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Abstract

This study is the first attempt to characterize the quality status of El Fahs aquifer by combining graphical tools, multivariate
statistical techniques and traditional geostatistical methods. Water samples are collected from thirty-six observation wells
during April 2016 to characterize the physicochemical properties of the aquifer. Subsequently, these samples are partitioned
into three hydrochemically distinct water classes (i.e., C1, C2, and C3) using the K-means clustering method. Principal
Component Analysis is used to reduce the dimensionality of the dataset prior performing the clustering computations,
resulting in clusters of higher quality than the non-reduced case in terms of Silhouette coefficient. Piper diagram is used to
display the chemical composition of the samples, revealing the dominant role of Mg—Ca—ClI water type for all three classes,
whereas Sodium and Sulfate were found to be the second most important cations and anions respectively. Indicator krig-
ing (IK) is used to identify the probability of occurrence of the hydrochemical classes beyond the sampling locations. It is
found that Class 1, associated with fresh groundwater component, is most probable to occur at the central part of the plain,
mainly due to the presence of a dense hydrological network, whereas Classes 2 (agricultural activities) and 3 (dissolution
of evaporate geological formations) are expected to occur at the southern and northern regions respectively. IK also identi-
fied the regions associated with high levels of uncertainty, mostly occurring in a large portion of the northern area due to
the absence of available hydrochemical information. The results showed that integration of graphical methods, multivariate
statistical techniques and geostatistical modeling, is an efficient approach for characterizing the hydrochemical status of the
aquifer system, to spatially optimize the groundwater monitoring well networks and quantify the uncertainty levels of the
water classes in a systematic way.
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Introduction

Aquifer systems provide a significant portion of water for
human consumption, as well as agricultural and indus-
trial use. However, available water resources are limited
and diminishing due to human activities such as popula-
tion growth, urbanization, and improved living standards.
Groundwater quality is becoming increasingly concern-
ing and has been the subject of numerous studies in vari-
ous areas of Tunisia (Chekirbane et al. 2022; Aouiti et al.
2021; Houatmia et al. 2016). It represents a constant risk
to the availability of these water sources.

Currently, the water crisis is worsening due to the
unsustainable use of water resources and inadequate
sanitation. Consumption is accompanied by a decline in
the quality of these resources, usually associated with
overexploitation and aquifer pollution (Mastrocicco and
Colombani 2021; Eliades et al. 2023). This has become a
major topic in geochemistry, including the salinization of
groundwater, as various factors can contribute to the emer-
gence of excessive dissolved salts from different sources.
This issue is also observed in the El Fahs plain aquifer
system in the Zaghouan Governorate (northeast of Tuni-
sia), where water resources are of paramount importance
in satisfying irrigation and drinking water needs. The poor
quality and vulnerability of the water in this system cur-
rently poses problems for its use in agriculture and drink-
ing water supply.

Groundwater systems support a diversity of subsurface
microbiota and fauna, which are the major drivers of an
enormous number of (bio)geochemical processes (Han-
cock et al. 2005). Additionally, the groundwater chemical
status is known to play a vital role in many significant
ecological processes (Moore 1999). Therefore, it is essen-
tial to acquire a good understanding of the groundwater
processes that affect the hydrochemical state of the aqui-
fer, allowing the design of sustainable water strategies. To
achieve that, information regarding various properties of
the subsurface system is required.

Since the early 1920s, a plethora of graphical and mul-
tivariate statistical methods has been proposed to assist the
classification of water samples in terms of hydrochemi-
cal considerations. Most of the graphical methods are
designed to represent the relative proportions of certain
major ionic species (Hem 1989; Giiler et al. 2002; Piper
1944; Collins 1923; Stiff 1951; Schoeller 1962). Among
these methods, the Piper diagram (Piper 1944) is the most
commonly used graphical technique (Giiler et al. 2002),
displaying the major anions and cations on two separate
ternary diagrams, along with a central diamond-shaped
diagram that contains the projected values from the two
separate ones. Other graphical tools, for example Collins

@ Springer

(1923) pie and Stiff (1951) diagrams, generate single
graphs for each sample, thus being impractical to sort and
classify large datasets.

