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Abstract

Understanding how climate and land use interact to shape freshwater quality remains
challenging across heterogeneous river basins. This study analysed monthly citizen-science
measurements of nitrate (NO3), phosphate (PO4), and turbidity, collected between 2016
and 2024, across seven Italian river basins representing contrasting climatic and land-use
contexts. A non-parametric analytical framework combining Kruskal–Wallis tests, aligned
rank transform analyses, principal component analysis (PCA), and basin-specific Somers’
D statistics was applied to ordinal concentration data. Significant differences among basins
revealed persistent spatial structuring of water-quality regimes. PCA identified two largely
independent gradients: a dominant nutrient axis defined by NO3 and PO4, and a secondary
turbidity axis. Urban and industrial land use aligned with higher nutrient categories,
while vegetated landscapes were associated with lower concentrations. Climatic effects
were basin specific. Precipitation showed opposing relationships with NO3, suggesting
both mobilisation and dilution processes, whereas temperature was positively associated
with PO4 in several basins and negatively related to NO3. Turbidity displayed variable
links with precipitation and temperature, reflecting hydrological and seasonal controls.
Overall, results indicate that land use represents the primary structural driver of nutrient
variability, while climatic factors modulate basin-specific responses. The integration of
citizen science observations with robust non-parametric approaches provides a scalable
framework for detecting environmental drivers and supporting the targeted management
of Mediterranean river systems.

Keywords: citizen science; water quality; Mediterranean basins; nutrient and turbidity gradients

1. Introduction
Freshwater ecosystems are increasingly affected by multiple, interacting pressures

arising from land-use change, urbanisation, and climate variability. Nutrient enrichment
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and increased suspended particulates are recognised as globally important drivers to fresh-
water degradation, contributing to resource loss and habitat deterioration [1,2]. Nitrate
(NO3), phosphate (PO4), and turbidity are widely used indicators of these pressures, as they
integrate signals from diffuse agricultural sources, urban and industrial activities, and hy-
drological processes operating across catchments [3,4]. Understanding how these variables
vary across space and time, and identifying their dominant drivers and their sensitivity to
climate and land use conditions remains central to effective river basin management.

The importance of water quality monitoring is formally recognised within the United
Nations 2030 Agenda for Sustainable Development, particularly under Sustainable Devel-
opment Goal 6 (Clean Water and Sanitation) [5]. Target 6.3 aims to improve ambient water
quality, while Indicator 6.3.2 evaluates the proportion of water bodies achieving acceptable
physicochemical status. Achieving robust assessments under this framework requires
spatially extensive and temporally resolved data on nutrients and related water-quality pa-
rameters. However, conventional regulatory monitoring programmes often face limitations
related to sparse site coverage, low frequency sampling, and high operational costs, which
can obscure basin-scale patterns and reduce understanding of seasonal dynamics [6].

Recent advances in citizen science monitoring have significantly expanded the spatial
and temporal coverage of freshwater observations [7]. Citizen science has emerged as a
powerful complement to traditional monitoring by expanding both spatial and temporal
coverage while enabling consistent data collection across large geographic areas [8–10].
When supported by harmonised protocols, training, and quality control, citizen-generated
water-quality data have proven suitable for scientific analysis and policy-relevant report-
ing [11,12]. Importantly, citizen science programmes frequently collect contextual informa-
tion (e.g., surrounding land use, riparian vegetation, hydrological conditions) that could
provide more information about potential drivers of water-quality loss [13,14]. This added
contextual dimension is particularly valuable for disentangling the relative roles of climatic
forcing and landscape structure in shaping water-quality regimes.

FreshWater Watch (FWW) is a global citizen science initiative specifically designed to
support the large-scale assessment of freshwater quality using standardised methods [15].
Since 2012, trained volunteers have collected in situ measurements of NO3, PO4, and tur-
bidity, alongside observations of land use, riparian vegetation, and hydrological conditions.
The resulting dataset provides an opportunity to examine nutrient and turbidity patterns
consistently across multiple river basins and seasons, while also linking water-quality
outcomes to both static landscape characteristics and temporally varying climatic drivers.

Land use is widely recognised as a dominant long-term control on freshwater quality.
Agricultural landscapes are commonly associated with elevated nitrate concentrations
due to fertiliser application and leaching, while urban and industrial land uses contribute
disproportionately to PO4 enrichment and suspended sediments through wastewater
inputs, surface runoff, and altered channel morphology [16–18]. In contrast, climatic
drivers such as precipitation and temperature operate primarily at shorter time scales,
influencing mobilisation, transport, dilution, and retention [19,20]. The extent to which
these climatic drivers interact with basin-specific land-use configurations to shape distinct
water-quality gradients remains not completely resolved, particularly when assessed across
multiple basins.

Within this context, the present study makes a comparative assessment across seven
major river basins in Italy, integrating citizen science-based measurements and observations
with Copernicus and agency data. The basins present a range of land use and hydrological
and climate conditions, typical of Mediterranean rivers. Specifically, the study aims to:
(i) quantify basin-scale and seasonal differences in NO3, PO4, and turbidity; (ii) identify
whether these variables are structured along shared or independent gradients; (iii) evaluate
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the relative influence of climatic drivers (precipitation and temperature) on nutrient and
sediment dynamics; (iv) compare mesoscale (1 km, earth observation based) land use
impacts on water quality to local-scale (50 m, citizen scientist based) land use impacts.

