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Abstract

Groundwater is considered as an imperative component of the accessible water assets across the world. Due to urbanization,
industrialization and intensive farming practices, the groundwater resources have been exposed to large-scale depletion
and quality degradation. The prime objective of this study was to evaluate the groundwater quality for drinking purposes
in Mewat district of Haryana, India. For this purpose, twenty-five groundwater samples were collected from hand pumps
and tube wells spread over the entire district. Samples were analyzed for pH, electrical conductivity (EC), total dissolved
solids (TDS), total hardness (TH), turbidity, total alkalinity (TA), cations and anions in the laboratory using the standard
methods. Two different water quality indices (weighted arithmetic water quality index and entropy weighted water quality
index) were computed to characterize the groundwater quality of the study area. Ordinary Kriging technique was applied to
generate spatial distribution map of the WQIs. Four semivariogram models, i.e. circular, spherical, exponential and Gaussian
were used and found to be the best fit for analyzing the spatial variability in terms of weighted arithmetic index (GWQI) and
entropy weighted water quality index (EWQI). Hierarchical cluster analysis (HCA), principal component analysis (PCA)
and discriminant analysis (DA) were applied to provide additional scientific insights into the information content of the
groundwater quality data available for this study. The interpretation of WQI analysis based on GWQI and EWQI reveals
that 64% of the samples belong to the “poor” to “very poor” bracket. The result for the semivariogram modeling also shows
that Gaussian model obtains the best fit for both EWQI and GWQI dataset. HCA classified 25 sampling locations into three
main clusters of similar groundwater characteristics. DA validated these clusters and identified a total of three significant
variables (pH, EC and Cl) by adopting stepwise method. The application of PCA resulted in three factors explaining 69.81%
of the total variance. These factors reveal how processes like rock water interaction, urban waste discharge and mineral dis-
solution affect the groundwater quality.
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Introduction

Groundwater is a critical freshwater resource for billions
of habitants around the world. Its quality and quantity,
however, have progressively deteriorated as a result of its
intensified anthropogenic exploitation. In light of global
changes including meteoric growth of population, unplanned
urbanization, industrialization, redundant use of agricultural
chemicals and climate change, the groundwater extraction
has steadily increased from 312 km?/year in the 1960s to
743 km3/year in 2000 (Wada et al. 2010; Joarder et al. 2008).
During this time frame, the rate of global groundwater loss
has increased mostly due to rises in India (23%), China
(102%) and USA (31%) (Dalin et al. 2017). Thus, exces-
sive use of groundwater is not only leading to sharp falls in
water tables, but also threatening the quality of groundwater
resources in many regions across the world.

The quality of groundwater is an essential, critical and
equally important factor, as its quantity because it plays
a significant role in determining its adequacy for domes-
tic, agricultural and industrial activities. The subsurface
hydrogeochemical processes, anthropogenic activities, soil
characteristics, seasonal variation, climatic conditions and
groundwater recharge are the major factors that influence
groundwater quality (Naz et al. 2016; Zhou et al. 2013).
In recent years, the deterioration in groundwater quality
has increased dramatically due to lack of control over the
release of landfill leachate, poor management and other
anthropogenic activities causing serious threats to human
health (Yadav et al. 2018; Egbueri et al. 2021). A plethora of
studies have assessed the groundwater quality by consider-
ing various state-of-the-art techniques for different regions
across the world. However, most of these techniques have
primarily been based on single-parameter assessments, in
which governing factors were discretely evaluated and the
water quality was largely influenced by the most impaired
factor (Sener et al. 2017). Therefore, there is a growing need
for techniques which allow better interpretation of water
quality in order to ensure effective quality control and man-
agement. WQI is generally considered as a reasonable tech-
nique which has received high attention from researchers
due to its flexibility, adaptability and statistical simplicity to
monitor the groundwater quality. The technique helps inter-
pretation of complex water quality data into simple terms
(Sadat-Noori et al. 2014).

A number of researchers have proved the effectiveness of
WQI in evaluating water quality for different regions across
the world (Machiwal et al. 2018; Duraisamy et al. 2019;
Liu et al. 2017). As an example, WQI was developed to
study the suitability of groundwater for drinking and agri-
cultural purposes in Malaysia (Harun et al. 2021). From the
obtained results, it was concluded that the developed WQI
was effective in providing information on the degree of
purity and pollution of water in the region. In similar work,
an integrated water quality index IWQI) was developed for
evaluating and mapping groundwater quality in Maharash-
tra, India (Mukate et al. 2019). It was observed that IWQI
provided acceptable results for groundwater quality evalu-
ation and may serve as an efficient tool for managing water
quality-based health risks.

Conventional methods of groundwater quality assessment
have certain limitations in terms of ease of interpretation
and depiction of spatio-temporal trends of groundwater.
To overcome this problem, numerous water quality indices
have been developed and reported in the literature for map-
ping and evaluating the groundwater quality. For instance,
spatio-temporal analysis of the ground water quality in West
Bank, Palestine was performed using weighted water quality
indices (Judeh et al. 2021). The results of the study indicated
that GIS-based water quality index efficiently manages and
monitors the trend of changes occurring in the groundwater
quality of the region. Similarly, for evaluating the potability
of groundwater, a novel GWQI was proposed in order to
assess the groundwater quality of Goplaganj district, Bang-
ladesh. WQI-based thematic maps providing spatial vari-
ation of ground water quality in reference to potential and
vulnerability were generated. It was reported that the spatial
distribution of GWQI is a promising technique for gaining
good knowledge of groundwater quality conditions within
the study area.

