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contamination (Reimann & Garrett, 2005), establishing nat-
ural background levels that underpin regulatory standards 
(Edmunds & Shand, 2008; Muller et al., 2006), and assess-
ing aquifer vulnerability and its capacity for natural attenua-
tion (Foster et al., 2022). Moreover, this understanding also 
supports policy and decision-making by informing evalu-
ations of groundwater suitability for various uses (WHO, 
2017) and aids in predicting hydrogeochemical responses to 
environmental changes such as land use shifts and climate 
variability (Appelo and Postma, 2005; Edmunds, 2009).

The natural composition of groundwater can be assessed 
at different spatial scales and through different approaches 
(Busico et al., 2024). At large scales, assessments typically 
rely on data from regional monitoring networks or other 
datasets with relatively low spatial and temporal resolu-
tion (Molinari et al., 2019; Schiavo et al., 2024; Yan et al., 
2025). These datasets are commonly analyzed using statis-
tical methods (e.g., regression analysis, probability plots, 
boxplots analysis, component separation; Gałuszka, 2007; 
Muller et al., 2006; Reimann et al., 2005; Yan et al., 2024; 
Parrone et al., 2019), geostatistical techniques (e.g., kriging, 
object oriented spatial statistics; Dalla Libera et al., 2017; 

Introduction

Groundwater is an essential freshwater source, supplying 
water to billions of people worldwide (Famiglietti, 2014). 
Its quality depends on a combination of physical, chemi-
cal, and biological processes (Cauich-Kau et al., 2025), 
and it is a crucial aspect for public health and environmen-
tal safety (Zahra et al., 2025). Understanding the hydro-
geochemical status of groundwater, whether natural or 
impacted by anthropogenic activities, is fundamental for 
effective resource management. In particular, it is essential 
for distinguishing geogenic signals from human-induced 
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Abstract
Knowledge of water quality is crucial for sustainable management of the natural resource, yet such information is often 
limited by data scarcity and high monitoring costs. This study proposes a novel approach, leveraging underutilized hydro-
geochemical data from (potentially) contaminated sites to characterize natural groundwater composition at the mesoscale. 
Although originally collected for remediation purposes, these data, if properly processed, can yield valuable insights into 
natural groundwater conditions, offering a cost-effective sustainable alternative to extensive monitoring programs. The 
proposed workflow is applied in the Ferrara province (Po Plain, Italy), a region affected by both anthropogenic and natu-
ral groundwater quality issues. Aggregated data processed through reproducible steps underwent multivariate analysis, 
confirming the method’s ability to depict natural geochemical heterogeneity. Results were validated against the official 
regional monitoring network, demonstrating improved spatial and temporal resolution. This approach provides a scalable 
solution for enhancing groundwater quality assessment and supporting sustainable groundwater management, without 
requiring significant new data collection.
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Di Curzio et al., 2019; Li and Heap, 2014; Menafoglio et 
al., 2021; Mirzaei & Sakizadeh, 2016), and increasingly, 
machine learning approaches (e.g., random forest, artificial 
neural network; Abu et al., 2025; X. Li et al., 2025; Podgor-
ski and Berg, 2020; Yadav et al., 2024; Yang et al., 2024; 
Wadoux et al., 2020). These methods produce large-scale 
overviews of groundwater composition, helping to identify 
broad geochemical patterns and background levels. At the 
local scale, investigations generally rely on ad hoc field sur-
veys, which are more targeted but also costly, time-consum-
ing, and often limited in applicability beyond their specific 
study sites (Washington et al., 2024). Ghiglieri et al. (2012), 
Giang et al. (2014), Rotiroti et al. (2015) provide examples 
of this approach.

To our knowledge, an integrated approach that is both 
relevant for understanding local-scale heterogeneities while 
still applicable beyond individual sites, is lacking. This 
gap largely arises from difficulties in data availability, high 
monitoring costs, and resource constraints (Bulut et al., 
2020; Dixit et al., 2024; Mukherjee et al., 2024; Zhang et al., 
2024). The reliability of chemical composition assessments 
depends on the extent and quality of monitoring data (Burt 
et al., 2014; Wagner, 1992). Regional monitoring networks 
are often too sparse to grab more detailed heterogeneity and 
support meaningful analysis at smaller scale, while setting 
up new dense networks or conducting extensive surveys is 
financially and logistically difficult.

However, an alternative source of groundwater moni-
toring data exists. In anthropized areas, numerous widely 
distributed sites have been investigated for suspected con-
tamination through environmental characterization efforts, 
leading to the collection of extensive monitoring data. 
Where contamination was confirmed, the sites underwent 
further monitoring during the remediation processes. Here-
after, all the sites investigated for suspected contamination 
will be referred to as “contaminated sites”, while acknowl-
edging that contamination was not always confirmed.

The main objective of investigating contaminated sites 
is to identify contamination and implement appropriate 
mitigation strategies. To achieve this, groundwater is sys-
tematically monitored and characterized throughout the 
entire procedure (Benavides Höglund et al., 2024), which 
may span from several months to decades. Consequently, 
a vast amount of groundwater monitoring data is collected 
and stored. On the other hand, these data are fragmented 
across multiple sites, managed by different local owners 
and obtained by different laboratories with different analyti-
cal capabilities and detail, limiting their integration into a 
broader network. Moreover, the groundwater geochemistry 
at the contaminated sites is obviously impacted by human 
activities. 

Although remediation procedures primarily focus on 
contamination, they also provide opportunities to identify 
and extract information on natural groundwater conditions 
(Güler, 2009).

This study explores the potential of treating such exten-
sive yet dispersed monitoring observations as a unified data-
set representing the natural groundwater composition. This 
approach aims to support groundwater characterization, 
geochemical analyses, and natural background level esti-
mations at a “meso-scale” (i.e., between the large regional 
scale and the local site-specific scale), embracing local het-
erogeneity while offering insights applicable to broader-
scale applications. Such scale integration is particularly 
relevant for informed groundwater management and strate-
gic decision-making.

