading, indicating that the
spatial arrangement and distribution of cropland play a role in landscape patterns, though its influence is

less pronounced cquared to the metrics associated with urban areas.

PC3 emphasizes the interplay between barren land and forest, and their contrasting effects on the landscape.
Barren land metrics like PLAND_4 (0.43) and LPI_4 (0.43) have strong positive loadings, suggesting they
contribute significantly to structural feaes in the landscape. Forest metrics such as PLAND.33j and

LPI_2 (-0.29) show negative loadings, indicating an inverse relationship with barren land metrics in this
component. Grassland (ED_3).02) and cropland metrics (PLAND_5, 0.03) have loweaadings,

reflecting their minor role here.

PC4 reveals the prominent role of cropland in shaping landscape patterns while also highlighting the
contrasting influence of urban areas, which tend to introduce fragmentation. Metrics associated with
cropland, such as Percentage of Landscape for croffinAND_5, 0.25) and Largest Patch Index for

cropland (LPI_5, 0.26), show strong positive loadings. This indicates that cropland significantly influences
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landscape patterns, contributing to variability and structural changes in the landscape. In contrast, urban
metrics exhibit notable negative loadings in PC4. Metrics such as Edge Density for urban areas (ED_6,
0.23), Percentage of Landscape for urbansafl@bAND_6,-0.32), and Largest Patch Index for urban areas
(LP1_6,-0.34) reflect a fragmentation effect. These negative loadings suggest that urban areas contribute to
landscape fragmentation and complexity, differing from the influence of croplandhaitke contrasting

it. Additionally, other indices show moderate loadings. For instance, the Division and Aggregation Indexes
for grassland (DIVISION_3, 0.24; Al_3, 0.25) suggest some contribution to the landscape's structural
variability.

PC5 is characterized by a strong emphasis on grassland metrics. Specifically, Edge Density for grasslands
(ED_3, 0.45) and Percentage of Landscape for grasslands (PLAND_ 3, 0.44) exhibit high positive loadings,
indicating that grasslands have a signifidampact on landscape patterns. Additionally, Patch Density for
grasslands (PD_4, 0.44) also shows a strong positive loading, further emphasizing the importance of
grasslands in this principal component. The high values for these metrics suggest thaernhe ext
fragmentation, and density of grasslands play a central role in shaping landscape structure. In contrast, other
metrics related to different land uses show minimal influence, reinforcing the primary role of grasslands in

defining the variations represted by this principal component.

Figure 18 presents a biplot of the PCA, showing the relationships between landscape metrics and the two
principal PCs. Each vector in the biplot represents a landscape metric, with its length and direction indicating
the metric's contribution to the two principahgponents: PC1 (Dimension kaxis), which explains 32.4%

of the variance, and PC2 (Dimension 23¥5s), which explains 12.6% of the varianbethe PCA biplot,

the angles and lengths of the vectors are key to understanding the relationships between variables. Small
angles between vectors (less than 90 degrees) indicate a positive correlation, meaning that as one variable
increases, the otherrtgs to increase as well. This alignment reflects similar trends and contributions of
these variables to the pcipal components. Conversely, vectors at right angles (90 degrees) represent
uncorrelated variables, where changes in one variable do not predict changes in the other. Large angles
between vectors (greater than 90 degrees) indicate a negative correléti@an increase in one variable

being associated with a decrease in the offfee.length of the vectors further adds to the interpretation:
longer vectors (often in reddish colors) indicate high contributions to the principal component, meaning
these vaables are significant in capturing variance in the data. Shorter vectors (often in bluish colors)
suggest a lower contribution and impact on the principal comporfets the biplot, it is evident that
urbanrelated metrics cluster together, highlighting their strong intercorrelation and collective influence on
landscape fragmentation and structure. Metrics such as PLAND_6, LPI_6, AREA_MN_6, DIVISION_6,
and Al_6, amongthers, reflect the structural features of urban landscapes and their effect onrétle ove

landscape. In contrast, natural land cover metrics tend to group together and show positive correlations, as
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indicated by the small angles between their vectors. This clustering signifies their shared role in promoting
landscape cohesion and their interplay within the landscape. Cropland metrics, such as PLAND_5 and
LPI_5, are more isolated from other metricshivitthe same land use class, suggesting a distinct and diverse
influence on landscape patterns and a negative correlation with natural landscape metrics. The opposite
influence on Dimension 1 (PC1) compared to natural landscapes underscores the disfigotiveof
agriculture on natural landscape structure. The PCA plots corroborate and enhance the findings from
previous statistical analyses. The first principal component (PC1) captures the tension between cohesive
natural landscapes and the fragmentatiansed by cropland and urban areas. It is heavily influenced by
cropland metrics, reflecting agriculture's impact on landscape structure. The second principal component
(PC2) is largely driven by urbanization, with urban metrics explaining much of tlamemmlong this axis

and reinforcing each otheroés influence.
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Figure18 - Biplot of the first two Principal Components (PC1 and PC2) from the PCA analysis. PC1 is displayed-arishamd PC2 is on the
y-axis. This plot illustrates the distribution and relationships of the selected landscape metrics within the princgrardosppce, highlighting

the variance and correlations captured by these two principal compdnents.
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5.4. Regression model

The focus of this chapter is on presenting the outcomes of the regression analysis, emphasizing both their
predictive performance and relevance to future land use projections. Following the transformation of the
dataset, the 30 selected landscape metiées reduced and transformed using PCA to eliminate redundancy
and collinearity. These transformed components were then used as predictors to train the BLi& model
predictwater quality statutor the baseline (2018) and future (2050, 2100) under diffsmit-economic

and land use scenarioBhefuture scenarios werearried outy re-mapping land use data froBhen et al.
(2022)(see2.2.1and3.4) andusel to extract landscape metrigs inputs for the BLR modéd predict the

probability of achieving the good ecological status of freshwater in Italy.