A major drawback of these methods is the use of a lim-
ited number of parameters, contrary to multivariate statis-
tical techniques that can utilize all the available datasets.
Multivariate statistical techniques are commonly used for
understanding the physicochemical status of water sam-
ples by identifying statistical associations among dissolved
constituents and environmental parameters (Drever 1997),
assisting in the interpretation of hydrochemical processes.
For example, clustering analysis is often used for classify-
ing water samples into hydrochemical groups according to
their similarity (Abu-alnaeem et al. 2018; Giiler et al. 2012;
Acikel and Ekmekci 2018). A clustering technique often
used in groundwater applications is the K-means algorithm
due to its simplicity, ease of implementation and computa-
tional efficiency (Giiler et al. 2002; Masoud 2014; Javadi
et al. 2017). Another popular multivariate approach is Prin-
cipal Component Analysis (PCA), which is proven to be an
effective tool for characterizing the status of aquifer systems,
to identifying major descriptors of groundwater processes
(Abu-alnaeem et al. 2018; Javadi et al. 2017) and reducing
the dimensionality of the available datasets prior perform-
ing clustering computations (Giiler et al. 2002). Guler et al.
(2002) compared different graphical and statistical multi-
variate techniques in terms of their ease of use and ability to
partition water samples into groups. They concluded that the
combination of both types of methods provides an efficient
methodology that retains its advantages while minimizing
the limitations of each approach.

Geostatistics is another branch of statistics that uses spa-
tial information to describe the spatial continuity of ground-
water systems, proven to be an effective tool in the charac-
terization of heterogeneities in such complex media (Issaks
and Srivastava 1989; Delfiner and Chiles 2012). It provides
a comprehensive framework for combining different types
of datasets to provide estimates of attributes/parameter val-
ues at unsampled locations, and for building local models
of spatial uncertainty. Kriging is a geostatistical interpola-
tion method that is extensively used in groundwater contami-
nation problems for mapping the spatio-temporal evolution
of groundwater quality parameters (Adhikary et al. 2011;
Yimit et al. 2011; Deepika et al. 2020).

There is an extensive number of studies in the literature
that use and/or combine these techniques to assess the status
of groundwater systems located in the Eastern Mediterra-
nean, Middle East, and North Africa (EMMENA) region
(M’nassri et al. 2019; Mejri et al. 2018; Hajji et al. 2021;
Makni et al. 2013; Benmarce et al. 2023; Panagiotou et al.
2023). For example, Benmarce et al. (2023) conducted
hydrochemical, statistical, and isotopic analyses to charac-
terize the hydrochemical status of groundwater systems in
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the Guelma Basin (North-Eastern Algeria). Principal Com-
ponent Analysis and correlation matrix revealed the strong
influence of water-rock interactions and various exchange
mechanisms on the mineral content, whereas the domi-
nant ions were found to be chloride, bicarbonate, calcium,
sodium and magnesium. The Schoeller, Berkalof, and Piper
diagrams were used to visualize the hydrochemical facies
of three groundwater systems in a graphical form. The pres-
ence of high concentration levels of magnesium and cal-
cium ions was associated with the dissolution of carbonate
minerals, which also contributed to the alkalinity status of
the groundwater system. A recent study conducted by Ncibi
et al. (2022) focused on the identification of the origins of
nitrate pollution in the Sidi Bouzid semi-arid basin (Tunisia)
via the integration of physical models (MODFLOW) and

multivariate statistical tools. Principal Component Analysis
was used to correlate nitrates with other dissolved species,
providing insights into the role of the groundwater pro-
cesses. MODFLOW and particle tracking predictions sug-
gested that groundwater recharge and abstraction from wells
as the main drivers of the groundwater evolution. M’nassri
et al. (2019) combined multivariate statistical tools with a
traditional geostatistical interpolation to estimate the spatial
heterogeneity of major ionic species that are present in a
shallow unconfined aquifer located in the Ouled Chamekh
plain in central-eastern Tunisia. The results of factor and
principal component analyses revealed that the deterioration
of the quality status is mainly attributed to natural processes,
such as rock weathering, whereas human-induced activities
are marginal, associated with artificial groundwater recharge
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«Fig. 2 a Geological map of El Fahs plain (from 1:500 000 scale) (Ali
et al. 1985), overlayed with the location of the cross-sections and b
land-use map of El Fahs plain aquifer

stemming from irrigation return flow. Multivariate statisti-
cal analyses have been also used by Hajji et al. (2021) to
decipher the role of natural and anthropogenic activities on
the groundwater quality of Sfax coastal aquifer, whereas
deterministic interpolation methods were used to map the
spatial extent of the seawater intrusion. Their results showed
that the groundwater processes are controlled either by rock-
water interactions or agricultural and domestic activities,
whereas spatial mapping of the seawater intrusion indicated
high salinity hazards for local communities.

