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ABSTRACT

An internationally recognized standard to determine the water quality of any
groundwater resource is the water quality index or WQI. There is a decrease in the
water levels of several coastal zones' existing groundwater sources. As a result,
residents in coastal areas like South 24 Parganas, India, significantly rely on
groundwater, which is gradually degrading. Therefore, it is imperative to identify the
sources of groundwater contamination and oversee groundwater quality conditions.
Consequently, the present research aims to address in detail the causes and
influencing factors of groundwater contamination, as well as the status and
monitoring of water quality. In order to do so, it makes use of incredibly helpful
cutting-edge technologies like multiple linear regression (MLR) and groundwater
quality index (GWQI), which help to simplify complex tasks in place of more labor-
intensive methods. Besides that, it also uses MLR to develop a new WQI equation
for the South 24 Parganas district and assess its suitability. To assess whether water
in coastal areas was suitable for drinking, many weight-based water quality index
(WQI) techniques were used. To ascertain WQI related to groundwater in particular
coastal regions of eastern India, pre-existing weights such as entropy and criteria-
importance through inter-criteria correlation (CRITIC) weights were employed.
Though seawater intrusion has increasingly impacted groundwater quality, there
have been few investigations on WQI in this case. Therefore, the goal of this study is
to determine the efficacy of the WQI weighting strategy and to provide an effective
WQI approach by comparing the current weights for the assessment of water quality.
Here, 100 locations from which the initial WQI results were derived were used to
assess seven groundwater quality parameters: pH, TDS (total dissolved solids), Tur
(turbidity), Mn (manganese), Fe (iron), TH (total hardness), and ClI (chloride). Based
on these findings, MLR was used to create a new WQI equation that only included
the following six variables: TH (total hardness), Cl (chloride), Mn (manganese), Fe
(iron), and Tur (turbidity). Among the samples, it indicates that 41% and 5% are
outstanding to good for drinking. Model 3 (dataset ratio 80:20, R* = 0.994, RMSE =
2.8007) has the best accuracy in WQI prediction out of the 12 best fitted models. It
was feasible to show using the paired t-test that the new WQI's results did not differ
substantially from the original WQI's results. The study found that the significant
values greater than 0.05 were obtained for both the absolute WQI values and the
quality ranges, indicating the suitability of the new equation. One of the important
benefits of lowering the number of variables for water quality monitoring is that it
lowers the cost of monitoring, even when it comes to minimizing the eclipse effect.
In conclusion, it is determined that developing an equation with fewer variables is
crucial for keeping an eye on the water quality in the South 24 Parganas district.
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CHAPTER -1

1.1. Introduction

1.1.1 General Background

Groundwater and surface water are the two types of water that can fulfill a community's
demands for water supply. Any freshwater that enters marshes, stream systems, or lakes is
considered surface water. However, groundwater is found in subterranean aquifers, which
are found below ground. The majority of groundwater comes from precipitation and
snowmelt that seeps through the surrounding soil into the bedrock. This water will settle
between the rock layers' fissures and cavities as it moves downward. The majority of the
earth's groundwater is found within half a mile or less of the surface. The water will pool
and begin to flow upward as soon as it reaches an impervious layer of the earth. When
groundwater pools, it can emerge on the surface as groundwater-fed lakes and springs.

The primary distinction between groundwater and surface water is the quality of the
water in each. Surface water may include significant levels of toxins due to air fallout and
runoff; hence, extensive treatment is required before the water is suitable for use as a
community's water supply. Surface water frequently contains chemical contaminants that
build up through runoff. Even though groundwater usually has fewer pollutants than surface
water, there are still some that may be present. These pollutants are absorbed through soil
percolation and seepage. However, at least some of the toxins can be naturally removed
from the water by filtering it via the sediment layers that are located below the water table.

As a result, the soil and rocks that groundwater passes through filter out the majority
of germs, making groundwater less vulnerable to bacterial contamination than surface water.
Groundwater needs less treatment before it can be used as drinking water since it contains
less impurity. The fact that groundwater is more easily obtainable in times of drought is
another factor contributing to its frequent preference over surface water. The majority of
surface water may evaporate during a drought, which could be problematic for any industry
that uses surface water as its main source of water. Groundwater is less expensive and
simpler to treat than surface water since it usually contains fewer impurities. Although
surface waters are typically located in lakes and streams, groundwater is easier to access
because it may be reached through wells anywhere that water is required.

As, one of the most important sources of drinking water in the world is groundwater,
continuous monitoring and management of groundwater quality are essential to achieving
sustainable development goals. Although groundwater is a vital natural resource used by
people all over the world, numerous activities are causing its quality to decline. Health



issues are getting worse everywhere because people are drinking tainted water (Jang et al.
2020).

1.1.2 Groundwater Pollution and Its Effects

The population is currently dealing with a number of social, economic, and environmental
issues, which are raising concerns about the environment. The demand for water is rising
due to the new norms of modern living and the rate at which the population is growing. This
and other elements contribute to a concerning rise in water resource pollution, together with
improper solid waste and urban and industrial effluent disposal. Controlling, reducing, and
monitoring the pollution of these natural resources is therefore very important (Valentini et
al. 2021).

The development and prosperity of the area, aquatic life, human health, and
development are all significantly impacted by the consumption of contaminated water. To
remove contaminants and microorganisms dangerous to human health, water must be
treated and disinfected. The World Health Organization, the European Union, the US
Environmental Protection Agency, the Bureau of Indian Standards, and other authorities
have established drinking water quality standards to preserve the ideal concentration of
minerals necessary to maintain the body's mineral homeostasis (WHO, 2012; BIS, 2012).
According to the guidelines established by the BIS and the WHO, the greatest concentration
of an ion that is permitted is known as the permissible limit, and the desired limit is the
minimal concentration that is necessary. Thus, in order to preserve the mineral balance, it is
imperative that the concentration of these ions remain within the designated range. Even
with sufficient treatment, water that lacks certain minerals should not be consumed because
while most of the substances in water are safe to drink, some are necessary for bodily
functions. Numerous investigative findings demonstrate that a mineral deficit has a direct or
indirect impact on human health. In order to prevent negative health effects, the current
study work addresses the creation of a water quality index that evaluates the mineral balance
of water resources (Mukate et al. 2019).

Nearly 60% of people on Earth reside in coastal regions, and as a result of growing
urbanization, more groundwater is being used to supply daily water needs. Saline water
intrusion and other human factors are made possible by excessive groundwater withdrawal.
In coastal places, these variables worsen the quality of the groundwater (Jesuraja et al.
2021). In many parts of the world, people rely on groundwater for drinking since there are
not enough other water sources, and these groundwater supplies are in poor condition. As a
result, accurate water quality prediction and assessment are crucial for human consumption
and for taking appropriate action in the event that the water becomes unsafe. The primary
water quality parameters (WQPs) are analyzed for assessment; however, labor and expense
constraints make it impractical to continuously monitor all parameters in groundwater in
developing nations (Das and Das, 2024).



Groundwater must be treated in a way that maintains the raw water's physical and
chemical properties in accordance with accepted standards in order to yield drinking water
of the highest caliber. The properties of the raw water have a significant impact on how well
the treatment process performs. It is desirable to be able to forecast the raw-water quality
over time in order to optimize the treatment procedures and provide high-quality potable
water in an affordable way. This would provide early notification of variations in raw water
quality that call for changing the parameters of the process.

1.1.3 Background of Groundwater Condition of The Study Area

The West Bengal coastal district includes the South 24 Parganas district. The West Bengal
coastal track and the Lower Ganga plain are composed of sediments that have accumulated
in lacustrine, marine, and fluvial environments. The study region's primary aquifers'
sandstone alluvium is made up of recent Pleistocene sediments and tertiary deposits from
significant coastal districts like South 24 Parganas. In the South 24 Parganas region of India,
populations rely too heavily on groundwater sources for drinking and other purposes,
despite the fact that the water's quality is steadily declining (Jaydhar et al. 2022).

1.1.4 Problem Statement

Since water class is frequently described in terms of numerous water quality metrics, a
number of statistical techniques have recently been created to accurately examine and
explain data as a result of the growth in parameters for groundwater quality study (Das et
al., 2023). The primary problem with groundwater is that it can be extremely challenging to
restore the groundwater class when it is contaminated (Chen et al. 2018). When more
parameters are involved in the water quality assessment, it becomes very difficult to clarify
the results using a conventional approach, such as the analysis of individual parameters,
because each parameter has a different quality class. Determining the type and severity of
water pollution accurately is a challenging and intricate task. The intricacy of looking at a
lot of variables is the biggest issue with monitoring the quality of the water. Because of this,
applying the WQI technique is thought to be a very efficient mechanism. Big data on water
quality can be transformed by WQI into an index score that can be used to make informed
decisions regarding the condition of the water (Das et al. 2023).

It is problematic for common people to understand individual parameter analysis and
their standard range for drinking to classify the category of water. So it is necessary for
common people one entire water quality evaluation by which they can easily understand the
quality of water. The WQI method is a useful tool for evaluating the drinking-quality of
groundwater. Water quality management and control depend heavily on WQI evaluation
and water quality sense (Mahapatra et al. 2012). Several factors that genuinely impact the
water quality of a specific source can be taken into consideration when creating a model
with regard to WQI utilizing a statistical technique like MLR. Reducing the number of
variables in the WQI offers cost-effectiveness that may be used for future WQI evaluations
in a particular area (Valentini et al. 2021). When more than one parameter needs to be taken
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into account at the same time, the MLR method should be employed to determine how they
relate to each other. It is also crucial in determining which variable has the biggest effect on
WQI. The MLR model is used to forecast water quality in order to facilitate monitoring
(Wang et al. 2020).

1.2 Groundwater Quality Assessment Technique

In order to perform multiple linear regression (MLR) analysis for continuous monitoring,
two variables are necessary; thus, the independent and dependent variables. In this study,
water quality index (WQI) scores were regarded as the dependent variable and the measured
parameter values of the physicochemical water quality variables were considered as the
independent variables. The water quality index is a simple, but yet intelligible rating score
that provides the composite influence of various water quality variables in a given water
body. The index number is normally measured against a relative scale to explain the quality
of water based on categories ranging from zero to one hundred (Banda and Kumarasamy,
2020).

In the interest of simplifying the interpretation of water quality index (WQI) values,
mostly to accommodate non-technical individuals, an index categorization schema was
established. The classification mechanism is based on an increasing scale index and the
advantage of this system is that it is identical to a normal percentage hierarchy, therefore the
public can easily relate to its function and interpretation. Both models applicable to this
study yield WQI values between zero and hundred. Accordingly, the WQI scores are
categorized using classes ranging from one to five; with “Class 17 representing water of the
highest degree of purity with a possible maximum score of hundred and vice versa, “Class
57 denotes water quality of the poorest degree with index scores nearing or equal to zero. In
order to close gaps identified in some of the existing classification scales, appropriate
mathematical functions with logical linguistic descriptors which include but are not limited
to, “greater than,” “less than,” and “equal to,” are used to appraise WQI scores and
respectively assigned them to the corresponding category (Banda and Kumarasamy, 2020).
WQI consists of a number of water quality parameters, which are transformed into a
common scale. Such transformations are carried out since the monitored water quality data
have different units. These values of the parameters transformed to a common scale are
known as sub- indices (Sutadian et al. 2016).

In general, the information gained from the WQIs can be used for the following purposes
(Sutadian et al. 2016):
a) To provide an overall status of water quality to the water authorities and the wider
community.
b) To study the impacts of regulatory policies and environmental programs on
environmental quality.
¢) To compare the water quality of different sources and sites, without making a highly
technical assessment of the water quality data.



d) To assist policy makers and the public in avoiding subjective assessments and
subsequent biased opinions.

One of the main steps of WQI is the weightage approach like the subjective
approach and objective approach. The subjective weightage approach is based on the expert
opinion; on the other hand objective weightage approach is based on the dataset. Entropy
and CRITIC weight methods are objective weight methods which are called multi criteria
decision making methods.

1.3  Significance of the Study

The purpose of the study is to find the present scenario of the water quality in this study area
and also find the groundwater quality through the prediction model (Multiple Linear
Regression approach).

1.4 Objectives of the Study
To achieve this significance, the following objectives have been set:

» To find the groundwater quality through Entropy weight based and CRITIC weight
based WQI approaches.

» To compare between Entropy and CRITIC weight methods.

Normality test of the dataset and correlation analysis.

Y

Preparation of input combination and dataset distribution ratio.

Y

MLR Model preparation and its validation.

1.5 Structure of Thesis

To fulfill the proposed objectives, the present thesis is structured as follows. Following brief
background information, Part 1 outlines the problem statement, groundwater quality
assessment technique, significance, objectives of the study and organization of the thesis.
Part 2 serves as a general review of various researches related to this study. Part 3 reports a
brief description of the study area. Part 4 depicts the methodology used to achieve the
designed goal. The results of the study have been discussed more concisely and critically in
Part 5. Finally, Part 6 of the thesis includes the concluding remarks and limitations.



CHAPTER - 11

2.1 Literature Review

Das et al. (2023) applied the Water Quality Index (WQI) and Multiple Linear Regression
(MLR) approaches in their study to find the present status and monitor groundwater quality,
as groundwater quality was contaminated regularly in their study area. They mentioned that
WQI and MLR approaches help to simplify complex work instead of conventional methods
like individual parameter analysis. With the help of these approaches, they obtained
efficient outcomes and suggested that a model with less number of parameters provides
financial benefits. The findings related to this study may be useful for designers and
officials to monitor and protect coastal groundwater resources in selected areas.

Das (2018) studied groundwater quality assessment for its suitability for agricultural and
domestic use and statistical investigation of groundwater quality parameters using
correlation coefficient and regression analysis method in their chosen study area of South 24
Parganas district, WB. Groundwater samples (pre-monsoon and post-monsoon periods)
were collected from tube wellsthat collected water from 180 meters to 330
meters across the study area. The quality analysis is done by evaluating physical quality,
chemical quality, graphical presentation of geochemical data and quality criteria
for groundwater salinization and groundwater use. The chemical characteristics of the water
samples showed small seasonal variations. They performed statistical analysis through
correlation and regression analysis to monitor the water quality parameters and predicted
response variables and evaluated the relationship between the physicochemical properties of
groundwater specimens. The study concluded that specimens from both periods are suitable
for domestic and irrigation use.