5.4.1. Baseline regression model

The BLR model assesses how various PCs impact the SWES, classified as either good (1) or bad (0). The
intercept 0f-0.416 indicates that, when the effects of the principal components are not accounted for (i.e.,
when their values are zero), thedodds ofa water body being classified as "good" are negative, suggesting

a lower baseline probability of good ecological status in the absence of these prddi@0is8, 28.31%

of the watersheds achieved a 'good' Surface Water Ecological Status (SWES)8v#8i%é did not meet

this standard, and 32.81% had an unknown status.

| Predicted Probability of GOOD SWES I FE‘"-F-E“-F---FESJEEVT/EE'
o redicted Probability o ——— i inary Predictions o
a

Probability of GOOD
Surface Water
Ecological Status

Binary Surface Water
Ecological Status

M coon
|10
Unknown

2018

Figure197 Map (a)displays the predicted probability of achieving good SWES for the control scenario of 2018 using the binomial model, with
blue indicating high probability and yellow indicating low probabiltap (b) shows the probability of achieving good SWES for each watershed,
translated into SWES level using a binary classification: green represents a probability above 0.5 (good SWES), witkteedipbbability

below 0.5 (bad SWESMap (b) presents the observed SWES values for each watershed, using tfeodditetion and colour scheme.
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However, model predictions for the same year suggested that 62.13% of watersheds were expected to fall
short of achieving 'good' SWES, leaving only 37.87% projected to reach this Egget 19a illustrates

the BLR model predicted probability of achieving a good SWES, as indicated by merging levels 1 and 2 of
the WFD.Figure 1% is the predicted binary SWES for the year 2(Ei§ure 19c presentshe measured

SWEC is recoded into a binary forrdat and 2 indicating "good" status (green), and 3, 4, and 5 indicating
"bad" status (red).

PC1, with an estimate of 0.404 and a highly significanalpe (< 2el6), demonstrates a strong positive
association with the likelihood of good ecological status. This component represents the influence of natural
land coverd forests, grasslands, and tear landd while it has negative loadings for anthropogenic land

uses such as cropland and urban areas. The positive coefficient for PC1 implies that landscapes with a higher
proportion of natural land covers are associated with a greater probability @fegotogical status,
supporting the notion that natural landscapes contribute positively to ecological health. PC2, which has an
estimate 0f0.198 and a {value less than 286, shows a significant negative relationship with ecological
status. Driven pregiinantly by urban metrics, this component indicates that increased urbanization is
linked to a lower likelihood of good ecological status. The negative coefficient suggests that urban
development contributes to fragmentation and degradation of landsedpessely affecting ecological
conditions. PC3, with an estimate €002 and a {value of 0.879, does not significantly influence the
prediction of ecological status. This component, focusing on barren land and forest metrics, appears to have
minimal impact on the ecological status of surface water, indicating that these metrics are less relevant in
this model. PC4, with an estimate-6f185 and a{value less than 2&6, reflects the interaction between
cropland and urban areas. The significant negagiffect highlights the role of both land use types in
deteriorating ecological status. PC5, with an estimate of 0.034 awdlagof 0.050, shows a marginally
significant positive effect on ecological status. This component, which focuses on grasstaiod, m
indicates that landscapes with more extensive and cohesive grasslands are associated with a slightly higher
likelihood of good ecological status. Although the effect is less pronounced compared to PC1, it underscores
the positive role of grasslansmaintaining ecological health. The model's performance is reflected in the
null deviance of 1809 versus the residual deviance of7853, indicating a substantial reduction and thus

a significant improvement in model fit compared to a null model. The model achieved convergence after

four Fisher Scoring iterations, suggesting robust and stable parameter estimates.

BLR model demonstrated a high level of accuracy in predicting whether water quality is of "good"
ecological status. The model achieved an average accuracy rate of approximately 89.54% across all 100
iterations of the training and validation process. Thigh haccuracy indicates that the model is highly
effective at distinguishing between "good" and +igood" ecological statuses. Theodel's performance

was further validated through the Hosmer and Lemeshow goedf@isiest, which assesses how well the
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predicted probabilities align with the observed outcomes. The test producedguated statistic of 41.6

with 8 degrees of freedom and avalue of 1.61606. This very low pvalue suggests that the model's
predictionssignificantly differfrom what would be expected by chance alone, indicating a good fit of the
model to the data'he BLR model revealed an optimal balance of fit, simplicity, with a very high accuracy.
Although the BLR model's simplicity is a potential limitation in predicting the fivelewof water quality
status with precision, it aligns well with the goal of the WFD, which focuses on distinguishing between
good and noigood ecological statuses. This makes the BLR model a suitable choice for predicting the
probability of achieving goo8WES of future LULC scenario.

5.4.2. Scenario analysis

Statistical and spatial SWES probability results under future land use scenarios, specificalRCFEP2

and SSPIRCP8.5 for the years 2050 and 2100, are now preserttede projections providesights into

the projected SWES outcomes under these climate and-emmi@mic scenarios. These projections are
essential for assessing the potential future impacts of land use changes on water quality and informing long

term water management strategies

Annex 10 highlights significant regional disparities in the projected probability of achieving good SWES
under the SSRRCPA4.5 scenario for both 2050 and 2100. Across the 15,205 watersheds considered, 62.7%
for 2050 and 62.2% for 2100 are predicted to hagmmbability greater than 50% of failing to achieve good
SWES.In comparisonAnnex 11 illustrates the SSPRCP8.5 scenario, where 62.6% for 2050 and 62.7%

for 2100 are similarly predicted t@ave a probability of achieving good SWES lower than S0&#sistent

with the baseline scenario, the Po Valley exhibits persistently low probabilities, primarily irDtBe&nge

(red), reflecting substantial challenges in this densely populated and agriculturally intensive region. While
some localized areasithin the region slightly higher probabilities, in the @2 (orange) and 0.0.6

(yellow) ranges, these instances are limited in scope, underscoring the overall vulnerability of this region to
future water quality degradation. Coastal areas, particularly along the Adriatic and Tyrrhenian Seas, also
follow this trend, with coastal zones and urban hubs such as Rome and Naples showing probabilities below
0.2, suggeshg significant pressure on downstream watersheds from urbanization and agricultural runoff.
Additionally, the islands of Sardinia and Sicily
shows a greater susceptibility to water quality declimapared to its east, whereas §fsi southern and
southwestern regions appearen more severely affected, with particularly low probabilities. In contrast,
eastern Sardinia exhibits pockets of higher probabilities, indicating localized resilience to ecological
stressors. The mountainoregions of the Alps demonstrate significantly higher probabilities of achieving
good SWES across the entire arc. The Alpine regions predominantly feature probabilities initiel O

and 0.60.8 (green) ranges, reflecting the reduced intensity af lss@ and urbanization. The Apennines,
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although not as consistently high as the Alps, also exhibit relatively higher probabilities, with the central

Apennine range showing the greatest likelihood of maintaining good water quality.

