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Abstract: Groundwater monitoring is critically important, even though it is costly and often neglected.
In this study, a judgmental monitoring of groundwater offering solutions based on a cost and
time-effective research approach is presented. The method was performed in three Mediterranean
areas in Greece and Italy to examine its advantages and disadvantages. As a first step, a multi-
statistical analysis was practiced to assess and apportion the potential contributions of pollution
sources of groundwater. Pearson correlation, principal component analysis, and factor analysis were
applied to groundwater samples to characterize the evolution of hydrochemical processes. High
concentrations of chlorides and nitrates highlight that salinization and the extensive use of nitrate
fertilizers dominate in the coastal part of Eastern Thermaikos Gulf, the dissolution of carbonate rocks
and livestock/industrial activities drive the groundwater quality status in the Upper Volturno basin,
while in the Mouriki basin thermal power plant and the use of zinc fertilizers are the main factors of
groundwater quality degradation. The determination of the critical sampling points was applied,
considering the land use and hydrogeological and morphological characteristics of the areas. The
application of the judgmental sampling approach provides reliable results regarding groundwater
evolution. These results were compared to previous works and found that a non-probability sampling
technique can provide the same results as a more costly method in the Mediterranean region. Thus,
judgmental sampling is crucial for the optimal application of water resource management and control
techniques in basins to avoid gaps in data collection.

Keywords: multivariate statistical analysis; groundwater pollution; evolution process; pearson
correlation; groundwater level

1. Introduction

Groundwater quality is defined by physical, chemical, and biological characteristics,
which are a complex function of many natural and anthropogenic influences on the surface
and subsurface environment [1]. The chemical composition of groundwater is affected
by recharge and discharge conditions, where the mineral contents found in groundwater
samples are closely related to the dissolution processes of predominant materials in the
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soils [2]. External factors, for instance, socioeconomic parameters due to agricultural activi-
ties, industrial structure, and urbanization, affect the groundwater sources qualitatively
and quantitatively [3]. Thus, the frequency, quality, and quantity of field measurements
are of utmost importance as they affect the performance of deduction [4]. For this pur-
pose, each sampling campaign has to be organized based on the research target, specific
hydrogeological conditions of the area, and the general limitations of the research approach.

In recent years, different techniques have been performed to investigate groundwater
quality worldwide. Stable isotope analysis has been applied to identify nitrate pollution [5]
and strontium contamination [6], while Voltaggio et al. [7] applied stable and unstable
isotopes for the assessment of groundwater pollution from ash ponds. Another approach
that has seen significant development in recent years is hydrological modeling, which can
represent the transport and transformation processes of pollutants in the environment [8].
Groundwater quality indices (GQIs) have proven to be a straightforward and effective
methodology for assessing the overall groundwater quality being performed in numerous
studies in different regions of the world [9]. Artificial intelligence (AI) and machine learn-
ing for groundwater quality prediction and simulation also proved to produce accurate
results [10,11]. The reliability of these methods for the determination of the hydrochemical
process in different and complex aquifer systems is not certain since they all have advan-
tages and drawbacks that can limit their application. Thus, the first step to identifying water
quality variables responsible for spatial and temporal changes and the processes controlling
groundwater quality should be the statistical analysis. Multivariate analytical statistical
methods were used to characterize the hydrochemistry of surface [12] and groundwater
systems [13–15]. A combination of methods, like electrical resistivity tomography (ERT)
monitoring and physicochemical water analysis techniques to investigate groundwater vul-
nerability [16], as well as Bayesian isotope mixing model (SIAR) and multivariate statistical
analysis (MSA) [17,18], have been applied for the enrichment of the results.

A multi-statistical analysis applied as a low-cost process and without complex input
parameters can provide reliable results [19]. The application of various multivariate statisti-
cal techniques, including cluster analysis (CA), factor analysis (FA), principal component
analysis (PCA), and/or a combination thereof [20–22], as well as the incorporation of AI
models [23], has received significant attention in the study of water quality, especially in
simplifying complex datasets. Therefore, the application of factors/clusters can identify the
aspects that affect the water quality and offer a valuable tool for the reliable management
of water resources [24]. Nevertheless, direct comparisons of localized studies are often
hindered by inconsistencies in datasets and methodologies.