Govindaraju et al. (2022) applied the WQI approach in their study to identify the
groundwater quality parameters for drinking purposes. Individual groundwater parameters
in the study area were analyzed, and compared to BIS Guidelines. The extracted
components indicated that the sources that exceeded the permissible limit were due to
geology, agri-environment, precipitation, domestic sewage, and industrial waste. In the
study, several groundwater samples were found to have very low water quality which is a
major threat to the habitat. Based on the WQI index, they got some efficient outcomes of
groundwater samples in pre and post-monsoon which were suitable for drinking purposes.

Adimalla (2021) in their study used an entropy weighted water quality index (EWQI) and a
pollution indicator of groundwater to evaluate the quality of groundwater in a semi-arid
region of India. Data on physicochemical characteristics were compared to drinking water
quality criteria using the EWQI and PIG methodologies. After this study, they concluded
that according to EWQI data, only 60% of groundwater samples were moderately suitable
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for drinking, while the remaining 40% of samples were unfit for consumption and would
need to be treated.

Valentini et al. (2021) studied water quality analysis at Mirim Lagoon and developed a new
WQI equation through the MLR method. Comparing the T-test obtained the value of 0.0467
and mentioned that with the use of less no of water quality parameter, the cost of the
analysis will be less. They concluded that with significant accuracy, one can forecast and
track the Mirim Lagoon's water quality using the new WQI equation that this study
modeled. Furthermore, it should be mentioned that other water resources with historical
monitoring records can also benefit greatly from the broad application of this strategy.

Aouiti et al. (2020) studied groundwater quality analysis at the Hajeb Layoun-Jelma basin
of Central Tunisia and analyzed groundwater quality suitability for domestic and
agricultural purposes using geochemical methods and geographic information systems.
Major parameters and the chemical data are compared with the WHO standards and national
standards, which indicate the groundwater is suitable for drinking except for some sampling
points where salinity concentrations are high. For water quality assessment, here entropy
method is used with other water quality indexing methods. After the analysis, they
concluded that the majority of samples of the basin are not appropriate for irrigation uses
and the representation of the EWQI method is optimistic.

Zhang et al. (2021) assessed the quality of groundwater in Jiaokou Irrigation District,
Guanzhong Basin, through the integrated weight water quality index (IWQI) approach.
Using combined statistical, geostatistical, and hydrogeochemical methods, the chemistry of
groundwater is also investigated. The IWQI approach was developed using the CRITIC and
entropy-weighted methods, and it performed well in describing and assessing groundwater
quality. The study's conclusions and outcomes can help us understand the mechanisms
influencing the chemistry of the groundwater in Jiaokou Irrigation District and can also be
utilized as a benchmark for other comparable areas of the world.

Das and Das (2023) investigated weight-based water quality index (WQI) methods to
assess whether water in coastal regions is suitable for consumption. To determine the WQI
connected to groundwater in certain coastal areas of eastern India, a combination of
methods including relative importance, entropy, CRITIC, integrated, and a newly added
technique based on the removal impacts of criteria weights were applied to a dataset of
seven water quality parameters of 70 locations. ANOVA was used to compare the scores of
the current WQI schemes with a 95% confidence level. The result shows that there isn't
much of a difference, as seen by the significance level of 92.5% (> 5%). According to the
study's findings, new weighing techniques can be applied in place of the aforementioned
weighting methods to establish WQI in this field.

Uddin et al. (2022) focused on developing an improved WQI model for assessing coastal
water quality considering study areas such as Cork Harbour, Ireland. The model combines
standard WQI components and incorporates modifications to enhance objectivity and data-
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driven analysis. It uses the XGBoost machine learning method to rank and select water
quality indicators. In order to compare the calculated indices with those derived from an
MLR approach, R* and RMSE have been used as measures of aggregation effectiveness.
The study compared eight sub-index aggregation functions, finding that the weighted
quadratic mean and unweighted arithmetic mean functions were the most effective. Overall,
the model aims to reduce ambiguity and errors in evaluating water quality, providing a more
reliable assessment tool.

Jianhua et al. (2011) used the entropy weighted water quality index approach to evaluate
the groundwater quality in Jingyuan County, Ningxia, China. Twelve hydrochemical
parameters were chosen for the evaluation. The study came to the conclusion that the most
important factors impacting the quality of groundwater are the amounts of iodine, TH, iron,
and TDS. The rational assessment results align with the filed investigation's findings,
indicating that Jingyuan County's groundwater is suitable for human consumption.

Chenini and Khemiri (2009) presented a methodology in their study for characterizing
groundwater quality in watersheds using hydrochemical data. It uses multiple linear
regression and structural equation modeling to explore the composition of phreatic aquifer
groundwater samples and the origin of water mineralization in the Maknassy Basin, central
Tunisia. The integrated results provide a method to explain groundwater chemistry origin.

Sajib et al. (2023) studied the Groundwater Quality Index (GWQI) model, developed in
Bangladesh, which integrates ten water quality indicators, including six heavy metals, from
38 sampling sites. The model uses six machine learning techniques to enhance precision in
water quality assessment. The study found that groundwater quality ranged from 'good’ to
'fair', with most indicators meeting Bangladesh's and the World Health Organization's
standards. Artificial neural networks outperformed other ML models in predicting GWQI
scores, demonstrating high sensitivity and low uncertainty.

Das and Das (2024) developed an effective model for WQI prediction using entropy and
CRITIC weight-based WQI (EWQI and CWQI) and multi-layer perceptron artificial neural
network (MLP-ANN) technique. 1000 water sampling datasets from eastern India were
used, with 65% and 67% being excellent to good for drinking. Out of three fitting model,
the CRITIC-WQI-MLP-ANN-II model provides the best accuracy. The research’s findings
can be used to plan for the future supply of clean drinking water.

Ewaid et al. (2018) examined water quality data from ten stations on the Tigris River in
Baghdad in 2016. The WQI was calculated from 11 parameters, and a water quality model
(WQM) was developed, indicating unsuitable drinking water. The study found significant
differences in WQI values between months and stations, with higher WQI values in winter
and spring and lower values in summer and autumn. The WQM model, based on stepwise
MLR analysis, improved prediction and can aid in Tigris River management.



Mahapatra et al. (2012) studied that the quality of groundwater is essential for corrective
actions because of pollution from urbanization, industry, and population increase. This
research uses Q-mode principal component analysis as an empirical method to categorize
water samples according to ten quality indicators. The classification aids engineers and
planners in implementing groundwater contamination mitigation strategies. The accuracy of
the non-parametric approach relies on the choice of parameters, but it evaluates the WQI
well and can be used for online estimates.

Chen et al. (2018) used multivariate statistical techniques to analyze the groundwater
quality in the Longyan basin of Fujian Province, South China. The dataset included ten
parameters from five locations. The results showed that the groundwater was classified into
two groups, reflecting interannual variability. Factor analysis revealed three factors
accounting for 85.5% and 100% of the total variance. Discriminant analysis revealed most
parameters responsible for temporal variation. This study highlights the usefulness of
multivariate statistical techniques for effective groundwater quality management.

Chandra et al. (2017) investigated water quality parameters in Vijayawada, Krishna
district, Andhra Pradesh, using the Weighted Arithmetic WQI method. It analyzes water
samples from 90 stations during pre and post monsoon seasons, selecting 19 prime locations
with maximum physiochemical properties. The aim is to determine the suitability of water
for drinking purposes based on the estimated WQI.

Fagbote et al. (2014) tested groundwater in farm settlements in Western Nigeria for pH,
conductivity, turbidity, total dissolved solids, sulphate, phosphate, nitrogen nitrate, chloride,
alkalinity, total hardness, calcium, magnesium, sodium, potassium, and total coliform in
2008 and 2009. Results showed some wells were out of the recommended range for
drinking water. The WQI ranked the bore hole as 'excellent' in 2009, but 'good' in the rainy
season. The study also found a moderate relationship between the WQI and total coliform.

Mukate et al. (2019) identified the need for a universally accepted WQI that considers both
desirable and permissible limits in drinking water. The Integrated Water Quality Index
(IWQI) has been developed, which is flexible, unbiased, and easy to calculate. The IWQI is
classified into five categories based on the concentration of cations, anions, and other
parameters in groundwater samples. The results show that 2% of samples are excellent for
drinking, 39% good, 43% marginal, 8% poor, and 8% unsuitable. The IWQI can be adjusted
to alert water managers of potential human health concerns.

Jaydhar et al. (2024) revealed that coastal groundwater quality is crucial for sustainable
development in coastal regions due to water scarcity. Heavy metal contamination is a global
health hazard, with 27%, 32%, and 10% of the area having high, high, and low human
health hazard indexes. The western part of the region has high concentrations of heavy
metals, affecting groundwater pollution. The study suggests that the proposed approach
could be a useful tool for predicting groundwater vulnerability in other regions.



Gorgij et al. (2017) evaluated groundwater quality in the Azarshahr Plain, Iran, using
entropy theory and spatial autocorrelation. Results showed that bicarbonate was associated
with maximum spatial autocorrelation and minimum entropy, leading to the highest
effectiveness rate. The entropy weighted WQI classified groundwater quality into five
categories: excellent, good, moderate, poor, and extremely poor.

Kumar et al. (2020) analyzed water quality data in their study, conducted in Kozhikode
City, Kerala, India, using multiple linear regression, structural equation modeling, and
adaptive neuro-fuzzy inference system (ANFIS) modeling. To develop a single MLR
model, the researchers integrated data from many places and times. After combining the
three data sets, they created an SEM for the combined data set. When compared to the MLR
model, the ANFIS model—which employed TDS as the dependent variable performed
better on the external data set.

Egbueri et al. (2020) integrated multiple water quality and pollution indices to assess the
quality of drinking water sources in Ojoto, Nigeria. Water samples were tested for various
properties, and various indices revealed high metal pollution and environmental risks. The
entropy-weighted WQI showed poor quality, while the groundwater pollution index
confirmed highly polluted samples. Quantification of contamination and pollution index of
groundwater models identified human activities as the main contributors to water pollution.
The study recommends lifestyle changes and adequate water management policies.

Sutadian et al. (2016) used WQIs since the 1960s to evaluate river water quality. However,
there is no universally accepted method for developing WQIs. This paper reviews 30
existing WQIs based on four steps: parameter selection, sub-indices generation, parameter
weights generation, and index computation. Seven WQIs were identified as most important
for wider use. Government support is crucial for wider use. Local water quality experts'
opinions are recommended, especially in the first three steps. Uncertainty and sensitivity
analysis are also recommended to reduce uncertainty.

Banda and Kumarasamy (2020) aimed to develop a surrogate WQI as an alternative tool
for monitoring water quality in South Africa. The surrogate WQI uses multivariate
statistical techniques to determine proxy variables, including chlorophyll-a, electrical
conductivity, pondus Hydrogenium, and turbidity. The model is considered scientifically
stable and has a predictive pattern identical to the ideal graph. The proposed surrogate WQI
can be applied in remote monitoring systems and can help capture spatial and temporal
changes in South African river catchments.

Chidiac et al. (2023) studied that the WQI is a widely used tool for describing water
quality, based on physical, chemical, and biological factors. It involves parameter selection,
data transformation, weighting, and sub-index value aggregation. This review study
explores WQI's development, progress, benefits, drawbacks, and recent studies. To expand,
WQIs should be linked to scientific breakthroughs and sophisticated statistical methods.
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CHAPTER - 111

3.1 Study Area

The number of Parganas (divisions) of Kolkata's zamindari, which Mir Jafar gave to the
East India Company in 1757, is the source of the district's name, 24 Parganas. North 24
Parganas and South 24 Parganas are the two districts that were created out of this one. On
March 1st, 1986, the South 24 Parganas district was officially recognized as a district
(District Environment Plan, S 24 Pgs, 2023). The present headquarters of the district is at
Alipore.

The South 24 Parganas district lies between latitudes 22°30'45" and latitudes 20°29'
North, and longitudes 89°4'56" and 88°3'45" East and is surrounded by the Hooghly River in
the west, the Bay of Bengal in the south, Calcutta City and North 24 Parganas in the north,
and east side is demarcated by Bangladesh and the Bidya and Matla rivers. Subject to
Survey of India Topo Sheet Numbers 79B/2, 79B/3, 79B/4, 79B/5, 79B/6, 79B/10, 79B/11,
79B/12, 79B/15, 79B/16, 79C/1, 79C/2, 79C/5, 79C/6, 79C/9, and 79C/10, the district is
covered.
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Fig. 3.1. Location of the study area highlighting sampling points
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The district South 24-Parganas is distinguished by its closeness to both the pristine
and breathtaking natural surroundings of the Sundarbans and the heavily developed
metropolis of Kolkata on its eastern side. It holds a prominent place in West Bengal's
industrial arena and is one of the district's most southern locations (District Survey Report,
S 24 Pgs, 2018).

There are 29 Blocks, 31 Police Stations, 7 Municipalities and 5 Sub-Division in this
district. The coast areas of the district stretch among the blocks Basanti, Canning — I,
Canning- II, Diamond Harbour-I, Gosaba, Joynagar-II, Kakdwip, Kulpi, Kultali,
Mathurapur-I, Mathurapur-II, Namkhana, Patharpratima, Sagar, which have long lines of
coastal regulation zones (CRZs) within their boundaries.