Using the probability predictions of achieving good ecological status, calculated with the BLR model for
the various SSIRCP scenarios, a comparative analysis of probability differences between the baseline of

2018 and the projections for 2050 and 2100 pexformed. The calculated differences are expressed as:
01 & OO DY 01 & (I)Q)(I)CIDOUMY

These values offer a spatial and temporal perspective on the potential changes in surface water quality.
Negative values in this comparison indicate that the probability of achieving good ecological status in 2018
was lower than that projected for the resfive SSHRCP scenario in 2050 or 2100. This suggests an
expected improvement in surface water quality under the given future scenario, indicating that ecological
conditions could enhance over time due to changes in land use, conservation measuregtedampacts

in the SSARCP framework. Conversely, positive values denote that the 2018 baseline probability was
higher than the future projections, pointing to a deterioration in water quality for that specific region. This
decline could be attributed factors such as urban expansion, agricultural intensification, or worsening
climatic conditions that negatively affect surface water ecosystems. This approach allows for a clear
interpretation of how different regions may respond to future changes indarghd climate, highlighting
potential areas of concern where water quality may decline, as well as regions where ecological status is

expected to improve.

Figure 20 and Figure 21 depict the spatial variations in the probabilities of achieving good SWES by
comparing the 2018 baseline scenario with projections for FEH4.5 and SSPRCP8.5 respectively,

for the years 2050 (left) and 2100 (right). The projections indicate an iedrethee probability of attaining

good SWES in the northern mountainous regions of the eastern Alps, specifically the Retiche and Atesine
ranges, as well as in the central Apennines and northeastern Sardinia. In contrast, the projections reveal a
declinein the probability of achieving good SWES in the lower montane areas and transitional zones
between the plains and the mountainous regions. Significant decreases are observed in Piemonte, especially
concerning the province of Turin, Lombardia, Friuli Velaegiulia, and the northern Apennines of
Tuscany. In the Po Valley, the trend appears relatively stable, with a minor reduction in probability that is
less pronounced compared to other regions, and even some areas of increased water quality. Southern Italy
presents a more heterogeneous pattern: while some regions show an increase in the probability of achieving
good SWES, others exhibit a decline. Notably, southern Sicily presents some hotspots of significant decline,

indicating regions where water qualiyprojected to deteriorate markedly.
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Figure20 - Differences in the probabilityf achieving good SWES for the SERCP4.5 scenario in 2050 (left) and 2100 (right).
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Figure21 - Differences in the probability of achieving good SWES for theSSI8€R8.5 scenario in 2050 (left) and 2100 (right).

67



Considering the SSPRCP4.5 scenarios, approximately 34.46% of watersheds are projected to experience
a decline in SWES by 2050, increasing slightly to 35.87% by 2100, while the remaining 65.54% and 64.13%
are expected to show improvements, respectivedyever, many of these differences fall within a narrow
range of-0.1 to 0.1, indicating that most changes may be relatively small and not ecologically significant.
Further, when examining more substantial changes (probability differences exceedinthetdinber of
watersheds projected to experience a notable decline is 2.17% in 2050, increasing to 3.41% in 2100. The
proportion of watersheds with significant improvements remains low, at 0.76% for 2050 and 1.43% for
2100. In both 2050 and 2100, most wsaledd 90.49% and 84.43%, respectiv@lyave probability
differences betweet®.05 and 0.05, thus considerie@levantin ecological and statistical terms.

Regardinghe SSPERCP8.5 scenario, approximately 35.76% of watersheds are projected to experience a
decline in SWES by 2050, increasing slightly to 36.65% by 2100, while 64.24% and 63.35% are expected
to show improvements, respectiveliyhen the threshold is raised to +0.01, the percentage of watersheds
showing a decline ithe probability of achieving good SWES decreases to 24.30% for 2050 and 26.69%
for 2100, while those showing an improvement account for 31.65% in 2050 and 36.81% in 2100. Further
increasing the threshold to £0.05, the percentage of watersheds experiencing a notable decline decreases to
8.58% for 2050 and 11.13% for 2100, with improvements accounting for only 3.47% in 2050 and 5.93% in
2100. For more substantial changes (probability diffees exceeding +0.1), the number of watersheds
projected to experience a notable decline is 2.83% in 2050, increasing to 4.22% in 2100. The proportion of
watersheds with significant improvements remains low, at 0.84% for 2050 and 1.39% for 2100. In both
2050 and 2100, the majority of watersh@d7.95% and 82.95%, respectivéljhave probability
differences betweed.05 and 0.05. This indicates that most watersheds will experience minimal changes
in SWES also under the SSR&P8.5 scenario, similarly to tiBSP2RCP4.5 scenario.

Overall,for 2050, 330 and 430 watersheds were identified with probability differences greater than 0.1 for
the SSPRCP4.5 and SSPRBCP8.5 scenarios, respectively, indicating a substantial decline in the
probability of achieving good SWES. Conversely, 116 and 128rala¢ds were found with probability
differences less thaf.1 for these scenarios, reflecting a significant increase in the probability of achieving
good SWES. For 2100, 518 and 642 watersheds exhibited probability differences greater fitvatn®.1
SSP2RCP4.5 and SSPRCP8.5 scenarios, respectively, meanwhile, 218 and 212 watersheds were
identified with differences less tha@.1. These watersheds represent the most significant cases and warrant
focusednvestigation to determine the underlying causes of such pronounced changes in the probability of
achieving good SWEShese findings suggest that while the overall trend points to improvements in SWES
for most watersheds, the changes are often minor and may not be ecologically signicantesilt,
focusing on watersheds where the probability difference exceeds 0.1 provides a more meaningful analysis.

By concentrating on these cases, itds possible
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interventions or uncover land use patterns that have the potential to significantly improve water quality.
Figure22 provides an example of SWES changes under the-88P8.5 scenario for 2100, focusing on
selected Italian watersheds.the example, areashere urban land tends to replace forest c{anels g,

h) experience a decline in SWES, while regions where cropland is replaced by(fuaasts e, fshow the

opposite trend, with improvements in SWES.