This study aims to investigate the main factors that affect groundwater quality in
different semi-arid basins of the Mediterranean region under a multi-statistical analysis
of the judgmental sampling approach. The selection of this method is dependent on
the necessity for (i) the absence of pauses in data collection, (ii) quick and easy field
measurements, and (iii) low-cost techniques. In this regard, groundwater samples were
collected from three Mediterranean areas in Greece and Italy to analyze the characteristics
and genesis of groundwater hydrochemical evolution. Based on the continuity of the
sampling-detected results, Pearson correlation and PCA/FA were used to distinguish the
contribution of different natural mineralization and human pollutants to the groundwater
quality in the three study areas. Among these, groundwater level measurements were also
implemented in all the study areas to determine the recharge and discharge conditions
compared to previous years’ accessible data.

Taking into consideration the drawbacks and limitations of the multi-statistical analy-
sis, we decided to take the challenge and compare these three regions due to their different
and interesting characteristics under the aspect of a non-probability sampling technique. In
this term, a non-random sampling technique was practiced for the investigation of spatial
and temporal groundwater quality status in the study areas. The validity and reliability
of the results throughout the entire study were achieved based on the results of previous
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works. The current research can provide a pathway for water resources management and
early warning under a low-cost and time-effective approach in Mediterranean regions.

2. Materials and Methods
2.1. Study Areas

The study areas are located in the Mediterranean region (Figure 1a–c) and are affected
by different combinations of anthropogenic factors, geological formations, and meteo-
rological conditions, which have already been analyzed in previous works [25,26]. The
Eastern Thermaikos Gulf (Greece) includes the coastal area of Epanomi–Sozopoli and the
Anthemountas basin and covers an extent of 932.7 km2.
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Figure 1. Location of the three study areas.

The decision to combine the Anthemountas basin with the coastal part as a unified
research area was driven by two main factors: (i) the hydrogeological connection of these
systems and (ii) the great amount of previous data. The Mouriki basin (Greece) is in
Macedonia Province and covers an area of 100 km2. The Volturno basin (Italy) is located
in the Campania region and covers an area of 5613 km2, while the extent of the study
area considered is around 1661 km2. The Upper Volturno–Calore basin is characterized
mainly as strongly asymmetric with steep slopes. This study focused on the outlet of the
Upper Volturno–Calore basin to assess the potential interaction between the river and the
groundwater in the alluvial plain.

2.2. Sample Collection and Groundwater Level Measurements

Groundwater samples were collected during the wet and dry periods of 2021–2022
from the Greek regions and the dry period of 2021 from the Italian basin (Figure 1). The
sampling points are shown in the maps below and were chosen to focus on the potential
influence of agricultural activities and surface water on groundwater quality. Forty-seven
groundwater samples were collected and analyzed. Seventeen samples were from boreholes
in TG, eight in the Mouriki basin, and twenty-two from the Upper Volturno basin.
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After consideration of the local hydrochemical properties and hydrogeological condi-
tions, 21 groundwater quality parameters were selected, including pH, electrical conductiv-
ity (EC), calcium (Ca), magnesium (Mg), potassium (K), sodium (Na), bicarbonate (HCO3),
chloride (Cl), sulfates (SO4), nitrates (NO3), ammonia (NH4), strontium (Sr), phosphate
(PO4), iron (Fe), manganese (Mn), arsenic (As), chromium (Cr), zinc (Zn), boron (B), molyb-
denum (Mo), and silicon dioxide (SiO2). The Chemical Balance Error (CBE) was applied
for the internal consistency test. Under ideal conditions, cations and anions should exactly
balance; thus, in satisfactory analysis, cations and anions should not differ by more than
5% [27]. Following the calculation of CBE, all the samples had relative errors within ±5%.

The design of groundwater level monitoring networks is essential for groundwater
modeling and management. In most cases, the lack of monitoring is due to financial
constraints [28]. Issues in the field, such as transportation and work under different climate
conditions, finding boreholes in and out of operation, and contact with farmers, make
field research difficult. To avoid the high cost of monitoring and missing time series, the
selection of specific boreholes that are easily accessible is suggested. For this purpose,
boreholes that are already monitored in previous published works were selected. In the
current work, the comparison of GWL measurements during the last decades is provided.
Measurements of groundwater depth were applied in 68 and 20 boreholes in the TG and
Mouriki basins, respectively. In the Upper Volturno basin, the selection of 15 boreholes was
possible based on previous data to achieve the optimum spatial variation in GWL during
the years.

In all sites, available data were considered from research projects and scientific pub-
lications. Specifically, a detailed time series (starting from 2011) of GWL was evaluated
for the aquifers of TG. On the contrary, in the Mouriki basin, a comparison was obtained
for the periods between 2004–2007 and 2021–2022, while in the Upper Volturno region,
the comparison was obtained for the periods 2006 and 2016. All sites have representative
sampling points for monitoring of water quality and quantity from national authorities in
the framework of EU regulation for water sustainability. However, the number of sampling
points per study area is limited and inappropriate for spatial analysis at the aquifer scale.
For instance, in the Mouriki basin, there is one measurement point (http://nmwn.ypeka.gr/
accessed on 10 July 2023).