The present area under study, located in the Mewat dis-
trict, is a rural tract, and groundwater remains the primary
source of water supply for drinking and agricultural activi-
ties. Although a limited number of studies have tried to
assess the quality of groundwater in Mewat, e.g. (Mehra
et al. 2016; Doley and Sivasami 2003; Sharma 2014), no
single research exists which has presented an integrated
methodology based on water quality indices, multivari-
ate statistics and geostatistical analysis to characterize
the groundwater quality of this region. Thus, there is a
research gap in this regard, and more discussion is needed
for improved understanding of the degree and sources of
groundwater contamination.

Considering all these aspects, a thorough study has been
conducted using chemometric data mining techniques (prin-
cipal component analysis, hierarchical component analysis
and discriminant analysis) and geostatistics to elicit the dom-
inant processes influencing the groundwater quality and also
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show its diversity in spatial extents. Moreover, a couple of
water quality indices (GWQI and EWQI) were applied to
characterize the groundwater quality with greater precision
and provide a general view of its status in the region for
drinking purpose.

Materials and method
Study area

Mewat district (Haryana) is geographically located between
27°39' to 28°20’ N and 76°51" to 77°20" E. The district cov-
ers a total geographical area of 1859.61 km? and is located
at a height of 199.49 m above the sea level (Fig. 1). Semi-
arid, tropical steppe type hot climatic conditions exist in the
district characterized by the extreme dryness of air except
during the monsoon months. The mean maximum tempera-
ture during the summers is 40 °C, and the mean minimum
during the winters is 5.1 °C. The average precipitation in

the district (mm/year) is recorded as 594 mm, a significant
fraction of which is observed during the course of mon-
soon season (July—September). The district has an undulat-
ing topography with sporadic ridges and hillocks forming a
semi circle towards the west, south and east of the Punhana
village. The region has a net annual groundwater avail-
ability of 21,623Ha-m accompanied by a critical average
level of groundwater development of 67%. A high variation
in groundwater depth is observed, and the average depth
to groundwater table ranges from 4.02+2.75 m (1975) to
10.45+7.55 m (2007) (Mehra et al. 2016).

Sampling and analysis

Groundwater samples were procured from twenty-five dif-
ferent sites from both hand pumps and tube wells in the
month of June (2018), located in Mewat district, Haryana
(Fig. 1). The samples were taken after running the water
for about 4-6 min in sterilized plastic containers of 1000-
ml capacity. These samples had been preserved in airtight
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Fig. 1 Map of the study area with twenty-five sampling site locations
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ice-cold chests and sent to the testing facility for detailed
analysis of various physicochemical parameters using the
standard methods (APHA 2005; Egbueri 2020a). Hydro-
gen ion concentration (pH), total dissolved solids (TDS),
electrical conductivity (EC) and turbidity at 25 °C were
analyzed in situ using a handheld digital pH/EC/TDS/tur-
bidity meter (HannaHI-9829) respectively. Total hardness
(TH), total alkalinity (TA), C1~, Ca>*, Mg**, SO,>~ were all
measured following the standard procedures in the labora-
tory. These parameters were considered based on the expert
opinion, data availability and their importance in affecting
the groundwater quality. Previous studies have also con-
sidered these water quality parameters for examining the
groundwater quality trends for different regions across the
world (Alfaifi et al. 2020; Solangi et al. 2019; Sengani and
Zvarivadza 2018). For the chemical analysis, all reagents
utilized were of analytical grade. Double distilled water was
used throughout the laboratory testing. The overall quality of
sampled groundwater was analyzed using the water quality
indices. Two types of indices were developed for this task,
i.e. the weighted arithmetic index and the entropy weighted
water quality index. MATLAB 9.5 (Mathworks, R2018b)
was utilized to compute the water quality indices using
the function command. Moreover, ArcGIS 10.1 was used
to create and digitize the base map using survey of India

Fig.2 Methodology flowchart
for the present study to deline-
ate groundwater quality for
drinking purpose

topographic sheet (Fig. 1). A number of operations such as
data management and editing from the ArcToolbox module
were applied. The spatial analyst tool from the toolbox mod-
ule was used to perform the Kriging technique for generat-
ing interpolated maps. The multivariate statistical techniques
(DA and PCA) were executed using the IBM SPSS 23, and
the HCA was performed in R using the nbCLust package (R
Development Core Team 2007).

Methodology

The broad methodological flowchart depicting the various
steps involved in groundwater quality evaluation for drinking
is shown in Fig. 2. The methodological details for ground-
water quality modeling, groundwater assessment mapping
and statistical analysis along with their outcomes have been
presented in the flow chart.

Ground water potential modeling

The groundwater quality for this study was modeled
using two effective techniques, i.e. weighted arithmetic
index approach and the entropy-based water quality index
approach. Both of these approaches have been discussed in
the following sections.