The objective of this work is to assess the hydrochemical
status of El Fahs aquifer via the integration of different mul-
tivariate statistical techniques. To the authors' knowledge,
this study is the first attempt to integrate graphical tools,
multivariate statistical techniques and geostatistical inter-
polation methods to classify the quality status of El Fahs
aquifer in the presence of limited amount of groundwater
samples. In addition, the spatial variability of the uncer-
tainty levels of the classification results is quantified, pro-
viding insights for future research and assisting the regional
water authorities in the design of cost-effective monitoring
practices. PCA is used to reduce the dimensionality of the
sampling dataset prior performing the K-means clustering
algorithm, used to partition the dataset into similar hydro-
chemical groups. Additionally, a geostatistical interpola-
tion method that is often used in groundwater applications,
namely indicator kriging (Panagiotou et al. 2022; Bradai
et al. 2016; Makkawi 2014) is used to estimate the probabil-
ity of occurrence of the water classes beyond the sampling
locations.

Description of the study area
General settings

The El Fahs aquifer is located in the mean valley of Mili-
ane watershed in Zaghouan governorate and at a distance of
60 km in the south of Tunis (Fig. 1). The aquifer is located
in El Fahs plain, which covers an area of 619 km?. It is geo-
graphically bordered by geomorphological features formed
by Beni Kleb and Rouissat mountains as well as the wet-
land of Korzia (Sebkha) in the North, by Bouarada plain
and Mansour mountain in the west, by El Kef Lazreg and
Bent Saidane mountains in the South, and by El Fahs hills
in the East.

The plain is characterized by a semi-arid climate with
an average annual precipitation of 325 mm and an average
annual evapotranspiration of 1450 mm (INM 2022), which

highlights the hydrological deficit of the area. The landscape
is shaped by a well-developed hydrological network mainly
formed by Miliane wadi and its tributaries, wadi Kebir, wadi
Jarabiaa and wadi Boudhebbane (Fig. 1). The El Fahs aquifer
plays a vital role in the region’s water supply and socio-
economic development. It serves as a critical water source
for agriculture, supporting the irrigation needs of the fertile
plains in the surrounding regions. The aquifer’s water is used
to cultivate various crops, including cereals, vegetables, and
fruits, contributing to the country’s region productivity and
food security.

Geology and hydrogeology

The study area belongs to the Tunisian Atlas, which is char-
acterized by E-W and NW-SE grabens directed by a series
of NE-SW and E-W faults and the apparition of Triassic
outcrops (Belguith et al. 2011; Hachani et al. 2020). The
geological outcrops extend from the Triassic to the Quater-
nary (Fig. 2). Triassic formations are formed by sedimen-
tary rocks (e.g., gypsum, limestone and dolomite) and they
are outcropping NW of El Fahs city. It’s characterized by
an irregular stratigraphy due to the presence of salt diapirs.
Jurassic formations are composed of limestone and marls,
and they are located in the southwestern part of the plain in
Bent Saidane mountain. The cretaceous outcrops are mainly
surrounding the plain, and they are formed by limestone,
marly limestone, and marls. Marly and calcareous depos-
its of Paleocene and Eocene are found in the southwestern
part of the plain near Mansour Mountain. The Oligocene
outcrops which are formed by limestone and alternation of
marls and sandstone beds are mainly located in the west
and south of the plain. The Miocene and Pliocene which
are mainly composed of continental sediments of clays,
sandstone and conglomerate are outcropping in the north
and south-eastern part of the plain. The central part of the
plain is dominantly formed by Quaternary deposits which
are mainly formed by red silt, limestone crusts and alluvia
neighboring the wadis.