In this study, more than 157 groundwater data have been collected from 129 Gram

panchayats of 23 Blocks according to the availability of data. Out of those, 100 sampling
points have been considered from 18 Blocks as per the dataset criteria of the study.
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CHAPTER -1V

4.1 Methodology

4.1.1 Collection of Data

The dataset for this study includes more than 157 groundwater data samples from 124 Gram
Panchayats of 13 Blocks of South 24 Parganas District were collected from the website of
the Public Health Engineering Department, Government of West Bengal. The dataset
contains WQP concentration of pH, TDS (Total Dissolved Solids), Turbidity, Mn
(Manganese), Fe (Iron), Total hardness, Cl (Chloride), Arsenic (As) and Fluoride (F) in
various blocks of South 24 Parganas sampled between 2020 to 2021. Fig. 3.1 shows the
position of the sampling points. The magnitudes of the different groundwater quality
monitoring parameters in the hundred sampling stations are detailed in Table 4.2. The
approach in which this study is performed is sketched in Fig. 4.1.

4.1.2. Statistical Analysis

After the accumulation of the dataset, statistical analysis has been done. Basic descriptive
statistics such as Mean (M), Variance (VAR), Standard Deviation (STDV), Maximum
(MAX), and Minimum (MIN) of individual water quality parameters (WQP) have been
calculated using Microsoft Excel to get an outline of the water quality. As per IS: 10500
(2012) guideline, standard values of individual parameters are compared with the value of
the dataset (Drinking Water Specification, 2012) and checked to determine what number of
samples fall above the standard limit.

4.1.3. Groundwater Quality Index (GWQI) Estimation

The Water Quality Index (WQI) is a very consistent, useful and effective method of
evaluating and communicating information about the overall quality of water. (Gibrilla et al.
2011). The above-mentioned water quality parameters and standards are considered for each
modeling method to find the WQI score for different location points. To evaluate the grade
of water in the study area, two weight based water quality index modeling approaches i.e.
Entropy weight based method (EW), and CRITIC weight based method (CW) are applied
here.

4.1.3.1. Computation of Entropy Weight Based WQI

The EWQI is a representative measure of water quality that incorporates all
physicochemical data into measurable values. As Arsenic (As) and Fluoride (F) are not
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found in the accumulated dataset, so the other parameters are considered to calculate the
Entropy weight based WQI in this research. A maximum number of parameters used
in different studies (Das and Das, 2023; Das et al. 2023; Govindaraju et al. 2022; Gibrilla et
al. 2011; Fagbote et al. 2014) related to this research. Recently, Das et al. (2023)
suggesteda WQI prediction model that utilizes most parameters as independent
variables linked to the area of study. Therefore seven parameters have been incorporated
that pertain to code availability, literature search and variable database availability into the
WQI computation. The procedure to compute ExWQI is as per the following steps
described below (Adimalla, 2021).

The first step involves determining the entropy weight of a variable by taking into account
the ‘s> number of water samples sampled (j =1, 2, 3,....,s) and each sample consisting
of 'P' water class variables (i = 1,2,3, ....,P). Initially, the eigenvalue matrix (E) is formed
following Eq. (4.1).

MCN,, --- MCN,,

E= =~ - = 4.1)
MCNg, - MCNg,

The second step involves the normalized concentration (IN CNji) of each parameter being
made using Eq. (4.2) and then the standard matrix (SM) is obtained using Eq. (4.3).
MCNH - (MCNH) min

NCNﬁ = 4.2)
(MCM!) max — (MCPJ_H) min

NCN,, - NCN

1P

SM=| ° R (4.3)
NCNS]. e NCNSP

where, MCNj; (MCNj)max, and (MCNjj)nin are the measured concentration, maximum
concentration and minimum concentrations respectively of individual sample parameters.

The third step involves the information entropy (Ig;) equation which is obtained using
Eq. (4.4).

IEl = h—l( Z Pr ji Xln(Pr jl) (4.4)

where, Pr i stands for Probability occurrences of normalized concentration of i parameter
is evaluated by Eq. (4.5).
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1+ NCN;ji
Prji = { 2 45)
Y 1+ NCNj)

j=1

Then entropy based weights (ExW;) are then calculated for the individual parameter by
Eq. (4.6)

ENW; — (11— Ir) (4.6)

5

Z (11— Ie)

The fourth step involves the quality rating (Qr;) of the relevant parameters is calculated
from the measured concentration (MCN;) and standard limiting value (SLV;) by Eq. (4.7)

Qri = MCNow —7 (4.7)
SLVpH —_ 7

where, MCN, and SLV,y correspond to measured concentrations and standard limiting
values of pH as per BIS guidelines. If the MCN,y value is greater than 7 and less than
7, the SLVy is considered to be 8.5 and 6.5 respectively, because the Qr; value is positive.

In the final step, the Entropy weight based WQI value is evaluated by using Eq. (4.8).
P
ExWQI= 2 ExWixQri (4.8)
i=1

4.1.3.2. Computation of CRITIC Weight Based WQI

The full form of CRITIC is Criteria Importance Through Inter-criteria Correlation which is
used in this study as an objective weighting method to calculate the relative weights of
variables without relying on conventional information entropy flaws. This approach was
proposed by Diakoulaki (Zhang et al., 2020; Zhang et al., 2021). The variables considered
to calculate CWQI are the same as EWQIL The initial step in standardizing this
database involves utilizing the CRITIC weighting method to compute the weight of each
variable. The procedure to compute CWQI is as per the following steps described below by
the equations (Das and Das, 2023).

The first step involves determining the Correlation coefficient (Cg;) by the following
Eq. (4.9).
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C 3" (MCNj — (MCNj) av6) x (NCNj — (NCNji) avc)
Rji =

4.9
\IZ(MCNji—(MCNji)AW;)Z XZ(NCNfF—(NCNji)AW;)z 49

where, N1;; and N2;; are normalized concentrations of two parameters, (MCNji)ayc is the
average of MCNj; and (NCNji)avg is the average of NCN;j;.

The second step involves the determination of Information amount of the i parameter (If; )
using Eq. (4.10).

p
I = Spvix Z (11— Crji) (4.10)
i—1

where Spv; stands for standard deviation related to the ith parameter.

The third step is the calculation of the CRITIC weight of each parameter (CWp) using
Eq. (4.11).

I Fi

CWp = > (4.11)
D Ik
i=1
The fourth step involves the computation of Quality rating (QRT;) using Eq. (4.12).
MCN; - MCN;
QRT; = ( ) 100 (4.12)

~ (SLVi— MCNu)

where MCN; stands for Measured concentration, MCNy, stands for Ideal concentration and
SLV; stands for suggested limiting value.

In the final step, CRITIC weight based WQI (CwWQ]I) is evaluated by using Eq. (4.13).
p
CwWQI = Z CW,xQRT: (4.13)
i=1

According to the WQI values from different approaches like Entropy and CRITIC weight,
the quality of water has been classified as per the following table 4.1.

Table 4.1. Classification range related to Ex\WQI, and CwWQI (Das and Das, 2023).

Index score Below 50 50-100 100-200 200-300 Above 300
. . Good for Unsuited for
Quality of water | Excellent to drink drinking Poor Very poor drinking
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4.1.3.3. Comparison of CRITIC and Entropy Method Through Eclipsing
and Ambiguity

Concerns with eclipse and ambiguity are common with WQI techniques. If the water's final
WQI score indicates that it is unacceptable, even though all parameters taken into
consideration are within standard bounds, there may be ambiguity. Simultaneously,
eclipsing might happen when certain WQPs are beyond their usual bounds, even though this
isn't reflected in the final index score.

The above WQI approaches are associated with ambiguity and eclipsing since we
see the related WQI scores after first identifying the sampling locations within the permitted
range of all parameters. If the WQI score shows an undesirable status, then there is
ambiguity; if not, there is not. Sajib et al. (2023) employed the method recommended by
(Uddin et al. 2022) to examine the ambiguity and eclipsing error in their WQI model. Based
on the range of parameters (0 to > 3) that deviate from the recommended values for
eclipsing problem analysis, they employed four quality classes. In order to identify the
eclipsing error, we also adhere to the same range of parameter numbers (0 to >3) exceeding
the regulatory limits, but we create five quality classes because, in our study, WQI divides
water into five classes. Excellent water quality (one parameter exceeds standard limit), good
water quality (one parameter exceeds standard limit), bad water quality (two parameters
exceed standard limit), extremely poor water quality (three parameters exceed standard
limit), and unfit for drinking water (more than three parameters exceed standard limit).

4.1.4. MLR Model Preparation

4.1.4.1. Normality Test for Dataset Input Combination

Initially, to find the best input combination of the dataset, we first checked the dataset
whether it was normal or not. First, an analysis was done on the sample distribution of the
data that this study examined. Normality tests were run in order to determine this. The
Kolmogorov-Smirnov (K-S) and Shapiro-Wilk (S-W) tests were performed at a
significance level of 0.05 in order to confirm or deny the data's normality. In these tests, the
distribution is assumed to be normal, and the null hypothesis (Hp) is rejected for p values
less than 0.05. The K-S test is based on the greatest absolute difference in cumulative
probabilities between the theoretical and empirical probabilities (Valentini et al. 2021). The
S-W test's computation is done by the SPSS Tool.

4.1.4.2. Correlation Matrix
A correlation matrix with its coefficients and significance was employed following the
analysis of the sample distribution to evaluate the correlation between the variables with the

WQI and the chemical and microbiological variables under investigation. Because the
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sample distribution of the data determines the correlation coefficient to be employed,
normality checks were conducted beforehand. Spearman'’s coefficient, sometimes known as
the Spearman Rho coefficient, is a nonparametric coefficient that is advised for data lacking
sample normality, while Pearson's coefficient is typically utilized for data that conforms to a
normal distribution (Valentini et al. 2021).

4.1.4.3. Multiple Linear Regression Analysis

Using the multiple regression analysis (MLR) methodology, a novel WQI equation was
modeled. Regression analysis enables a quantitative evaluation of the correlation between
particular variables and an outcome of interest through this approach. All variables that
show a significant correlation in the correlation matrix indicated above will be used to test
regression models first, and the model equation with the best adjustments will then be
identified. Using only the variables determined by the regression analysis, this equation will
therefore be utilized to calculate a new water quality index for the water resource under
study. The variables utilized in this work for the GWQI estimation and the MLR analysis
are the same. Here, four ratios i.e. 70% and 30%, 75% and 25 %, 80 % and 20% and 85 %
and 15 % of the total were selected at random for the purposes of model preparation and
validation. This statistical method helps analyze how different independent parameters
relate to a dependent parameter (Wu et al. 2020). That is stated in Eq. (4.14).

R = B+ BR+BP+ ... +B,P,+ R, (4.14)

where, Py, Py, and By are the predictor parameters, R is the response parameter, and so on.
Regression coefficients are denoted by By, and random error is denoted by Rg.

In order to create a suitable model, step-wise multiple regression analysis (MLR)
was used to evaluate the relationship between the independent variables (groundwater
quality parameters) and the dependent variable (GWQI) using IBM SPSS tool. The
appropriate model was identified, and index scores were then computed. Finally, a paired
samples t-test was used to identify the significant differences between the original GWQI
and updated GWQI values.

4.1.4.4. t-Test

Student's t-test is used to determine whether there was a significant difference between the
original WQI and the new WQI after obtaining the new WQI equation from the regression
analysis and calculating the new index for each sample. This test will be performed on the
quality ranges and numerical WQI results (Valentini et al. 2021). The significance of the
difference between dependent sample pairs is determined using the t-test for paired samples.
The use of the paired t-test is necessary because the results of the new WQI are dependent
on the results of the old WQI, which were used to conduct the regression analysis. This test
is a hypothesis test that seeks to assess a null hypothesis and an alternative, just like all

18



significance tests do. Though in this study, paired t-test is calculated using the SPSS tool,
but in general paired t-test is calculated using Eq. (4.15).
>.d
t = (4.15)
Jnx(Zdz)—(Zd)z

n—1

where, d stands for difference per paired value and n stands for number of samples.

The null hypothesis, which states that there is no significant variation between the
old WQI and the new WQ]I, is rejected if, with 95% confidence, the p value is less than
0.05, according to this test. In other words, the original and new indices are not substantially
different if p > 0.05 (Das et al., 2023; Valentini et al. 2021).

4.1.4.5. Evaluation of Models’ Performance and Their Acceptability

The projected WQI values are compared with the original WQI dataset in order to assess the
performance of the models. To determine the correctness of models, the following statistical
formula for root mean square error (RMSE) is taken into consideration. If validated models
are all accepted through t-test, then out of all models, the most accurate model is selected
based on the lowest RMSE, as is customary in the literature. RMSE calculation is done
using the following Eq. (4.16) (Elbeltagi et al. 2020).

1 N
RMSE = —Z(AWQIf—PWQIs)Z
N3 (4.16)

where, Ay stands for actual WQI and Py stands for predicted WQI value.
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Fig. 4.1. Flow diagram of methodology for water quality prediction modelling.
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Table 4.2. Values of different water quality monitoring parameters at 100 sampling stations.