Beyond identifying general land-use–water-quality relationships, the study aims to
demonstrate how harmonised citizen science monitoring can reveal basin-specific water-
quality responses and climatic sensitivities across heterogeneous Mediterranean catchments.
By combining higher frequency observations with non-parametric and multivariate anal-
yses, the study explores how nutrient and turbidity dynamics differ among river basins
with respect to climatic variability and landscape structure.

2. Materials and Methods
2.1. Study Area and Climate Data

Raw data were downloaded from the FWW website using the Data Explorer tool. The
dataset includes 1711 complete datasets collected between 2016 and 2024 by trained citizen
scientists from seven Italian river basins spread across north and central Italy (Figure 1).
All projects were initiated by local associations and communities, while training, quality
control, and data analysis were performed following a standard train-the-trainer model by
local scientists (from the universities of Siena and Bologna, Italy) and Earthwatch Europe.

Data were spatially organised by river basin based on the geographic location of
each monitoring site (Table S1). Individual monitoring locations and associated metadata,
including geographic coordinates and sampling records, are openly accessible through the
FreshWater Watch Data Explorer platform, which allows users to visualise and download
the complete dataset. It should be noted that the monitoring sites were chosen through
a co-design process with local stakeholders, which resulted in a variable longitudinal
distribution between basins. For the Pesa, Alto Val d’Arno, and Idice sites, the majority of
the sites were in the upstream or secondary tributary reaches, whereas others (e.g., Tevere
and Marzenego) had more sites located in downstream sections.

Seasonal grouping followed a temperate-climate framework appropriate for Italy,
with warm summers, colder winters, and precipitation typically peaking in spring or
autumn, depending on the basin. Seasons were defined as winter (January–March), spring
(April–June), summer (July–September), and autumn (October–December). This basin-
scale approach allows for comparative analysis across diverse hydro-climatic and land-use
contexts, while maintaining methodological consistency through the standardised FWW
monitoring protocol. Water-quality observations were collected at monthly intervals and
subsequently aggregated into seasonal categories to allow for the comparison of temporal
patterns across basins.

Monthly precipitation totals and mean air temperature data were obtained from re-
gional hydrometeorological services for each river basin. Data for the Marzenego and
Basso Piave basins were sourced from the Veneto regional agrometeorological bulletin [21].
Climatic data for the Idice basin were obtained from annual meteorological reports pro-
duced by the Emilia-Romagna regional environmental agency [22]. Data for Ombrone,
Arno, and Pesa were sourced from the Tuscany regional hydrometeorological monitoring
network [23], while climatic data for the Tevere basin, covering 3 regions, was obtained
from hydrological services from all regions [24,25].

All climatic variables were aggregated at a monthly resolution for the period of
2016–2024. To ensure temporal consistency between climatic forcing and water-quality ob-
servations, only months during which FreshWater Watch (FWW) sampling was conducted
were included in subsequent analyses.
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Figure 1. Location of the seven Italian river basins the in this study.

2.2. FreshWater Watch Monitoring Protocol

The FWW monitoring protocol is a standardised, field-based approach designed to
enable the collection of consistent and reproducible freshwater quality data across a wide
range of environmental settings by trained citizen scientists [15]. The protocol prioritises
participant safety, low operational costs, ease of use, and sample integrity, making it suitable
for large-scale and long-term monitoring programmes. All measurements are conducted
from the riverbank or shoreline.
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For each sampling event, participants recorded site name, date, time, and geographic
location. Data were primarily collected using the FWW mobile application ArcGIS Sur-
vey123 (Version 3) or using the FWW web platform (https://www.freshwaterwatch.org/).
Sampling geolocations and time were entered automatically through the app. Each dataset
is automatically assigned a unique identifier to support quality control, and all submitted
data are accessible through the FWW database.

Contextual information is recorded to characterise local environmental conditions,
including waterbody type, surrounding land use, bank vegetation, wildlife observations,
river-discharge velocity and the presence of visible pollution sources. Observations are
guided by photographic references to ensure consistency, and only conditions present at
the time of sampling are documented.

Turbidity was assessed using a standard and calibrated cylindrical turbidity (Secchi)
tube. Turbidity is then recorded in 15 intervals as nephelometric turbidity units (NTU), with
values ranging from <14 NTU to >240 NTU. NO3 and PO4 were measured using transpar-
ent plastic reaction tubes designed to mix a fixed volume of water with pre-loaded reagents,
producing a colour change with increasing analyte concentration (peak absorbance at
540 nm) (Kyoritsu Chemical-Check Lab., Corp., Tokyo, Japan). PO4 (as P-PO4) was quanti-
fied using a colourimetric enzymatic reaction based on 4-aminoantipyrine and phosphatase
enzyme [26]. Results are recorded as categorical concentration classes: <0.02, 0.02–0.05,
0.05–0.1, 0.1–0.2, 0.2–0.5, 0.5–1.0, and >1.0 mg L−1. NO3 concentrations (as N-NO3) were
determined using the Griess reaction in one of seven concentration categories: <0.2, 0.2–0.5,
0.5–1.0, 1.0–2.0, 2.0–5.0, 5.0–10.0, and >10 mg L−1 [27]. The detection ranges of the kits are
designed to capture environmentally relevant concentration thresholds associated with
eutrophication and water-quality assessment. For the nutrient methods, the quantification
limits (LOQ) were 0.01 mg/L P-PO4 and 0.1 mg/L N-NO3, while the turbidity LOQ was
14 NTU. A number of previous studies show that these methodologies provide reliable
measurement of nutrient concentration ranges with accuracies between 75 and 85%, when
used by trained participants following standardised protocols [15,28,29].

