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ABSTRACT

Principal Component Analysis (PCA) multivariate statistical tool can be used to reduce the
dimensionality of data set and maintain the characteristics of variables which contribute mostly
to this variation. The aim of the present study is to assess the groundwater quality of twenty-four
sampling sites which surrounds Mandideep Industrial Estate, Raisen district in winter season.
Fourteen physico-chemical parameters such as pH, TDS, DO, conductivity, chloride, alkalinity,
total hardness, sulphate, nitrate, fluoride, iron etc. have been studied to determine the groundwater
quality. PCA was applied on experimental data using SPSS, Version 20 software. The outcome of
PCA revealed that TDS, total hardness, chloride, sulphate, pH and DO affect the groundwater
quality. Further, it also revealed that most of the samples are not suitable to use for drinking
purpose without any treatment.
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INTRODUCTION

In both rural and urban areas, groundwater is a
primary and ultimate source of fresh water that
fulfils the basic requirements of the inhabitants. In
recent times, with the development of industry,
agriculture, urbanization, infrastructure
developments, improvements in living standards
and eco-environment construction, water demand
has increased tremendously. In daily life, evaluation
of quality and suitability of groundwater for various
useful purposes are appraising extra concern
(Ravikumar and Somashekar, 2017). To protect the
ground water quality for drinking purpose in rural
and urban areas, periodical monitoring for
ascertaining the quality of groundwater is essential.
However, the regular monitoring and testing of
quality parameters of drinking water takes lot of
time and involves high cost which is not viable for

the rural areas in practical sense (Lusiana et al.,
2022). But with the advancement of technology and
various methods, this can be resolved by using
strategic technique as application of multivariate
statistical technique.

Multivariate statistical techniques, including
cluster analysis (CA), principal component analysis
(PCA), factor analysis (FA) and discriminant
analysis (DA) can interpret complex datamatrices of
water quality and other environmental systems by
allowing the identification of possible factors/
sources. This application serves as a worthy tool for
quickly resolving pollution problems (Esdras et al.,
2017; Ravikumar and Somashekar, 2017).

The technique of Principal component analysis
(PCA) has been utilized to separate the noise from
huge data matrix and classify the variables into
measurable components. Characterization and
evaluation of surface and fresh water quality
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performed by multivariate statistical techniques has
proved useful in verifying spatial and temporal
variations (Gulgundi and Shetty, 2018).

Further, to aid this (PCA), a data reduction
technique was used to find out the major
contributing parameters which were involved in
deciding the geochemistry and quality of ground
water samples (Elemile et al., 2021). The objective of
this study was the application of multivariate
statistics Principal Component Analysis (PCA) to
assess the groundwater quality to find out major
contributing groundwater quality parameters.

MATERIALS AND METHODS

Study area

Raisendistrict is situated in the central part of
Madhya Pradesh. Twelve villages were selected
from Goharganz tehsil that surrounds the
Mandideep Industrial Estate for sample collection as
shown in Figure 1. Twenty-Four sampling sites, two
from each village were chosen for this study.
Mandideep Industrial Estate has large number of
small- and large-scale industries, which use
groundwater.as a primary source of water and
release effluents and contaminate the groundwater.
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Fig. 1. Sampling sites of Industrial area

Thus, 24 groundwater samples were collected
from selected sampling sites in 2018-2020 in winter
season in the month of December and January.
Samples were collected in pre-cleaned polyethylene
plastic bottles for the physico-chemical analysis.

The 14 physico-chemical parameters were
selected to analyse the ground water quality. These
were pH, turbidity, total dissolved solids (TDS),
conductivity (Conduct), Total Hardness (TH),
Calcium Hardness (CaH), Magnesium Hardness,

Alkalinity, Chloride (Cl), Sulphate (SO4), Nitrate
(NOB3), Fluoride (F), Iron, Dissolved Oxygen (DO).
All the tests were conducted in accordance with the
collection, preservation of samples, precautions,
methods, and techniques described by APHA, 2017.
PCA of the experimental data were performed by
using SPSS (Statistical Package for Social Science),
version 20 software.

RESULTS AND DISCUSSION

Principal component analysis (PCA) is a statistical
technique which reduces a larger set of variables
into a smaller set of ‘artificial’ variables, called
‘principal components’ (PC). These PCs account for
most of the variance in the original variables. PCA
basically models the inter-relationships between
items with fewer latent variables. Correlation
among variables was found enough to go for PCA
analysis.

Firstly, suitability of samples was checked for
PCA analysis by KMO and Bartlett’s Test. In this
data analysis, the Kaiser-Meyer-Olkin (KMO)
Measure of Sampling Adequacy was found to be >
0.6. Thus, the test results were found to be useful on
this criterion. The Bartlett’s Test of Sphericity gave
values of Sig. p<0.05, so the data was considered
suitable for this type of investigation (Arumugam et.
al., 2010). The results of these tests are given below
in Table 1.

Table 1. KMO and Bartlett’s Test of samples of sites

Kaiser-Meyer-Olkin Measure of

Sampling Adequacy. .673
Bartlett’s Test of Approx.
Sphericity Chi-Square 690.910
df 91
Sig. .000

Communalities represent the proportions of
variance in original variables explained by extracted
components. Almost all the values in PCA analysis
came out to be >0.50 (>50%) so all variables were
considered for analysis. The communalities for
selected sites are given below in Table 2.