2.3. Systematic Judgmental Sampling

The determination of groundwater quality and quantity monitoring networks is crucial
to conducting accurate research at a low cost and time [29,30]. Vast sampling points and/or
generic random sampling are high-cost methods and rely less on prior specific knowledge.
On the other hand, in judgmental sampling, the hydrogeologists have to analyze general
and detailed information about the area and select the optimum sampling campaign,
minimizing the limits and biases that affect the reliability of the findings [31]. The main
positive and negative effects of this method are provided in Figure 2. The weight of each
effect may vary between regions, while each sampling campaign should be organized based
on the results of the previous ones. By employing this cost-effective and time-efficient
method, the researcher can gain useful insights by selecting the most representative points
considering various site-specific factors and research queries (Table 1). The combination
of multiple analysis techniques can improve the representativeness of the samples and
provide accurate and reliable research outcomes. The main drawbacks are the unknown
errors that can be detected after the chemical analysis and the scarce availability of previous
hydrogeological analyses in less well-known areas.

In the current research, the sampling points are selected based on their relevance to the
research question and their ability to provide meaningful information [32]. These points
are selected with precision to ensure that they accurately represent the groundwater regime
of the basin being studied. The main queries of Table 1 for the study areas are answered
below, while the monitoring points were selected according to the characteristics of the
study areas (Figure 3).

http://nmwn.ypeka.gr/
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Table 1. Parameters for judgmental groundwater sampling.

Parameter Description

Definition of the target - What is the main purpose of the research?
- Why now?

Aquifer types
- Groundwater level
- Porosity
- Aquifers complexity

Hydro morphological zones Impacts of hydro morphological pressures (e.g., soil erosion)

Land Use - Land use footprint
- Spatial and temporal variation

Previous data
- Available and missing data
- Methodologies and Results evaluation
- Unanswered questions

Point representativeness Comparison of sampling points

Study area - Determination of the extent of the basin/area
- Morphology

Cost Funds availability

Time
- Research timetable
- Repetition of sampling
- Researchers’ availability

Field issues - Sampling point accessibility
- Number and reliability of sampling points

- The principal purpose of the current work is the determination of groundwater quali-
tative and quantitative status of the Mediterranean regions to provide a fundamental
river basin protocol for management. The selection of the research period was per-
formed to protect the groundwater systems from the expected droughts according to
the future climate scenarios and current human activities.

- The pressures in the study areas, as well as the drawbacks of previously published
works, are provided in the previous work of Ntona et al. [26].

- Monitoring points were selected according to (i) the extent of the basin for the optimum
distribution of the points, (ii) land use, (iii) geology, (iii) the easy access to boreholes
to avoid gaps in time scale, and (iv) budget. The selection of the data is based on its
use in groundwater modeling in the next steps of the research.

- For the investigation of the variations during the year, a minimum of two sampling
campaigns during the wet and dry period is suggested. Thus, the minimum period
for field data collection is at least one hydrological year.
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2.4. Statistical Analysis

Pearson correlation and principal component analysis (PCA)/factor analysis (FA)
were used to find inter-relationships among the chemical parameters of the groundwater
samples in the three basins. The PCA/FA was performed using R statistical software
(version 4.2.1; R Foundation for Statistical Computing, Vienna, Austria).

In recent years, PCA has been widely used in hydrogeological studies to address a
variety of environmental problems, including a comprehensive assessment of temporal and
spatial changes in groundwater quality [33,34]. PCA is a multivariate statistical analysis
method that depends on the orthogonal transformation to convert a set of observations
of possibly correlated variables [35]. This method is applied to transform the original
variables into new, uncorrelated variables (axes), which are linear compositions of the
primary variables. FA is similar to PCA in the calculation principle. This internal analysis
is the most widely used for its ability to directly obtain the common component number in
a complex sample [36]. FA uses a lower number of unobserved variables to explain more
complex relationships in the observed variables. In this study, PCA/FA was performed on
the normalized variables for 2021 and 2022.

The Kaiser–Meyer–Olkin measure (KMO) test was applied to assess the suitability of
the data for PCA/FA. According to the Kaiser [37] standard, the principle of eigenvalues
being >1 was used to determine the number of principal components. Furthermore, values
between 0.5 and 0.7 are mediocre, values from 0.7 to 0.8 are good, values between 0.8
and 0.9 are great, and values above 0.9 are superb. Values more than 0.5 signify a good
justification for running factor analysis.