Groundwater Assessment
for
Drinking

Y

Groundwater sample
collection

Groundwater quality

modeling
Entropy
based inde.
Weighted
index

Kriging

Groundwater quality

A

Groundwater Quality
Analysis

Physicochemical
Characterization

\

A4

maps

» and
Discussion standards

A
Result Comparison with
-

@ Springer



26864

Environmental Science and Pollution Research (2022) 29:26860-26876

Groundwater quality index

The WQI is a dimensionless scale that communicates infor-
mation on water quality in an enormously easier, lucid and
consistent form (Adak et al. 2001; Gupta et al. 2003; Nazir
et al. 2016; Mgbenu and Egbueri 2019). For this study,
weighted arithmetic index approach has been adopted to
perform the quantitative assessments of water quality. To
compute the WQI, ten key water quality parameters such
as pH, electrical conductivity (EC), total dissolved sol-
ids (TDS), chloride, total alkalinity (TA), total hardness
(TH), Ca**, Mg?*, SO,*~ and turbidity are taken into con-
sideration. The generic equation for computing GWQI is
described as

WOl = ) wig, 1)
i=1

where,

WQI represents a numeric value between 0 and 100; g;
is the water quality score of the i water quality parameter,
w; is the unit weight of the i/ water quality parameter, n
represents parameter count.

The quality score g; is computed using the following
relation:

q;, = [(Vi—v*)/(vs—v*)]IOO 2)

where,

v; and v, are the true and the ideal values of the i param-
eter, mostly v, =0, but for certain parameters like pH (v.=7)
and DO (v.=14.6mg/l). v, denotes the standard permissible
value for the i parameter. The unit weight w; is worked out
with the equation:

w=*/, ©)

where,
k represents the proportionality constant.
The suitability of water quality criteria according to

Entropy-based water quality index

Shannon (1948) originally defined the field of information
theory and presented two prime features of this theory in the
form of amount of information and Shannon information
entropy. In order to calculate EWQI, the following procedure
based on Shannon information entropy has been adopted
(Amiri et al. 2014; Egbueri et al. 2020). In the initial stage,
the entropy weight of each parameter is computed through
the following steps:

Let the number of water samples be “s” (i= 1,2,3,4...5)
and the number of hydrochemical variables be “p” (j=1, 2,
3,4...,p).

Subsequently, the Eigen value matrix X can be generated
using Eq. 4:

x“ xlz e .xl

p
Xop Xopy ev. X
21 %22 2

X=4q"7 7.7 4)
Xs1 Xso 0 Xsp

A normalized matrix, Y, is created by applying a normal-
izing function to eigen value matrix, X, in order to eliminate
the impact of various units and dimensions of water quality
variables. The normalized matrix Y is developed as shown
below:

Yir Yiz - Yip
y=qRR )
Ys1 Ysa 0 Ysp

The index’s effectiveness of risk for parameter j in the
sample number i is determined using Eq. 6:
Yij
! 2?:1 Yij ©)

The expression used for estimating information entropy
(e)) is as follows:

s

1

GWQI has been encapsulated in Table 1 below. 6=~ P;InP;. %)
ns
i=1
Table 1 Qua?ity WQI range Water quality Percent of sam-  Remarks
characterization of samples ples
based on GWQI (Alam et al. i
2012; Ramakrishnaiah et al. <50 Excellent water 28 Beneficial for health and well-being
2009; Ukah et al. 2020) 50-100 Good water 8 Acceptable for potable use
100-200 Poor water 40 Impure and quality unacceptable
200-300 Very poor water 24 Treatment prior to use
>300 Water unsuitable for drink- 0 Needs too much attention

ing purposes
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An inferior value of entropy signifies a greater impact of j
index. The entropy weight (w;) for the variable j is computed
using Eq. 8.

-y

w=— 8
! 211'3:1 (1 _ej) ®

In the next phase, the qualitative ranking criteria (Q)) is
determined for every variable using the following equation

(Eq. 9):

C;
0= 5 % 100 )
j

C; is the concentration of 7™ parameter in mg/1, and S ; 1s the
Indian standards for groundwater quality in mg/1.

The final phase involves computation of EWQI and is
given by the following relation:

P
EWQI = )" w0, (10)
j=1

Based on EWQI, the groundwater quality is characterized
into five classes as shown in Table 2.

Hierarchical cluster analysis

Hierarchical cluster analysis (HCA) is a robust data min-
ing technique capable of pattern recognition within homo-
geneous groups or clusters of cases (variables) (Egbueri
2020b). The fundamental concept that drives this tech-
nique is to form a binary data tree that successively merges
similar group of points. The emerging groups of points
should then display strong intra-cluster homogeneity and
a strong inter-cluster heterogeneity (Kazi et al. 2009;
Egbueri 2021). These techniques are applied to develop
and merge homogeneous group of water samples into sig-
nificant clusters and ascertain spatial similarity and loca-
tion clustering within the sampling stations. Moreover, the

Table2 Quality characterization of groundwater based on EWQI
(Jianhua et al. 2011)

EWQI Rank Water quality Percent
of sam-
ples

<50 1 Excellent -

50-100 2 Good -

100-150 3 Medium 36

150-200 4 Poor 36

>200 5 Extremely poor 28

clustering is accomplished using Ward’s linkage criterion,
and the results are illustrated in the form of a 2-D plot
called dendrogram.