Uploaded data are subject to automated internal consistency checks and plausibility
screening within the FWW platform. Immediate feedback is provided to participants,
enabling identification and correction of potential errors.

2.3. Statistical Analyses

Statistical analyses were conducted to evaluate spatial, seasonal, and contextual con-
trols on NO3, PO4, and turbidity across the basins. Given the categorical nature of the
nutrient concentration data and the non-normal distribution of turbidity values, non-
parametric and rank-based methods were applied.

To assess basin-scale differences in water-quality variables (NO3, PO4, and turbidity),
Kruskal–Wallis (KW) tests were performed using basin identity as the grouping factor.
Where significant overall effects were detected, pairwise basin comparisons were con-
ducted using Dunn’s post hoc tests with appropriate p-value adjustment to control for
multiple comparisons. Seasonal patterns were examined using an aligned rank transform
(ART) two-factor analysis, with basin and season as fixed factors, allowing main effects
and interactions to be tested within a non-parametric framework. Water-quality data were
analysed as ordinal concentration categories, consistent with the measurement resolution
and distributional properties of the dataset. The use of ordinal categories avoids intro-
ducing artificial numerical precision into the analysis and ensures that statistical inference
remains consistent with the resolution of the measurement method. Rank-based statistical
approaches are therefore particularly appropriate for analysing citizen science datasets that
rely on categorical colourimetric measurements.

https://doi.org/10.3390/w18060728

https://www.freshwaterwatch.org/
https://doi.org/10.3390/w18060728


Water 2026, 18, 728 6 of 19

To explore multivariate structure across water-quality variables, principal component
analysis (PCA) was applied to z-scored ordinal ranks of NO3, PO4, and turbidity to ensure
equal weighting in the ordination. Basin positions were summarised using centroids of
PCA scores, while environmental-context variables (precipitation class, temperature class,
land-use categories at local and mesoscale extents, and riparian vegetation) were projected
as centroids into the same PCA space.

This approach was chosen to integrate multiple water-quality variables, while remain-
ing consistent with a rank-based analytical framework. Applying PCA to standardised
ordinal categories, rather than raw concentrations or ranks of individual observations,
preserved relative differences among variables while avoiding assumptions of linearity
and normality. Projecting environmental centroids onto PCA space enabled the qualita-
tive assessment of how land use and climatic context align with dominant water-quality
gradients, without conflating these drivers with the ordination itself.

To quantify directional associations between water-quality categories and short-term
climatic drivers, basin-specific Somers’ D statistics were calculated between ordinal water-
quality categories and binary precipitation and temperature classes. Climatic variables
were classified into “high” and “low” categories based on basin-specific median values of
monthly precipitation and temperature. Observations above the median were classified
as “high”, whereas observations below the median were classified as “low”. Contingency
tables were then constructed with increasing water-quality categories as the dependent
variable and climatic classes as the independent variable. Somers’ D values and corre-
sponding p-values were computed to assess both the strength and direction of monotonic
associations within each basin.

Somers’ D was selected because it is specifically designed for asymmetric ordinal
relationships and does not require assumptions of normality, linearity, or equal spacing
between categories. This made it particularly suitable for citizen science data, where re-
peated observations capture changing climatic conditions at individual sites. By performing
analyses separately for each basin, this approach allowed sensitivity to precipitation and
temperature to be evaluated in a basin-specific context.

2.4. Upstream Buffer Delineation and Land Cover Extraction

To assess the influence of upstream land use on river water quality, a spatial procedure
was implemented to extract land cover information specifically within the hydrologically
connected upstream area of each sampling point. Rather than delineating the entire
upstream catchment, the analysis focused on a fixed-distance buffer zone of 1 km, limited
to the upstream direction, relative to the flow of the river. This approach was designed to
capture local and near-local contributions of potential nutrient sources while excluding
areas downstream of the sampling location.

The procedure was carried out in QGIS version 3.40, using a Digital Elevation Model
(DEM) and a vector hydrographic network to determine topographic flow paths [30]. Flow
direction and accumulation were computed using the GRASS GIS module r.watershed,
and individual upstream catchments were delineated for each sampling point using
r.water.outlet. These sub-catchments represent the hydrologically connected area con-
tributing to surface or subsurface flow at the monitoring site.