Sample TDS Turbidity Iron | Manganese | Total Hardness| Chloride
number [ P (mg/) |  (NTU) (mg/l) | (mg/l) (mg/l) (mg/l)
1 7.44 792 0.65 0.26 0.25 124 192
2 7.26 1347 217 0.18 0.25 148 198
3 7.62 742 0.52 0.23 0.25 176 246
4 8.1 692 2.1 0.23 0.25 152 226
5 7.49 792 0.81 0.14 0.25 126 126
6 7.1 1645 4.25 0.38 0.25 218 345
7 7.25 897 0.83 0.18 0.25 182 326
8 7.65 1362 2.79 0.15 0.25 132 262
9 7.38 857 1.36 0.16 0.25 132 165
10 7.93 925 1.15 0.14 0.25 148 210
11 7.32 845 0.92 0.16 0.25 142 216
12 7.64 1410 4.32 0.32 0.25 184 292
13 7.81 1172 1.81 0.14 0.25 144 182
14 7.25 963 1.32 0.2 0.25 132 174
15 7.15 856 1.24 0.14 0.25 142 196
16 7.35 894 1.37 0.16 0.25 132 184
17 7.42 946 0.89 0.1 0.25 152 216
18 7.61 924 1.32 0.15 0.25 136 218
19 8.2 1327 2.14 0.24 0.25 174 248
20 7.1 856 1.32 0.15 0.25 156 208
21 7.83 795 0.71 0.18 0.18 136 187
22 7.64 684 0.71 0.14 0.25 158 192
23 7.85 1682 4.16 0.36 0.25 218 345
24 8.1 872 1.25 0.32 0.25 136 198
25 7.36 945 0.87 0.23 0.25 156 270
26 7.44 1064 1.47 0.22 0.25 145 210
27 7.32 1064 1.87 0.18 0.25 162 196
28 8.05 892 0.58 0.09 0.25 152 224
29 7.82 1349 3.42 0.12 0.25 175 264
30 7.56 1234 2.34 0.2 0.25 134 206
31 7.55 1659 3 0.28 0.05 200 200
32 7.76 496 1.56 0.22 0.17 320 70.9
33 8.03 661 0.79 0.16 0.09 200 142
34 7.59 829 0.7 0.18 0.01 230 270
35 7.34 775 1.48 0.25 0.36 190 213
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Sample TDS Turbidity Iron | Manganese | Total Hardness| Chloride

number | P | mgn|  TU) | g | (men) (mg) (mg/)
36 7.39 711 0.12 0.21 0.02 230 234
37 7.31 732 0.01 0.14 0.16 250 234
38 7.39 999 0.53 0.27 0.21 300 341
39 7.25 1160 0.63 0.2 0 370 375
40 7.34 1376 0.68 0.28 0.34 390 533
41 7.36 984 0.08 0.19 0.01 250 433
42 7.12 1125 1.05 0.26 0.79 410 346
43 7.62 840 2.28 3.93 0.11 200 241.06
44 7.49 837 0.75 0.3 0.25 134 187
45 7.35 1068 1.35 0.23 0.25 175 238
46 7.46 794 0.73 0.12 0.25 149 258
47 8.1 1526 3.46 0.38 0.25 210 348
48 7.22 972 0.92 0.22 0.25 164 272
49 7.81 856 0.93 0.93 0.25 178 314
50 7.43 617 0.68 0.43 0.087 208 146
51 7.45 586 0.52 0.37 0.154 112 224
52 7.36 720 0.84 0.42 0.15 160 184.6
53 7.43 1115 0.66 0.63 0.16 180 298.2
54 7.53 570 0.81 0.6 0.15 164 184.6
55 7.62 822 0.48 0.36 0.13 144 198.8
56 8.08 703 0.55 0.439 0.028 116 178.92
57 7.71 571 0.43 0.438 0.056 164 159.04
58 7.9 561 0.4 0.586 0.017 104 201.64
59 8.06 1013 0.89 0.761 0.133 236 187.44
60 7.8 904 0.89 0.629 0.13 188 173.24
61 7.69 875 0.45 0.363 0.073 156 176.08
62 7.72 666 0.69 0.439 0.05 120 156.2
63 7.77 732 0.57 0.535 0.035 188 164.72
64 7.84 541 0.62 0.402 0.056 92 190.28
65 7.28 525 0.89 0.551 0.062 136 122.12
66 7.39 771 0.81 0.525 0.045 160 150.52
67 7.68 601 0.77 0.354 0.027 104 227.2
68 7.78 591 0.91 0.297 0.2519 272 148.89
69 7.81 1099 0.74 0.05 0.25 104 347.5
70 7.79 657 0.96 0.109 0.063 88 139.16
71 7.98 643 0.83 0.091 0.038 76 113.6
72 7.98 547 0.51 0.098 0.041 68 105.08
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Sample TDS Turbidity Iron | Manganese | Total Hardness| Chloride

number | P | mgn|  TU) | g | (men) (mg) (mg/)
73 7.87 532 0.63 0.081 0.039 64 102.24
74 7.92 537 0.46 0.031 0.013 68 96.4
75 7.96 669 0.62 0.065 0.062 76 130.6
76 7.6 1066 0.74 0.23 0.02 96 490.06
77 7.54 639 1.67 0.19 0.02 48 217.8
78 7.68 731 0.26 0.13 0.02 64 272.26
79 7.73 857 1.32 0.2 0.03 44 299.48
80 7.41 385 0.46 0.95 0.04 119 87
81 7.63 390 0.29 0.06 0.05 124 65
82 7.77 428 0.42 0.19 0.06 156 136
83 7.86 399 0.8 0.07 0.13 118 85
84 7.9 403 0.35 0.09 0.03 84 63
85 7.81 372 0.17 0.05 0.17 80 69
86 7.87 408 0.02 0.02 0.04 84 59
87 7.67 368 0.43 0.27 0.04 78 56
88 7.87 407 0.29 0.04 0.01 100 95
89 7.53 378 0.29 0.08 0.07 144 99
90 7.39 426 0.7 0.04 0.04 144 99
91 7.56 453 2 0.36 0.07 120 102
92 7.59 422 1.4 0.09 0.02 84 75
93 7.53 1460 3.12 0.338 0 141 383.71
94 7.63 1060 2.17 1.203 0 151 387.46
95 7.52 1420 3.19 0.402 0 129 387.06
96 7.32 1120 6.59 1.175 0 169 314.19
97 7.65 518 4.92 0.44 0.05 224 108
98 7.55 420 2.87 0.12 0.27 168 35
99 7.37 606 1.21 0.33 0.05 240 210
100 7.48 600 0.61 0.24 0.16 180 118
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CHAPTER -V

5.1 Results and Discussion

As it is discussed earlier the dataset containing all the drinking water parameters of various
blocks of South 24 Parganas was collected from the WBPHED website through the link
https://maps.wbphed.gov.in/webgis/?district=&block=&gp=&scheme=&search=Show. Out
of all the datasets, seven parameters have been chosen from 100 sampling points. The
parameters are pH, TDS, turbidity, iron, manganese, total hardness and chloride.

5.1.1 Statistical Analysis of Individual Parameters

To obtain a broad perspective and identify differences within the datasets, basic statistics
were computed for each groundwater dataset (Das et al. 2023). After the preparation of the
dataset, descriptive statistics of each parameter have been calculated by evaluating mean,
variance, standard deviation, minimum value and maximum value. Variables related to
groundwater quality are thought to be the most important foundation for highlighting the
nature, diversity, and character of groundwater. Details of statistical indicators, and
Standard value of every parameter and the number of samples above the standard are
mentioned in Table 5.1.

In the statistical analysis, it is found that the variance of TDS and Chloride is high,
out of them TDS is maximum. The minimum, maximum and mean values of TDS are 368,
1682 and 831.29 mg/] respectively. The permissible value of TDS is 500 mg/l. It is found
that in the study area, out of 100 samples, 85 numbers of samples have a TDS value more
than the permissible value.

The average concentration of pH in groundwater in the study area is 7.61, indicating
a slightly acidic to alkaline type, with a pH range of 7.10 - 8.20. As per 1S:10500 (2012), the
permissible range of pH is 6.5 to 8.5. In the study areas, all the values of pH are within the
permissible range.

The permissible value of turbidity is 1 NTU. In the study area, out of 100 samples,
38 nos samples have turbidity conc. above the permissible limit. The minimum, maximum
and mean values of turbidity are found 0.01, 6.59 and 1.2561 NTU respectively.

Iron is a very important element that has an impact on human health; either too
much or too little iron intake can lead to a number of disorders (Das et al. 2023). The Iron
range is between 0.02 mg/l to 3.93 mg/l with an average concentration of 0.32 mg/l in the
study area. 33% of the samples exceeded the permissible limit of Iron (Fe) i.e. 0.3 mg/] for
drinking given by IS 10500 (Drinking Water Specification 2012).
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Naturally occurring in groundwater, manganese is mostly found in anaerobic
conditions. Its concentration is influenced by various factors such as the lithologic state of
the aquifer, the flow paths of groundwater, and the composition of rainfall (Ram et al.,
2021). The concentration of Manganese ranges between 0 to 0.79 mg/l with a mean of 0.15
mg/l. The permissible value of Manganese is 0.1 mg/l. In the study area, almost 56% of
samples exceed the permissible limit.

Water with a TH value (mg/l) between 150 and 300 and beyond 300 is considered
hard or very hard, respectively (Todd and Mays, 2005). The average concentration of Total
hardness in groundwater in the study area is 157.91 mg/l, indicating a range of 44 — 410
mg/l. The permissible value of Total Hardness is 200 mg/1 specified by 1S:10500 (2012). In
this study, 17 % of samples exceed the permissible limit.

The chloride range is between 39 mg/l to 533 mg/l with an average concentration of
207.96 mg/l in the study area. The permissible value of chloride is 250 mg/l. In this study,

chloride concentrations of 26 samples are above the permissible limit.

Table 5.1. Statistical analysis and permissible values as per BIS guidelines.

Number of
Standard
Samples
Standard . . . Value as per
wQP Mean o Variance | Minimum | Maximum Falling
Deviation 1S:10500
above
(2012)
Standard
pH 7.608 | 0.260 0.068 7.1 8.2 6.5-8.5 0
TDS
831.29 | 321.217 | 103180.2 368 1682 500 85
(mg/1)
Turbidity (NTU) | 1.256 1.146 1.313 0.01 6.59 1 38
Iron
0.316 | 0.428 0.183 0.02 3.93 0.3 33
(mg/1)
Manganese (mg/l)| 0.149 | 0.122 0.015 0 0.79 0.1 56
Total Hardness
157.91 | 66.621 | 4438.305 44 410 200 17
(mg/l)
Chloride
207.961| 97.324 | 9471.874 39 533 250 26
(mg/1)
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5.1.2. Formation of Entropy Weight WQI and CRITIC Weight WQI
Model

In this study, two indexing methods have been used to determine the quality of groundwater
associated with drinking i.e. Entropy weight WQI and CRITIC weight WQI.

5.1.2.1. Computation of Entropy Weight WQI (ExWQI)

The WQI with regard to entropy weight is often used to measure the drinking water class.
The greatest and lowest weights of the characteristics derived from the entropy technique
have both been identified as influencing factors in water grades (Jianhua et al. 2011).
ExWQI of each sample are estimated based on the method described above. The ExWQI
value varies from 43.1257 to 213.9703. To estimate the EN\WQI value, all the required data
are calculated step by step and given below in tabular form.

Table 5.2. Values of measured concentrations (MCNj;).

MCNji
Sample TDS Turbidity Iron Manganese LT, Chloride
Number [ P | g | NTO) | mgh | gy | ORNS (mg
1 7.44 792 0.65 0.26 0.25 124 192
2 7.26 1347 2.17 0.18 0.25 148 198
3 7.62 742 0.52 0.23 0.25 176 246
4 8.1 692 2.1 0.23 0.25 152 226
5 7.49 792 0.81 0.14 0.25 126 126
6 7.1 1645 4.25 0.38 0.25 218 345
7 7.25 897 0.83 0.18 0.25 182 326
8 7.65 1362 2.79 0.15 0.25 132 262
9 7.38 857 1.36 0.16 0.25 132 165
10 7.93 925 1.15 0.14 0.25 148 210
11 7.32 845 0.92 0.16 0.25 142 216
12 7.64 1410 4.32 0.32 0.25 184 292
13 7.81 1172 1.81 0.14 0.25 144 182
14 7.25 963 1.32 0.2 0.25 132 174
15 7.15 856 1.24 0.14 0.25 142 196
16 7.35 894 1.37 0.16 0.25 132 184
17 7.42 946 0.89 0.1 0.25 152 216
18 7.61 924 1.32 0.15 0.25 136 218
19 8.2 1327 2.14 0.24 0.25 174 248
20 7.1 856 1.32 0.15 0.25 156 208
21 7.83 795 0.71 0.18 0.18 136 187
22 7.64 684 0.71 0.14 0.25 158 192
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MCN;ji

Sample pH TDS Turbidity Iron Manganese H;(:ltslless Chloride

Number (mg) | (NTU) | (mgh) | (mgl) gty | ™D
23 7.85 1682 4.16 0.36 0.25 218 345
24 8.1 872 1.25 0.32 0.25 136 198
25 7.36 945 0.87 0.23 0.25 156 270
26 7.44 1064 1.47 0.22 0.25 145 210
27 7.32 1064 1.87 0.18 0.25 162 196
28 8.05 892 0.58 0.09 0.25 152 224
29 7.82 1349 3.42 0.12 0.25 175 264
30 7.56 1234 2.34 0.2 0.25 134 206
31 7.55 1659 3 0.28 0.05 200 200
32 7.76 496 1.56 0.22 0.17 320 70.9
33 8.03 661 0.79 0.16 0.09 200 142
34 7.59 829 0.7 0.18 0.01 230 270
35 7.34 775 1.48 0.25 0.36 190 213
36 7.39 711 0.12 0.21 0.02 230 234
37 7.31 732 0.01 0.14 0.16 250 234
38 7.39 999 0.53 0.27 0.21 300 341
39 7.25 1160 0.63 0.2 0 370 375
40 7.34 1376 0.68 0.28 0.34 390 533
41 7.36 984 0.08 0.19 0.01 250 433
42 7.12 1125 1.05 0.26 0.79 410 346
43 7.62 840 2.28 3.93 0.11 200 241.06
44 7.49 837 0.75 0.3 0.25 134 187
45 7.35 1068 1.35 0.23 0.25 175 238
46 7.46 794 0.73 0.12 0.25 149 258
47 8.1 1526 3.46 0.38 0.25 210 348
48 7.22 972 0.92 0.22 0.25 164 272
49 7.81 856 0.93 0.93 0.25 178 314
50 7.43 617 0.68 0.43 0.087 208 146
51 7.45 586 0.52 0.37 0.154 112 224
52 7.36 720 0.84 0.42 0.15 160 184.6
53 7.43 1115 0.66 0.63 0.16 180 298.2
54 7.53 570 0.81 0.6 0.15 164 184.6
55 7.62 822 0.48 0.36 0.13 144 198.8
56 8.08 703 0.55 0.439 0.028 116 178.92
57 7.71 571 0.43 0.438 0.056 164 159.04
58 7.9 561 0.4 0.586 0.017 104 201.64
59 8.06 1013 0.89 0.761 0.133 236 187.44
60 7.8 904 0.89 0.629 0.13 188 173.24
61 7.69 875 0.45 0.363 0.073 156 176.08
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MCN;ji