During the statistical analysis, samples characterized by over-high concentrations
of a parameter were separated from the data base as they had a negative impact on the
varifactor’s separation. Thus, two sampling points characterized by salinization with
extremely high values of EC and Cl, around 8806–10,522 µS/cm and 2703–3195 mg/L,
respectively, were eliminated before PCA/FA calculation.
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3. Results
3.1. Basic Statistical Analysis

Basic statistical analysis was practiced as a first step to investigate the hydrochemical
conditions of the study areas. The basic statistics of the groundwater quality parameters
are summarized in Table S1. The geochemical evolution of groundwater can be recognized
by plotting the concentrations of major cations and anions in a Piper diagram [38]. On
average, the cation concentrations of groundwater in Eastern Thermaikos Gulf (TG) were
in the order Ca2+ > Mg2+ > Na+ > K+, and those of the anions were in the order HCO3

− >
Cl− > SO4

2− > NO3
−. In the other two areas, the order is almost similar: Ca2+ > Mg2+ >

Na+ for cations and HCO3
− > SO4

2− for anions (Figure 4). No significant variations are
noted during the wet and dry period of 2021–2022 in the Mouriki basin and TG.
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According to the chemical analysis, pH ranges from 5.9 to 7.9 in the Italian region,
while in Greek regions, it varies between 6.8 and 8.3. Higher concentrations of Ca appeared
in the Mouriki and Upper Volturno basins, with values ranging from 30 mg/L to 97 mg/L
and from 21 mg/L to 288 mg/L, respectively. The predominant cation in all the areas is
HCO3, fluctuating from 57% to 83% of the samples’ concentration. The concentrations
of Na and Cl in TG are up to 1365 mg/L and 3195 mg/L, respectively, highlighting the
seawater intrusion phenomenon in the coastal part of the area (Figure 5a).

The concentration of SO4 in the Mouriki basin ranges from 9 mg/L to 35 mg/L, with
an average value of 28 mg/L. In the same basin, the concentration of Fe ranges between
25 µg/L and 218 µg/L, with an average value of 117 µg/L, while Zn fluctuates from 5 µg/L
to 550 µg/L (Figure 5b). Both chemical elements are related to the fertilization of apple
trees, which cover a large extent of the basin. High concentrations of As occur mainly due
to the geological formations of TG [39,40]. Moreover, variations between the wet and dry
periods appeared in the concentrations of Fe and As in TG, as well as in Zn and Ni in the
Mouriki basin. The concentration of NO3

− in the Upper Volturno basin fluctuated from 0
to 128 mg/L (Figure 5c), with an average value of 27 mg/L.
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3.2. Pearson Correlation Analysis

The Pearson correlation coefficient is the most common method to measure the linear
relationship between pairs of variables and then identify the associations between param-
eters. The correlation matrix based on Pearson’s correlation coefficient was applied to
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display the relationships between 10 main variables (Figure 6). A positive correlation is
presented for the values close to +1, values approximately −1 indicate a strong negative
correlation, and equal to zero designate no correlation. In the Mouriki basin, the negative
weighting of K with all other components was observed, apart from pH, with a positive
but weak correlation (r = 0.19), possibly due to the dissolution of clay minerals. A high
positive correlation between Ca and SO4 (r = 0.95) indicates the presence of gypsum and
the thermal power plant of Amyntaio close to the NE part of the basin [41]. The presence
of carbonates can explain the strong correlation found for Ca, Mg, and HCO3 varying from
0.81 to 0.89.
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In the Eastern Thermaikos Gulf, the pH has a negative correlation with all variables
that can be explained by the pollutants released from industrial activities, which increases
the concentrations of the rest of the ions. The high positive correlations between EC and the
predominant ions (Na, K, Mg, Cl, SO4), with correlation coefficients higher than 0.9, indicate
that the progressively increasing EC values may be ascribed to these ions released by the
aquifer material as well as by seawater intrusion due to the high correlation between Na,
Cl, and EC. Another strong correlation appeared between NO3, Na, Cl, and SO4 (r = 0.89 in
all the cases), indicating the extensive use of N fertilizers in the area.