Principal component analysis

Principal component analysis (PCA) is an exploratory
data analysis technique that is often used to reduce high-
dimensional data into a lower dimensional data. The origi-
nal data set, having many correlated variables, can often
be interpreted in just a few uncorrelated variables (axes),
known as principal components (PC). These variables are
linearly independent (orthogonal) and are a product of
original correlated variables with the eigenvectors, which
are lists of coefficients (called weightings). The PCs are
produced in a sequential array of elements with reduc-
ing contribution to the overall variability, i.e. the first PC
describes the highest fraction of variance in the dataset,
and successive PCs describe the remaining fraction of
variance.

Discriminant analysis

Discriminant analysis (DA) is a regression-based statis-
tical technique that is used to estimate the relationship
between several numerical independent variables (also
known as discriminatory variables) and a single nomi-
nal dependent variable, such as membership in one or
two groups. The prime objective of the analysis is to
develop discriminant functions that are nothing but lin-
ear combination of discriminatory variables which allow
discrimination between the categories of the dependent
variable in an optimal manner. These weighted linear
combinations are referred to as canonical functions. The
first canonical function describes the specific linear com-
bination of variables that maximizes the ratio of among
group to within group variance in any single dimension.
It generates a discriminant function for each group as
follows:

n
F(Dy) =P+ 3wy X py (an
k=1
where j is the number of groups (D), P; is a constant inher-
ent to each group, n is the number of parameters used to
classify a dataset into a given group, wy is the weight coef-

ficient assigned by DA to given parameters (p;) ( Singh et al.
2004).
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Results and discussion
Physicochemical characterization of groundwater

The descriptive statistics of the data for all the 10 phys-
icochemical parameters considered for the groundwater
samples and their corresponding permissible limits have
been shown in Table 3 and as box plot in Fig. 3. The pH

value for our investigation ranges from 6.0 to 8.6 with an
average value of 6.77 signifying the slightly acidic nature
of the groundwater. In majority of the sites, the pH was
within the permissible limit for drinking as specified by
WHO (6.5-8.5) apart from the site 23 (8.6).

The electrical conductivity (EC) in the study region
exhibits large variations, and its value ranges from 695
to 3900 ps/cm with an average value of 1376 ps/cm. Ele-
vated level of EC in groundwater may be a sign of water

Table 3 Statistical summary of groundwater quality data (n=25) and comparison with BIS and WHO standards

Parameters Mean Median SE SD Kurtosis Skewness Range BIS (2012) WHO (2011)
TA (mg/l) 517.04 519 31.65 158.26 2.60 -0.23 800 200 -
TH (mg/l) 509.40 430 45.52 227.61 2.21 1.48 950 200 100
EC (ps/cm) 1357.48 980 169 845.43 342 1.91 3205 - -
pH 6.77 6.50 0.14 0.72 1.08 1.26 2.6 6.5-8.5 7-8
Cl™ (mg/l) 705.20 550 95.28 476.40 3.38 1.95 1841 250 250
SO42’ (mg/1) 461.50 450 45.52 227.60 3.54 1.35 1100 200 250
Turbidity (NTU) 9.20 10 1.44 7.19 -1.28 —0.002 21 1 0
TDS (mg/l) 522.76 505 31.61 158.03 -0.99 0.14 563 500 1000
Ca”* (mg/l) 84.52 56 17.60 88.00 6.36 2.41 386 75 75
Mg?* (mg/l) 78.08 75 8.19 40.95 5.21 1.94 190 30 30
SD standard deviation, SE standard error, WHO World Health Organization, BIS Bureau of Indian Standards
Parameter Parameter Parameter
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Fig. 3 Box plots for the groundwater quality parameters C1-, SO,*,
Mg?*, Ca®*, turbidity, total alkalinity (TA), total dissolved solids
(TDS), total hardness (TH), electrical conductivity (EC). Units of
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circulation, surface infiltration and cation exchanges. On
the basis of electrical conductance, groundwater could be
ranked into four classes; low conductivity class (EC<500
ps cm™!), medium conductivity class I (EC: 500-1000 ps/
cm), medium conductivity class IT (EC: 1000-3000 ps/cm)
and high conductivity class (EC>3000 ps/cm) (Sarma and
Swamy 1981). Based on this categorization of EC, 56% of
the samples represent Medium class I, 36% of the samples
represent Medium class II and rest 8% of the samples relate
to high class category. The TDS of the groundwater ranges
from 237 to 800 mg/1 with an average value of 522.76 mg/l.
Water with a TDS concentration below 1000 mg/1 is cat-
egorized as fresh; 1000-10,000 mg/1 as slightly brackish;
10,000-100,000 mg/1 as brackish and more than 100,000
mg/l as brine (Todd 1980). All the samples belong to the
freshwater category as per the aforementioned classification.