Our approach is applied in the Ferrara province of the 
Po Plain (northeastern Italy), a highly anthropized area with 
hundreds of contaminated sites, also known for the critical 
presence of geogenic arsenic contamination (Amorosi and 
Sammartino, 2024; Filippini et al., 2021). The coexistence 
of anthropogenic influences and strong natural geochemical 
processes occurring in groundwater make it an ideal case 
study for evaluating the proposed methodology. Based on 
the Ferrara experience, we propose a reproducible workflow 
to repurpose data from contaminated sites for assessing nat-
ural groundwater composition. The workflow’s efficiency 
is validated through multivariate analyses aimed at iden-
tifying the main natural geochemical processes occurring 
in groundwater. The consistency of our findings is further 
explored by comparisons with the area’s stratigraphic archi-
tecture and groundwater geochemistry from a regional mon-
itoring network for quality assessment.

Methods

Study area

The study area is the administrative province of Ferrara, 
located in the lower Po Plain (northeastern Italy). It covers 
approximately 2,600 km² and is bordered by the Po River to 
the north, the Adriatic Sea to the east, and the Reno River 
to the south (Fig. 1). In terms of land use, agricultural and 
urbanized areas are predominant, covering 72% and 16% 
of the area, respectively. Due to extensive anthropization, 
groundwater is monitored in numerous contaminated sites, 
particularly in urbanized areas.

The hydrogeological setting consists of a multi-layered 
aquifer system formed by stacked depositional sequences 
of Quaternary alluvial deposits, spanning hundreds of 
meters below the topographic surface (Garzanti et al., 
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2011). These deposits exhibit a rhythmic alternation of 
coarse-grained and fine-grained sediment bodies (Fig. 1b), 
reflecting glacial-interglacial cycles of Middle-Late Pleis-
tocene age (Campo et al., 2020). This study focuses on 
the uppermost 15 m below the ground surface, where the 
so-called shallow “A0” aquifer is hosted within heteroge-
neous Holocene deposits (Molinari et al., 2007). The A0 
aquifer is made of poorly interconnected sandy ribbons 
and lenses (aquifer) embedded within a silty or clayey 
matrix (aquitard). The heterogeneity of the Holocene suc-
cession is reflected in the surface geology (Fig. 1a), which 
is composed of alluvial sediments of Apennine provenance 
to the west (Amorosi and Sammartino, 2024), transition-
ing to the east into a complex coastal plain which shows 
contrasting (Po River versus Apennine) source-rock com-
positions (Amorosi et al., 2014). Southwest of the mod-
ern Po delta (Fig.  1a), an abandoned delta lobe hosts a 
series of marsh and swamp deposits, which form a thick 
wedge-shaped sediment body (Stefani and Vincenzi, 2005; 
Fig.  1b) that thins out to the west (Bruno et al., 2022). 
The easternmost sector of the study area is made up of 
coastal deposits (Fig.  1a) that consist almost entirely of 
beach-barrier sand, elongated parallel to the present shore-
line (Amorosi and Sammartino, 2024). As a result of this 
shallow stratigraphic architecture, the A0 aquifer-aquitard 
system is typically enriched in peat and organic matter 

(Amorosi et al., 2017; Bruno et al., 2019), especially in the 
deltaic sector (Fig. 1b), where swamp deposits may crop 
out at the surface.

The A0 aquifer was selected for this study as it is the pri-
mary focus of groundwater remediation procedures, being 
the most susceptible to water quality issues arising from 
surface anthropogenic activities. Moreover, the widespread 
presence of peat deposits locally triggers chemical reactions 
associated with the degradation of organic matter, leading 
to changes in the redox state of the aquifer. This, in turn, 
promotes the mobilization of metals and semimetals (e.g., 
Fe, Mn and As) in groundwater (Berg et al., 2008), whose 
natural occurrence overlaps with possible anthropogenic 
sources of metal pollution. 

Data collection

In Italy, contaminated sites are managed locally by private 
owners, according to the polluter pays principle, under 
the supervision of the provincial sections of the Regional 
Environmental Protection Agency (ARPA), as stipulated in 
Legislative Decree D. lgs n. 152/2006. Typically, the sites 
vary significantly in terms of contamination type and extent, 
and not all of them have the potential to provide relevant 
information for the proposed study. Therefore, prelimi-
nary criteria were established to select suitable sites prior 

Fig. 1  (a) Surficial geology and 
depositional sectors of the study 
area. distribution of the 108 con-
taminated sites selected for data 
collection (black crosses) is com-
pared with regional monitoring 
network for groundwater quality 
assessment of the shallow aquifer 
(white triangles). (b) Simpli-
fied hydrogeological conceptual 
model of the study area
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for identifying and removing the site-specific anthropogenic 
influence on groundwater composition (Sect. "Removal of 
anthropogenic impact"). To enhance the reproducibility of 
the workflow, we minimized subjectivity by implement-
ing a tiered approach that combines statistical analysis with 
expert knowledge (Fig. 2).

At the end of each of the two main steps, we determined 
a single representative value for each analyzed variable at 
each piezometer. Different approaches were applied based 
on variable type: for concentrations, we selected the third 
quartile (Q3) as the representative value. This choice 
provides an informative measure of the right tail, where 
potential anthropogenic contamination is expected, while 
maintaining robustness against outliers. For physico-chemi-
cal parameters (EC, ORP, and pH), we used the mean as the 
representative value to prevent biases toward positive ORP 
values, basic pH, and brackish conditions that could arise 
from using Q3. We acknowledge, however, that for param-
eters such as ORP, uncertainty from multiple sources may 
persist (Lindberg and Runnells, 1984). Due to the nature of 
the aggregated data, we could not trace the ORP measure-
ments back to specific analytical instruments. However, we 
can reasonably assume that the Ag/AgCl electrode is gen-
erally the standard for field measurements in remediation 
procedures (US EPA, 2013). Therefore, when we refer to 
ORP hereafter, it implies a reference to an Ag/AgCl elec-
trode. This aspect should be taken into account whenever 
the results show any apparent inconsistencies.