(a)

Increase SWES

-0 04

BASE 2018

SSP5- RCP8.52100 ©

Figure22 - Panel (a) shows the spatial distribution of SWES probability differences between the baseline year (2018) and 2100 +RGE8IEP5
scenario. Areas with increases in SWES are highlighted in blue, while those with decreases are marked in red. Paiseéhfb)aspecific region

of interest, emphasizing significant positive (blue circle) and negative (red circle) SWES changes. Panels (c) andL(d) Gepiaps for that
region in 2018 and under SSREP8.5 in 2100, showing shifts in land use patterns iwe. The subsequent panels (e) through (h) further zoom
into two specific areas within these regions to highlight detailed LULC changes. Panels (e) and (g) show the baselingQ18, @/ile panels

(f) and (h) illustrate the projected LULC under SSR®GP8.5 in 2100. The red arrows point to regions with a decline in SWES, while the blue

arrows highlight areas with projected improvements.

Figure23 presents a comparative overview of probability differences in achieving good SWES under the
SSP2RCP4.5 and SSPRCP8.5 scenarios for both 2050 and 2106.focus on the most significant
deviations, the graphs exclude cases where the probability differenbetwaen0.1 and 0.1, which helps

highlight the most relevant changes in SWES probabilities. In all scenarios, the distribution of significant
cases is skewed toward positive values, meaning that more watersheds are expected to experience higher
probability of deterioration in water quality over time under the considered scenarios compared to those that
are expected to face a substantial probability incrédse data indicate that the SSREP8.5 scenario
generally predicts more frequent and severe dexlim¢he probability of achieving good SWES (positive

values, right side of the plot) compared to the SBEP4.5 scenario for the same year. This is illustrated
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by the histogram, where the bars for SSREP8.5 consistently rise higher than those for the other scenarios,
reflecting a greater frequency of significant declines, particularly for differences between 0.1 and 0.4. At
higher thresholds, the trends amohg scenarios convergeith lessdifferences anffrequenciesin terms

of increases in probability (negative values, left side of the plot), &&HPB.5 shows higher frequencies

of differences betweefd.4 and-0.1. However, for more substantial decreaS&P5RCP8.5 has the lowest
frequency among all scenarios. Notably, S&&P4.5 forecasts higher frequencies of both increases and
decreases in SWES for 2100 compared to S8EB8.5 for 2050, yet shows the lowest frequencies for
2050 across all scenariordayearsOverall, SSPERCP8.5 suggests a more adverse outlook for SWES,
particularly regarding probability declines, across both 2050 and 2100 compared teRCBR3B.
Comparative representations of the singles scenarios are presefitegxi2 andAnnex13.

Histogram of Probability Differences of Good Ecological Status

RCP45_2050 RCP45_2100
100 -
75 -
I-L'I_
257 scenario
Z o RCP45_2050
o
=1 RCP&5_2050 RCP85_2100 RCP45_2100
4]
= 100 RCP85_2050
RCP85_2100
50 -
25-
D_ 1 1 1 1 1 1
-0.4 0.0 0.4 -0.4 0.0 0.4

Probability Differences of Good Ecological Status

Figure23 - Frequency histograms of the most relevant probaltdiffgrences in acheaving good SWES for all $8BP scenarios
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6. DISCUSSION

The LULCC analysis across the ltalian peninsula from 1990 to 2018 reveals a nuanced picture of land
transformation, marked by both losses and gains in key land cover cateGoassland experienced the

most significant net declineccounting for 36.4% of the total GL. In contrast, barren land saw the most
substantial net increase, contributing to 25.7% of the tota(fgaire 13, Figure 15, Annex 6Annex7 i

Results of the Intensity Analysis at the Category Level, with Gain/Loss area and Gain/Loss rate for each
LULC class and time interval.Notably, between 2006 and 2012, a significant portion of grassland's net
loss was transferred to barren land, marking this period as the most significant land use exchange of the
entire study period. Additionally, there was a constant and consistentioran$igrassland to cropland and

grazing areas throughout the study period, reflecting ongoing agricultural expansion and meadows
degradation. This persistent shift indicates a sustained trend where previously grassland areas are being
converted into landor agricultural use. The transition to croplafttinojosa et al., 2019and pastures
(Torresani et al., 2019 often driven by the need to increase food productivity to meet growing
popul ationds demands, hi ghlighting the broader tr
seminatural areas, which can lead to a reduction in biodiversity and ehamtand surface propertis.

Ferrara et al., 20215imultaneously, the substantial reduction in grassland area and its transfer to barren
land within such a short timeframe suggest the influence ofihighct events or significant changes in
landscape and climatic conditions. Grasslands are particidangitive to both human activities and
environmental changes, strongly depending on the interactions between climate, soil and agricultural
management practicéBibari et al., 2021)The largescale decline observed may reflect land degradation

or erosion processes, especially in mountainous regions, or in areas characterized by a high livestock density
or poor managemerfAkiyama & Kawamura, 2007; Torresani et al., 2018@jildfires could have also
contributed to this transition, converting meadows and natural grasslands into barren, sparsely vegetated
areagDonovan et al., 2017)The expansion of barren land might be also driven by natural processes such
as rockslides or geological shifts, in addition to human activities like mining, quarrying, or inadequate land
rehabilitation efforts. Climate change may also play a role, paligncausing grassland degradation
through changes in temperature or precipitation patterns, further accelerating the conversion of grasslands
to barren landDibari et al., 2021)

Forested areas exhibited modest but significant stability over the study period @®Bg), contributing

21.6% of the total GG and 20.8% of the total Gligure13, Figure15, Annex6Annex7 1 Results of the

Intensity Analysis at the Category Level, with Gain/Loss area and Gain/Loss rate for each LULC class and
time interval). This relatively balanced dynamic indicates that, despite some deforestation and forest
degradation, afforestation and natural forest regeneration efforts have largely offset these losses. The slight

net increase in forest cover can be attributed to sefeamtalrs. Forest management policies may have been
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instrumental, with strategies such as sustainable logging practices, protection of forested areas, and effective
enforcement of regulations helping to prevent excessive deforestation and support forest health. Successful
conservation programs and refordista projects likely played a crucial role in promoting forest recovery