From each upstream catchment, a circular buffer of 1 km radius was generated around
the sampling point. This was then clipped by the corresponding upstream catchment
polygon to retain only the hydrologically upstream portion of the buffer. The final area
of analysis was both proximal to the sampling point and hydrologically relevant. The
procedure was fully automated through scripting, allowing batch processing of multiple
points and ensuring methodological consistency.
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Land cover data were extracted from the Copernicus Riparian Zones 2018 dataset [31],
which provides high-resolution thematic information on land use within riparian and
adjacent areas across Europe. This dataset was selected due to its ecological relevance and
spatial detail, enabling the precise quantification of land cover types potentially linked to
water quality conditions.

3. Results
A descriptive summary of the monitoring dataset is provided in Supplementary

Table S1. Across the seven basins, a total of approximately 1711 observations were collected
from more than 90 monitoring locations. The number of observations and sampling
frequencies varied among basins, reflecting differences in the duration and intensity of
citizen science participation. Median water-quality categories also differed among basins,
indicating contrasting nutrient and turbidity conditions prior to formal statistical analyses.

Median concentrations of all three water-quality variables differed significantly among
river basins (Kruskal–Wallis tests, all p < 0.001), indicating strong spatial structuring at the
basin scale.

For NO3, post hoc Dunn’s tests revealed a continuous gradient of basin conditions
rather than discrete groups. The Marzenego and Basso Piave basins exhibited the highest
mean ranks, indicating relatively elevated nitrate concentrations, whereas Alto Val d’Arno
showed the lowest mean rank. Pesa, Tevere, Idice, and Ombrone occupied intermediate
positions along this gradient. Overall, basin-scale nitrate variability was characterised by
gradual transitions rather than sharp contrasts between basins.

Seasonal patterns in NO3 differed among basins, consistent with significant basin and
seasonal main effects detected by the ART analysis (Figure 2a). In spring, Pesa and Tevere
exhibited the highest NO3 ranks, while Alto Val d’Arno and Idice showed markedly lower
ranks. During summer, Basso Piave and Marzenego became the most NO3-rich systems,
whereas Ombrone and Alto Val d’Arno declined to low ranks. Autumn showed an overall
increase in NO3 ranks across all basins. Differences between basins also became more
pronounced, with Marzenego, Basso Piave, and Pesa exhibiting higher NO3 categories than
Alto Val d’Arno, Idice, and Ombrone. This pattern persisted into winter, with Marzenego,
Basso Piave, Pesa, and Tevere maintaining high ranks, while Alto Val d’Arno and Idice
remained comparatively low. Across seasons, basins tended to maintain their relative
positions, indicating that seasonality modulated, but did not override, the underlying
spatial nitrate gradient.

Median PO4 concentrations also differed significantly among basins (p < 0.001). Mean
rank distributions indicated that Tevere and Marzenego exhibited the highest PO4 levels,
followed by Ombrone, Pesa, and Alto Val d’Arno, while Idice and Basso Piave had the
lowest ranks. Dunn’s post hoc tests showed that Tevere differed significantly from all
other basins except Marzenego. Ombrone overlapped statistically with both Pesa and Alto
Val d’Arno, but not with the lowest-ranked basins. These results indicate a basin-scale
PO4 gradient, with Tevere and Marzenego forming a high PO4 tier, Idice and Basso Piave
forming a low tier, and the remaining basins occupying intermediate positions.

Seasonal variation in PO4 exhibited basin-specific temporal structure (Figure 2b).
Across basins, PO4 ranks tended to be higher in summer and winter than in spring and
autumn. In summer, Marzenego and Tevere remained strongly elevated, with Pesa and
Ombrone also showing relatively high ranks, while Alto Val d’Arno, Basso Piave, and Idice
occupied an intermediate range. Autumn was characterised by stabilisation or decreases in
PO4 ranks in several basins, with Basso Piave and Pesa showing clear minima. In winter,
PO4 ranks increased again in Tevere and Marzenego.
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Figure 2. Basin-scale seasonal variation in (a) NO3, (b) PO4, and (c) turbidity categories.

Median turbidity differed significantly among basins. Marzenego had significantly
higher turbidity ranks than all other basins (p < 0.001), followed by Idice. Tevere exhibited
the lowest turbidity ranks and differed significantly from every other basin. Alto Val
d’Arno, Ombrone, and Pesa formed an intermediate group, while Basso Piave occupied a
slightly lower–intermediate position.

Seasonal turbidity patterns were consistent with these spatial contrasts (Figure 2c).
Marzenego displayed the highest turbidity ranks across all seasons (except for Idice in
autumn), while Tevere consistently exhibited the lowest values (except for Basso Piave
in summer). Other basins showed more pronounced seasonal variability. Idice and Pesa
experienced marked increases in turbidity during summer and autumn, whereas Basso
Piave showed a pronounced summer decrease. During winter, turbidity remained elevated
in Marzenego, Ombrone, and Basso Piave, while Tevere and Pesa showed lower ranks.
These patterns indicate persistent basin-scale differences in turbidity, with superimposed
seasonal modulation.