At the end of each of the two main steps we obtained two 
data matrices: an “anthropized” and a “natural” dataset rep-
resenting, respectively, the actual composition of shallow 
groundwater incorporating both natural and anthropogenic 
signals, and the groundwater natural composition.

Data quality optimization

Piezometer selection based on screened aquifer. Since this 
study focuses exclusively on the shallow A0 aquifer, a 
depth threshold was defined as representative of the aqui-
fer thickness based on previous hydrostratigraphic knowl-
edge. Using available data such as piezometer depth, screen 
depth, and stratigraphic logs, all piezometers presumably 
tapping into deeper aquifers were identified and excluded 
from the dataset.

Management of censored data. In environmental data-
sets, chemical species concentrations commonly fall out-
side the instrument’s measurement ranges, e.g., the limit 
of detection (LOD), and are recorded as “censored data”, 
particularly for trace elements. Following the recommen-
dations of the U.S. Environmental Protection Agency, we 
applied the LOD/2 substitution method for values below the 
detection limit, which is recommended when the percentage 

to site-specific data harvesting. Sites were not considered if 
they met any of the following conditions:

	● self-certified sites: these involve simplified procedures 
for minor incidents where groundwater is not fully char-
acterized, but only a few parameters are measured once, 
to assess potential contamination;

	● sites specifically related to oil spills, road accidents, and 
damages to underground tanks or electrical boxes: these 
cases follow specific procedures in which only a limited 
set of contaminants is typically monitored;

	● extremely complex industrial aggregates where dis-
tinguishing between anthropogenic contamination and 
natural background signals is significantly challenging 
due to the high density of industrial activities (e.g., the 
Ferrara Petrochemical Plant).

After this initial selection, data were carefully harvested 
from the remaining sites. The information associated to 
each sample was systematically stored and aggregated into 
a unified, homogeneous data matrix (“sample matrix” here-
after), including 18 chemical species and physico-chemical 
parameters: Arsenic (As), Iron (Fe), Manganese (Mn), Sul-
fate (SO4), Ammonium (NH4), Nitrate (NO3), Nitrite (NO2), 
pH, ORP, Electrical Conductivity (EC), Chemical Oxygen 
Demand (COD), Dissolved Oxygen (DO), Oxidizabil-
ity (Ox), Chlorine (Cl), Calcium (Ca), Magnesium (Mg), 
Potassium (K) and Sodium (Na).

Additional collected details include site-specific index 
contaminants, general site information (site history, con-
tamination type, groundwater flow directions), piezom-
eter information (location, depth, position relative to the 
contamination source, stratigraphic log) and sample infor-
mation (sampling date and procedure), which are further 
detailed in the SM.

The proposed workflow

An aggregated sample matrix from contaminated sites suf-
fers two main limitations: (1) lack of homogeneity due to 
e.g., variations in sampling procedures, changes in analyti-
cal methods over time, and potential human errors result-
ing from the involvement of numerous operators (these 
errors may include mistakes in sampling procedures and 
inaccuracies in reporting measurements); (2) occurrence 
of anthropogenic contamination, that must be removed to 
obtain a dataset representative of the natural groundwater 
composition.

Therefore, we developed a data treatment workflow 
which consists of two main steps: a first step for optimiz-
ing the homogeneity/quality of data (described in the fol-
lowing Sect. "Data quality optimization") and a second step 
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Fe, and Mn through scatterplots to evaluate the consistency 
between the different field filtering approaches. The portion 
of data for which the sampling procedure was unknown was 
also subject to statistical analysis: the different populations 
were compared through the Mann-Whitney test (Mann and 
Whitney, 1947; Wilcoxon, 1945) aiming to investigate the 
potential assignment to one of the two classes (filtered/
unfiltered).

Analysis of time series outliers. Outlier detection in time 
series was performed using the boxplot method (McGill et 
al., 1978) to identify significant anomalies, which could indi-
cate human errors or rare environmental conditions. When 
at least three outliers were detected within a single sample 
across different variables, the entire sample was flagged as 
“anomalous,” provided the time series contained at least 
eight recorded values. Anomalous samples were considered 
to be due to potential sampling errors or exceptional envi-
ronmental conditions and were removed from the dataset. 
For the remaining outliers, we evaluated their impact on the 
representative statistics of each time series (i.e., mean and 

of censored data is less than 15% (US EPA, 2006). Given 
the heterogeneity of data sources, we encountered a range 
of detection limits for the same variable. To address this, 
we selected, for each variable, the minimum LOD with a 
significant presence (≥ 5% of all the censored data; Zanotti 
et al., 2022). Each censored value was then replaced with 
half of this selected LOD (presented in the SM) to ensure 
consistency across the dataset.

Evaluation of sampling protocols. One of the main chal-
lenges in aggregating data from contaminated sites is the 
variability of sampling protocols over space and time. In 
particular, field filtering has a significant impact on data reli-
ability (Knaack et al., 2021). It is known that for certain 
species, especially metals, unfiltered samples tend to exhibit 
higher concentrations and greater variability due to the pres-
ence of suspended colloidal particles (Guo et al., 2009). 
Standard 0.45 μm filter was used for field filtration of the 
collected samples, in accordance with national and regional 
guidelines (ARPA, 2013; ISS, 2008). Comparisons of dupli-
cate filtered and unfiltered samples were performed for As, 

Fig. 2  Flowchart of the proposed 
standardized workflow for treat-
ing aggregated data from con-
taminated sites in order to obtain 
a dataset representative of the 
groundwater natural composition
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The pre-selection threshold was set at 75% of the regula-
tory limit, as recommended by national guidelines (ISPRA, 
2018). Piezometers exceeding the threshold at least once in 
their time series were considered potentially contaminated 
and removed from the dataset.