(Raft & Oliier, 2011) These initiatives, aimed at restoring degraded lands or enhancing existing forests,
could have significantly contributed to the observed stability. Additionally, natural processes of forest
recovery following agricultural abandonment and land use changgsecially in mountainous and rural
region® might have facilitated this modest increg€mok et al., 2005) Throughout the study period,

mutual exchanges between land use classes were evident, particularly in forested areas undergoing
significant transformations. When considering its GL, forested land was frequently converted into cropland,
grassland, and bamn land, driven by factors such as agricultural expansion, land degradation, and changes
in land management practices. Cropland, in particular, accounted for 24.3% of the total GG, with much of
this gain resulting from the transition of natural landscapsagricultural areas. Conversely, forested

areas also expanded by reclaiming land from these same classes, illustrating the dynamic and complex
interactions between forests and other land uses. The conversion of forests to cropland is often driven by
the demand for agricultural land to support food production and economic ac(ivéres et al., 2014 At

the same time, forests may regenerate in areas where agricultural practices have declined, or land has been
abandonedCimini et al., 2013; Kuemmerle et al., 201@)th secondary succession processes playing a

key role(Cook et al., 2005)Additionally, forests might encroach upon previously barren areas, especially

if these lands have been subject to ecological restoration or if natural processes support forest recovery.
These cyclical land use changes reflect broader trends in landenagvatgwhere economic, environmental,

and policy factors continuously shape the landscape

Urban and atrophic areas exhibited significant and steady expansion throughout the study period, accounting
for 13.0% of the totaGG, with no notable lossekiring the study period (199®018)(Figurel13, Figure

15, Annex6Annex 7 1 Results of the Intensity Analysis at the Category Level, with Gain/Loss area and
Gain/Loss rate for each LULC class and time inteyvBhe gain rate for urban areas consistently exceeded

the uniform rate, highlighting the ongoing urbanization process over the last 30 years. This growth reflects
broader trends, including population increases, economic development, and migration toward citi
(eurostat, 2024; ISTAT, 2024F he relatively low gross loss suggests that urban areas expanded primarily

at the expense of other land cover types, particularly cropland, rather than undergoing substantial internal
redevelopment or reconfiguration. The steady increase in urban la@dazories notable implications for

land management and environmental sustainability. Urban expansion places pressure on natural resources,
accelerates habitat fragmentation, and presents challenges for maintaining ecosystem services, including
water quaty (Meck et al., 2006)As urban areas grow, the conversion of cropland and natural landscapes

into builtup zones alters local hydrology, increasing surface runoff and reducing the land's capacity to
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absorb and filter watgAstaraielmani et al., 2012; Nagy et al., 2019hese changes can exacerbate water
pollution and stress ecosystems, underscoring the importance of sustainable urban planning and

conservation strategies to mitigate the environmental impacts of urbanization.

To reveal the interplay between different land use classes and their interactions in shaping landscape
structure, PCA was applied to landscape metrics that significantly influence water quality. This analysis
summarized the majority of the variance in Ilscabe confuration through five selected principal
components (i.e., PC1, PC2, PC3, PC4, and PT®se components capture the dynamics that shape
environmental and land cover patterns, providing a clearer understanding of how various land use types
interact and contribute to overall landscape structure in distinct ways. These principal components were
then used to transform the overall dataset and serve as inputs for a logistic regression model, in order to
assess the influence of each component on S\WBE8icorporating the principal components, the logistic
regression model could effectiveinalysehow different aspects of landscape configuration impact the
likelihood of achieving good ecological status in surface waters. This approach allowed ferruantced
understanding of the relationship between land use patterns and water quality, highlighting the specific
contributions of onfigiratiango the averdll ewlogical health plipfaxesvéter

bodies.

PC1 highlights a significant distinction between natural and huimfimenced landcovers in shaping
landscape structure, effectively capturing the relationship between natural and atrophic lard@sta@es

4). It demonstrates how natural land covers, such as forests, grasslands, and barren land, are strongly
interconnected andssociated with maintaining the cohesion and continuityatifirallandscapes, while

human land uses tend to introduce variability and disruption, highlighting the contrasting impacts of these
different land covers on landscape structirasitive loadings of landscape metrics, such as PLAND, LPI,
AREA_MN and Al, for natural landcovér.e., forest, grassland and barrem)tually reinfore themselves

and the cohesive structure of the landscape, while negative loading for the same metrics ef human
influenced landcover tend to have the opposite eff@rests, grasslands, and barren lands play crucial roles

in maintaining the integrity of ecosystems and their associated water quality. Forests help in regulating water
flow, reduce runoff, and enhanseil retentionBerka et al., 2001; de Souza et al., 2013; Kreye et al., 2014;
Sweeney & Newbold, 2014)his regulation minimizes sedimentation and nutrient loading into water
bodies, thereby improving water quality. Grasslands similarly contribute to water quality through their
ability to absorb and filter water, reducing surface runoff and supportingvbisdy that contributes to
ecosystem heali{Botter et al., 2021; Pote et al., 200Barren lands, while less directly beneficial, might

affect water flow and sediment dynamics in ways fegimto also indirectly influence water quality. The
positive loading of PC1 suggests that landscapes dominated by these natural land covers are generally

associated with higher probabilities of good ecological status. This association underscores thesprotectiv

73



benefits that these natural landscapes provide. In contrast, anthropogenic land uses such as cropland and
urban areas, which are negatively loaded in PC1, tend to disrupt these natural processes. Croplands often
contribute to water quality degradation thgh increased runoff, erosion, and the introduction of pollutants

from agricultural practice@Bijay-Singh & Craswell, 2021; Bonanomi et al., 2011; Krupa et al., 2011; Moss,
2008; Zzalidis et al., 2002rban areas exacerbate these issues by introducing impervious surfaces that
increase runoff, leading to higher pollution levels and habitat fragment{@taraielmani et al., 2012;

Carle et al., 2005; Lane & Sheridan, 2002; Nagy et al., 2019; Ouyang et al., ZB86trong positive
relationship observed in PC1 emphasizes the importance of maintaining and enhancing natural landscapes
to preserve water quality. As natural land covers are shown to support good ecological conditions, efforts
to conserve and restoi@ests, grasslands, and other natural areas are essential for sustaining water quality
and overall ecological health. This finding aligns with broader environmental management strategies that
prioritize the protection of natural landscapes as a mearchieva and maintain high standards of water
guality and ecological status.