Considering the subsurface geology, previous investi-
gations reveal formations ranging from marl-limestone to
Upper Cretaceous marls, including limestone and clayey
limestone near El Fahs Bridge. Quaternary formations, such
as alluvium and terraces with pebble components, domi-
nate the plain, with scree slopes at mountain bases. Triassic
outcrops are visible at the northeastern (Mejri et al. 2018;
Hachani et al. 2020; Ferjani et al. 2020).

From a hydrogeological viewpoint, El Fahs plain hosts an
unconfined aquifer with around 60 m thickness, composed
by porous Mio-Plio-Quaternary deposits (Fig. 3). The pie-
zometric map shows a significant influence of topographic
conditions on the groundwater flow in the water table of
the phreatic aquifer (Fig. 4). The flow directions are mainly
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Fig.3 Synthetic hydro-strati-
graphic log (after Bajanik et al.
1977))

Fig.4 Piezometric map of El
Fahs aquifer in April 2016

converging toward the center of the plain and Sebkha Korzia,
which are considered as the aquifer outlets and where the
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piezometric contour is around 180 m. On the other hand, the
highlands surrounding the plain, with a piezometric contour
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Table 1 Descriptive statistics of the eight groundwater variables of the sampling dataset, and sub-samples belonging to the three water classes

obtained via PCA + K-means clustering analysis

Parameters Unit All samples (n=36) Class 1 (n=10) Class 2 (n=13) Class 3 (n=13)

Min* Median Max* Min* Median Max* Min* Median Max* Min* Median Max*
EC pS/cm 1.94 422 9.80 1.94 2.47 4.14 2.65 421 9.80 2.81 5.23 6.88
Cat mg/L 28.1 208 432 28.1 136 321 76.2 321 433 40.1 120 369
Mg2+ mg/L 139 764 1709 139 635 830 679 802 1116 321 790 1710
Nat mg/L 220 880 2535 220 819 2535 257 521 1818 401 950 1403
K+ mg/L 2.33 6.97 213 5.25 16.4 213 2.33 6.22 30.6 2.33 7.54 150
HCO; mg/L 115 272 500 115 240 300 195 250 315 235 325 500
CI~ mg/L 355 1118 4579 355 781 1207 781 1136 4579 816 1242 1917
soi— mg/L 236 763 1897 236 473 631 468 712 1109 1110 1336 1897

*Min: minimum, Max: maximum

Sample collection and analytical procedures

A field survey was carried out in El Fahs plain including
in-situ measurement of physicochemical parameters, as well
as surface water and groundwater sampling. All analyses
were carried out at the Laboratory of Georesources at the
Water Research and Technologies Center in Borj Cedria
Technopark, Tunisia. Field measurements were carried out
using portable instruments to assess parameters such as pH,
temperature and electrical conductivity (EC). These meas-
urements provided valuable insights into the water’s overall
condition and helped identify any potential anomalies that

may require further investigation. A total of 36 groundwater
samples were taken from shallow monitoring wells, rang-
ing from 20 to 25 m below the ground surface, mainly used
for irrigation water supply. Geographic coordinates were
recorded using a handheld GPS unit (Garmin ETrex 32X).
The representativeness of the taken samples was ensured
since their collection was only performed after sufficient
pumping time and stabilization of the EC. After that, the
filled polyethylene bottles with groundwater samples were
stored in an esky containing ice packs and transported to the
laboratory of Georesources in the Borj Cedria Technopark in
Tunisia where they were refrigerated at 4 °C until analysis.
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Fig.6 Spatial distribution of the groundwater parameters at the sampling locations

Bicarbonate (HCO3) concentrations were measured using

(h) Sulfate (mg/L)
Methodology

titration method with sulfuric acid. Major anion (CI~, SOZ‘)

and cations (Na*,Ca’*t,Mg?*,K") concentrations were
measured via atomic absorption spectrometry (PerkinElmer
Analyst 200) and ion liquid chromatography (IC 732) at the
Georesources Lab of the Water Research and Technologies

Center (CERTE, Tunisia).
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An overview of the statistical methodology adopted in this
study is given in Fig. 5. The R-4.3.2 open-source software,
together with R-Studio 2023.09.1 integrated development
software (IDE), were used for performing all statistical and

graphical computations.
The original dataset can be expressed as:
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Fig.7 Cumulative variance
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principal components
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Fig.8 Spatial distribution of water classes at well locations via
K-means clustering

x(u,) = {xp 0000} a=1,m, (1)

where u, denotes the spatial coordinates of the a-th sam-
pling location, n denotes the total number of sampling points
and p denotes the total number of hydrochemical parameters.
To contribute equally to the clustering analysis, all variables
were transformed to their z-scores so that their mean value
becomes zero and their standard deviation becomes equal
to one:

Xp = My X2 = Hy, Xp ~ ﬂxp
xz(ua): , e ,a=1,...,n,
o o o,
a

@

where the superscript * denotes z-score variables, whereas
u and o denote the mean and standard deviation of a hydro-
chemical parameter respectively. A Box-Cox transformation
is then applied to mitigate the impact of the outliers and
skewness during the clustering process:

Fig.9 Piper diagram showing the relative percentages of major
ions for each class

3
where 1 denotes the power coefficient, estimated using the
profile likelihood function via goodness-of-fit computations
(Box and Cox 1964).

The next step is to decorrelate the Box-Cox variables via
PCA, which is necessary to determine the number of major
principal components that will be selected to reduce the
dimensionality of the dataset. This is done by multiplying
them with eigenvector matrix V:

@ Springer
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Table 2 Average percentages

Cl 2+ 2+ + + Cl™ (% 2= HO? (%
values of the ions and cations ass Ca™ (%) Mg™ (%) Na™ (%) K™ (%) (%) SO; (%) 5 (%)
which are displayed in Piper 1 7.7 519 39.4 1.1 60.4 275 12.1
diagram

2 12.7 58 29.2 0.2 66.0 26.8 7.3

3 6.9 60.3 324 0.4 51.7 40.4 7.9

Table 3 Summary of fitting values for indicator variogram model of
each water class

Class Variogram model Nugget Sill Range (m)
Spherical 0.0 0.21 2880
Exponential 0.0 0.29 2576
Spherical 0.0 0.26 4442

P P
q(u,) = Zyi(ua)vi,l, s Zyi(ua)Vi,p ,a=1,...n.
I=1 I=1

a
“
Subsequently, a subset of the decorrelated dataset will be
chosen as input to the K-means clustering algorithm for the
classification of the water samples.

K-means clustering algorithm

K-means is one of the most commonly used clustering algo-
rithms (Mohammadrezapour et al. 2020), first introduced in
1967 by MacQueen (1967), to partition a dataset into dis-
tinct populations (hydrochemical groups in this study). The
assumptions of clustering algorithms, including K-means,
include homoscedasticity (equal variance) and normal dis-
tribution of the variables (Alther 1979). First, the dataset is
randomly distributed into a pre-selected number of groups
(clusters). Several metrics are commonly used to determine
the optimal number of clusters in terms of cluster quality

36.45°N- 4

36.45°N «
-

36.40°N- 36.40°N
36 36°N- 335N N
36.30°N 36.30°N.

9.75°E 9.80°E 9.85°E 9.90°E 9.95°E 10.00°E

(a) Class1

9.75°E 9.80°E 9.85°E 9.90°E 9.95°E 10.00°E

(b) Class 2

(Charrad et al. 2014), together with experts’ opinions, in
terms of hydrochemical considerations. Then, each each
data point iteratively moves among these clusters aiming
at: (a) minimizing the variability within the clusters and (b)
maximizing the variability among the clusters (Moham-
madrezapour et al. 2020). This is done through an itera-
tive process that aims to minimize the following objective
function:

o =3 3 ¢ v 5)

i=1 keA,

where c is the total number of clusters, A; is the set of data
points belonging to the i-th cluster and v(A,-) denotes the
average coordinates of the the i-th cluster (cluster centroid):

N N N
1 1 1 .
V(Ai) = {N;‘IU’N;Q2J’,-~,N;CIPJ,},l=l,...c,

i
(6)
where N is the number of data points belonging to a cluster.
Euclidean metric is used to estimate the distance (dissimilar-
ity), denoted byl|.||, between pairs of data points within the
variable space. The entire process is repeated multiple times
(25 in the present study), each time using randomly selected
initial cluster centers to reduce the dependence of the final
solution to the initial conditions.
Several metrics can be used to assess the quality of the
resulting clusters in terms of their cohesiveness and separa-
tion. The Silhouette coefficient (Rousseeuw 1987), ranging