Analysis of site-scale spatial outliers. Spatial outli-
ers were investigated within each site using the boxplot 
method, considering the single representative value for each 
piezometer defined at the end of the first workflow step of 
quality optimization (see Sect. "Data quality optimization"). 
We hypothesize that spatially localized anomalies at the site 
scale are likely linked to anthropogenic influence. These 
spatial outliers were further validated using site-specific 
knowledge about piezometers installed upgradient of the 
contamination source to monitor background groundwa-
ter conditions. An outlier was considered to be a natural 
anomaly if: (a) it was an upgradient piezometer, (b) its value 
was either lower (in the case of an upper outlier) or higher 
(in the case of a lower outlier) than the values measured in 
upgradient piezometers at the same site. This assumption is 
based on the idea that upgradient piezometers represent the 
composition of uncontaminated groundwater. Spatial outli-
ers that could not be classified as natural anomalies were 
considered anthropogenic and removed from the dataset. As 
explained in Sect. "Data quality optimization", only upper 
outliers were considered for variables measured as concen-
trations, while both upper and lower outliers were examined 
for physicochemical parameters (pH, ORP, and EC).

Dataset testing through multivariate analyses

Multivariate analyses were performed on both the 
anthropized and the natural datasets. Given the heterogene-
ity of our data, we had to address the presence of missing 
data to proceed with the analyses. To minimize this issue, 
only the seven variables with less than 50% missing data 
were selected: As, Fe, Mn, ORP, pH, EC, and DO. Regard-
ing these variables, removing cases with missing values 
through the common practice of “complete case analysis” 
would have led to an unacceptable reduction in the data-
set (Baker et al., 2014). On the other hand, model-based 
approaches would have required defining a model for the 
complete data, along with assumptions about the missing 
data mechanism (Cheng and Huang, 2021; Lakshmina-
rayan et al., 1999). Therefore, for the remaining missing 
data, we opted to apply an imputation procedure using a 
spatial nearest-neighbor approach: for each missing value, 
we identified the nearest site where the variable was avail-
able and replaced the missing value with the median of that 
site’s observations. This method leverages spatial proxim-
ity to estimate missing values, ensuring that imputation is 
based on geographically relevant data rather than arbitrary 

Q3, as described in Sect. "The proposed workflow"). Outli-
ers that caused a shift in these statistics by more than 15% 
(hereafter referred to as “extreme outliers”) were assumed 
to be the result of human sampling or recording errors, or 
at least uncommon environmental conditions. Extreme out-
liers were removed from the time series of the respective 
variable. For those variables measured as concentrations 
(As, Fe, Mn, SO4, NH4, NO3, NO2, COD, DO, Ox, Cl, 
Ca, Mg, K, Na) we focused exclusively on upper outliers. 
This decision was based on the expectation that anomalies 
in trace elements would primarily manifest as “spikes” in 
higher concentrations, rather than lower values. Moreover, 
the presence of censored data and their substitution could 
affect the detection of lower tail outliers, making them less 
reliable for analysis. For physico-chemical parameters (pH, 
ORP, and EC), which are not measured as concentrations 
and do not include censored data, we investigated both 
upper and lower outliers.

Removal of anthropogenic impact

Trend analysis. Each time series with a sample size greater 
than 4 (the minimum sample size required by the used Ken-
dall and rkt packages for R software; Marchetto, 2024; 
McLeod, 2022) was tested to detect significant temporal 
trends that might indicate anthropogenic influences (Men-
dizabal et al., 2012). Two methods were applied depending 
on data numerosity: (a) Seasonal Kendall (SK) test (Hirsch 
et al., 1982) was applied to time series with at least two 
seasons providing each a minimum of 4 values, whereas 
(b) Mann-Kendall (MK) test (Kendall, 1948; Mann, 1945) 
was applied to all of the other time series with numerosity 
greater than 4. The MK test is the most commonly used test 
for detecting trends, but the SK test is more robust against 
seasonal variations and outliers, making it preferable when 
applicable. Piezometers that showed significant trends 
(p-value < 0.05) for at least one variable were considered 
potentially contaminated and were subsequently removed 
from the dataset.

Pre-selection with site-specific criteria. Pre-selection 
(PS) is a widely recommended method in national and 
European guidelines for water quality assessment (Bulut et 
al., 2020; Muller et al., 2006), aimed at removing anthropo-
genic contamination from a dataset. However, commonly 
recommended PS indicators (e.g., nitrate, sulfate, chloride 
or ammonium) are not frequently measured in the reme-
diation procedures. Moreover, these indicators cannot be 
used in conditions of salinized and anaerobic groundwater 
(Hinsby et al., 2008). Since both conditions were encoun-
tered in our study area, we decided to rely on site-specific 
indicators, corresponding with index contaminants repre-
sentative of the type of anthropogenic impact at the site. 
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the contact surface located just below the screen’s end or 
intersecting swamp deposits for less than 25% of the screen 
length.

Results and discussion

Data quality optimization and the “anthropized 
dataset”

As of 2023, records of more than 350 contaminated sites 
were stored in the ARPA offices of Ferrara, containing data 
from both completed and ongoing remediation procedures. 
The initial site selection identified 108 sites potentially suit-
able for this study (detailed in the SM) providing 1,695 
piezometers, 12,741 samples, and 72,772 measured values. 
The aggregated dataset from the 108 sites spans 43 years of 
monitoring, from February 1981 to December 2023. Due to 
the diverse nature of the data sources, the dataset is highly 
heterogeneous. Several factors contribute to this hetero-
geneity, including variations in the measured variables for 
individual samples (i.e., not all 18 chemical parameters are 
available for every sample) and inconsistent temporal cov-
erage (detailed in the SM).

Based on previous stratigraphic and hydrostratigraphic 
studies (Bruno et al., 2017; Colombani and Mastrocicco, 
2016; Gaiolini et al., 2024; Molinari et al., 2007), a threshold 
depth of 15 m bgs was established to differentiate between 
the piezometers tapping the surficial, Holocene A0 aquifer 
(piezometer depth or maximum screen depth < 15  m) and 
those reaching deeper, Pleistocene aquifers. Out of the 
1,695 piezometers, 1,480 were classified as representative 
of the A0 aquifer based on this threshold. The remaining 
13% of piezometers reaching deeper aquifers was excluded 
from the dataset.