PC2 is predominantly driven by urbanizatemd highlights its significant impact on landscape complexity
andvariability (Table4). High loadings of urbamelated landscapeetrics(i.e., cropland and urbaand

low loadings forall the others reflect the importance of urban areas in shaping this component, and thus the
landscape structure captured byUtban areas, with their extensive development and settlement growth,
introduce a high degree of heterogeneity into the land¢8apet al., 2024; Li et al., 2017; Mu et al., 2024)

This is reflected in the PC, which captutesy urbanization disrupts and reshapes landscape patterns,
leading to more fragmented and diverse land cover. Cropland also contributes to the variability captured by
PC2, although its influence is less pronounitethurban areas. The spatial arrangement of cultivated land
affects landscape patterns, but not to the same extent as urban expansion. In contrast, natural landscapes
such as forests and grasslands have minimal influemtieis component. PC2 demorates a significant
negative relationship with ecological status, indicating that urbanization has a detrimental impact on water
quality. Urbanization typically leads to significant landscape changes that adversely affect ecological
conditionsg(Astaraielmani et al., 2012; Carle et al., 2005; Lane & Sheridan, 2002; Nagy et al., 2019; Ouyang

et al., 2006) As cities and urban areas expand, they often replace natural landscapes with impervious
surfaces like roads, buildings, and pavements. These changes result in increased runoff, which carries
pollutants such as oils, heavy metals, and nutrients into adiges. The loss of natural vegetation and the
introduction of impervious surfaces disrupt the natural hydrological processes, exacerbating water quality
issues. Furthermore, urban areas contribute to the fragmentation of habitats, which can leagdo reduc
biodiversity and the degradation of ecosystem functions. The fragmentation caused by urban sprawl isolates
natural habitats, impeding the movement of wildlife and reducing the ability of ecosystems to function

effectively(Romano, Zullo, Fiorini, Ciabo, et al., 2017; Romano, Zullo, Fiorini, Marucci, et al., ZDii8)
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disruption can result in the loss of crucial ecosystem services, such as water filtration and flood regulation,
which are vital for maintaining good water quality. The strong negative loading of PC2 underscores the
importance of managing urban developmenimitigate its impact on ecological status. Strategies that
incorporate green infrastructure promote sustainable urban planning, and reduce impervious surfaces can
help alleviate some of the negative effects of urbanization. By integrating natural alémentrban
environments and protecting surrounding natural areas, it is possible to improve the ecological conditions

and enhance the likelihood of achieving good water quality.

In PC3, the analysis highlightise contrasting roles of barren land and forested areas in shapitsgape
structure, with barren land creating a more fragmented and less vegetated landscape, while forests contribute
to a more continuous and complex landscape stru€tfatae4). Increase in ED, LPI, PLAND and Al of

barren land have a contrasting effect on the same metrics for forestedBareas.land exhibits a strong
influence, suggesting it introduces specific landscape characteristics such as increased openness, reduced
vegetation cover, and possibly greater exposure to erosion and other natural processes. This type of land
often resultsn a more exposed and less vegetated landscape, which can alter the natural landscape patterns
by creating areas with minimal ecological features. Conversely, forested areas have a negative association
in this component, indicating that forests counteracinitigate the effects introduced by barren land.
Forests, as a macatass composedf several minor landise types, contribute to landscape complexity by
providing cover, reducing soil erosion, and enhancing habitat diversity. Their presence typically leads to
more cohesive and structured landscapes, with better ecological continuitysdiehcéRaft & Oliier,

2011) PC3 does not significantly affect the prediction of ecological status, indicating that the interactions
between barren land and forest metrics have a limited impact on water quality. In landscapes predominantly
shaped by these two land cover types, wataglity appears to remain stable, suggesting that such
landscapes may already be in equilibrium, typically associated with better ecological conditions, as
highlighted by previous PCs. Since the water quality is likely already stable, the interactiearbbasren

land and forests does not lead to noticeable changes in the likelihood of achieving good ecological status.

Consequently, their combined influence does not drive significant variations in SWES.

PC4 describes a landscape that closely resembles large agricultural regions IRe Yradley, where
cropland plays a central role in shaping tha n d s ¢ a p e (@able43. tnthis camponent, cropland
emerges as a dominant factar terms of strength in positively influencing the ,P@derscoring its
significant impact on the spatial configuration and variability of the environment. The extensive presence
of cropland contributes to a landscape characterized by a high degree of agricultural uniformity and
continuity. This dominance flects how agricultural practices, such as crop cultivation, organize and define
the landscape, leading to a relatively unifolamd cover pattetnConversely, urban areas present a

contrastingnegativeinfluenceon PC4. The presence of urban land csenterthe landscapecontinuity
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established by cropland. Urban development introduces a different set of landscape characteristics, such as
built/pavemented environments, infrastructure, and increased fragmentation. This disruption results in a
more heterogeneous and less continuousstzayk, where urban areas create breaks or interruptions in the
otherwise dominant agricultural pattern. The contrast highlighted by PC4 reflects the tension between large
scale agricultural land use and urban development. In regions like the Po Valleg,aghieulture has
historically played a central role, the expansion of urban areas challenges the spatial coherence of
agricultural land. Urbanization often leads to changes in land use patterns that compete with or alter the
prevailing agricultural lanadspe(Bozzola & Swanson, 2014; Romano, Zullo, Fiorini, Ciabo, et al., 2017,
Romano, Zullo, Fiorini, Marucci, et al., 2017lhis interplay between extensive agricultural areas and
localized urban development provides insight into how human activities influence and modify landscape
patternsThe overall negative effect of PC4 on ecological status highlights that while cropland contributes
to a certain degree of structural uniformity in the landscape, its impact on water quality, combined with
urban development, is detrimental, demonstrating tiee combination of these land uses can intensify
environmental pressures. The negatielationship of PC4 with ecological status underscores the need for
effective land use management strategies. Addressing the combined impacts of agricultural and urban
development is crucial for mitigating their adverse effects on water quality. lr#ddeand use planning

and conservation efforts are essential to manage these challenges, aiming to reduce pollution, improve
habitat connectivity, and sustain overall ecological health. By managing the impacts of both cropland and
urbanization, it is posiie to enhance and maintain good ecological status in water bodies, benefiting both

ecosystems and human communities.