Prob e
. 345N % .
075 075
050 0.50
36.40°N-
l 025 . 0.25
0.00 0.00
335N -
36.30°N"

9.75°E 9.80°E 9.85°E 9.90°E 9.95°E 10.00°E

(c) Class3

Fig. 10 Spatial distribution of the probability values for each water class via indicator kriging
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Fig. 11 Spatial distribution of a) the most probable water classes, b) maximum probability among water classes, and c¢) difference between two

most probable classes with the use of indicator kriging

from —1 (bad quality) to 1 (perfect quality), is a widely used
method to evaluate the degree of cohesion and separation
of the partitions, hence it is adopted in the present study. In
brief, for each data point, the average of the distances to all
other data points that belong in the same cluster is calculated
and stored, along with the minimum distance. These two
values are used to estimate the Silhouette coefficient. The
average of all the Silhouette coefficients is then calculated
to evaluate the quality of the resulting clusters.

Indicator kriging

The next step is to provide the basic equations for a kriging
variant, namely indicator kriging (IK), to identify the regions
of high probability of occurrence of the water classes. IK is
a non-parametric kriging variant since it does not aim at
predicting the actual attribute values but rather convert these
into binary data. The transformed dataset is then used to esti-
mate the cumulative distribution function of an attribute at
unknown locations, conditioned to the attribute values of the
neighboring sampling points. First, the indicator variable, 1,
is defined via the following equation:

S LZ(x) <y
I(xi’z’") N { 0, otherwise m=1,..M, N

where M refers to the total number of cut-offs and z,, denotes
the m-th cut-off value. The spatial association of the indi-
cator variables for each threshold value is quantified via
empirical semi-variograms, defined as:

N(h)
1
y,(h) = W ; [I(x,-;zk) —I(x; + h;zk)]z’ (8)

where /1 denotes the lag distance. To ensure the spatial con-
tinuity of the indicator variable, semi-definite functions are
used to model the empirical semi-variograms, which are
prerequisite of the kriging computations. Two widely used
variogram models, are considered in the present study: the
exponential:

s[l —exp(%)] +n, h<r,

®
s+n, h>r,
and the spherical one:
s%—l<ﬁ>3 +n, h<r
2r 2\ r = (10)

s+n, h>r,

where s, n and r denote the sill, nugget and range of the
variogram model respectively. The kriging estimator of the
indicator variable at a location x, is expressed as a linear
combination of the known indicator values / (xi;zk) atn
neighboring sampling locations x;:

Zik (%537) = Z Al (%i52¢) Z Ak = 1, (11)
i=1 i=1

where ;1 denotes the weighting coefficient assigned to
I (xi;zk), summing to one to ensure unbiasedness of the esti-
mated value. More details regarding the calculation of these
weights and the kriging equations can be found in relevant
works (Delfiner and Chiles 2012; Issaks and Srivastava
1989; Delbari et al. 2016; Goovaerts 1997). To represent
probabilities, the kriging estimations of the water classes
are normalized to ensure that their sum equals to one at each
grid cell.
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Results and discussion
Descriptive statistics

Table 1 shows the minimum, maximum and median values
for all groundwater quality parameters considered in this
study, whereas Fig. 6 shows their spatial distribution at the
sampling locations.

The lowest EC values are measured along a narrow
region that crosses the central part of the study area where
a major river network is present (Fig. 1), whereas an iso-
lated hot spot is observed close to the lagoon located at
the northern part of the study area. A strong spatial het-
erogeneity of Cl™ concentration values within the entire
study area is observed, with the maximum value being
present close to the lagoon, whereas the majority of the
high values are located at the central part of the domain.

The central-western part of the case site is characterized
by intermediate values of Mg?", except from an isolated
hot spot close to the western border. An isolated hot spot is
observed at the central region for Na* and K*, where both
parameters exhibit strong heterogeneity within the study
area. Regarding HCO7, high values are observed at the
eastern and western parts of the central region due to the
presence of Triassic formations composed of evaporites,
whereas the majority of the north-western part is associ-
ated with high SO}~ levels.

Classification of the groundwater samples
at sampling locations via K-means

Next, the sampling locations are partitioned into discrete
classes based on their (dis)similarity in terms of the hydro-
chemical dataset.