Sample pH TDS Turbidity Iron Manganese H;(:ltslless Chloride

Number (mg) | (NTU) | (mgh) | (mgl) gty | ™D
62 7.72 666 0.69 0.439 0.05 120 156.2
63 7.77 732 0.57 0.535 0.035 188 164.72
64 7.84 541 0.62 0.402 0.056 92 190.28
65 7.28 525 0.89 0.551 0.062 136 122.12
66 7.39 771 0.81 0.525 0.045 160 150.52
67 7.68 601 0.77 0.354 0.027 104 227.2
68 7.78 591 0.91 0.297 0.2519 272 148.89
69 7.81 1099 0.74 0.05 0.25 104 347.5
70 7.79 657 0.96 0.109 0.063 88 139.16
71 7.98 643 0.83 0.091 0.038 76 113.6
72 7.98 547 0.51 0.098 0.041 68 105.08
73 7.87 532 0.63 0.081 0.039 64 102.24
74 7.92 537 0.46 0.031 0.013 68 96.4
75 7.96 669 0.62 0.065 0.062 76 130.6
76 7.6 1066 0.74 0.23 0.02 96 490.06
77 7.54 639 1.67 0.19 0.02 48 217.8
78 7.68 731 0.26 0.13 0.02 64 272.26
79 7.73 857 1.32 0.2 0.03 44 299.48
80 7.41 385 0.46 0.95 0.04 119 87
81 7.63 390 0.29 0.06 0.05 124 65
82 7.77 428 0.42 0.19 0.06 156 136
83 7.86 399 0.8 0.07 0.13 118 85
84 7.9 403 0.35 0.09 0.03 84 63
85 7.81 372 0.17 0.05 0.17 80 69
86 7.87 408 0.02 0.02 0.04 84 59
87 7.67 368 0.43 0.27 0.04 78 56
88 7.87 407 0.29 0.04 0.01 100 95
89 7.53 378 0.29 0.08 0.07 144 99
90 7.39 426 0.7 0.04 0.04 144 99
91 7.56 453 2 0.36 0.07 120 102
92 7.59 422 1.4 0.09 0.02 84 75
93 7.53 1460 3.12 0.338 0 141 383.71
94 7.63 1060 217 1.203 0 151 387.46
95 7.52 1420 3.19 0.402 0 129 387.06
96 7.32 1120 6.59 1.175 0 169 314.19
97 7.65 518 4.92 0.44 0.05 224 108
98 7.55 420 2.87 0.12 0.27 168 39
99 7.37 606 1.21 0.33 0.05 240 210
100 7.48 600 0.61 0.24 0.16 180 118
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Table 5.3. Values of minimum concentrations [(MCNj;)yin] and maximum concentrations
[(MCNji)max]-

Total
TDS Turbidity | Iron | Manganese Chloride
wQP H Hardness
PR mgny | oNTU) | (mg) | (men) (mg/l)
(mg/l)
(MCN;)min 7.1 368 0.01 0.02 0 44 39
(MCN;ji)max 8.2 1682 6.59 3.93 0.79 410 533

Normalized concentration is calculated from measured concentration by using the
above mentioned formula (Eq. 4.2), which is given below in the tabular form.

Table 5.4. Values of Normalized Concentration (NCNj;).

NCNji

Sa;':)‘i’le pH |TDS (mgl) T:';'?ﬂ;“ Fe (ng/l)| Mn (mg/) Tm(lmh;r];l“ess (n::g'/l)
1 | 03091 | 03227 0.0973 0.0614 | 0.3165 02186 | 0.3097
2 | 01455 | 0.7451 0.3283 0.0409 | 0.3165 02842 | 03219
3 | 04727 | 02846 0.0775 0.0537 | 0.3165 0.3607 | 0.4190
4 | 09091 | 02466 0.3176 0.0537 | 03165 02951 | 0.3785
5 | 03545 | 03227 0.1216 0.0307 | 0.3165 02240 | 0.1761
6 | 0.0000 | 09718 0.6444 0.0921 | 03165 04754 | 0.6194
7 | 01364 | 04026 0.1246 0.0409 | 0.3165 03770 | 0.5810
8 | 0.5000 | 0.7565 0.4225 0.0332 | 03165 02404 | 0.4514
9 | 02545 | 03721 0.2052 0.0358 | 0.3165 02404 | 0.2551
10 | 0.7545 | 0.4239 0.1733 0.0307 | 03165 02842 | 0.3462
11| 02000 | 0.3630 0.1383 0.0358 | 0.3165 02678 | 0.3583
12 | 0.4909 | 0.7930 0.6550 0.0767 | 03165 03825 | 0.5121
13 | 0.6455 | 0.6119 0.2736 0.0307 | 0.3165 02732 | 0.2895
14 | 01364 | 04528 0.1991 0.0460 | 0.3165 02404 | 02733
15 | 0.0455 | 0.3714 0.1869 0.0307 | 0.3165 02678 | 0.3178
16 | 02273 | 0.4003 0.2067 0.0358 | 0.3165 02404 | 0.2935
17 | 02909 | 0.4399 0.1337 0.0205 | 0.3165 02951 | 0.3583
18 | 0.4636 | 0.4231 0.1991 0.0332 | 0.3165 02514 | 0.3623
19 | 1.0000 | 0.7298 0.3237 0.0563 | 0.3165 03552 | 0.4231
20 | 0.0000 | 0.3714 0.1991 0.0332 | 0.3165 03060 | 0.3421
21 | 0.6636 | 0.3250 0.1064 0.0409 | 02278 02514 | 0.2996
22 | 04909 | 0.2405 0.1064 0.0307 | 0.3165 03115 | 0.3097
23 | 0.6818 | 1.0000 0.6307 0.0870 | 03165 04754 | 0.6194
24 | 09091 | 0.3836 0.1884 0.0767 | 0.3165 02514 | 0.3219
25 | 02364 | 0.4391 0.1307 0.0537 | 03165 03060 | 0.4676
26 | 03091 | 0.5297 0.2219 0.0512 | 0.3165 02760 | 0.3462
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NCNji

Sal'q':]'.’le pH |TDS (mgl) T:'I:'f'r'ﬂ')ty Fe (ng/l)| Mn (mg/) T°ta(lmh;;l“°ss (nfg'/l)
27 | 02000 | 0.5297 02827 | 0.0409 | 03165 03224 | 03178
28 | 0.8636 | 0.3988 0.0866 | 0.0179 | 03165 02951 | 0.3745
29 | 0.6545 | 0.7466 05182 | 0.0256 | 03165 03579 | 0.4555
30 | 0.4182 | 0.6591 0.3541 0.0460 | 0.3165 02459 | 0.3381
31 | 04091 | 0.9825 04544 | 0.0665 | 0.0633 04262 | 0.3259
32 | 0.6000 | 0.0974 02356 | 00512 | 02152 0.7541 | 0.0646
33 | 0.8455 | 0.2230 0.1185 | 0.0358 | 0.1139 04262 | 0.2085
34 | 0.4455 | 0.3508 0.1049 | 0.0409 | 0.0127 05082 | 0.4676
35 | 02182 | 0.3097 02234 | 0.0588 | 04557 03989 | 0.3522
36 | 0.2636 | 0.2610 0.0167 | 0.0486 | 0.0253 05082 | 0.3947
37 | 0.1909 | 0.2770 0.0000 | 0.0307 | 02025 05628 | 0.3947
38 | 0.2636 | 0.4802 0.0790 | 0.0639 | 0.2658 0.6995 | 0.6113
39 | 0.1364 | 0.6027 0.0942 | 0.0460 | 0.0000 0.8907 | 0.6802
40 | 02182 | 0.7671 0.1018 | 0.0665 | 0.4304 0.9454 | 1.0000
41 | 02364 | 0.4688 0.0106 | 0.0435 | 0.0127 05628 | 0.7976
42 | 00182 | 05761 0.1581 0.0614 | 1.0000 1.0000 | 0.6215
43 | 04727 | 03592 0.3450 1.0000 | 0.1392 04262 | 0.4090
44 | 03545 | 0.3569 0.1125 | 0.0716 | 0.3165 0.2459 | 0.2996
45 | 02273 | 05327 02036 | 0.0537 | 03165 03579 | 0.4028
46 | 03273 | 03242 0.1094 | 0.0256 | 0.3165 02869 | 0.4433
47 | 09091 | 0.8813 05243 | 00921 | 03165 04536 | 0.6255
48 | 0.1091 | 0.4597 0.1383 | 0.0512 | 03165 03279 | 0.4717
49 | 06455 | 03714 0.1398 | 02327 | 03165 03661 | 0.5567
50 | 0.3000 | 0.1895 0.1018 | 0.1049 | 0.1101 0.4481 | 0.2166
51 | 03182 | 0.1659 0.0775 | 0.0895 | 0.1949 0.1858 | 0.3745
52 | 0.2364 | 0.2679 0.1261 0.1023 | 0.1899 03169 | 0.2947
53 | 0.3000 | 0.5685 0.0988 | 0.1560 | 0.2025 03716 | 0.5247
54 | 0.3909 | 0.1537 0.1216 | 0.1483 | 0.1899 03279 | 0.2947
55 0.4727 0.3455 0.0714 0.0870 0.1646 0.2732 0.3235
56 | 0.8909 | 0.2549 0.0821 0.1072 | 0.0354 0.1967 | 0.2832
57 | 0.5545 | 0.1545 0.0638 | 0.1069 | 0.0709 03279 | 0.2430
58 | 0.7273 | 0.1469 0.0593 | 0.1448 | 0.0215 0.1639 | 0.3292
59 | 0.8727 | 0.4909 0.1337 | 0.1895 | 0.1684 0.5246 | 0.3005
60 | 0.6364 | 0.4079 0.1337 | 0.1558 | 0.1646 03934 | 02717
61 | 05364 | 0.3858 0.0669 | 0.0877 | 0.0924 03060 | 0.2775
62 | 0.5636 | 0.2268 0.1033 | 0.1072 | 0.0633 02077 | 0.2372
63 | 0.6091 | 0.2770 0.0851 01317 | 0.0443 03934 | 0.2545
64 | 06727 | 0.1317 0.0927 | 0.0977 | 0.0709 0.1311 | 0.3062
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NCNji

Sal'q':]'.’le pH |TDS (mgl) T:'I:'f'r'ﬂ')ty Fe (ng/l)| Mn (mg/) T°ta(lmh;;l“°ss (nfg'/l)
65 | 0.1636 | 0.1195 0.1337 | 0.1358 | 0.0785 02514 | 0.1683
66 | 0.2636 | 0.3067 0.1216 | 0.1292 | 0.0570 03169 | 0.2257
67 | 05273 | 01773 0.1155 | 0.0854 | 0.0342 0.1639 | 0.3810
68 | 0.6182 | 0.1697 0.1368 | 0.0708 | 0.3189 0.6230 | 0.2224
69 | 0.6455 | 0.5563 0.1109 | 0.0077 | 03165 0.1639 | 0.6245
70 | 0.6273 | 0.2199 0.1444 | 00228 | 0.0797 0.1202 | 0.2028
71 | 0.8000 | 0.2093 0.1246 | 0.0182 | 0.0481 0.0874 | 0.1510
72 | 0.8000 | 0.1362 0.0760 | 0.0199 | 0.0519 0.0656 | 0.1338
73 | 0.7000 | 0.1248 0.0942 | 0.0156 | 0.0494 0.0546 | 0.1280
74 | 0.7455 | 0.1286 0.0684 | 0.0028 | 0.0165 0.0656 | 0.1162
75 | 07818 | 0.2291 0.0927 | 00115 | 0.0785 0.0874 | 0.1854
76 | 0.4545 | 0.5312 0.1109 | 0.0537 | 0.0253 0.1421 | 0.9131
77 | 0.4000 | 0.2062 02523 | 0.0435 | 0.0253 0.0109 | 0.3619
78 | 05273 | 0.2763 0.0380 | 0.0281 | 0.0253 0.0546 | 0.4722
79 | 05727 | 03721 0.1991 0.0460 | 0.0380 0.0000 | 0.5273
80 | 0.2818 | 0.0129 0.0684 | 0.2379 | 0.0506 02049 | 0.0972
81 | 04818 | 0.0167 0.0426 | 0.0102 | 0.0633 02186 | 0.0526
82 | 0.6091 | 0.0457 0.0623 | 0.0435 | 0.0759 0.3060 | 0.1964
83 | 0.6909 | 0.0236 0.1201 0.0128 | 0.1646 02022 | 0.0931
84 | 07273 | 0.0266 0.0517 | 0.0179 | 0.0380 0.1093 | 0.0486
85 | 0.6455 | 0.0030 0.0243 | 00077 | 02152 0.0984 | 0.0607
86 | 0.7000 | 0.0304 0.0015 | 0.0000 | 0.0506 0.1093 | 0.0405
87 | 05182 | 0.0000 0.0638 | 0.0639 | 0.0506 0.0929 | 0.0344
88 | 0.7000 | 0.0297 0.0426 | 0.0051 | 0.0127 0.1530 | 0.1134
89 | 03909 | 0.0076 0.0426 | 00153 | 0.0886 02732 | 0.1215
90 | 0.2636 | 0.0441 0.1049 | 0.0051 | 0.0506 02732 | 0.1215
o1 | 04182 | 0.0647 03024 | 0.0870 | 0.0886 02077 | 0.1275
92 | 0.4455 | 0.0411 02112 | 0.0179 | 0.0253 0.1093 | 0.0729
93 0.3909 0.8311 0.4726 0.0813 0.0000 0.2650 0.6978
94 | 04818 | 0.5266 03283 | 03026 | 0.0000 02923 | 0.7054
95 | 0.3818 | 0.8006 04833 | 0.0977 | 0.0000 02322 | 0.7046
9% | 0.2000 | 0.5723 1.0000 | 0.2954 | 0.0000 03415 | 0.5571
97 | 0.5000 | 0.1142 0.7462 | 0.1074 | 0.0633 04918 | 0.1397
98 | 0.4091 | 0.0396 04347 | 0.0256 | 03418 03388 | 0.0000
99 | 02455 | 0.1811 0.1824 | 00793 | 0.0633 05355 | 0.3462
100 | 0.3455 | 0.1766 0.0912 | 0.0563 | 0.2025 03716 | 0.1599
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According to (Gorgij et al. 2017), entropy weighting can enhance the WQI model's
ability to measure water quality. Because the ENWQI approach minimizes subjective
judgments regarding parameter weighting and assists decision makers in assessing
groundwater quality, it offers a more practical and accurate water quality assessment.