3.1. Basin Environmental Context: Land Use and Riparian Conditions

Mesoscale land-use composition differed markedly among river basins (likelihood-
ratio χ2, p < 0.001), with a strong association between basin identity and land-use cate-
gory (Cramér’s V = 0.42). Basins spanned a broad gradient of dominant land-use types
(Figure 3a). Basso Piave and Idice were characterised by high proportions of agricultural
land, whereas Marzenego and Tevere were strongly dominated by urban and indus-
trial land use. Ombrone exhibited a comparatively high proportion of vegetated land
cover, while vegetated land use was lower in several basins, including Basso Piave and
Marzenego. These results indicate that basins are embedded within distinct mesoscale
landscape contexts.

Local land use recorded by citizen scientists within 50 m upstream of sampling sites
also differed significantly among basins (likelihood-ratio χ2, p < 0.001), with a similarly
strong association (Cramér’s V = 0.43). Tevere and Marzenego were again characterised by
predominantly urban and industrial conditions at the local scale, whereas Ombrone was
dominated by vegetated land cover. Basso Piave, Idice, and Pesa exhibited mixed agricul-
tural and urban land-use compositions, while Alto Val d’Arno showed a relatively urban-
dominated local context despite a more heterogeneous mesoscale composition (Figure 3b).
Overall, local and mesoscale land-use patterns were broadly consistent, indicating that
basin-scale landscape structure was expressed across spatial scales.
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Figure 3. (a) Mesoscale (1 km Copernicus-derived) and (b) local-scale (50 m citizen-observed)
land-use composition across basins.

Riparian vegetation composition at the local scale showed weaker differentiation
among basins (Cramér’s V = 0.23). Across all basins, most monitoring sites were charac-
terised by vegetated riparian zones, exceeding 75% in every basin and surpassing 90% in
several systems (Figure 4). Differences among basins were therefore driven primarily by
the occurrence of mixed or unvegetated riparian reaches, which were unevenly distributed
but limited overall.

Figure 4. Proportional composition of riparian vegetation conditions recorded at FreshWater Watch
monitoring sites across basins.

3.2. Basin Climatic Context

Precipitation and temperature exhibited typical Mediterranean seasonal patterns
across all basins, but with marked differences in magnitude among systems. Precipitation
was generally highest in autumn and winter and lowest in spring and summer (Figure 5a).
Despite this shared seasonality, northern basins (Basso Piave and Marzenego) experienced
consistently higher precipitation across all seasons, particularly in spring and summer,
whereas central–south basins (Ombrone, Pesa, and Tevere) were drier year-round. Alto
Val d’Arno and Idice exhibited intermediate precipitation regimes. Autumn precipitation
was elevated across all basins but was especially pronounced in Alto Val d’Arno and Pesa,
while winter precipitation showed less spatial contrast.
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Figure 5. Seasonal variation in (a) total seasonal precipitation (mm) and (b) average air temperature
(◦C) across basins.

Mean seasonal air temperature followed a consistent seasonal cycle across basins, with
th ehighest values in summer and lowest in winter (Figure 5b). Northern basins (Basso
Piave and Marzenego) were consistently cooler across all seasons, particularly in autumn
and winter, whereas central–south basins (Ombrone, Pesa, and Tevere) experienced warmer
conditions throughout the year. Alto Val d’Arno and Idice again occupied intermediate
positions. Together, these results indicate that, while basins share common seasonal climatic
forcing, they differ in precipitation and temperature regimes along a latitudinal gradient.

3.3. Putting It All Together—PCA of Normalised Ranks

Principal component analysis of the normalised ordinal water-quality categories
revealed a clear two-axis structure, with the first two components together explaining
approximately 75% of the total variance. PC1 was characterised by strong and concordant
negative loadings for NO3 and PO4, indicating a dominant gradient of increasing dissolved
nutrient categories (Figure 6). In contrast, turbidity contributed only weakly to PC1. PC2
was dominated by turbidity, which showed a strong positive loading, while NO3 and PO4

contributed minimally. This separation indicates that nutrient variability and turbidity
represent largely independent dimensions of water-quality structure across basins.

Figure 6. PCA of standardised ordinal categories of NO3, PO4, and turbidity (in orange) and basins’
separation (in blue).

Basin scores projected into the PCA space revealed distinct multivariate water-quality
regimes. Marzenego and Tevere exhibited strongly negative PC1 scores (Figure 6), indi-
cating consistently high nutrient categories across seasons. In contrast, Alto Val d’Arno
and Idice showed positive PC1 scores, reflecting comparatively lower nutrient conditions.
Basso Piave, Pesa, and Ombrone occupied intermediate positions along PC1, indicating
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mixed or seasonally variable nutrient regimes. Along PC2, the separation was limited,
suggesting that turbidity represents a less basin-specific gradient.

To further explore patterns within the PCA space, centroids of contextual variables
were projected onto the component axes. Precipitation and temperature categories (high
and low for each basin) showed weak separation along both PC1 and PC2, with centroid
positions clustering close to the origin (Figure 7a). In contrast, land-use variables exhibited
clearer structure along PC1 (Figure 7b). Vegetation-dominated land use at both the local
and mesoscale were associated with positive PC1 scores, whereas urban and industrial
land-use categories were associated with negative PC1 scores, aligning with higher nutrient
categories. Riparian vegetation centroids showed weaker differentiation, though sites
characterised by absent riparian vegetation tended to align with more negative PC1 values.