For three of the 18 chemical variables included in the 
sample matrix, the proportion of censored data exceeded 
the recommended 15% threshold for applying the LOD/2 
substitution method: As, NO3 and NO2 had censored data 
rates of 27%, 50% and 61%, respectively. However, the 
LOD/2 approach is still considered reasonable for datasets 
where censored data comprise up to 60% of observations, 
provided that the dataset is large (> 20 samples), exhibits a 
highly skewed distribution (geometric standard deviation, 
GSD > 3), and contains multiple LOD values (Hewett and 
Ganser, 2007; Hornung and Reed, 1990). All these condi-
tions were met in this study. Moreover, it is important to 
note that the subsequent averaging of time series into a 
single representative value per piezometer helped mitigate 
the impact of censored data, reducing the proportion of cen-
sored values for As, NO3, and NO2 to 14%, 40%, and 56%, 
respectively.

or statistically derived estimates. By using the median rather 
than a single nearest-neighbor value, we reduce the influ-
ence of potential outliers and improve the robustness of the 
imputation process.

A factor analysis (FA) was then used to highlight cor-
relations between variables, aiming to identify the main 
geochemical processes occurring in groundwater. The 
FA was based on the calculation of the correlation matrix 
using the Spearman method (Spearman, 1904). Compared 
to the Pearson method, the Spearman correlation coeffi-
cient does not require the assumption of linear relation-
ships between variables, and it is less sensitive to outliers 
(Bocianowski et al., 2024). The FA was performed on stan-
dardized data (Judd, 1980), then an oblimin rotation was 
applied (Carroll, 1953). According to the Kaiser criterium 
(Kaiser, 1960), only factors with eigenvalues > 1 were con-
sidered significant. The significance and reliability of the 
FA was evaluated through the statistical indicators of Root 
Mean Square Error of Approximation Index (RMSEA) and 
Tucker Lewis Index (TLI) (Hu and Bentler, 1999; Marsh 
et al., 2004).

A hierarchical cluster analysis (CA) was eventually 
applied to the obtained factor scores, allowing the defini-
tion of hydrogeochemical facies where similar geochemical 
processes occur. The selected methodology for CA was the 
Ward method (Ward, 1963), using the Euclidean distance. 
To minimize the influence of missing data imputation on the 
multivariate analysis, after the CA we discarded all piezom-
eters where the most representative variable(s) of the corre-
sponding cluster had been previously imputed. As a result, 
each considered piezometer relies on the real values of the 
key variables defining its cluster. The resulting clusters were 
eventually plotted to visualize the spatial distribution of 
hydrogeochemical facies in the study area.

Given the significant influence of the area’s stratigraphic 
architecture on groundwater geochemistry, particularly due 
to the presence of organic matter-enriched deposits, we 
compared the clustered piezometers with the stratigraphic 
facies association (sensu Bruno et al., 2019) intersected 
by their screens. Specifically, we distinguished between 
deltaic swamp deposits, primarily composed of soft grey 
clay, organic clay and peat layers, and alluvial and coastal 
deposits, which mainly consist of yellow/brown sand, silt, 
or compact clay with no evident organic matter. We defined 
three classes based on the intersection between piezometer 
screen and facies association: (1) a “swamp” class, includ-
ing piezometers predominantly (> 25% of screen length) 
screening swamp deposits; (2) a “non-organic” class, com-
prising piezometers entirely screening alluvial and subordi-
nate coastal deposits; and (3) a “transition” class, consisting 
of piezometers primarily screening alluvial/coastal deposits 
but positioned near the transition to swamp deposits, with 
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trends linked to 111 piezometers. These piezometers were 
considered to be affected by anthropogenic contamination 
and were removed from the dataset.

Pre-selection based on site-specific index contaminants 
identified 293 piezometers where at least one analyti-
cal value exceeded the 75% of the regulatory limit. These 
piezometers were considered influenced by anthropogenic 
activities and were excluded from the dataset. The most 
common contaminants were Total Hydrocarbons (THC), 
Total Organohalogenated compounds (TOH) and Vinyl 
Chloride Monomer (VCM), exceeding respectively in 
27%, 4% and 3% of the initial 993 piezometers from the 
anthropized dataset.

The analysis of spatial outliers at the site scale detected 
a total of 146 local anomalies, 101 of which could not be 
attributed to natural variation after the comparisons with 
upgradient piezometers. These 101 anomalous piezom-
eters were classified as anthropogenically influenced and 
removed from the dataset.

After the entire cleaning process (Fig. 2), which resulted 
in the removal of 505 piezometers, 5 of them (0.99% of total 
removed) were local anomalies not validated by the posi-
tion of upgradient piezometers (due to unavailable informa-
tion), trend analysis (due to insufficient sample size), or PS 
(due to missing measurements for index contaminants). The 
remaining 99% of removed piezometers went through at 
least one of these steps.

The 488 piezometers remaining after filtering out those 
influenced by anthropogenic contamination constitute the 
natural dataset, which is expected to be representative of the 
natural groundwater composition.

The treatment workflow modified the statistical distribu-
tion of measured variables (Fig. 3, detailed in SM), reduc-
ing the number of outliers and shifting the median values 
to ranges consistent with previous studies conducted under 
similar environmental conditions (Cinti et al., 2023; Greg-
gio et al., 2020; Orecchia et al., 2022; Rapti-Caputo and 
Martinelli, 2009).

Notably, despite the natural dataset retaining only 49% 
of the piezometers constituting the anthropized dataset, the 
overall spatial distribution remains largely unaffected (Fig. 
S4), indicating that the anthropogenic signal was removed 
in a spatially homogeneous manner across the sites.

Dataset testing

Factor analysis

The FA performed on the anthropized and natural datasets 
identified, in both cases, 3 significant factors (i.e., eigen-
values > 1), respectively called FA1-3 and FN1-3 (Table 1), 
explaining a total cumulative variance of 43%.