Total hardness (TH) of the samples varied from 250 to
1200 mg/l with a mean value of 509.4 mg/l. As per the clas-
sification of TH reported by Sawyer and McCarty (1978),
88% of the samples are categorized as very hard with TH
above 300 mg/l, and remaining 12% represent the hard cate-
gory with TH ranging between 150 and 300 mg/1. Our results
are also consistent with those of the study on the Yinchuan
Plain, China, which reported similar variation of TH among
the analyzed water samples (Liu et al. 2020). Total hardness
(TH) of water has no adverse effects on human health, but
consumption of hard to very hard water for long periods may
induce a high rate of occurrence of urolithiasis, anencephaly,
parental mortality, cardiovascular disorders and even cancer
in some cases (Durvey et al. 1991).

The chloride concentration of the samples varied from
259 to 2100 mg/1 with a mean value of 705.28 mg/l, which
indicates pollution and groundwater contamination. All the
groundwater samples exhibit chloride concentration greater
than the acceptable limit of 250 mg/1 (BIS 2012). A similar
trend of high chloride concentrations was also reported by
El baba et al. (2020) for the groundwater samples of Gaza
Strip, Palestine. Chloride in excessive amounts imparts a
salty taste to water and increases its corrosivity, and expo-
sure to high chloride levels may cause a laxative effect on
humans (Pius et al. 2012; Sadat-Noori et al. 2014).

The minimum and maximum value for SO,>~ were meas-
ured as 100 and 1200 mg/l with a mean value of 461.56
mg/l, in excess of the limits specified by Bureau of Indian
Standard (BIS) 10500 ( 2012) of 200 mg/l. Increase in
SO,*" concentration may be linked to agriculture runoff as
the study area has intense agriculture-driven activity. High
sulfate concentration in groundwater leads to gastrointestinal
irritation and develops a purgative effect on humans (CPCB
2008). Calcium and magnesium levels of the samples vary
from 14 to 400 mg/l and 30 to 220 mg/l. The maximum
acceptable and permissible limits of Ca>* and Mg?" as pre-
scribed by BIS 10500 ( 2012) for the purpose of drinking

are 75-200 mg/l and 30—100mg/l. Ca** concentration sur-
passed the permissible limits for drinking water in 8% of
the samples, whereas Mg?* was also found in excess of
the limits for 16% of the samples. In groundwater gener-
ally Mg?* concentration remains less than Ca>*, but 44%
of the groundwater samples in our study still exhibit high
Mg?* concentration over Ca>*. A similar cation concentra-
tion pattern was reported by Saha et al. (2019) in their study
for Rangpur, Bangladesh. Both of these cations contribute
to water hardness, and long-term consumption of high Ca®*
and Mg?* rich groundwater may result in cardiovascular dis-
eases, reproductive failures, diarrhea and growth retardation
(Fatoba et al. 2017) .

Characterization of groundwater quality based
on EWQI and GWQI

The computed results of both EWQI and GWQI methods
depict more or less alike trends for majority of the ground-
water samples (Fig. 4). As shown in Fig. 4 and Table 2, 28%
of the groundwater samples belonging to the sites 2, 4, 5, 9,
14, 19 and 20 had “excellent” water quality based on GWQI-
based classification. 8% of the samples representing the
sites 7 and 15 showed “good water” quality. 40% of the
samples belonging to the sites 3, 6, 8, 10, 11, 12, 16, 21, 24
and 25 indicated “poor water” quality. Unfortunately, 24%
of the samples for the sites 13, 17, 18, 22 and 23 had “very
poor quality”, and none of the samples represented “water
unsuitable for drinking purposes” category. Similarly, 36%
of the samples belonging to the sites 2, 4, 5, 6, 7, 14, 15, 19
and 20 had shown “medium” water quality based on EWQI-
based classification. Again, 36% of the samples for the sites
8,9, 10, 11, 12, 16, 17, 21 and 25 indicated “poor” water
quality. 28% of the samples representing the sites 1, 3, 13,
18,22, 23 and 24 showed “extremely poor” quality.

Geostatistical analysis

In this work, the semivariogram model along with OK (ordi-
nary kriging) has been applied after normalizing the data
with log transformation technique. Four semivariogram
models, i.e. circular, spherical, exponential and Gaussian
were used and found to be the best fit for analyzing the
spatial variability in terms of EWQI and GWQI, respec-
tively. These computed semivariogram models along with
their characteristics such as nugget, sill, nugget/sill ratio
have been presented in Table 4. To gauge the prediction
performance of these models, four standard statistical indi-
ces, average standard error (ASE), root mean square error
(RMSE), mean standardized error (MSE) and root mean
square standardized error (RMSSE), were computed. On the
basis of the results presented in Table 4, the Gaussian model
was considered as the best-fit semivariogram model for both
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Fig.4 Comparison of GWQI and EWQI based on ground water quality of the study area
Table 4 Desc?iption of the Parameters  Best-fit model = Nugget  Sill Nugget/ sill  ASE RMSE MSE RMSSE
best-fitted variogram model
developed for the groundwater GWQI Circular 0817 1012 0.807 193.923 91515 0.025  0.546
quality parameters Spherical 0818 0989 0.827 194980 91.52  0.025  0.545
Exponential 0.819 0.957 0.855 197.979 91.51 0.031 0.532
Gaussian 0.835 1.035 0.806 191.829 9143 0.023 0.548
EWOQI Circular 0.081 0.097 0.835 54.696  55.801 —0.042 1.062
Spherical 0.081 0.095 0.852 54.79 55779 —-.0419 1.060
Exponential 0.083 0.092  0.902 55366 55482 —0.46 1.050
Gaussian 0.082 0.101 0.811 54.354 55.369 —0.040 1.049