In the Upper Volturno basin, the dissolution of carbonate rocks is highlighted by the
high correlation of HCO3 with Ca (r = 0.98), Mg (r = 0.83), and EC (r = 0.92). A negative
correlation of NO3 with Na and Cl and a weak positive correlation with SO4 (r = 0.09)
indicates the low N loading from fertilizers. In addition, potassium sulfate (K2SO4) and
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potassium chloride (KCl) fertilizers are absent according to the negative correlation between
these components, with a range of values from −0.32 to −0.35. The correlation between Na
and Cl (r = 0.76) can be attributed to some non-natural processes, such as leachates derived
from the disposal of industrial waste septic tanks in rural areas and the use of manure.

In the third step of the proposed approach, ionic ratios were applied and plotted to
confirm the current results. Figure 7a,b shows that the main hydrochemical composition of
the sampling points in TG is evaporite rocks, while the samples from the Mouriki basin
ranged between the silicate rock and evaporite rock, occurring in the silicate rock area. The
samples from the Upper Volturno basin correspond mainly to carbonate rocks. The Na/Cl
molar ratio (Figure 7c) was applied to recognize the evaporation state of the groundwater
samples. Most groundwater samples plot in the freshwater evaporation line. Samples below
the line correspond to Cl dissolution conditions (mainly halite dissolution). The results
of the (Ca + Mg)/(HCO3 + SO4) ratio greater than unity further support the contribution
of silicate weathering toward a higher concentration of Na instead of halite dissolution
(Figure 7d). Additionally, climate conditions can affect the amount of evapotranspiration
in a basin. The current results agree with those of Ntona et al. [26], where the rate of
evapotranspiration in the Anthemountas basin is higher than in the other two basins. Since
the Na/Cl ratio is commonly greater than 1, the excess of Na over Cl suggests additional
contributions of Na from other sources. The (Ca + Mg)/Na scatter plot (Figure 7e) supports
the ion exchange process in all the areas except four samples in TG. A strong correlation
between NO3, SO4, and Na is observed in TG due to the excessive use of fertilizers in
contrast to the Mouriki basin (Figure 7f).
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(c) Na/Cl, (d) (Ca + Mg)/(HCO3 + SO4), (e) (Ca + Mg)/Na, and (f) NO3/SO4 with Na.

3.3. Multivariate Statistical Analysis (MSA)

Multivariate statistical techniques are a tool for analyzing and interpreting datasets
related to water quality and its temporal and spatial variations [42]. The multivariate
statistical analysis (MSA) was employed to investigate the primary factors influencing the
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quality of groundwater in three Mediterranean regions. PCA/FA was used to identify
potential pollution sources and their spatial distribution in the dry and wet periods of
2021–2022 and to evaluate the contribution of individual potential pollution sources. FA,
with PCA as the extraction procedure, was applied to the datasets of all the parameters.
Then, parameter commonalities were used to limit the number of variables that are sig-
nificant contributors to the final factor model [43]. The varifactors (VFs) were extracted,
including the variables EC, pH, NO3, NH4, Cl, SO4, Na, K, Mg, and Ca. The samples with
very high EC and Cl concentrations from TG had a negative impact on the varifactors
separation in the first run of PCA/FA; therefore, they were eliminated. The results of this
process are individually presented for each area for both sampling periods and one period
for the Italian region and are also compared with previously published research.

Data Structure Determination Using PCA and FA

PCA/FA analysis aims at data standardization and compares the composition patterns
between groundwater samples to determine the important factors that affect each sample.
The determined initial VFs in all the study areas are presented in Tables S2–S7, with their
eigenvalues and cumulative % of the variance for the 2021–2022 periods. Based on the
Kaiser Rule, in the samples of the Mouriki basin, the first two principal components were
obtained with eigenvalue > 1 in the datasets of 2021 and 2022. This summarized 71.25%
and 16.80% of the total variance in the 2021 groundwater quality datasets, respectively
(Table S2), while for the groundwater samples of 2022, the variance of the VFs is 61.24%
and 28.51%, respectively (Table S3). On the other hand, the samples from TG provide three
VFs of 45.77%, 26.86%, and 15.15% of the total variance for the period 2021 (Table S4). The
same number of VFs was obtained for samples in 2022, where an increase is observed in
the first VF (63.66%), as shown in Table S5. Three VFs were obtained also in the Italian
region of 49.07%, 20.56%, and 15.62% of the total variance for the period 2021 (Table S6).
The variance factor rotation loading matrix of the selected groundwater quality parameters
is presented in Table 2, where factor loadings > 0.75, 0.50–0.75, and 0.30–0.50 are considered
to be strong, moderate, and weak, respectively. The results of the KMO test are provided in
Table S7.