Figure 7. Contextual environmental centroids projected onto the PCA space defined by standardised
ordinal categories of NO3, PO4, and turbidity. Panel (a) shows the position of climatic classes (high
vs. low precipitation and temperature); panel (b) shows centroids of land-use categories at both the
local scale and the mesoscale.

Contextual centroids showed limited separation along PC2 and clustering of most
basins near the origin. Urban and industrial land-use categories tended to project toward
positive PC2 scores, whereas vegetation-dominated land use projected weakly toward
negative values. Agricultural land use also aligned on the negative side of PC2, indicating
an association with comparatively lower turbidity categories in the multivariate space.
Overall, separation among contextual variables was more pronounced along PC1 than PC2,
indicating that the dominant structure of the ordination is driven by the shared nutrient
gradient rather than turbidity variability.

Basin-specific Somers’ D analyses revealed opposing associations between NO3 con-
centration categories and precipitation between basins (Table 1). A significant positive
association was observed in the Idice basin, indicating a tendency toward higher NO3

categories under wetter conditions. In contrast, the Ombrone and Pesa basins showed
a significant negative association, suggesting lower NO3 categories during periods of
higher precipitation. Associations in Alto Val d’Arno, Marzenego, Tevere, and Basso Piave
were weak and not statistically significant, indicating no consistent monotonic relationship
between precipitation and NO3 categories in these basins. For temperature, the relation-
ships were uniformly negative across basins, with NO3 showing the strongest negative
associations in Marzenego and Ombrone. Associations were less but still significant in
Tevere, Basso Piave, Idice, and Pesa. This suggests a tendency toward lower NO3 categories
under the warmer conditions of the growing season. In Alto Val d’Arno, temperature–NO3

associations were weakly negative and non-significant.
Associations between PO4 concentration categories and precipitation were generally

weak across all basins. No statistically significant relationships were detected, although
Marzenego exhibited a moderate positive effect size (not significant), suggesting a ten-
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dency toward higher PO4 categories during wetter conditions. In contrast, temperature
showed significant positive associations with PO4 categories in several basins, supporting
earlier studies in temperate rivers [16,32,33]. In Basso Piave and Marzenego, the negative
association values indicated a shift toward higher PO4 categories under warmer conditions
in these basins. Likewise, a similar, but weaker positive association was found in Alto
Val d’Arno and Idice. Associations in Ombrone, Pesa, and Tevere were weak and not
statistically significant.

Table 1. Directional ordinal associations (Somers’ D) between nutrient and turbidity categories and
climatic drivers across the seven river basins. Bold values indicate statistically significant associations
(p < 0.01).

Somers’ D
NO3 NO3 PO4 PO4 Turbidity Turbidity

Precip. Temp. Precip. Temp. Precip. Temp.

Alto Val D’Arno 0.08 −0.10 0.07 0.12 0.04 0.00
Basso Piave −0.15 −0.20 0.08 0.21 0.14 −0.03
Idice 0.20 −0.17 0.01 0.09 0.12 0.06
Marzenego 0.08 −0.34 0.19 0.32 0.34 0.41
Ombrone −0.28 −0.41 0.00 0.02 0.14 0.15
Pesa −0.16 −0.16 0.00 0.02 0.11 0.10
Tevere 0.09 −0.24 −0.02 −0.02 0.02 −0.02

Associations between turbidity categories and precipitation showed significant basin-
specific responses. Four basins exhibited statistically significant positive associations,
including Marzenego, Ombrone, Basso Piave, and Idice, indicating a tendency toward
higher turbidity categories under wetter conditions. In contrast, Pesa showed a weak but
non-significant positive association, while Alto Val d’Arno and Tevere exhibited negligible
effects. Temperature showed significant associations in Marzenego, which had a large
positive NTU effect. Ombrone also exhibited a significant positive association, indicating
increased turbidity categories under warmer conditions.

4. Discussion
4.1. Basin-Scale Water-Quality Regimes and Dominant Gradients

The combined univariate, multivariate, and ordinal association analyses indicate that
water quality across the seven river basins is structured along two dominant but differently
organised gradients. The PCA of the nutrient and turbidity ranks indicated that NO3 and
PO4 covary strongly (PC1), while turbidity is largely decoupled from nutrient concentra-
tions and dominates the second component (PC2); separation between nutrient-driven
and sediment-related gradients has been often reported in multivariate river water-quality
studies [34]. The strong and concordant loadings of NO3 and PO4 indicate that, despite
their different sources and biogeochemical behaviour, these nutrients tend to increase or
decrease together at the basin scale. This co-variation is consistent with the univariate anal-
yses, which showed that basins characterised by elevated NO3 concentrations often also
exhibited elevated PO4. Although turbidity and dissolved nutrient categories emerged as
largely independent gradients in the PCA, suspended sediments can transport particulate
phosphorus and organic nitrogen [35]. The weak covariance observed here likely reflects
the dominance of dissolved nutrient sources in several basins, particularly those influenced
by urban wastewater inputs.