The entropy weight (ExW;) and information entropy (IEi) of all the analyzed
parameters are shown in Table 5.5. The value of ExWQI is calculated by multiplying
entropy weightage with the quality rating factor However, the final EWQI and the ranking
of the water samples are presented in Table 5.6.

Table 5.5. Values of Entropy based weights (ExW;) and Information Entropy (IEi) of
individual parameters.

TDS Turbidit Iron Manganese W Chloride
WP | B | gy | vTo) | mgh | e Tonghy | meD
IEi | 0.9972 | 0.9966 | 09979 | 0.9991 0.9983 0.9980 0.9977
ExW, | 0.1842 | 02240 | 0.1391 0.0617 0.1135 0.1294 0.1481

Table 5.6. Values of ExWQL.

S:ﬁg:; ExWQI | Rank :225; ExWQI | Rank Sﬁﬁ';:; ExWQI | Rank
1 103.0518 | 3 2 147.1067 | 3 3 107.1614 | 3
4 130.0489 | 3 5 99.6439 | 2 6 2047641 | 4
7 1179712 | 3 8 163.3284 | 3 9 1119625 | 3
10 | 1221335 | 3 1 108.2376 | 3 12 1952678 | 3
13 | 1389862 | 3 14 1159142 | 3 15 109.4965 | 3
16 | 1145162 | 3 17 1129874 | 3 18 1204254 | 3
19 | 1632156 | 3 20 111.8171 | 3 21 99.6986 | 2
22 101237 | 3 23 213.9703 | 4 24 125.4504 | 3
25 | 118.0574 | 3 26 1282433 | 3 27 131.7802 | 3
28 114263 | 3 29 175.8784 | 3 30 148.0713 | 3
31 | 159.0204 | 3 32 101.9795 | 3 33 88.1106 | 2
34 89.8334 | 2 35 130.4015 | 3 36 736451 | 2
37 87.8240 | 2 38 1259223 | 3 39 114.0689 | 3
40 | 176.4464 | 3 41 96.4864 | 2 42 2085417 | 4
43 | 1974545 | 3 44 108.2458 | 3 45 129454 | 3
46 | 107.1484 | 3 47 200.3889 | 4 48 1186735 | 3
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S:ﬁg:i ExWQI | Rank Szﬁgz ExWQI | Rank S:E;z ExWQI | Rank
49 | 1388511 | 3 50 832054 | 2 51 846183 | 2
52 953125 | 2 53 1248419 | 3 54 942219 | 2
55 943712 | 2 56 82.7165 | 2 57 756768 | 2
58 74.4003 | 2 59 127.8985 | 3 60 112.8203 | 3
61 90.2093 | 2 62 799951 | 2 63 87.0731 | 2
64 750223 | 2 65 737367 | 2 66 85.7675 | 2
67 765153 | 2 68 109.8378 | 3 69 126201 | 3
70 758178 | 2 71 702174 | 2 72 60.9288 | 2
73 59.5708 | 2 74 539782 | 2 75 714139 | 2
76 | 107.6569 | 3 77 80.6662 | 2 78 69.9288 | 2
79 93.8200 | 2 80 65.6061 | 2 81 48.0276 | 1
82 633413 | 2 83 68.4319 | 2 84 483994 | 1
85 58.5715 | 2 86 431257 | 1 87 49.1519 | 1
88 47.0081 | 1 89 522518 | 2 90 541557 | 2
91 84.1391 | 2 92 50.6193 | 2 93 154.1064 | 3
94 | 142.8551 | 3 95 153.9024 | 3 96 199.4464 | 3
97 | 1352192 | 3 98 1117832 | 3 99 88.9503 | 2
100 | 829961 | 2

As shown in Table 5.6, computed WQI values using various weight techniques have
been divided into five divisions. MS spreadsheet programs are used to determine the WQI
values at various places using the aforesaid weight techniques. Out of 100 samples, almost
50% of samples are classified as Poor, only 4% samples are very poor, 41% samples are
classified as Good for drinking and only 5% samples are of excellent quality for drinking as
mentioned in Table 4.1. There are no samples which are unsuitable for drinking.
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Fig. 5.1. Graphical representation of Entropy WQI against sample points.

5.1.2.2. Computation of CRITIC Weight WQI (CyyWQI)
The WQI technique, which is based on CRITIC, is used to evaluate groundwater
quality while taking into account 100 samples. The CRITIC WQI indicates excellent to very

poor class for drinking, with a range of 41.08 to 222.16.

Table 5.7. Values of correlation coefficients

(CRji)

pH TDS Turbidity Iron Manganese He};glt;éss Chloride

pH 1.0000 | -0.1720 | -0.0680 | -0.0260 -0.2500 -0.3240 -0.2560
TDS -0.1720 1.0000 0.5730 0.0740 0.3760 0.3580 0.7380
Turbidity -0.0680 | 0.5730 1.0000 0.2260 0.1240 0.1390 0.2680
Iron -0.0260 | 0.0740 0.2260 1.0000 -0.1180 0.1410 0.1510
Manganese | -0.2500 | 0.3760 0.1240 -0.1180 1.0000 0.4070 0.2300
Hardness -0.3240 | 0.3580 0.1390 0.1410 0.4070 1.0000 0.4240
Chloride | -0.2560 | 0.7380 0.2680 0.1510 0.2300 0.4240 1.0000
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The standard deviation (SDVi), information amount (IFi) and CRITIC weight of
individual parameters (CWp) are shown in Table 5.8. The value of CywWQI is calculated by
multiplying CRITIC weight with the quality rating factor. However, the final CwWQI and
the ranking of the water samples are presented in Table 5.9.

Table 5.8. Values of standard deviation, information amount and weight of individual

parameters.
WQP | SDVi IFi CWp
pH 0.2362 | 1.6761 | 0.2515
TDS(mg/l) | 0.2445 | 0.9908 | 0.1487
T(“Ifll?rif})ty 0.1741 | 0.8251 | 0.1238
Fe (mg/l) | 0.1094 | 0.6071 | 0.0911
Mn (mg/l) | 0.1542 | 0.8065 | 0.1210
TH (mg/l) | 0.1820 | 0.8837 | 0.1326
Cl(mg/l) | 0.1970 | 0.8757 | 0.1314
Table 5.9. Values of CyyWQI.
332‘;2 CWWQI | Rank :32{:2 CWWQI |Rank sz:l‘gli CWWQI | Rank
95 4282 2 127.2055 | 3 3 100.7244 | 3
4 1242027 | 3 5 91.2675 | 2 6 1775717 | 3
7 106.0514 | 3 8 1432571 | 3 9 101.2194 | 3
10 112.6804 | 3 11 97.7529 | 2 12 1736433 | 3
13 1244459 | 3 14 103.3838 | 3 15 97.5331 2
16 102.9389 | 3 17 100.9019 | 3 18 109.3191 | 3
19 1481716 | 3 20 99.5477 | 2 21 92.4314 2
22 94.9234 2 23 189.5238 | 3 24 1192319 | 3
25 106.6692 | 3 26 114.7899 | 3 27 116.9068 | 3
28 106.1374 | 3 29 155.5647 | 3 30 131.0795 | 3
31 134.0051 | 3 32 98.9922 | 2 33 83.1705 2
34 79.3169 2 35 122.0081 | 3 36 65.5046 2
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.f:ﬁll:.l; CWWQI | Rank 151;:21]::; CWWQI |Rank Ef:ﬁ'l‘; CWWQI | Rank
37 79.5679 2 38 114.2205 | 3 39 96.7879 | 2
40 158.5398 | 3 41 825899 | 2 42 1973151 | 3
43 2221612 | 4 44 100457 | 3 45 1156785 | 3
46 97.6885 | 2 47 180.6458 | 3 48 106.0757 | 3
49 137.3354 | 3 50 79.0174 | 2 51 80.4712 | 2
52 89.0534 | 2 53 114.6248 | 3 54 92.8030 | 2
55 87.4316 | 2 56 79.6266 | 2 57 73.5089 | 2
58 74.0611 2 59 123.6032 | 3 60 107.7043 | 3
61 82.6045 | 2 62 759578 | 2 63 833283 | 2
64 72.9241 2 65 709877 | 2 66 793922 | 2
67 71.6516 | 2 68 107.2705 | 3 69 112.3427 | 3
70 68.7425 | 2 71 64.1915 | 2 72 56.9733 | 2
73 54.9962 2 74 491723 | 1 75 65.0377 | 2
76 924360 | 2 77 71.5429 | 2 78 612708 | 2
79 824178 | 2 80 70.1616 | 2 81 45.2558 1
82 61.3522 2 83 66.3307 | 2 84 46.6454 1
85 57.7636 | 2 86 41.0802 | 1 87 48.6492 1
88 44.3227 1 89 493628 | 1 90 48.6737 1
91 80.3332 2 92 54.4325 | 2 93 130.6931 | 3
94 1358411 | 3 95 131.5266 | 3 96 183.6386 | 3
97 1271422 | 3 98 106.7409 | 3 99 822170 | 2
100 782206 | 2
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Fig. 5.2. Graphical representation of CRITIC WQI against sample points.

Water quality includes excellent (8% samples), good (47% samples), poor (44%
samples) and very poor (1% samples) from 100 samples as per above mentioned Table 4.1.
There are no samples which are unsuitable for drinking.

The CRITIC weighting method uses trade-offs between several variables and the
STDV concept to determine WQL. It also restricts individual opinion when determining how
much weight to give each characteristic. Thus, the WQI system's objective weighting, as
opposed to subjective weighting, can increase the precision of water quality evaluation and
model predictions. We have taken into account a restricted number of WQPs in WQI
calculation due to the dataset's availability. Different scenarios for regional water quality
can be provided and the process of assessing water quality can be improved by including a
greater number of WQPs in the WQI estimation (Das and Das, 2024). Microsoft Excel 2013
is used to construct the Entropy and CRITIC based WQI. The WQI model is developed
utilizing these WQI scores.

5.1.2.3. Comparison of CRITIC and Entropy Method Through Eclipsing
and Ambiguity

In the CRITIC method, eight sampling points in which all the considered water quality
parameters are within the permissible limit for drinking and after observing their respective
final WQI scores which suggest water is acceptable in both WQI methods in those sampling
pts. Thus both methods are free from ambiguity.
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The eclipsing issue has been spotted/ identified at 74 sampling points (over-
estimate eclipsing 71 sampling points and under-estimate eclipsing in 3 sampling points) for
the Entropy WQI method. The eclipsing issue has been spotted at 77 sampling points (over
estimate eclipsing at 76 sampling points and under estimate eclipsing at 1 sampling point)
for the CRITIC WQI method. Therefore, the Entropy WQI method has fewer/ less eclipsing
issues as compared to the Critic WQI.

5.1.3. MLR Model Preparation

5.1.3.1. Input Combination for Model Preparation

Both the outcome of this index and all factors associated with the original WQI were
assessed for their sample distribution. The majority of variables do not follow a normal
distribution, according to the K-S and S—W tests, which produced a p value < 0.05 (p-value
provided by SPSS, quoted under Sig. for Kolmogorov-Smirnov and Shapiro-Wilk). As a
result, Spearman’s coefficient will be the correlation coefficient employed in the study's
subsequent phase.

Table 5.10. Values of significance in K-S and S-W Tests.

Kolmogorov-Smirnov® Shapiro-Wilk
Statistic df Sig. Statistic df Sig.

pH 0.071 100 0.200" 0.981 100 0.151
TDS 0.080 100 0.110 0.949 100 0.001
Turbidity 0.222 100 0.000 0.771 100 0.000
Fe 0.256 100 0.000 0.456 100 0.000
Mn 0.206 100 0.000 0.803 100 0.000
TH 0.124 100 0.001 0.902 100 0.000

Cl 0.102 100 0.013 0.958 100 0.003
wQl 0.080 100 0.115 0.949 100 0.001

*_ This is a lower bound of the true significance.

a. Lilliefors Significance Correction

The Kolmogorov Smirnov test produces test statistics that are used (along with a
degree of freedom parameter) to test for normality. Here it can be seen that the Kolmogorov
Smirnov statistic takes various value which has degrees of freedom which equals the
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number of data points, i.e. 100. Table 5.10 shows the specific test results including the
Shapiro-Wilk Test Statistic (Statistic), the degrees of freedom (df) the two-tailed
significance or p-value (Sig.) also. The Shapiro—Wilk test is a more appropriate method for
small sample sizes (<50 samples) although it can also handle larger sample sizes while the
Kolmogorov—Smirnov test is used for n >50.

In the Spearman correlation matrix, the correlation coefficient is low in the case of
pH and WQI. So, one input combination is TDS, Turbidity, Fe, Mn, Total Hardness and
Chloride with WQI value.

In the Spearman correlation matrix, it is found that pH and TDS are negatively
correlated. In coastal areas (Das and Das, 2024) found that TDS and Chloride are highly
correlated and in our study, TDS and Chloride are highly correlated but the correlation
coefficient of chloride with WQI is less as compared to TDS and the variance of chloride is
also less as compared to TDS. For determining the second input combination, chloride is not
considered. So, another input combination is pH, TDS, Turbidity, Fe, Mn, and Total
Hardness with WQI value.

Considering the above two input conditions, in the final combination pH and
Chloride both are not considered. So, the final combination is TDS, turbidity, Fe, Mn, and
total hardness with WQI value.