Finally, PC5emphasizes the role of grasslands in shaping landscape pérfisiesd). As me of the less
dominant principal components among the key ones identified, it still highlights how grasslands contribute
significantly to the spatial arrangement and overall structure of the landscape. Despite being the least
influential among the primargomponents, grasslands are shown to have a unique and central role in
defining landscape patterns. Their extensive coverage and distribution play a critical part in shaping key
structural characteristics of the environment, reinforcing their importantanéh cover dynamics and
ecological balanc@otter et al., 2021; Pote et al., 2008Jthough this component is less prominent than
others, it still indicates a marginally positive effect on ecological conditions. PC5 underscores that
landscapes with more extensive and cohesive grasslands are slightly more likely to achieve goodlecologic
status. Their presence supports environmental stability and enhances the likelihood of maintaining good

water quality(European Commission, 2015)

The spatial analysis of future SWES projections under S8ER24.5 and SSPRCP8.5 scenarios reveals
both opportunities and challenges for water quality management in Italy. The results show clear regional

disparities in the probability of achieving good E®8/ Improvements are projected in mountainous regions,
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such as the eastern AlpETrentingAlto Adige and the central ApenninéSigure24). These regions, where

forest cover is expected to increase and natural landscapes are likely to benefit from declining anthropogenic
disturbances, are predicted to experience better ecological conditions. In contrast, lower montane regions
and transitionlazones between plains and mountainmrticularly in PiemontenorthernLombardiaand

Venetq parts of Friuli Venezia Giulia, and areas surrounding the northern Apemfihigiria, northern

Marche and west Umbriavith Toscandeing extremely effectédare projected to facgeveredeclines in
SWES(Figure 24). These areas are likely to experience increased pressure from expanding urbanization
and agricultural activities, contributing to natural land cover loss and subsequent water quality degradation.
The Po Valley, a region heavily influenced by agricultymactices, shows a relatively stable trend, with

only minor reductions in the already low probability of achieving good S\(\Hifure 24). While this

stability may suggest a certain level of resilience, the ongoing presence of cropland and urban areas limit
the potential for significant improvements, unless specific and targeted land use planning and water
management strategies are adoptauthern lItaly presents a more mixenbsai¢ with some regions
showing improvementssuch as eastern Sardinia and southern Canipanéhothers experiencing notable
declinesi such as western Sardinia and south Sidign example for SSPRCP8.5 scenario can be found

in Figure 24). This heterogeneity likely reflects variations in land use practices and local environmental

factors, such as soil types, topography, and water availability.

Comparing the two scenarios, SSREZP4.5 and SSPRCP8.5, the differences in probability trends are
relatively modes{Figure23). While the overall trend points toward a general improvement in SWES across
the peninsula, most changes are miand not statistically relevantvith only a small proportion of
watersheds experiencing substantial shifts. For both 2050 and 2100, the majority of watersheds under both
scenarios show differencas probabilities of achieving good SWH@tween5% and5% indicating that

many of these changes are likely to be ecologically insignificant. However, a more focused analysis of
watersheds with probability differences exceedit@% highlights areas where more substantial changes
may occur and where managemernteinentions are likely needed. Under both scenarios, a similar
proportion of watersheds is projected to experience declines or improvements in SWES, but with an increase
in the number of watersheds facing major deterioration under-BEP8.5 by 2100. Thisuggests that

under a more extreme climate change scenario, while the overall trajectory of SWES remains largely
consistent, without new measures to counter landscape degradation, significant improvements in water

quality are unlikely. Instead, most sudnstial changes are projected to result in a decline in SWES.

A key takeaway from this analysis is that while the majority of watersheds are projected to experience only
minor changes in the probability of achieving good SWES, targeted attention is needed for areas where the
probability difference exceed4&%.Although these watersheds represent a minority, they represent critical

areas for intervention. For instance, regions projected to experience significant declinesSrFs\iEe
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20, Figure21) will need targeted land use planning and water management strategies to address the adverse
impacts of urbanization and agriculture on water qualityese areas can also serve as case studies to
identify which LULCCs should be avoided to prevent further degradation. Similarly, areas showing
improvements, such as the eastern Alps and the central Apennines, provide opportunities for conservation

efforts. These regions may offer valuable insights into effective land management strategies that could

maintain or enhance their ecological status.
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Figure24 - Difference in probability of achieving good SWES for SFRGP8.5 in 2100 per region
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7. CONCLUSIONS

Thisthesisdevelopsa noveland integratedpproacho understandindistorical trends of land use changes

from 1990 to 2018 in Italythe interactions among land use classed their impacts on water quality,
providing a baseline model for predicting the probability of achieving good ecological status for each
watershed under different Shared Socioeconomic Pathways (i.e., SSP2 and SSP5) and Representative
Concentration Pathay (i.e., RCP4.5 and RCP8.5) for mahd longterm timeframeThe novelty of this

work lies on its capability in understand theeraction betweerhe upstream and downstreameach river
catchment and their potential to predict high resolution ecological status of freshwater using freely available
land use projections. To achievethese goalsthis study integratesandscape AnalysisPrincipal
Component AnalysijsandBinary RegressiorModels to explore the influence of various landscape metrics

on the ecological status of each watershed, taking into account the effect of changes in land use from

upstream watersheds to downstream ones

The outcomes reveal thaetween 1990 and 2018, grasslands experienced the most significant net loss,
often converted into cropland and grazing areas, reflecting agricultural expansion. However, the most
notable change was the transition toward barren land, which saw a sharpanpesticularly between 2006

and 2012. This shift signals broader environmental changes, including the effects of climate change and
land mismanagement, leading to grassland degradation. Forested areas remained relativdlyriatable

this period, with exchanges occurring primarily between cropland, grasslands, and barren land. Agricultural
expansion and land abandonment were key drivers of these transitions, illustrating the cyclical nature of
land use dynamics, influenced byveonnmental factors and land management policidghan areas
expanded consistentlgyost probably driven bgopulation growth, economic development, and migration
from mountainous landThis urban expansion, often at the expense of cropland and nahdstdpes,
presents significant environmental challenges, such as increased surface runoff, habitat fragmentation, and

degradation of water quality.