Comparisons of duplicate filtered and unfiltered samples 
for As, Fe, and Mn, presented in the SM, confirmed the 
influence of solid particulate in measurement of dissolved 
metals, with unfiltered samples showing greater variabil-
ity and in general greater concentration. This aligns with 
previous studies addressing the same issue (Filippini et al., 
2021; Kumanova et al., 2015; Tang et al., 2024). Given 
the risk of introducing bias and significantly increasing 
uncertainty, we established that unfiltered samples were 
not reliable enough to be included in the analysis. The 
19% of the samples available at this stage of the workflow 
were labeled as “unknown” due to missing information on 
the sampling procedure. A Mann-Whitney test performed 
at the site scale, to assess whether the unknown samples 
were more similar to the filtered or unfiltered popula-
tion, yielded inconclusive results, showing inconsisten-
cies when compared to the actual data distribution. This 
is likely due to the small sample size (< 8) in many cases 
and the potential mixing of sampling protocols among 
the unknown samples. For these reasons, we decided to 
rely exclusively on data from confirmed filtered samples, 
which constitute 41% of the dataset available at this stage 
of the workflow.

The analysis of outliers in time series identified a total 
of 1,166 outlier values, with 46 samples exhibiting at least 
three outliers across different variables. These samples were 
labeled as anomalous and removed from the dataset. Among 
the remaining outliers, 398 (34% of all outliers and less than 
1% of the total data) were classified as “extreme”, as they 
affected the representative statistics of their piezometer by 
more than 15%, and were subsequently removed from the 
dataset.

After completing all quality optimization steps (Fig. 2), 
the sample matrix included data from 86 sites, 993 piezom-
eters, and 22,261 individual values. The step-by-step data 
reduction process described earlier in this Section is also 
summarized in the SM. After extracting a single represen-
tative value for each piezometer (according to the criteria 
outlined in Sect. "The proposed workflow"), a refined data 
matrix comprising 993 piezometers was obtained, con-
stituting the anthropized dataset, which is expected to be 
representative of the current groundwater conditions, incor-
porating both natural and anthropogenic signals.

Removal of anthropogenic impact and the “natural 
dataset”

The analysis of temporal trends was performed on 1,965 out 
of 5,608 time series that met the MK test requirements (i.e., 
sample size greater than 4). Of these, 212 series also met 
the criteria for the SK test. The MK and SK tests identi-
fied 138 and 25 significant trends, respectively, totaling 163 
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associated with pH, likely indicating some specific anoma-
lies affecting groundwater acidity. FA3 was strongly repre-
sented by the negatively correlated variables EC and ORP, 
likely indicating brackish conditions related to the influence 

For the anthropized dataset, FA1 was primarily repre-
sented by the positively correlated variables Fe and As (i.e., 
loading values >|0.3|), suggesting the release of metals in 
groundwater under reducing conditions. FA2 was mainly 

Fig. 3  Statistical summaries of the anthropized and natural dataset
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a hydrogeochemical facies related to different redox zones 
(Table 2; Fig. 4). A median Mn concentration consistently 
exceeding 320 µg/L across all clusters suggests that mul-
tiple factors prevent the groundwater from reaching strictly 
oxidative conditions (Close et al., 2016). Instead, the clus-
ters C1 to C5 seem to describe a range from slightly to 
strongly reducing conditions, while cluster C6 represents 
brackish groundwater near the coast (median EC of 20,865 
µS/cm is one order of magnitude greater than that of the 
other clusters), aligning with previous studies focused on 
the influence of seawater intrusion in the Po Plain aquifers 
(Antonellini et al., 2008; Colombani and Mastrocicco, 2016; 
Orecchia et al., 2022). More in detail, at less reducing con-
ditions of cluster C1 (median Mn, Fe and As of 1,489 µg/L, 
2.5  µg/L and 2.6  µg/L, respectively), Mn serves as the 
primary electron acceptor and is reduced into the aqueous 
phase, while Fe and As remain stable in the solid phase 
(Hamer et al., 2020). As redox processes transition to proper 
Mn/Fe-reduction, Fe becomes unstable and is released into 
groundwater (Neidhardt et al., 2014), leading to increasing 

of seawater. The statistics of the analysis, with an RMSEA 
index of 0.086 and a TLI of 0.645, suggest low reliability 
(Hu and Bentler, 1999). This is likely due to the overlap 
of natural and anthropogenic signals, which complicates the 
identification of variable correlations.

For the natural dataset, FN1 was primarily represented 
by As, indicating groundwater with strongly reducing con-
ditions. FN2 was predominantly represented by Fe and 
Mn, suggesting moderately reducing conditions. FN3 was 
represented by the negatively correlated variables EC and 
ORP, again indicating brackish conditions. In this case, the 
statistics of the analysis indicated high reliability, with an 
RMSEA index of 0.04 and a TLI of 0.938.

Cluster analysis

The CA was performed on the natural dataset, which gave 
the most conclusive results in terms of FA. Through the 
combined CA on the obtained factor scores, we identi-
fied 6 clusters (C1-C6, details in the SM) each indicating 

Table 1  Loading values resulting from the factor analysis on the anthropized and natural dataset (values highlighted in bold >|0.3|)
Dataset Anthropized Natural
Factors FA1 FA2 FA3 FN1 FN2 FN3
Variable
Fe 1 −0.01 0 0.05 0.81 −0.03
Mn 0.27 −0.01 0.12 −0.23 0.35 0.17
As 0.31 0.14 −0.14 0.99 0.02 0.01
EC −0.02 −0.02 −0.57 0.01 −0.06 −0.49
ORP −0.01 0 0.68 0.02 −0.03 0.88
pH 0 1 0 0.05 −0.21 0.06
DO 0.02 0.16 0.17 −0.17 0.26 0.25

Table 2  Median values of the original variables for each cluster obtained from the cluster analysis applied to the factor analysis scores of the natu-
ral dataset. Empty cells denote the absence of available data
Variable Cluster