Basin positions in the PCA space broadly reflect these patterns. Marzenego and
Tevere occupy positions corresponding to consistently high nutrient conditions across
seasons, whereas Alto Val d’Arno and Idice show comparatively lower nutrient regimes.
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Intermediate basins such as Basso Piave, Ombrone, and Pesa showed mixed nutrient
signatures and greater temporal variability.

Elevated nutrient concentrations and suspended sediments can have important ecolog-
ical consequences for freshwater systems. Nutrient enrichment may promote eutrophica-
tion and shifts in primary productivity, potentially altering oxygen dynamics and biological
community structure. Increased turbidity can reduce light penetration, limit benthic pri-
mary production, and degrade aquatic habitats through sediment deposition and changes
in substrate conditions [36,37].

4.2. Climatic Controls

Precipitation centroids showed only weak separation in the PCA, indicating that short-
term rainfall conditions do not structure basin positions within the multivariate nutrient–
turbidity space. However, basin-specific Somers’ D analyses revealed that precipitation–
water-quality relationships become evident when examined within individual basins.
For NO3, significant precipitation associations were detected in several basins, but with
contrasting directions. Positive associations in Idice indicate increased NO3 concentrations
under wetter conditions, even while river discharge increases. This suggests enhanced
NO3 mobilisation through increased runoff or subsurface flow, even though this basin has
relatively low agricultural pressure [38]. In contrast, negative associations in Ombrone and
Pesa suggest dilution effects or hydrological pathways that reduce NO3 concentrations
during high-flow periods, which is to be expected in basins with constant nutrient sources.
The absence of significant precipitation PO4 associations in all basins suggests that PO4

concentrations do not significantly associate with hydrological drivers, even in basins with
evident autumn maxima (Marzenego) or minima (Tevere). Compared to NO3, the relative
mobility of PO4 is limited [39].

Precipitation showed more consistent associations with turbidity. Significant positive
precipitation–NTU associations were detected in multiple basins, indicating that higher
turbidity conditions occur during wetter months, likely reflecting rainfall-driven sediment
mobilisation and channel disturbance. This was particularly evident in Idice, Pesa and
Alto Valdarno, where autumn precipitation maxima were reflected coincident with NTU
maxima. Turbidity as a process-dominated variable sensitive to short-term hydrological
forcing also aligns with the loading of NTU on PC2 [40].

Temperature exerted a strong positive association with PO4 concentration in four
basins, suggesting the potential release of PO4 during warmer months. This pattern may
reflect temperature-driven biogeochemical processes, including enhanced mineralisation
of organic phosphorus, increased sediment–water exchange, and internal loading under
low-flow conditions in these basins [41,42]. Warmer periods also coincide with reduced
discharge, during which continuous, point, or legacy phosphorus sources exert proportion-
ally greater influence on in-stream concentrations [33,43]. Together, these findings suggest
that phosphate dynamics in these systems are more closely linked to seasonal thermal and
biogeochemical controls than to episodic hydrological forcing.

For NO3, temperature associations were negative and significant in nearly all basins,
suggesting a biologically related reduction through increased algal biomass. This has been
observed in major northern rivers in relation to phytoplankton growth enhanced by long
residence times and high light availability at low water levels [44,45]. Temperature showed
a significant and positive association with turbidity only in the Marzenego basin, which
may reflect enhanced biological activity or reduced baseflow dilution under a constant load
of suspended sediment during warm periods. These results indicate that climatic drivers
primarily modulate basin-specific water-quality responses rather than act as important
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controls on spatial gradients, highlighting the importance of hydrological pathways and
catchment characteristics in shaping nutrient dynamics.

Additional parameters such as pH, conductivity, dissolved oxygen, and total dissolved
solids can provide valuable information on river water quality. However, the standardised
methodology used focuses on nitrate, phosphate, and turbidity because these variables
represent key indicators of nutrient enrichment and suspended sediment dynamics and can
be measured reliably by trained citizen scientists using simple, well-validated field methods.
Nutrients are also core indicators within global monitoring frameworks such as the United
Nations Sustainable Development Goal (SDG) indicator 6.3.2 for ambient water quality
assessment. Previous testing of additional low-cost monitoring parameters, including pH,
conductivity, ammonia, and total dissolved solids, showed a number of shortcomings
related to the need for operator calibration or sensitivity to chemical interferences, which
currently limits their reliability within large, distributed citizen science networks [5].

4.3. Land-Use Controls

Land-use structure showed a strong and consistent association with nutrient and
turbidity variability across basins. Both local and mesoscale land-use classifications aligned
strongly with PC1, with urban and industrial contexts consistently associated with elevated
PO4 and NO3, and natural vegetation land cover associated with lower values. The limited
influence of precipitation and temperature on PO4 and turbidity further supports the
interpretation that land use reflects longer-term, structural controls rather than episodic
climatic forcing. Elevated PO4 in urban-dominated basins such as Tevere and Marzenego
is consistent with chronic point and diffuse sources, including wastewater inputs and
impervious surface runoff. Anthropogenic wastewater discharges represent an important
source of phosphate enrichment in Mediterranean rivers [46]. Urban and industrial land-
use classes were used as proxies for these pressures [47]. The strong alignment between
urban land use and elevated PO4 along PC2 in the PCA therefore likely reflects the influence
of wastewater infrastructure and urban runoff pathways. This was particularly evident in
the Tevere and Marzenego basins, where relative percent of urban/industrial land cover
was the highest. Similarly, high turbidity in these systems likely reflects altered channel
morphology, reduced infiltration capacity, and sustained sediment availability associated
with urban land use [48].