RMSE root mean square error, MSE
ASE average standard error

EWQI and GWQI dataset. The RMSE and ASE values of
55.369 and 54.354 for EWQI and 91.43 and 191.829 for
GWQI presented by the Gaussian model were the lowest
among all other models. In addition to this, the MSE values,
which should ideally be zero, were observed as —0.040 for
EWQI and 0.023 for GWQI, and the RMSSE values, which
should ideally be 1, were observed as 1.049 for EWQI and
0.548 for GWQI, respectively.

Similar performances of the semivariogram models have
also been reported during a study based on the groundwa-
ter quality assessment of Sylhet district, Bangladesh (Islam

@ Springer

mean standardized error, RMSSE root mean square standardized error,

et al. 2017). The spatial dependence of the groundwater
quality indices is generally represented by the nugget/sill
ratio. In our study, the nugget/sill values of 0.811 and 0.806
have been obtained for both the indices. In terms of stand-
ard classification, a value of the nugget/sill ratio (>0.75) is
considered as high and indicates a strong spatial depend-
ence; a value between 0.25 and 0.75 suggests moderate cor-
relation, and a lower value (<0.25) implies a poor (weak)
spatial correlation. Moreover, in the case of semivariogram
model (Fig. 5a, b), both the indices presented a weak spatial
dependence which strongly indicates a role of natural and
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anthropogenic factors in spatially affecting the groundwater
quality.

The EWQI and GWQI variability thematic maps were
prepared for the study area using the universal kriging tech-
nique (Fig. 6a, b). An almost identical spatial distribution
pattern was reported in both the indices. The spatial map
of GWQI values depicts the grade of water quality in dis-
tinct color codes (light green to dark green) (Fig. 6a). Low
scores of GWQIs (0-50) representing excellent water qual-
ity are observed towards the northern and southern parts
of the study region, and poor to very poor quality values
(200-300) are observed across much of the midwestern,
central and southeastern parts. The moderate values in the
range of 100-200 are largely widespread, not confined to
any particular portion of the research locale. The GWQI for
the study region varies from 21 to 278 with a mean value of
130 (Fig. 4). A major portion of the GWQI map represents
poor to very poor grade of groundwater quality. This obser-
vation may be an outcome of the indecorous management of
domestic, agricultural and industrial effluents in the region.
The spatial map of EWQI values also represents the grades
of groundwater quality as shown in Fig. 6b. The calculated
EWQI values for the district range from 104 to 276 with an

average value of 175 (Fig. 4). The map showed that the low
values (<50) of EWQI representing excellent water qual-
ity category are observed towards the northern and mide-
astern part of the study region, and the values (100-150)
representing the moderate category are largely found in the
northern, northeastern and southeastern regions of the study
region. Moreover, EWQI values representing the poor and
the very poor category (150-200; >200) are widespread
and not confined to any portion of the map and are largely
observed in the midwestern and southwestern sections of the
research locale. It is apparent from the above discussion that
both the indices prove to be efficient probabilistic indicators
of groundwater quality variation, and the slight difference
observed in the results is due to the difference in weighting
procedures adopted for computing these indices.

Multivariate statistical analysis

For PCA, the Kaiser-Meyer—Olkin (KMO) and the Bart-
lett test of sphericity have been conducted to determine the
sampling adequacy. The KMO measure value of 0.6 has
been achieved which is acceptable (KMO >0.49) and is
interpreted as mediocre in terms of the degree of common

@ Springer
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Fig.6 Spatial distribution maps based on ordinary kriging (OK) for a GWQI and b EWQI for Mewat region

variance. Bartlett’s sphericity test on the correlation matrix
of variables is significant and displays the computed
x2=104.26 (p = 0.000001 and degrees of freedom = 45),
implying that PCA can optimally reduce dimensionality of
the original unsupervised dataset (Li et al. 2020). Moreo-
ver, R-mode PCA is applied on the dataset belonging to the
25 groundwater sampling locations as shown in Table 5. A
scree plot (Fig. 7) has been generated to ascertain the num-
ber of PCs taken, in order to decipher the underlying data
structure (Helena et al. 2000). As shown in Table 6, three
PCs based on eigen value greater than 1 are rendered which
explain 69.81% of the total variance of the dataset (Hatvani
et al. 2018).

@ Springer

In this study, the first factor PC1, which accounted for
30.61% of the overall variance, showed strong positive load-
ings for TH, EC, pH and CI". The factor was significantly
distributed in S6-S10, S12, S21, S23 and S24 sample loca-
tions (Table 6). Strong loading on EC indicated that the
rock-water interaction has promoted active participation of
dissolved ions in groundwater (Batabyal and Chakraborty
2015). Similarly, prominent loading on C1~ signified point
source pollution through urban waste discharge (Usman
et al. 2014), and a high score of pH may be attributed to the
mineral dissolution-based reaction with soil CO, (Machiwal
and Jha 2015).