5.1.3.2. Dataset Distribution for model preparation

Table 5.11. Correlation coefficient of Spearman Correlation Matrix.

pH TDS | Turbidity Fe Mn TH Cl waQl
pH 1.000 | -0.246 -0.146 -0.129 | -0.196 | -0.322"" | -0.276" | -0.225
TDS -0.246° | 1.000 0.540" 0217 | 0.366° | 0396 | 0.787 | 0.868"
Turbidity -0.146 | 0.540 1.000 0.218" | 0.358" | 0.228" | 0.307 | 0.748"
Fe -0.129 | 0.217 0.218 1.000 -0.094 | 0.388" | 0.287 | 0.337
Mn -0.196 | 0.366 | 0.358" -0.094 1.000 | 03247 | 0.172 | 0.5537
TH -0.3227 | 0.396 0.228 0.388" | 03247 | 1.000 | 03847 | 0.539"
Cl -0.276 | 0.787 | 0307 | 0.287 | 0.172 | 0.384 | 1.000 | 0.688"
wQl -0.225 | 0.868" | 0.748" | 0.337° | 0553 | 0.539" | 0.688" | 1.000
*, Correlation is significant at the 0.05 level (2-tailed).
**,_Correlation is significant at the 0.01 level (2-tailed).

From various studies, it is seen that researchers assumed different distribution ratios
in their studies and there are no specific rules for dataset ratio distribution. So four dataset
distribution ratios are taken into consideration, taking into account the input parameters and
the three combinations indicated above. The four ratios are 70:30, 75:25, 80:20 and 85:15.
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5.1.3.3. Identification of MLR Based New Gyq Models

In order to create new GWQI equations, a stepwise MLR technique was developed in this
study. This MLR analysis yielded twelve models. Table 5.12 displays the findings of the
analysis. New GWQI equations from this study are represented by the tables mentioned
below. Due to the unequal relevance of the model variables, considering the value of
adjusted R?, twelve suitable regression models were taken into consideration (Table 5.12).
As a measure of the strength of the relationship, coefficients of determination (R®) for
multiple linear regressions (MLR) were also more quickly explained than coefficients of
multiple correlations. This is because multiple R® represents the percentage of the total
variance in the presence of a parameter that may be related to the predictor parameter
outcomes (Das et al. 2023). The independent parameters of 12 models are significant
(significance level < 0.05).

Table 5.12. Model Summary.

Model summary of 70:30 model when pH is not considered

. Std. Error
Model | R x EiSiE of the Independent Variables
Square | R Square .
Estimate
1 0.865 | 0.749 0.745 21.5046 Predictors: (Constant), TDS
2 0.915 | 0.838 0.833 17.4239 Predictors: (Constant), TDS, Turbidity

3 0.955 | 0.913 0.909 12.8561 Predictors: (Constant), TDS, Turbidity, Mn

4 0.991 | 0.983 0.982 5.7707 Predictors: (Constant), TDS, Turbidity, Mn, Fe

Predictors: (Constant), TDS, Turbidity, Mn, Fe,
Cl

5 0.995° | 0.991 0.990 4.,2552

Predictors: (Constant), TDS, Turbidity, Mn, Fe,
Cl, TH

6 0.998 | 0.995 0.995 3.0795

MODEL 1: Considering model 6,

Gwar = 9.414 + 0.047 TDS+ 13.647 Tur + 111.032 Mn + 20.699 Fe + 0.051 CI+ 0.054 TH +
1.252
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Model summary of 75:25 model when pH is not considered

= Adiusted Std. Error
Model | R . of the Independent Variables
Square | R Square .
Estimate
1 0.850 | 0.723 0.719 22.6955 Predictors: (Constant), TDS
2 0.910 | 0.829 0.824 17.9615 Predictors: (Constant), TDS, Turbidity
3 0.960 | 0.922 0.919 12.2175 Predictors: (Constant), TDS, Turbidity, Mn
4 0.991 | 0.981 0.980 5.9963 Predictors: (Constant), TDS, Turbidity, Mn, Fe
Predictors: (Constant), TDS, Turbidity, Mn, Fe,
5 0.996 | 0.991 0.991 4.1546
TH
Predictors: (Constant), TDS, Turbidity, Mn, Fe,
6 0.998 | 0.996 0.995 2.9862 TH. CI

MODEL 2: Considering model 6,
Gwor = 10.741 + 0.046 TDS + 13.864 Tur + 109.858 Mn + 20.334 Fe + 0.050 Cl + 0.057 TH +
1.068

Model summary of 80:20 model when pH is not considered

R Adjusted Std. Error
Model | R ! of the Independent Variables
Square | R Square .
Estimate
1 0.853 | 0.728 0.725 20.0459 Predictors: (Constant), TDS
2 0.922 | 0.851 0.847 14.9424 Predictors: (Constant), TDS, Turbidity
3 0.951 | 0.904 0.900 12.0624 Predictors: (Constant), TDS, Turbidity, Fe
4 0.988 | 0.977 0.975 5.9906 | Predictors: (Constant), TDS, Turbidity, Fe, Mn
Predictors: (Constant), TDS, Turbidity, Fe, Mn,
5 0.994 | 0.988 0.987 4.3907 al
Predictors: (Constant), TDS, Turbidity, Fe, Mn,
6 0.997 | 0.994 0.994 3.0654 CL TH

MODEL 3 : Considering model 6,
Gwor = 10.027 + 0.047 TDS + 13.907 Tur + 109.240 Mn + 20.889 Fe + 0.051 Cl + 0.053 TH +
1.094
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Model summary of 85:15 model when pH is not considered

= Adiusted Std. Error
Model | R . of the Independent Variables
Square | R Square .
Estimate
1 0.882 | 0.777 0.774 19.8202 Predictors: (Constant), TDS
2 0.931 | 0.867 0.863 15.4153 Predictors: (Constant), TDS, Mn
3 0.973 | 0.947 0.945 9.7579 Predictors: (Constant), TDS, Mn, Fe
4 0.991 | 0.982 0.981 5.7519 Predictors: (Constant), TDS, Mn, Fe, Turbidity
Predictors: (Constant), TDS, Mn, Fe, Turbidity,
5 0.995 | 0.990 0.989 4.2847 al
Predictors: (Constant), TDS, Mn, Fe, Turbidity,
6 0.997 | 0.995 0.994 3.1175 CL TH

MODEL 4: Considering model 6,
Gwor = 9.485 + 0.047 TDS + 13.805 Tur + 108.882 Mn + 20.601 Fe + 0.051 Cl + 0.057 TH +
1.091

Model summary of 70:30 model when Cl is not considered

R Adiusted Std. Error
Model | R ! of the Independent Variables
Square | R Square .
Estimate
1 0.865 | 0.749 0.745 21.5046 Predictors: (Constant), TDS
2 0.915 | 0.838 0.833 17.4239 Predictors: (Constant), TDS, Turbidity
3 0.955 | 0.913 0.909 12.8561 Predictors: (Constant), TDS, Turbidity, Mn
4 0.991 | 0.983 0.982 5.7707 | Predictors: (Constant), TDS, Turbidity, Mn, Fe
Predictors: (Constant), TDS, Turbidity, Mn, Fe,
5 0.995 | 0.990 0.989 4.3926
TH
Predictors: (Constant), TDS, Turbidity, Mn, Fe,
6 0.997 | 0.993 0.993 3.6347 TH, pH

MODEL 5: Considering model 6,

Gwor = -68.815 + 0.061TDS + 12,596Tur + 102.876Mn + 21.743Fe + 0.078TH + 9.950 pH +
14.096
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Model summary of 75:25 model when Cl is not considered

= Adiusted Std. Error
Model | R . of the Independent Variables
Square | R Square .
Estimate
1 0.850 | 0.723 0.719 22.6955 Predictors: (Constant), TDS
2 0.910 | 0.829 0.824 17.9615 Predictors: (Constant), TDS, Turbidity
3 0.960 | 0.922 0.919 12.2175 Predictors: (Constant), TDS, Turbidity, Mn
4 0.991 | 0.981 0.980 5.9963 Predictors: (Constant), TDS, Turbidity, Mn, Fe
Predictors: (Constant), TDS, Turbidity, Mn, Fe,
5 0.996 | 0.991 0.991 4.1546
TH
Predictors: (Constant), TDS, Turbidity, Mn, Fe,
6 0.997 | 0.994 0.994 3.4349 TH, pH

MODEL 6 : Considering model 6,

Gwaqr = -65.879 + 0.058TDS + 12.842Tur + 111.074Mn + 21.272Fe + 0.079TH + 9.662 pH +
13.325

Model summary of 80:20 model when Cl is not considered

R Adiusted Std. Error
Model | R ! of the Independent Variables
Square | R Square .
Estimate
1 0.882 | 0.777 0.774 19.8202 Predictors: (Constant), TDS
2 0.931 | 0.867 0.863 15.4153 Predictors: (Constant), TDS, Mn
3 0.973 | 0.947 0.945 9.7579 Predictors: (Constant), TDS, Mn, Fe
4 0.991 | 0.982 0.981 5.7519 Predictors: (Constant), TDS, Mn, Fe, Turbidity
Predictors: (Constant), TDS, Mn, Fe, Turbidity,
5 0.995 | 0.990 0.989 4.4148
TH
Predictors: (Constant), TDS, Mn, Fe, Turbidity,
6 0.997 | 0.993 0.993 3.6098 TH, pH

MODEL 7: Considering model 6,
Gwar = -69.932 + 0.062 TDS + 11.698 Tur + 108.966 Mn + 21.801 Fe + 0.076 TH + 10.096 pH
+12.936
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Model summary of 85:15 model when Cl is not considered

= Adiusted Std. Error
Model | R . of the Independent Variables
Square | R Square .
Estimate
1 0.853 | 0.728 0.725 20.0459 Predictors: (Constant), TDS
2 0.922 | 0.851 0.847 14.9424 Predictors: (Constant), TDS, Turbidity
3 0.951 | 0.904 0.900 12.0624 Predictors: (Constant), TDS, Turbidity, Fe
4 0.988 | 0.977 0.975 5.9905 Predictors: (Constant), TDS, Turbidity, Fe, Mn
Predictors: (Constant), TDS, Turbidity, Fe, Mn,
5 0.994 | 0.987 0.987 4.4126
TH
Predictors: (Constant), TDS, Turbidity, Fe, Mn,
6 0.996 | 0.991 0.991 3.6981 TH, pH

MODEL 8 : Considering model 6,

Gwaqr = -66.581 + 0.060TDS + 12.664Tur + 104.948Mn + 21.872Fe + 0.080TH + 9.699 pH +
12.920

Model summary of 70:30 model when pH and Cl both are not considered

R Adiusted Std. Error
Model | R ! of the Independent Variables
Square | R Square .
Estimate
1 0.865 | 0.749 0.745 21.5046 Predictors: (Constant), TDS
2 0.915 | 0.838 0.833 17.4239 Predictors: (Constant), TDS, Turbidity
3 0.955 | 0.913 0.909 12.8561 Predictors: (Constant), TDS, Turbidity, Mn
4 0.991 | 0.983 0.982 5.7707 Predictors: (Constant), TDS, Turbidity, Mn, Fe
Predictors: (Constant), TDS, Turbidity, Mn, Fe,
5 0.995 | 0.990 0.989 4.3926 TH

MODEL 9: Considering model 5,

Gwqr = 8.572 + 0.062TDS + 12.529Tur + 102,.001Mn + 21,726Fe + 0.068TH * 1.780
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Model summary of 75:25 model when pH and Cl both are not considered

= Adiusted Std. Error
Model | R . of the Independent Variables
Square | R Square .
Estimate
1 0.850 | 0.723 0.719 22.6955 Predictors: (Constant), TDS
2 0.910 | 0.829 0.824 17.9615 Predictors: (Constant), TDS, Turbidity
3 0.960 | 0.922 0.919 12.2175 Predictors: (Constant), TDS, Turbidity, Mn
4 0.991 | 0.981 0.980 5.9963 Predictors: (Constant), TDS, Turbidity, Mn, Fe
Predictors: (Constant), TDS, Turbidity, Mn, Fe,
5 0.996 | 0.991 0.991 4.1546 TH

MODEL 10: Considering model 5,

Gwqr = 10.277 + 0.057TDS + 12.948Tur + 108.401Mn + 20.996Fe + 0.071TH + 1.484

Model summary of 80:20 model when pH and Cl both are not considered

R Adiusted Std. Error
uste
Model | R : of the Independent Variables
Square | R Square .
Estimate
1 0.882 | 0.777 0.774 19.8202 a. Predictors: (Constant), TDS
2 0.931 | 0.867 0.863 15.4153 b. Predictors: (Constant), TDS, Mn
3 0.973 | 0.947 0.945 9.7579 c. Predictors: (Constant), TDS, Mn, Fe
d. Predictors: (Constant), TDS, Mn, Fe,
4 0.991 | 0.982 0.981 5.7519 o
Turbidity
e. Predictors: (Constant), TDS, Mn, Fe,
5 0.995 | 0.990 0.989 4.4147 o
Turbidity, TH

MODEL 11: Considering model 5,
Gwaqr = 9.098 + 0.061 TDS + 11.946 Tur + 105.860 Mn + 21.940 Fe + 0.065 TH + 1.541

Model summary of 85:15 model when pH and CI both are not considered

R Adiusted Std. Error
uste
Model | R : of the Independent Variables
Square | R Square .
Estimate

1 0.853 | 0.728 0.725 20.0459 Predictors: (Constant), TDS

2 0.922 | 0.851 0.847 14.9424 Predictors: (Constant), TDS, Turbidity

3 0.951 | 0.904 0.900 12.0624 Predictors: (Constant), TDS, Turbidity, Fe
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4 0.988 | 0.977 0.975 5.9905 Predictors: (Constant), TDS, Turbidity, Fe, Mn
Predictors: (Constant), TDS, Turbidity, Fe, Mn,
5 0.994 | 0.987 0.987 4.4126 TH

MODEL 12: Considering model 5,

Gwar = 8.885 + 0.060 TDS + 12.728 Tur + 102.168 Mn + 21.752 Fe + 0.071 TH + 1.567

Table 5.13. Model wise coefficient values.