Table 2. Loadings of the selected groundwater quality parameters on varimax rotated factors in 2021
and 2022 sampling periods in the study areas.

Mouriki basin Thermaikos Gulf Volturno basin

2021 2022 2021 2022 2021

Parameters
Component Component Component Component Component

1 2 1 2 1 2 1 2 1 2 3

pH −0.040 −0.962 −0.882 0.268 −0.156 −0.910 −0.107 −0.990 −0.006 −0.093 0.867

EC 0.945 0.323 0.652 0.751 0.996 0.071 0.970 0.187 0.937 0.239 −0.006

HCO3
− 0.846 0.148 −0.276 0.925 −0.132 0.915 0.907 0.186 0.965 0.103 −0.202

Cl− 0.286 0.870 0.947 0.290 0.998 −0.018 0.978 0.109 0.448 0.848 −0.064

SO4
− 0.947 0.219 0.961 0.066 0.986 −0.029 0.976 0.082 0.063 0.581 0.696

SO4
− 0.685 0.657 0.961 0.066 0.915 −0.154 0.973 0.044 −0.493 −0.145 0.491

Na+ 0.375 0.767 0.826 0.393 0.988 0.044 0.954 0.155 −0.135 0.961 −0.033

K+ −0.804 −0.409 −0.458 −0.593 0.966 0.162 0.883 0.323 −0.865 0.007 −0.373

Ca2+ 0.982 0.149 −0.022 0.987 0.869 0.426 0.874 0.398 0.951 0.161 −0.114

Mg2+ 0.910 0.319 0.583 0.808 0.973 −0.035 0.892 0.041 0.890 −0.158 −0.075

Eigenvalue 7.13 1.68 6.12 2.85 7.49 1.87 8.21 1.03 4.9 2.06 1.56

In the framework of MSA, the PCA/FA method was also applied using the data
from all study areas. The results indicated that there might be a statistically significant
interrelationship between variables (chemical parameters), which rendered the PCA/FA
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valid. The KMO value was 0.69, and the statistical analysis provided only two VFs,
underestimating the contribution of the variables. Thus, in this case, the combination of
limited data from different areas cannot be successfully performed in the investigation for
the determination of the hydrogeological complexities in the basins/areas. In addition,
multi-statistical analysis with all 21 variables was avoided as the VFs could not be separated.
Therefore, in the cases of limited available data, a multi-statistical analysis of a maximum
of ten variables is suggested.

3.4. Identification of Varifactors

In the Mouriki basin for the dry period of 2021, VF1 was influencing the groundwater
quality, accounting for 71.25% of the total variance. Its eigenvalue was 7.13, and it had
strong and positive loadings on Na, Ca, Mg, K, SO4, HCO3, and EC. It showed moderately
positive loading on NO3. VF2, accounting for 16.80% of the total variance, had strong and
positive loadings on Cl, NO3, and Na and strong negative loadings on pH. In 2022, VF1
accounted for 61.24% of the total variance, its eigenvalue was 6.12, and it had strong and
positive loadings on Cl, SO4, NO3, Na, and EC, while strong negative loadings on pH. VF2
for the period 2022, accounting for 28.51% of the total variance with an eigenvalue of 2.85,
provided strong positive loading on HCO3, Ca, Mg, and EC. In Eastern Thermaikos Gulf,
VF1 accounted for 74.85% and showed strong positive loadings on all the variables except
pH and HCO3. VF2 accounted for 18.70% with strong negative and positive loadings
on pH and HCO3, respectively. The same results with few alterations appeared for the
samples of 2022, where strong negative loadings were noticed only on pH. For the Upper
Volturno basin, water samples were collected only during the dry period of 2021. VF1
accounted for 49.07% of the total variance with an eigenvalue of 4.9, and it had strong and
positive loadings on HCO3, Ca, Mg, and EC. VF2 had strong positive loadings on Cl and
Na, medium positive on SO4. VF3 had strong positive loadings on pH, medium on SO4,
and weak on NO3.

3.5. Groundwater Level Measurements

Long-period monitoring data of GWL measurements and rainfall data are provided
in Figure 6 for TG. Wet and dry periods are separated to provide a clear view of the
variations in each season over time. Two boreholes in the coastal (11 m above sea level)
and inland (85 m above sea level) areas of TG were chosen to demonstrate the variations
in the piezometric head from 2011 to 2022. The seasonal variation in the piezometric
head in the coastal borehole is approximately 4 m during the wet and dry periods of the
monitoring years (Figure 8a). On the other hand, minor GWL fluctuations are noted in
the inland borehole (Figure 8b), where the over-pumping limits the increase in GWL. In
addition, a significant decline in GWL is observed over time due to the over-pumping
in the coastal/agricultural areas. In both cases, the variation in rainfall during the years
affects the groundwater piezometry. In particular, the high values of 754 mm during 2014
contributed to the increase in the piezometric head.