The outcome for the first factor PC1 is consistent with
those of the study on the Noakhali District, Bangladesh,
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Table 5 Principal component analysis: varimax rotated R-mode load-
ings, communalities and percentage of loading matrix

Parameters PCl1 PC2 PC3
R mode
TA -0.429 —0.680 0.259
TH 0.808 0.243 0.300
EC 0.835 —0.004 0.600
pH 0.761 0.165 -0.262
clrt 0.827 0.093 0.298
Nk 0.389 —0.063 0.066
Turbidity 0.036 —0.089 0.869
TDS 0.135 0.715 0.120
Ca®* 0.248 0.805 0.258
Mg** 0.182 0.411 0.686
Eigen value 3.74 1.78 1.46
Variability (%) 30.61 2291 16.29
Cumulative (%) 30.61 53.52 69.81
Scree plot
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Fig.7 Scree plot of the Eigen values of principal components

which reported similar percentage variance with strong
positive loading on C1™, EC, TH, NO;™ and SO42_ (Islam
et al. 2021). The second factor, i.e. PC2 exhibited 22.91%
of the overall variance which showed strong positive load-
ing on Ca®* and moderate positive loading on TDS. Addi-
tionally, the component showed negative loadings on TA
and SO,*". These loadings were distributed in $13-S20
sample locations. It was observed that this factor prob-
ably reflected geogenic activity in the aquifer system and
revealed ionic or reverse ionic exchange which ultimately
affects the groundwater quality (Bhuiyan et al. 2016).

Table 6 Principal component
analysis: varimax rotated

Sites PCl1 PC2 PC3

Q-mode 1(1)'a('iings,d Q mode
f)}’rl‘::;‘:; ‘;Zfri‘: percentage Sl 0.180 0.578 0.718
) 0259 0492 0.825
s3 0.309 0.161 0.858
S4 0.504 0.492 0.686
S5 0.523 0.551 0.600
S6 0774 0.544 0.243
S7 0.829 0474 0.234
S8 0.813 0.539 0.195
S9 0.832 0441 0317
S10 0712 0381 0.576
S11 0220 0.642 0.683
S12 0770 0.535 0.331
S13 0410 0.668 0.590
S14 0.518 0.671 0.514
S15 0.504 0.653 0.541
S16 0.573 0.670 0.410
S17 0495 0.769 0.343
S18 0.590 0.738 0.312
S19 0.305 0.861 0.305
20 0438 0.812 0.362
s21 0795 0.179  0.409
S22 0.374 0343 0.843
$23 0.878 0.148 0.445
S24 0.801 0.360 0.370
S25 0.500 0.210 0.805

Similar results for the second factor PC2 were also
reported by Omonona et al. (2014) for the groundwater sam-
ples of Enugu metropolis, Nigeria.

The third factor PC3 explained 16.29% of total variance
with strong absolute positive loading for turbidity and mod-
erate loading for Mg2+ in S1-S5, S11, S22 and S25 sam-
pling locations. It was observed that strong loading factor
of turbidity indicated the presence of suspended particulates
resulting from organic, inorganic and other microbial con-
taminants present in the water samples (Pant 2011).

For performing HCA, both R-mode and Q-mode HCA
have been used to produce a hierarchy of clusters. These
techniques have been applied to develop and merge homo-
geneous group of water samples into significant clusters
and also to ascertain spatial similarity and location cluster-
ing within the sampling stations. Moreover, the clustering
has been accomplished using Ward’s linkage criterion, and
the results are illustrated in the form of a 2-D plot called
dendrogram. The best number of clusters for our dataset
has been determined using the NbClust package for both
R mode and Q mode clustering techniques. The R-mode
cluster analysis executed on groundwater samples produces
three clusters (Fig. 8a). Cluster 1 includes TH, TDS, TA,

@ Springer



26872 Environmental Science and Pollution Research (2022) 29:26860-26876
Fig.8 a Dendrogram showing 10

clustering of hydrochemi- a

cal parameters. b Dendro- |

gram showing clustering of s

sampling sites

3

™H —

= o &8 S b i & S 2
w - 2
€
S
[
N_
s
o 4
—
© -
£ 97
o
o ]
o
< -
] F_‘
o -
IO ‘N I D N QN A M e = D QN O M D O el e N D N
o~ - N - - - - - - - -~ «~||jv N| |l

SO,, CI7, and it reflected the effect of saltwater intrusion
and lateral flow from adjacent aquifer. C1™ present in this
cluster indicates surface contaminants, agricultural activities
like fertilizer use and flushing of evaporated minerals from
sedimentary rocks (Jiang et al. 2009). Cluster 2 contains
EC, elucidated by salinity factor due to mineral dissolu-
tion. Cluster 3 consists of pH, turbidity, Ca and Mg, which
might be defined by natural processes like severe evapora-
tion, weathering of rich minerals and anthropogenic activi-
ties like agronomic practices, sewage activities and waste
water discharge from industries. Q-mode cluster analysis
performed on 25 sampling locations retains three clusters
(Fig. 8b). Cluster 1 comprises 21 sampling sites which are
S1-S20 and S25. Clusters 2 and 3 both contain two sampling
sites which are S21-S22 and S23-24. The small Euclidean
distance between Clusters 2 and 3 indicates that the water
quality features of the sampling stations in these clusters
are almost identical. The Euclidean distance of Cluster 2

@ Springer

and 3 is more than Cluster 1 which signifies high variability
of water quality within these clusters. Cluster 3 sites are
characterized by saltwater intrusion due to over exploitation
and further highlight the influence of solubilization in the
aquifer. The Cluster 2 sites are influenced by domestic and
industrial effluents, whereas the sites at Cluster 1 indicate
the influence of groundwater contamination via fertilizer
leaching and runoff.