Coefficient
Model . Unstam.ia.rdized Standa.lr.dized
Ratio Coefficients Coefficients
No. Parameter t Sig.
B Esrt:':).r Beta
(Constant) 9.414 1.252 7.521 0.0000
TDS 0.047 0.002 0.362 19.981 | 0.0000
Turbidity 13.647 0.435 0.383 31.359 | 0.0000
Model 1 70:30 Mn 111.032 3.857 0.326 28.784 | 0.0000
Fe 20.699 0.81 0.243 25.543 | 0.0000
Cl 0.051 0.006 0.117 8.199 0.0000
TH 0.054 0.007 0.082 7.694 0.0000
(Constant) 10.741 1.068 10.054 | 0.0000
TDS 0.046 0.002 0.356 22.517 | 0.0000
Turbidity 13.864 0.367 0.407 37.809 | 0.0000
Model 2 75:25 Mn 109.858 3.167 0.33 34.685 | 0.0000
Fe 20.334 0.787 0.224 25.85 0.0000
TH 0.057 0.006 0.095 9.405 0.0000
Cl 0.05 0.006 0.111 8.097 0.0000
(Constant) 10.027 1.094 9.169 0.0000
TDS 0.047 0.002 0.38 20.032 | 0.0000
Model 3 80:20

Mn 109.24 3.226 0.334 33.866 | 0.0000
Fe 20.889 0.822 0.227 25.412 | 0.0000
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Coefficient

Model Unstandardized Standardized
No. Ratio Coefficients Coefficients )
Parameter t Sig.
B Esrt::).r Beta

Turbidity 13.907 0.548 0.338 25.378 | 0.0000
Cl 0.051 0.006 0.125 8.683 0.0000
TH 0.053 0.006 0.085 8.172 0.0000
(Constant) 9.485 1.091 8.696 0.0000
TDS 0.047 0.002 0.392 23.806 | 0.0000
Turbidity 13.805 0.375 0.405 36.786 | 0.0000
Model 4 85:15 Fe 20.601 0.781 0.248 26.395 | 0.0000
Mn 108.882 3.563 0.3 30.557 | 0.0000
Cl 0.051 0.005 0.132 9.257 0.0000
TH 0.057 0.006 0.092 9.169 0.0000
(Constant) -68.815 14.096 -4.882 0.0000
TDS 0.061 0.002 0.47 32.366 | 0.0000
Turbidity 12.596 0.488 0.353 25.814 | 0.0000
Model 5 70:30 Mn 102.876 4.366 0.302 23.562 0.0000
Fe 21.743 0.945 0.255 23.01 0.0000
TH 0.078 0.008 0.118 9.421 0.0000
pH 9.95 1.803 0.059 5.52 0.0000
(Constant) -65.879 13.325 -4,944 0.0000
TDS 0.058 0.002 0.456 35.399 | 0.0000
Turbidity 12.842 0.402 0.377 31.974 | 0.0000
Model 6 75:25 Mn 111.074 3.667 0.333 30.289 | 0.0000
Fe 21.272 0.901 0.234 23.604 | 0.0000
TH 0.079 0.007 0.131 11.557 | 0.0000
pH 9.662 1.683 0.058 5.739 0.0000
Model 7 80:20 (Constant) -69.932 12.936 -5.406 | 0.0000
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Coefficient

Model Unstandardized Standardized
No. Ratio Coefficients Coefficients )
Parameter t Sig.
B Esrt::).r Beta
TDS 0.062 0.002 0.503 33.362 0.0000
Mn 108.966 3.742 0.333 29.119 | 0.0000
Fe 21.801 0.942 0.237 23.15 0.0000
Turbidity 11.698 0.58 0.285 20.183 | 0.0000
TH 0.076 0.008 0.124 10.184 | 0.0000
pH 10.096 1.645 0.065 6.138 0.0000
(Constant) -66.581 12.92 -5.153 0.0000
TDS 0.06 0.002 0.501 36.19 0.0000
Turbidity 12.664 0.431 0.372 29.41 0.0000
Model 8 85:15 Fe 21.872 0.93 0.264 23.523 | 0.0000
Mn 104.948 4.235 0.289 24.78 0.0000
TH 0.08 0.007 0.129 10.802 0.0000
pH 9.699 1.652 0.064 5.871 0.0000
(Constant) 8.572 1.78 4.817 0.0000
TDS 0.062 0.002 0.471 26.88 0.0000
Turbidity 12.529 0.589 0.351 21.254 | 0.0000
Model 9 70:30
Mn 102.001 5.273 0.3 19.344 | 0.0000
Fe 21.726 1.142 0.255 19.025 | 0.0000
TH 0.068 0.01 0.103 6.941 0.0000
(Constant) 10.277 1.484 6.924 0.0000
TDS 0.057 0.002 0.448 28.912 | 0.0000
Turbidity 12.948 0.485 0.38 26.682 0.0000
Model 10 | 75:25
Mn 108.401 4.4 0.325 24.639 | 0.0000
Fe 20.996 1.088 0.231 19.29 0.0000
TH 0.071 0.008 0.118 8.765 0.0000
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Coefficient

Unstandardized Standardized

MP? i Ratio Coefficients Coefficients
0. Parameter t Sig.
Std.
B Error Beta
(Constant) 9.098 1.541 5.903 0.0000
TDS 0.061 0.002 0.5 27.123 0.0000
Mn 105.86 4.535 0.323 23.345 0.0000
Model 11 80:20
Fe 21.94 1.151 0.238 19.056 0.0000
Turbidity 11.946 0.707 0.291 16.895 | 0.0000
TH 0.065 0.009 0.105 7.302 0.0000
(Constant) 8.885 1.567 5.669 0.0000
TDS 0.06 0.002 0.501 30.297 0.0000
Turbidity 12.728 0.514 0.374 24,782 0.0000
Model 12 | 85:15
Fe 21.752 1.109 0.262 19.612 0.0000
Mn 102.168 5.022 0.282 20.345 0.0000
TH 0.071 0.009 0.116 8.273 0.0000

In this studyj, it is seen that the significance value of all 12 models is zero.

5.1.3.4. Validation of Models by T-test

Student t-test has been used to compare the 30% (for 70:30 ratio), 25% (for 75:25 ratio),
20% (for 80:20 ratio), and 15% (for 85:15 ratio) sample’s original and updated GWQI in
order to validate the suggested models. There is no discernible difference between the
original GWQI’s results and those from the new one. As the significance is higher than
0.05, the t-test result validates the efficacy of the new GWQI equations.
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Table 5.14. Model wise t-test result.

Paired Samples Test

Paired Differences

95% Confidence )
Std. Interval of the t df Slg' (2-
Mean St Error Difference tailed)
Deviation
Mean
Lower Upper
MODEL 1
. AWQI
air
1 — 0.2360 3.0444 0.5558 -0.9008 1.3728 0.425 29| 0.674
PWQI
MODEL 2
by AWQL
i” ~ | -08042 | 32724 | 06544 | 21549 | 05466 | -1.229 |24 | 0.231
PWQI1
MODEL 3
Pai AWQI
air
]l — -0.0380 2.8731 0.6424 -1.3827 1.3065 | -0.059 | 19| 0.953
PWQI1
MODEL 4
b AWQI
1r
i — 0.1618 3.0753 0.7940 -1.5413 1.8648 0.204 | 14| 0.841
PWQI1
MODEL 5
by AWQ
air
) E -0.0422 3.5582 0.6496 -1.3709 1.2864 | -0.065 | 29 | 0.949
PWQI2
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MODEL 6

b AWQ
alr
) — | 05056 | 42058 | 08412 | -12305 | 22417 | 0601 |24 0553
PWQI2
MODEL 7
b AWQ
alr
) — | 03811 | 40213 | 08992 | -1.5000 | 2.2632 | 0424 |19 0.676
PWQI2
MODEL 8
L AWQI
dall’
‘i ~ | 02107 | 29120 | 07519 | -1.8233 | 1.4019 |-0.280 | 14| 0.783
PWQI2
MODEL 9
L AWQI
dall’
‘i — | 07752 | 43516 | 07945 | -2.4001 | 0.8497 | -0.976 | 29| 0.337
PWQI3
MODEL 10
L AWQI
1r
al — | 00065 | 51531 | 1.0306 | -2.1206 | 2.1336 | 0.006 | 24| 0.995
PWQI3
MODEL 11
L AWQI
1r
al ~ | 03811 | 40213 | 08992 | -1.5009 | 2.2632 | 0424 |19 0.676
PWQI2
MODEL 12
b AWQl
Tr - 0.1615 | 4.0035 | 1.0337 | -2.0556 | 23785 | 0.156 | 14| 0.878
PWQI3
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5.1.3.5. Accuracy Check of Model

As all the models are accepted in the validation process through a t-test, so to identify the
most accurate model out of these 12 models, Root Mean Square Error (RMSE) calculation
is done using above mentioned equation.

Table 5.15. Model wise RMSE values.

MODEL NO. RMSE
1(70:30) 3.0026
2 (75:25) 3.3056
3 (80:20) 2.8007
4 (85:15) 2.9754
5 (70:30) 3.4986
6 (75:25) 4.1518
7 (80:20) 3.5589
8 (85:15) 2.8211
9 (70:30) 4.3482
10 (75:25) 5.0490
11 (80:20) 4.2979
12 (85:15) 3.8711
[9(70:30), 4.410 (75:] 11 (80:20), 4.2980|
- [12 (85:15), 3.8711
|
1 2 3 4 5 6 7 8 9 0 11 12

(70:30) (75:25) (80:20) (85:15) (70:30) (75:25) (80:20) (85:15) (70:30) (75:25) (80:20) (85:15)

MODEL NO

Fig. 5.3. Graphical representation of model wise RMSE value.
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Out of 12 models, 12 models are capable of predicting the WQI value accurately.
But among the 12 models with RMSE value 2.8006 is less as compared to the other values.
To cross-check the dataset distribution ratio, out of 100 numbers samples, 60 numbers, 70
numbers, 80 numbers and 90 numbers samples are considered and the same process has
been followed to prepare the MLR model. It is found that in the case of 60 and 70 numbers
of samples, the dataset ratio obtained is 80:20, In the case of 80 numbers and 90 numbers of
datasets, the ratios obtained are 85:15 and 75:25, respectively. Out of all these 5 sampling
cases, 3 sampling cases give a dataset ratio of 80:20. Therefore, this ratio may provide better
results. So the following model is proposed in this study. The input parameters are TDS,
Turbidity, Mn, Fe, Cl, and TH. The dataset combination is 80:20.

5.1.4. Discussion

A hidden assumption of causality underlies the stepwise MLR approach, and the selection
of independent and dependent variables in the model is essential. The independent variable
is a moving force, and the dependent variable needs to be explained (Ewaid et al. 2018).

The study's goal was to create a new WQI with fewer variables but retaining a
considerable amount of information, therefore it was exactly what was intended when there
was no discernible difference between the original and new WQI. There are several benefits
that can result from lowering the number of variables examined for the WQI, including,
perhaps, financial savings. The reduction in the eclipse effect, which is defined as the
attenuation of the impact of the variation of one parameter due to the stability of the others,
is another illustration of the benefit brought about by the reduction in the number of
independent variables in the WQI calculation.

Using this multiple linear regression (MLR) methodology, (Ewaid et al., 2018) also
obtained results from a new WQI that can be compared to the original WQI in his study
about the Tigre River in Baghdad. This shows that the new equation modeled by them can
be used to monitor and predict the quality of the river's waters. A comparable methodology
was employed in other research, including those by (Eregno et al. 2013; Valentini et al.
2021; Chenini and Khemiri, 2009), to evaluate the quality of surface and subsurface water.
These investigations witness the significance of the approach and support its practicality.
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CHAPTER - VI

6.1. Conclusions

In this research, the water quality has been analyzed by objective weight WQI
approach like Entropy Weight WQI and CRITIC Weight WQI and also for predicting the
groundwater quality by using MLR approach. The following conclusions have been
obtained from this study:

e In the Entropy weight WQI approach, almost 50% of samples have been classified
as Poor, 4% of samples have been classified as very poor, 41% of samples have been
classified as Good for drinking and only 5% of samples are of excellent quality for
drinking. No samples which are unsuitable for drinking have been found in this
study.

Similarly, in the CRITIC Weight WQI approach water quality includes excellent (8
% samples), good (47% samples), poor (44% samples) and very poor (1% samples)
from 100 samples. In this method also no unsuitable samples have been found.

e Comparison between Entropy and CRITIC weight WQI has been done on the basis
of ambiguity and eclipsing. From this study, it is obtained that the Entropy weight
approach based on the dataset has given a better outcome than the CRITIC weight
approach.

e As the dataset is not normally distributed, Spearman correlation has been used and it
is found that TDS and chloride are highly correlated with WQI in this study area and
pH is a less correlated parameter with WQL.

e To prepare the model, four dataset distribution ratios have been used i.e. 70:30,
75:25, 80:20 and 85:15 and three input parameters combination out of which one
combination is TDS, Turbidity, Fe, Mn, Total Hardness and Cl with WQI value,
second combination is pH, TDS, Turbidity, Fe, Mn, and Total Hardness with WQI
value and the third one is TDS, Turbidity, Fe, Mn, and Total Hardness with WQI
value. Considering these combinations, 12 models have been found. Out of all these
models, Model 3 (distribution ratio 80:20) has been proposed which shows the
lowest RMSE value.

e Less number of parameters will provide financial benefits also.

e However, according to the dataset, after analyzing all these things and concluded
that the 80:20 dataset distribution ratio may provide a better result. But for better
representation more no of dataset and more no of parameters will be required in
future for further study.

e This type of model will help to predict the groundwater quality in this area.
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6.2. Limitations

e A limited number of datasets and a limited number of parameters do not provide a
clear representation of water quality for any particular area always. More no of
parameters and more no of samples may provide a better water quality presentation.

e In this study, only two WQI methods have been applied. As several methods are
available for WQI analysis so in future if more number of water quality index
methods is applied then it will be better for the conclusive idea about water quality
status related to this area.

e Due to the introduction of an intelligent approach, if machine learning approach

modeling is introduced in future, then it may provide better modeling for water
quality assessment related to this area
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