Riparian vegetation also followed a clear pattern, with unvegetated or mixed riparian
zones associated with higher PO4 and turbidity, consistent with the documented role of
riparian buffers in reducing non-point nutrient and sediment inputs through filtration of
surface runoff, bank stabilisation, and nutrient uptake processes [49–51]. However, the
overall dominance of vegetated riparian conditions across all basins limited contrast in
riparian buffering capacity, which may explain the comparatively lower explanatory power
of this variable relative to broader land-use contexts.

An interesting result was the clear similarities between the impacts of land use when
classified using satellite-based land-use indices at a 1 km scale and land-use classes as
observed by trained citizen scientists at each monitoring site. These patterns were robust
across the multivariate nutrient–turbidity space, indicating that impacts from basin-scale
landscape structure are coherently expressed from the local scale to the surrounding catch-
ment. This concordance may also point to the robustness of citizen science observations
when they are properly structured within a clear workflow and guidelines designed to
address specific, tailored questions.

It should be noted that differences in monitoring location and stream order may
influence the comparisons of basin-scale patterns. Monitoring sites were not uniformly
distributed along the longitudinal gradient in all basins. In the Pesa, Alto Val d’Arno,
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and Idice basins, a greater proportion of sites were located in upstream or secondary
tributary reaches, whereas basins such as the Tevere and Marzenego included more sites
in downstream sections. As a result, some basins may reflect more localised upstream
conditions, while others integrate cumulative downstream influences. Lower-order rivers
such as the Pesa and Idice drain relatively small upstream areas. Consequently, they
integrate fewer hydrological, geochemical, and anthropogenic processes than larger river
systems such as the Ombrone and Basso Piave. These differences in spatial integration may
contribute to observed variability in water-quality sensitivity and should be considered
when interpreting basin-specific patterns.

Citizen science monitoring also provides broader societal benefits by engaging local
communities in environmental observation and supporting participatory approaches to
river management [52]. Monthly observations collected by providing higher temporal
frequency and broader spatial coverage help to identify spatial patterns of water-quality
pressures and provide early indications of emerging environmental problems [53]. In
addition to generating environmental data, participation in monitoring activities can en-
hance environmental awareness and scientific literacy among participants, strengthening
community engagement in river stewardship and local decision-making [54]. At the same
time, citizen science programmes must balance accessibility and data reliability as simpli-
fied field protocols and limited parameter sets may constrain the scope of environmental
assessments [55].

5. Conclusions
This study demonstrates how harmonised citizen science monitoring combined with

non-parametric statistical analysis can reveal basin-scale patterns in water quality across
heterogeneous Mediterranean river systems. Monthly observations of nitrate, phosphate,
and turbidity collected by trained volunteers allowed the identification of consistent spatial
gradients in water-quality regimes, despite differences in basin size, land use, and climatic
context. The results highlight the capacity of structured citizen science programmes to com-
plement conventional monitoring networks by providing higher temporal frequency and
broader spatial coverage than is often achievable through regulatory programmes alone.

Across the seven basins analysed, water-quality variability was structured primarily
along a nutrient gradient defined by nitrate and phosphate concentrations, with turbidity
forming a secondary and largely independent dimension of variation. Land-use patterns
emerged as the dominant structural driver of nutrient enrichment, whereas climatic vari-
ables such as precipitation and temperature acted mainly as modulators of basin-specific
responses. These findings indicate that, while landscape structure establishes baseline
water-quality conditions, short-term climatic variability influences how nutrients and
suspended sediments are mobilised within individual catchments.

The observed differences among basins also underline the importance of context-
specific management strategies. Systems characterised by persistent nutrient enrichment
are likely to benefit most from measures targeting point and diffuse nutrient sources,
including improvements in wastewater treatment and urban runoff management. In
contrast, basins showing stronger sensitivity to precipitation or hydrological variability
may require strategies that reduce nutrient mobilisation during high-flow periods, such
as improved soil management, protection of groundwater pathways, and restoration of
landscape features that enhance water retention.

Beyond the scientific findings, this study illustrates the broader value of citizen science
for freshwater management. Community-based monitoring programmes can expand the
spatial and temporal coverage of water-quality observations, contribute to early identifica-
tion of environmental pressures, and foster public engagement in river stewardship. At the
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same time, such programmes require careful protocol design, training, and quality control
to ensure data reliability. When these conditions are met, citizen science observations can
provide a valuable complement to regulatory monitoring and support evidence-informed
decision-making in river basin management.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/w18060728/s1, Table S1: Descriptive summary of water-quality
observations across the seven river basins, with the number of sites, frequency of sampling per
month, median category values (with the interquartile range) for nitrate, phosphate, turbidity and
the recorded through the FreshWater Watch monitoring programme between 2016 and 2024.
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