The discriminant analysis has been executed using the
water quality parameters as predictors of membership in
groundwater quality groups produced by HCA. A total of
three discriminant functions were created from DA, by
adopting stepwise DA for three significant variables (pH,
EC and Cl) as shown in Table 7.

The value of DF coefficients highlights the importance
of these variables. The higher the coefficient value of a DF
shows, the higher the position of the variable in DA. The DF
generated is given in the following equations:
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Table 7 Stepwise discriminant

. . Parameters DF, DF,
function coefficients
EC 0.004 —0.002
pH 0.772 1.683
Cl 0.001 0.002
Constant  —12.117 —-10.501

DF, = 0.004 [EC] + 0.772[pH] + 0.001[Cl] — 12.117 (12)

DF, = —0.002[EC] + 1.683 [pH| + 0.002[CI] — 10.501
13)
where DF, and DF, are the discriminant scores and EC, pH
and Cl are the independent variables.
This shows that the primary contributing variables asso-
ciated with the equation are EC, pH and Cl, which high-
lighted that these variables hold importance in terms of

maintaining group differences. The statistical description
of DA is presented in Table 8.

In order to test the significance of discriminant func-
tion, Wilks’ lambda and chi-square distributions were
adopted (Table 8). A small value of Wilks’ lambda and
high chi-square value signify a greater discriminatory abil-
ity of the function, whereas high eigenvalues correspond-
ing to high canonical correlation show usefulness of DF
in differentiating between the cases. As shown in Table 8,
the value of Wilk’s lambda and the chi-square for each DF
varied from 0.018 to 0.378 and from 20.437 to 84.845,
with a p value less than 0.01, suggesting that the spatial
DA was reliable and effective. The scatterplot for all the
observed values in the space of two DFs is shown in Fig. 9.
The DA generates centroid for each cluster group. From
Fig. 9, it is observed that the discrimination of groups and
the distances between group centroids have been clearly
represented.

Table 8 Summary description

£ discrimi . " Discriminant Wilk’slambda Chi-square Eigen value P-level(Sig.) Canonical
of discriminant functions function correla-
tion
DF, 0.018 84.845 20.478 0.000 0.976
DF, 0.378 20.347 1.646 0.000 0.789
Fig.9 Scatterplot for the three Canonical Discriminant Functions
water quality-based cluster
groups in the space of two Clusters
discriminant functions o1
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Conclusions

Groundwater salinization, aquifer depletion, intensive
agricultural practices and associated fertilizer application
are the major threats to groundwater sustainability in the
Mewat region. This paper attempts to evaluate the potability
of groundwater by the integrated use of WQIs, geostatistics
and chemometric data analysis techniques. The study
reveals that GWQI for the region varies from 21 to 278
with a mean value of 130, whereas the EWQI lies in the
range of 104 to 276 with a mean value of 175. Based on
the results of EWQI and GWQI analysis, it was observed
that 72 and 64% of groundwater samples (n = 25) belong
to the moderate (poor) to extremely poor quality domains
respectively. The result for the semivariogram modeling
shows that Gaussian model obtains the best fit for both
EWQI and GWQI dataset. The chemometric study enabled
us to elucidate the degrees and sources of groundwater
contamination. HCA was helpful in classifying 25 sampling
locations into three main clusters of similar groundwater
characteristics. The dendrogram identified the governing
factors of groundwater contamination and also depicted
the worst affected regions where adaptive measures are
needed to revive the groundwater quality. DA confirmed
the clusters established by HCA and generated two DF that
utilized three water quality parameters (EC, CI™ and pH)
to distinguish between these clusters. PCA was applied to
discover the underlying factors and processes governing
the groundwater chemistry. Three PCs were derived, which
accounted for 69.81% of the total variance, respectively.
Anthropogenic factors and geogenic processes (mineral
dissolution, groundwater—rock interaction) were responsible
for influencing the groundwater chemistry.

Although structured approaches based on aggregative
WQI evaluation methods have been applied in the past,
this study for the first time provides an intensive ground-
water quality assessment of Mewat region by computing
entropy weight coefficients for the water quality indica-
tors. This numerical and graphical analysis of ground-
water quality could function as a medium to apprise the
bureaucrats and health and environmental activists about
the water quality status of the region. This would further
give impetus to the implementation of water protection
techniques like community rainwater harvesting, direct
surface and subsurface recharge that would help in restor-
ing the regional groundwater resources.
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