The maximum number of components extracted
always equals the number of variables. The plot is
known as a Scree plot that shows the relation
between Eigen Value and Component number as
given in Figure 2. Only the first few components
were taken for further analysis depending on the
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Table 2. Communalities, showing proportions of
variance explained by extractedcomponents.

Parameter Initial Extraction
pH 1.000 .695
Turbidity 1.000 594
TDS 1.000 .989
Conduct. 1.000 .990
TH 1.000 .986
CaH 1.000 .970
Mg 1.000 .877
Alkalinity 1.000 .824
Cl 1.000 .924
SO4 1.000 .851
NO3 1.000 621
F 1.000 .756
Iron 1.000 .764
DO 1.000 912
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Fig. 2. Scree Plot for winter season

Eigen values and % of the variance explained by
each PC. Eigen values represent the total amount of
variance that can be explained by a given principal
component. Components were retained where Eigen
values exceeded 1 and where the % of the variance
accommodated by each component both before and
after (axis) rotation about the fixed origin was

Table 3. Total Variance Explained

adequate. The data for total variance is explained
herein below in Table 3.

The components (accounted for Eigen values <1)
were dropped because of their smaller contributions
for variance. In this case, for selected sites in winter
season, the first 3 principal components had Eigen
values >1. After rotation 1st, 2nd, 3rd components
could explain 51.5%, 17.1%, and 15.3% of variance
respectively. And collectively those 3 components
explained 83.9% of the variation in the data. The
interpreted results are shown in Table 3.

The scree plot displayed the number of principal
components versus corresponding Eigen value
(Vega et al., 1998). The plots showed Eigen values
from largest to smallest, which started to form about
straight line after the 3" or 4" principal component.

The next output Rotated Component Matrix
showed the respective loadings of each of the
variable onto the extracted components. Those
loadings represented correlation of components
with each variable. The interpretation of the
principal components is based on finding for which
variables are most strongly correlated with each
component, i.e., which of these numbers are large in
magnitude, the farthest from zero in either direction
in rotated component matrix (Osborne, 2015).
According to Liu et al. (2003), loadings with > 0.75
loading value was considered as strong, 0.75- 0.50 as
moderate and 0.5-0.3 as weakly correlated loadings
with corresponding components.

The rotated component matrix was used to
understand the correlation between water quality
parameters and corresponding principal
components. The most favoured quality parameters
were chosen by corresponding components.

Principal Component Analysis of selected sites

In this study, the first principal component (PC1)
was strongly correlated with eight of the original
variables as shown in Table 4 and Fig. 3. The first
principal component had strong positive loadings of

Total Variance Explained

Component Initial Eigen Extraction Rotation
values Sums of Squared Loadings Sums of Squared Loadings
Total % of Total % of Cumulative Total % of Cumulative
Variance Variance % Variance %
1 7.718 55.125 7.718 55.125 55.125 7.218 51.557 51.557
2 2.751 19.647 2.751 19.647 74.772 2.389 17.063 68.620
3 1.284 9.171 1.284 9.171 83.944 2.145 15.324 83.944
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Component Plot in Rotated Space
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Fig. 3. Component Plot in Rotated Space

TDS (.981), Conductivity (.980), TH (.982), CaH
(.975), Mg (.916), C1 (.947), SO4 (.917) and alkalinity
(.712). This suggested that these eight criteria varied
together. If one increased, then the remaining ones
tended to increase as well. This component can be
viewed as a measure of natural and anthropogenic
sources as discussed earlier. The second principal
component (PC2) had high positive loadings of pH
(.777), F (.763) and iron (.622), but high negative
loading of nitrate (-.727). So PC2 had positive
correlation with pH, Fluoride, and iron, but negative
correlation with nitrate. The third principal

Table 4. Component matrix of Industrial sites in winter
season

Rotated Component Matrix®

Component
1 2 3
Ph 295 777 .063
Turbidity 329 275 641
TDS 981 .040 156
Conduct. .980 .042 164
TH 982 .047 141
CaH 975 .037 132
Mg 916 092 172
Alkalinity 712 422 372
Cl 947 -.092 132
SO4 917 -.052 -.088
NO3 234 -727 193
F -.099 763 404
Iron 177 .622 .588
DO .052 -.076 .950

Extraction Method: Principal Component Analysis.
Rotation Method: Varimax with Kaiser Normalization.?a.
Rotation converged in 4 iterations

component (PC3) was associated with high ratings
of DO (0.950) and moderately associated with
Turbidity (.641). It also moderately correlated with
iron (0.588) and weakly with Fluoride (0.404).

This method helped in reduction of number of
dependent variables and to determine the
independent variables as water quality parameters
that affect the groundwater quality (Zuska et al.,
2019).

CONCLUSION

Statistical methods are one of the important
approaches to display the information related to
groundwater quality variables. Principal
Component Analysis (PCA), a multivariate statistic
was successfully applied to evaluate the important
parameters that strongly influenced the
groundwater quality in this season.It gave more
simpler and more easily interpretable results for the
evaluation of observed data. The multivariate
analysis of data simplified and summarized the
huge data and interpret by means of relatively few
parameters. The outcome of PCA revealed that total
dissolved solids, conductivity, total hardness,
calcium hardness, chloride, sulphate strongly
corelated and besides these pH and dissolved
oxygen also affected the groundwater quality.
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