C1 C2 C3 C4 C5 C6
Fe (µg/L) 2.5 227.0 607.0 13350.0 6400.0 103.9
Mn (µg/L) 1489.0 844.8 867.0 1960.0 371.0 269.4
As (µg/L) 2.6 2.5 2.8 16.3 75.1 0.3
ORP (mV) 223.5 −2.9 −131.2 −93.9 −123.0 −133.1
EC (µS/cm) 829.0 1227.0 1701.0 2632.6 2286.0 20865.0
pH 7.1 7.3 7.1 6.9 7.1 7.1
SO4 (mg/L) - 129.4 145.0 114.0 27.6 1693.6
NO3 (mg/L) 0.01 1.99 0.21 0.01 - -
NO2 (mg/L) 0.005 0.005 0.005 0.008 0.020 0.005
NH4 (mg/L) 0.1 1.6 0.2 1.1 - -
DO (mg/L) 0.1 1.7 0.2 2.8 0.3 0.3
Ox (mg/L) - 2.4 3.3 4.4 - -
COD (mg/L) 38.7 17.8 8.0 25.3 - -
Cl (mg/L) - 110.3 67.5 305.9 - -
Mg (mg/L) 101.0 65.2 25.1 114.0 - -
Ca (mg/L) - 179.0 70.0 232.5 - -
K (mg/L) - 4.2 36.4 4.0 - -
Na (mg/L) - 150.0 630.0 224.0 - -
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Additionally, we observed that cluster C5 is also charac-
terized by lower SO₄ concentration (Table 2). Although SO₄ 
was not included as a direct input variable in the multivari-
ate analysis due to insufficient measurements, we consider it 
a key indicator of additional natural processes. Specifically, 
this SO₄ depletion may suggest the occurrence of sulfate 
reduction under advanced reducing conditions, potentially 
influencing arsenic release in groundwater (see SM for 
further details). The interactions between SO₄ and As dur-
ing reducing processes can be complex: sulfate reduction 
processes may promote As attenuation or mobilization in 
groundwater depending on many factors and environmental 
conditions (Gao et al., 2021; Luo et al., 2025; Wang et al., 
2017). According to Kao et al. (2011), in aquifers influenced 

concentrations. Initially, Mn concentrations still exceed Fe 
concentrations in clusters C2 (median Mn, Fe and As of 
844.8 µg/L, 227 µg/L and 2.5 µg/L, respectively) and C3 
(median Mn, Fe and As of 867 µg/L, 607 µg/L and 2.8 µg/L, 
respectively), indicating Mn-reduction as the predominant 
process (Ying et al., 2017). As the conditions become more 
reducing, the initially predominant Mn-reduction process is 
overlapped by stronger Fe-reduction in cluster C4 (median 
Fe, Mn and As of 13,350 µg/L, 1,960 µg/L and 16.3 µg/L 
respectively), where Fe and Mn reach peak concentrations. 
Eventually, more reducing conditions observed in cluster 
C5 lead to the mobilization of As in groundwater (McAr-
thur et al., 2004), reaching a peak median concentration of 
75 µg/L.

Fig. 4  Hydrogeochemical zonation. (a) Boxplots of normalized values 
for key variables across the clusters. (b) Percentage of piezometers 
correlated with stratigraphic facies associations for each cluster. (c) 

Interpreted hydrogeochemical zones (Mn reduction, Fe reduction, As 
mobilization and brackish groundwater)
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al., 2007; Desbarats et al., 2014; Kazmierczak et al., 2022; 
Weinman et al., 2008).

In detail, the C1 cluster, representing the slightest reduc-
ing conditions, is predominantly (91%) associated with non-
organic deposits, with a smaller proportion (9%) linked to 
transition deposits. The C2 cluster shows a 50% correlation 
with non-organic deposits, 15% with transition deposits, 
and 35% with swamp deposits. The C3 cluster is correlated 
with 16% of non-organic, 23% of transition, and 61% of 
swamp deposits. The C4 cluster shows a 40% correlation 
with transition and 60% with swamp deposits. The C5 clus-
ter, which represents the strongest reducing conditions in 
the area, is entirely (100%) correlated with swamp deposits.

Moreover, the spatial distribution of redox clusters C1-C5 
is consistent with the shallow stratigraphic architecture of 
the study area: in the southwestern (SW) sector, where the 
shallow A0 aquifer is mostly embedded in alluvial deposits 
of Apennine origin relatively poor in organic matter, only 
piezometers pertaining to clusters C1-C3 occur (Fig. 5). The 
wedge-shaped body of swamp deposits extending across the 
study area is found here relatively deeper and thinner (Bruno 
et al., 2022), making it less likely to be intersected by the 
shallow piezometers. In the northeastern (NE) sector, where 
the A0 aquifer is mostly encased in deposits of the modern 

by seawater (such as our study area), strong As mobilization 
can occur alongside sulfate reduction due to the co-occur-
rence of multiple geochemical processes associated with the 
sulfur cycling.

Our hydrogeochemical model (Fig. 4) aligns with previ-
ous studies conducted in similar environments (Carraro et 
al., 2013, 2015; Dalla Libera et al., 2020; A. Molinari et al., 
2012; Rotiroti et al., 2014, 2021; Sracek et al., 2018), sug-
gesting that the observed processes reflect the natural geo-
chemical evolution of groundwater in the area.

Correlation with stratigraphic facies associations

The comparison with stratigraphic facies associations was 
performed for 54% of clustered piezometers with available 
stratigraphic log information (172 piezometers). A clear 
correlation was observed between facies associations and 
redox zonation, with major occurrence of swamp deposits 
over non-organic deposits with increasing reducing condi-
tions from cluster C1 to C5 (Fig. 4). This is consistent with 
recent studies on sedimentary and stratigraphic controls 
influencing aquifer geochemistry in the Po Plain (Amo-
rosi and Sammartino, 2024; Bosi et al., 2025; Carraro et 
al., 2015) and in similar settings worldwide (Buschmann et 

Fig. 5  Spatial distribution of clusters across the southwestern (SW), central (C) and northeastern (NE) sectors (a, b, c). Concentrations of Mn, Fe 
and As from the regional monitoring network are reported for comparison (d)
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As concentrations (up to 66 µg/L) coincide with moderate 
Mn concentrations (70 µg/L to 720 µg/L).