The interplay between natural landscapes (forests, grasslands, and barren land) and anthropogenic areas
(cropland and urban zones) is complex and multifaceted. Natural landstag®st biodiversity and

enhance ecological functions that contribute to water quality, such as filtration, erosion control, and carbon
sequestration. In contrast, anthropogenic areas often disrupt these natural proegasigs]y impacting

surface water quality. Moreover, the dynamics of land use change reflect the competiticen
preservation and development. For instance, while urbanization may provide economic benefits, it can
compromise the ecological integrity of surrounding landscapes, leading to a decline in SWES. Conversely,
maintaining and restoring natural landsesyzan serve as a buffer, enhancing resilience against climate

impacts and promoting improved water quality.
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Future projection®f water qualityindicate that over 60% of Italian watersheds are expected to fail in
achieving 'good' SWES by 2050 and 2100, under both moderate socioeconomic and technological progress
scenarios (SSPRCP4.5) and rapid economic growth with high emissions scenarios-{8SIP8.5) These

alarming predictions underscore the urgent need for more focused str&tagitigate land use changes

and managéheir impacts on water quality. Comprehensive land management policies must be developed
to prioritize sustainable practices, enhance ecological resilience, and safeguard water resources, ensuring a
balance between development and environmental conservAtidressing these challenges will be crucial

for promoting better water quality and ecological heaitderongoing environmental pressures.

However, while the obtained results showed high capabilitatiatysing historical land use change, their
interaction and their potential impact on future SWE®Y also highlighted some potential limitations in

the methodological approach and its applicatiirstly, the reliance on water quality data fr@8102016
presents a constraint, as the limited temporal scope may not fully capture recent trends or variations,
potentially impacting the accuracy and relevance of the projections. To addregsctrprating more

recent data would enhance the temporal resolution and improve the accuracy of future prdpsdmr .

this study, by design, exclusively focuses on landscape metrics to specifically examine the influence of
landscape structure on water quality. However, other variables, such as climate, population density,
elevation, slope, and soil type, affect water qualitgorporating these additional factors could provide a
more comprehensive understandingvatter quality determinant$/loreove, the use othe Closest Pixels
method to assign new pixel values based solely on pixel proximity, without considering ecological,
relational, or other contextual factors, is a shortconfugure research could benefit from exploring more
sophisticated methods that incorporate these complexitiésl, the current PCA methods assulinear
relationships among variables, which may not fully capture the complex interactions within tikénddiig
employing more complex models such as Bayesian NetwoMsichinelearning and Al techniques could
further enhance the analydig captuing intricate patterns and relationships in the data, leading to more

accurate and actionable insights

Overall, despite limitations inherent in the data availabid simplification inthe construction ofthe
regressiommodel, the results that were achieved show high promise in the predictmobafbility of
achieving good ecological stafusnd insight intothe contributingland use classedhis will provide
valuable support for polieyand decisiormakers who can use the results of this study to priofine

management policiemndcontribute to the preservation of water quality in Italy
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ANNEX

Annex1 - Correspondence between E€A1 and CLC legend categories, and reclassified LULC legend used for the analysis

Land classification

Land classification in ESACCI

Land classification

in our simulation in CLC
411 Inland marshes
412 Peat bogs
421 It marsh
Wetland 180 Shrub or herbaceous cover, flooded Sa_ arshes
422 Salines
423 Intertidal flats
511  Water courses
Water bodies 210 Water bodies 512  Water bodies
50 Tree cover, broadleaved, evergreen
Tree cover, 61 Tree cover, broadleaved, deciduol| Broadleaved
closed 311
60 broadleaved, . forest
deciduous 62 Tree cover, broadleaved, deciduol
open (15 40%)
Tree cover, needleleaved,
Tree cover, 71
evergreen, closed to open
70 needleleaved, Tree cover, needleleaved
evergreen 72 ' !
evergreen, closed .
312  Coniferous forest
Forest Tree cover 81 Tree cover, needleleaved,
! deciduous, closed
80 needleleaved, Tree cover, needleleaved
deciduous 82 - ’ ’
deciduous, open
90 Tree cover, mixed leaf type
100 Mosaic tree and shrub (>50%)/herbaceous cover (<50%)
Mosaic natural vegetation (tree, shrub, herbaceous cover) .
11 1
0 (>50%)/cropland (<50%) 813 Mixed forest
160 Tree cover, flooded, fresh or brakish water
170 Tree cover, flooded, saline water
Moors and
822 heathland
121 Evergreen shrubland Sclerophyllous
12 . 2 ;
Shrubland 0 Shrubland 122 Deciduousshrubland 323 vegetation
Transitional
324 woodlandshrub
110 Mosaic herbaceous cover (>50%)/tree and shrub (<50%
3 GRASSLAND  Grassland ( %) ( %) 321  Natural grasslandg
130 Grassland
140 Lichens and mosses
Sparse 151  Sparse tree (<15%)
vegetation 152 Sparse shrub (<15%) 333 Oparsely
Sparse 150 (tree, shrub, 334 Vegetated areas
4 BARREN vegetation, herbaceous . herb <15% Burnt areas
bare areas cover) parse herbaceous cover ( 6)
(<15%)
201 Consolidated bare areas
200 B . 332 B k
are areas 202  Unconsolidated bare areas are rocks
10 Cropland, rainfed 217 Nordrrigated
arable land
212 Permanently
20 Cropland irrigated or podtooding irrigated land
213  Rice fields
221 Vineyards
Fruit trees and
222 berry plantations
5 CROPLAND Agriculture Ty p
223 Olive groves
231 Pastures
Annual crops
241 associated with
20 Mosaic cropland (>50%)/natural vegetation (tree, shrub, permanent crops
herbaceous cover) (<50%) Complex
242 cultivation
patterns
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Landprincipally
occupied by
agriculture, with

7 SNOW

243 2
significant areas
of natural
vegetation

244 Agro-forestry
areas

111 Con_tlnuous urban
fabric

112 Dlscontmu_ous
urban fabric

191 Industnal_or _
commercial units
Road and rail

122 networks and
associated land

Settlement 190 Urban areas 123 Port areas

124 Airports

131 N_Ilneral extraction
sites

132 Dump sites

133 Construction sites

141 Green urban area

142 Sport and leisure
facilities

Permanent 290 Permanent snow 435  Olaciers and

snow and ice

and ice

perpetual snow
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Annex21 Comparison between the original 1 km resolution LULC n&yaud the newly projected 100 m LULC mady) for the SSP:RCP4.5
scenario of 2050.

Annex31 Comparison between the original 1 km resolution LULC n&yaid the newly projected 100 m LULC madg) for the SSP:RCP4.5
scenario of 2100.
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