In the Mouriki basin, the GWL data were used to provide the variations in the ground-
water depth during the years 2004 and 2022 (Figure 9). In TG, the variation in the piezomet-
ric head between the wet periods of 2011 and 2022 is provided in Figure 10, considering
previously published data. Figure 11 shows the GWL variation during the years 2006 and
2016 in the study area of the Upper Volturno basin. Groundwater depth in the Mouriki
basin varies from 0 m to 19.7 m during the wet periods of the monitoring years. Figure 8
depicts the negative variation in piezometric heads over 18 years in the Mouriki basin
based on the available GWL data.

The same trend is observed in TG over 11 years (Figure 8), where groundwater depth
varies from 0.4 m to 125.3 m based on the measurements in the spring period. In the
coastal area, the increase in the piezometric head is probably caused by the reduction in
pumping due to the high salinity of water. The opposite condition of negative piezometric
curves appears in the areas affected by agricultural activities, highlighting the results of the
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overexploitation during the years. Groundwater depth in the Upper Volturno basin varies
from 25.5 m to 149 m during the monitoring periods. The variation in GWL in porous
aquifers varies between −4.8 m and 8.1 m (Figure 9).
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4. Discussion

Adopting new approaches, namely critical sampling, was tested within this study.
This concept follows the current trend of global interest in research techniques to control
the dynamics of groundwater pollution [44]. The assessment of groundwater quality and
quantity variations is essential for groundwater management and protection [45]; however,
the creation of a large database and the application of different methodological approaches
make the analysis costly [46]. MSA of physicochemical parameters is suggested in the cur-
rent work as a low-cost technique to achieve a more accurate evaluation of pollution sources
based on judgmental sampling. This method was practiced in three different areas in the
Mediterranean region to test it in different hydrological and hydrogeological environments.
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Pearson correlation, PCA, and FA were conducted to analyze the relationship between the
variables and evaluate the factors (natural and anthropogenic) affecting hydrochemical
components. These methods have been widely used for such analysis around the world
to explore the relationship among water quality variables and optimize the monitoring
network and basin management [47–49].

MSA requires a larger number of samples to obtain higher reliability [50]. Nevertheless,
the results of the current work show that in cases where the hydrogeological characteristics
and pressures of the study areas are well known, fewer and more specific groundwater
samples could be collected for the investigation of the temporal groundwater variability.
More specifically, this research approach highlights the importance of comparison of full-
field hydrogeological studies.

According to the results, most of the samples are affected by a combination of factors.
For instance, cultivable lands in TG have a distance of a few meters from the coastline;
consequently, both seawater intrusion due to the over-pumping of groundwater and the
unregulated use of fertilizers affect the water quality. As expected, the results of the multi-
statistical analysis showed that the geological formations and livestock activities are the
main influences in the area. The selection of samples (even in low distribution compared to
the whole extent of the basin) illustrated the factors’ degree of influence. Thus, selecting
the most representative sampling points plays a vital role in the optimal determination of
groundwater quality status.

Positive and negative GWL variations are noted in all the study areas, while the
most significant variations are observed in the TG. In the last years, coastal urban and
agricultural zones have been the main study areas for climate-related ocean and sea level
changes, with significant impacts on groundwater resources. The causes of GW rise in the
coastal part of TG are not easy to identify with the current results. In a similar case, the
determination of the extent of sea level and groundwater rise interaction was investigated
by De Biase et al. [51] with numerical modeling.

According to Li et al. [52], the establishment of a monitoring network is of utmost
importance to investigate spatiotemporal variations in groundwater systems. This point
is confirmed by the current work, where the pressures in the study areas are validated
by Ntona et al. [26]. The critical sampling analysis provides a lower-cost approach with
the same results as other more expensive approaches due to a great deal of samples. The
results of the applied methodology are in agreement with previous studies [53,54], where a
larger amount of data was collected to depict the GW status of the areas. A reduction of
around 80% in the sampling points was chosen in the TG and Mouriki basin. Nevertheless,
even more detailed sampling methods are crucial in the first research steps in unexplored
areas. The framework of judgmental sampling was conducted based on the characteristics
of semi-arid areas of the Mediterranean region.