For all computations, parameters are standardized to
their z-scores (Eq. 2), and then normalized via Box-Cox
transformation (Eq. 3) prior entering the clustering pro-
cess. Twenty-seven quality indices are used to determine the
number of clusters with the use of Nbclust package from R
programming language, suggesting an optimal value of 3.
Therefore, the optimum number of classes were chosen to
be 3 for all clustering computations.

Principal Component Analysis was also used to reduce
the dimensionality of the transformed dataset due to the rela-
tively small number of sampling locations compared to the
number of variables. The results revealed that four major
principal components contain 82% of the total variance of
the sampling data (Fig. 7), which were used as input data
to the K-means clustering process.

Figure 8 shows the spatial variability of the three classes
at the well locations.

@ Springer

According to Table 1, Class 3 exhibits the highest median
value for HCOJ (325 mg/l). This class is dominant in the
western part of the study area where calcareous formations
are dominant near Mansour mountain are present (Fig. 3),
which can be attributed to the dissolution of carbonates.

Class 1 is characterized by the lowest EC values in
terms of median and maximum (Table 1). Most of the
wells belonging to this class are clustered within a thin
zone aligned along the SW-NE direction, located in the
central part of the study area. This class is associated with
the fresh groundwater component due to the presence of a
dense river network mainly Kebir wadi that is contributing
to aquifer recharge with low salinity water (Fig. 2).

Class 2 dominates almost all sampling points that are pre-
sent in the southern regions of the study area, except for two
isolated observations wells in the south-eastern parts where
Classes 1 and 3 are predicted. According to Table 1, this
class exhibits the highest concentration values in terms of
Calcium and Chloride, along with the relatively high Potas-
sium values with respect to standard values for agriculture
use (Smith et al. 2015). Subsequently, it can be associated
with the extensive use of fertilizers in agriculture areas
(Fig. 2b).

Piper diagram is also used to display the chemical com-
position of each cluster in terms of major anions and cati-
ons (Fig. 9), whereas Table 2 shows the average percentage
values of the ion species for each class (cluster centroids).

For all classes, it is observed that Magnesium and Chlo-
ride are the dominant cations and ions respectively, illus-
trated by the fact that Mg—Ca—Cl is the dominant type for
most samples. Among the three classes, Class 3 exhibits the
highest average values with respect to Magnesium (60%)
among the three classes, whereas Class 2 exhibits the highest
Chloride percentage values for Chloride (66%).

Piper diagram results, along with the spatial distri-
bution of sample classes, confirm that the groundwater
mineralization in El Fahs aquifer could be explained by
a natural process coming from rock-water interaction,
especially in the case of salinization (Class 3) which
is related to the presence of evaporate deposits (gyp-
sum and halite of the Triassic) in subsurface geological
materials in the eastern and western parts of the plain.
However, the mineralization of Class 2 samples could be
explained by an anthropogenic source, such as the irriga-
tion return flow, mainly in the south-eastern part of the
plain where chloride and nitrate concentrations exhibit
high concentrations.

K-means method is also applied to the original dataset
to assess the impact of dimensionality reduction on the
classification process. As before, the original dataset has
been subjected to z-score and Box-Cox transformations
prior to entering the clustering method. Compared to the
previous results, significant discrepancies are observed
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(see Fig. 12 in Appendix) in the southern part of the study
area due to the notable presence of Class 3, an observa-
tion however that is not supported by the local hydrogeo-
logical information. Additionally, the Silhouette score for
the clusters generated via the PCA-reduced dataset was
found to be 0.23, revealing an improvement of the cluster
quality compared to the non-reduced case (S =10.20).

Spatial distribution of the water classes
beyond the sampling locations

IK is applied to identify regions of high probability of occur-
rence for the water classes based on the classification of
the PCA-reduced dataset via K-means clustering. Table 3
provides details of the best-fit parameters of the indicator
variogram model for each water class.

Different numbers of neighboring data points are consid-
ered during the interpolation process to decide the spatial
extent of the search neighborhood. Comparing the leave-
one-out cross-validation errors, a minimum of 10 and a
maximum of 26 nearby samples are adopted for all classes.
Figure 10 shows the spatial variability of the probabilities
for each water class to occur beyond the sampling locations.
Regions of high probability for Class 1 to occur are identi-
fied along a narrow region in the central part of the study
area, which coincides with a major branch of the hydro-
logical network. Additionally, a large-scale coherent region
exists close to the northern border, whereas a small section
is also present southwards. Class 2 is expected to be domi-
nant in the study area's southern regions, whereas low prob-
abilities are predicted in almost the entire northern part of
the study area. Regarding Class 3, it is most likely to occur
in the eastern and western regions of the domain, where
evaporate geological formations (Triassic age) are present.