This comparison indicates that the regional monitoring 
network aligns with the geochemical zonation identified in 
this study, confirming the reliability of our workflow in gen-
erating a dataset with meaningful insights into the natural 
groundwater composition of the shallow aquifer, despite 
originating from aggregated data from contaminated sites. 
It is important to note that our geochemical model offers a 
more detailed depiction of groundwater geochemical hetero-
geneity at the meso-scale. In fact, we observed a significant 
smaller-scale variability, highlighted by the close proxim-
ity of piezometers associated with different redox zones in 
several areas. While the regional network provides a valu-
able overview of the general groundwater composition, its 
limited spatial resolution prevents it from capturing this 
smaller-scale natural heterogeneity. Additionally, the larger 
size of our aggregated dataset enabled more advanced sta-
tistical analyses compared to the regional network, enhanc-
ing the robustness and reliability of our findings.

Conclusions

This study demonstrates the effectiveness of the proposed 
treatment workflow for aggregating and repurposing avail-
able monitoring datasets as a reliable basis for investigating 
the natural composition of shallow groundwater. The main 
conclusions can be summarized as follows: 

Methodological effectiveness. The proposed workflow 
successfully extracted information on the natural composi-
tion of shallow groundwater from heterogeneous monitoring 
datasets originally affected by human activities. Its validity 
is confirmed through consistency with both the stratigraphic 
architecture of the area and the regional groundwater quality 
monitoring network. While the removal of all anomalies is 
not guaranteed, the presence of a few outliers is outweighed 
by the significant volume of reliable data retrieved. The 
workflow is designed to be as objective and reproducible 
as possible (balancing a broadly applicable framework with 
the integration of site-specific knowledge), while remain-
ing adaptable to expert knowledge for fine-tuning, such as 
selective outlier removal tailored to local contexts.

Hydrochemical insights. Multivariate analysis on the 
processed data provided key insights into the hydrochemical 
composition of shallow groundwater in the Ferrara province, 
leading to an improved conceptual model of the A0 aquifer. 
The study revealed redox-driven natural processes, closely 
linked to the stratigraphic architecture of the region, that 
explain elevated concentrations of As, Fe, and Mn, reaching 
up to 75 µg/L, 13,350 µg/L, and 1,960 µg/L, respectively. 

delta plain, and swamp sediments rich in organic matter are 
encountered at shallow depths (Bruno et al., 2017), only 
piezometers pertaining to clusters C3-C5 occur (Fig.  5). 
In the central (C) sector, groundwater exhibits all identi-
fied redox clusters (C1-C5), with an irregular distribution 
reflecting the highly heterogeneous geological setting of 
this area (Fig. 5). The A0 aquifer in this region is primarily 
encased within the abandoned Po delta lobe deposits, over-
lapped by alluvial deposits, or outcropping coastal deposits 
(Bruno et al., 2017). Depending on filter depth, piezometers 
may capture groundwater from upper alluvial sediments or 
from swamp deposits enriched in organic matter.

Finally, the C6 cluster, indicative of brackish ground-
water conditions, is exclusively associated with swamp 
deposits. However, specific redox conditions cannot be 
determined in this case, as the few piezometers in C6 linked 
to stratigraphic information lack metal concentration data. 
The brackish groundwater cluster likely represents mixed 
redox conditions. Nonetheless, its location in the eastern 
part of the study area increases the likelihood of intersecting 
deltaic deposits.

Comparison of the aggregated dataset with the regional 
monitoring network

In the study area, 18 monitoring wells of the regional 
groundwater quality monitoring network managed by 
ARPA tap into the A0 aquifer (Fig. 1). In accordance with 
the Water Framework Directive (WFD, Dir. 2000/60/EC) 
transposed into national legislation (Legislative Decree D. 
lgs n. 152/2006), the regional monitoring program has been 
collecting groundwater samples biannually since 2010. Data 
from the regional network, covering the period between 
2010 and 2023, consist of 361 samples. The regional net-
work follows European and national directives for assessing 
groundwater quality in areas unaffected by local anthropo-
genic influences and can therefore be considered representa-
tive of the natural groundwater composition.

We compared this “validated” dataset with our findings, 
in order to assess the reliability of our insights into the 
groundwater chemical status of the study area. The small 
sample size (18 piezometers) prevents the regional dataset 
from undergoing advanced statistical analysis (de Winter 
et al., 2009; Hogarty et al., 2005; MacCallum et al., 1999, 
2001). Therefore, we focused on observing the spatial distri-
bution of key chemical indicators for redox status (i.e., Fe, 
Mn and As; Fig. 5). In the southwestern sector, we observed 
the highest Mn concentration (up to 1,276 µg/L), moderate 
Fe concentrations (25 µg/L to 1,660 µg/L) and low concen-
trations of As (< 6  µg/L). Conversely, in the northeastern 
sector, the highest Fe concentrations (up to 3,300 µg/L) and 
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This effect is particularly pronounced in the northeastern 
sector, near the Po River delta, where the strongest reducing 
conditions are observed. Moving southwestward, the effect 
gradually diminishes due to the deepening and fragmenta-
tion of the organic matter-enriched swamp deposits.

Practical implications. Although more complex than 
conventional methods for assessing groundwater composi-
tion, this method enables the strategic use of unconventional 
data that would otherwise remain largely unused, offering 
a sustainable solution to data scarcity. It supports practical 
applications such as assessing the natural background levels 
(NBLs) of specific contaminants, a critical step required by 
international and national water quality directives. Indeed, 
one of the major challenges in determining NBLs is dis-
tinguishing between natural and anthropogenically influ-
enced groundwater. Our methodology successfully tackles 
this issue, making it a valuable tool for both contaminant-
specific assessments and broader groundwater quality stud-
ies, providing a foundation for multi-scale groundwater 
resource management.

In summary, the proposed workflow provides a scientifi-
cally sound and operationally practical approach for char-
acterizing natural groundwater systems leveraging existing 
monitoring data, addressing the issue of data scarcity and 
supporting sustainable groundwater management without 
requiring significant new data collection.
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