Based on our knowledge, the random and capture–recapture sampling methods have
not been applied for groundwater monitoring. Patently, the random method is character-
ized by a high percentage of errors. On the other hand, the capture–recapture method can
be applied in the field but increases the difficulty of the fieldwork due to the frequency of
the sampling collection and different sampling points in time. As concern the limitations of
this methodology, it should be noted that the effectiveness of this application can be pros-
perous and with low risks in cases where the study areas have already been investigated.
More details about the judgmental method can be found in Hannover [55]. Moreover,
the application of PCA/FA in different study areas with the same analysis approach does
not provide satisfactory results due to the limited points. Along these, a multi-statistical
analysis of a maximum of ten variables is suggested to avoid misinterpretations. The spatial
distribution of the water variables has limitations due to the long distance between the
monitoring points, so this approach is not recommended in cases where the spatial extent
of pollution is investigated. Combined qualitative and quantitative groundwater measure-
ments can eliminate the errors of the critical sampling approach by jointly analyzing the
hydrological and hydrogeological characteristics of the study area. Thus, the methodology
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with the optimum results is applied according to the data availability and critical thought
of the researchers. In the last decades, efforts have been made to create and enrich open
databases for widely available data and avoid repeated chemical analyses by different
agencies. In this way, the possible hazards of the current work could be minimized in
future approaches.

We strongly believe that the current results can play a vital role in the decision making
of stakeholders for groundwater management [56] and pollution control. This research
approach proves that valuable information about the variations in the main parameters of
groundwater can also be obtained by judgmental sampling approaches.

This research will support future studies and practices. In future works, forecasting
methods can be performed to explore predictive and normative scenarios. For instance, en-
vironmental scanning could generate the background information from which to forecast or
develop scenarios. Overall, this standard information can be used in a primary monitoring
stage, while in future steps, more detailed chemical analysis can be performed, including
BOD, COD, microbiological, and isotope analysis, depending on the needs of each research.
In addition, to specify the causes of positive GWL variations in the coastal part of TG,
future research is suggested for the investigation of the sea level and groundwater rise
interaction based on numerical modeling, including the MODFLOW model.

5. Conclusions

In the current work, an MSA approach was adopted based on a non-probability
sampling technique to identify the groundwater hydrochemical evolution in three Mediter-
ranean regions. The selection of the optimal groundwater monitoring technique in a study
area is related to the natural characteristics of groundwater, the pressures, the available
scientific data, and the financial budget. The judgmental sampling approach was applied
for the conceptualization of the hydrogeological regime, concluding the following:

(1) The judgmental sampling approach can contribute to a cost and time-effective ground-
water monitoring plan of a basin.

(2) The application of the judgemental sampling approach provides reliable results re-
garding groundwater evolution. This information is crucial for the optimal application
of water resource management and control techniques.

(3) The implementation of a judgemental sampling approach should be performed peri-
odically to minimize bias.

(4) The methodological approach applied within this study is flexible and can be modified
according to the specific characteristics of the site.

The results were verified by using PCA/FA and Pearson correlation analysis. The
selected groundwater samples highlight the quality of groundwater in three study areas,
the results of which are summarized below:

(1) No significant variations in the physicochemical parameters of groundwater samples
appeared between the two sampling periods.

(2) Variations between the wet and dry periods appeared in the concentrations of Fe and
As in Eastern Thermaikos Gulf as well as in Zn and Ni in the Mouriki basin.

(3) NO3 pollution occurs in all the areas except the Mouriki basin, where mainly Zn
fertilizers are applied.

(4) Salinization dominates as a pollution process in the coastal aquifer of Eastern Ther-
maikos Gulf.

(5) Groundwater quality decline has been observed in Eastern Thermaikos Gulf and
Mouriki basin over the years due to overexploitation for agricultural activities.

The data from groundwater level measurements collected in the field and from previ-
ous works highlight the following results:

(1) A significant decline in GWL is observed over time in Eastern Thermaikos Gulf due
to the over-pumping in the coastal/agricultural areas.
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(2) Negative and positive variations in GWL during the last decades appeared in all the
areas.

(3) Maximum recovery of GWL was noted in the Mouriki basin for the period 2014–2022.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/w15224018/s1, Table S1: Basic statistics of groundwater quality
parameters in the study areas; Table S2: Total Variance Explained in Mouriki basin (2021); Table S3:
Total Variance Explained in Mouriki basin (2022); Table S4: Total Variance Explained in Thermaikos
Gulf (2021); Table S5: Total Variance Explained in Thermaikos Gulf (2022); Table S6: Total Variance
Explained in Upper Volturno basin (2021); Table S7: The results of KMO test.
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