Figure 11 reveals the spatial pattern of the maximum
probabilities’ values, along with their confusion levels,
allowing the identification of regions of high and low uncer-
tainty for classes to occur. The level of confusion is esti-
mated by:

Conf(ui) =1 —APmaX(ui),iz 1,....N, (12)

c

where N, denotes the total number of grid cells and AP,
denotes the difference between the probabilities of the two
most probable classes at the location of the i-th grid cell,
leading to almost identical spatial patterns with the maxi-
mum probabilities.

Classes 1 (C1) and 3 (C3) are more probable than Class 2
(C2) to occur in most of the northern region, whereas Class
1 is expected to be present in the eastern region, close to the
lagoon. However, high levels of uncertainty are observed in
a large portion of the northern-eastern area, attributed to the
lack of sampling data in that region. Class 2 is expected to

be dominant in the southern part, which is characterized by
low levels of uncertainty, except for some sporadic regions
in the eastern part where Classes 1 and 3 are most probable
to occur.

These results are in accordance with the overall hydro-
geological regime, as we expect the class associated with
the fresh groundwater component (C1) to be located along
major branches of the hydrological network. Also, the pres-
ence of Class 3 in the eastern and western parts is justified
by the presence of high bicarbonate concentrations, attrib-
uted to the dissolution of carbonate due to the evaporate
formations.

Summary and conclusions

Characterizing and diagnosing the condition of ground-
water environments is a very challenging task due to their
complexity in terms of hydrogeology, geology and land-use
practices. El Fahs plain aquifer lies in an economically and
ecologically important area, suffering from overexploitation
of wells that are not optimally managed. The present study
is the first attempt to investigate the hydrochemical state of
El Fahs aquifer via the integration of graphical methods,
multivariate statistical techniques and geostatistical mod-
eling. Groundwater samples were collected from thirty-six
observation wells, and eight physicochemical properties
were analyzed in a single campaign during April 2016. The
groundwater data were subjected to z-score and Box-Cox
transformation, whereas Principal Component Analysis
was used to reduce the dimensionality of the dataset before
applying the cluster computations. A popular clustering
approach, called K-means, is then used to partition the
observation wells into groups based on their hydrochemical
(dis)similarities.

The clustering results are shown to be consistent with the
land-use and hydrogeological historic data of the study area,
revealing the dominant presence of Class 2 at the eastern and
western parts of the domain, which is related to high HCOJ
concentrations due to the rock—water interaction and the
resulting dissolution of the evaporitic formations. A Piper
diagram is constructed to display the relative proportions of
the ionic species for the three water classes, revealing that
Mg—Ca-Cl is the dominant type for most of the samples.
K-means computations are also applied to the non-reduced
dataset, resulting in a deterioration of the cluster quality
compared to the PCA-reduced case in terms of the Silhou-
ette coefficient.

Indicator kriging is also used to estimate the probability
of occurrence of the water classes beyond the sampling loca-
tions. Class 1 is expected to occur in regions where dense
river networks are present, especially in the central part of
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Fig. 12 Spatial distribution of the water classes at the sampling loca-
tions via K-means with the use of the non-reduced dataset

the study area. Class 2 is expected to dominate the south-
ern part, which is characterized by low confusion levels,
whereas Class 1 and, especially, Class 3 are more probable
to occur in the northern regions. However, a significant por-
tion of the northern region is characterized by high levels of
uncertainty due to the lack of a sampling network. Neverthe-
less, the ability of the integrated method to identify regions
of high probability of occurrence for the water classes while
quantifying the levels of uncertainty based on the spatial
pattern of the hydrochemical parameters, could be used by
the local policymakers to design/revise their water policies.

Appendix

Figure 12 shows the spatial variability of the water classes
generated by applying K-means on the complete dataset,
mentioned in Sect. "Classification of the groundwater sam-
ples at sampling locations via K-means".
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