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ABSTRACT

Rivers provide a significant portion of the water needed for human consumption and industrial
processes; therefore, protecting their water quality is crucial. Numerous species of wildlife, as well
as humans, depend on rivers for drinking. Rivers are also frequently used for recreation by people
worldwide, but contaminants (biological, toxic, organic, and inorganic) pose a major environmen-
tal threat to these surface water resources. Water resources worldwide are being monitored and
assessed in order to understand the activities causing their degradation. Water quality monitoring
systems are now indispensable for providing decision-makers with the information they need to
understand, interpret, and implement effective water conservation policies. However, a global
issue has emerged in dealing with large amounts of random data generated by these monitoring
systems and using them to extract relevant information about water quality. Methods based on
environmetrics and artificial intelligence (AI) have shown to be efficient tools for understanding
large and complex water quality datasets and assessing their spatiotemporal fluctuations in water
quality of surface water bodies.

India is one of the few countries in the world endowed with a good quantity of water resources
with a diverse range of climates and geographical settings. Similarly, northeast India, in particular
Assam, is endowed with several perennial rivers which are used for drinking and irrigation. But,
uncontrolled urbanisation and industrialisation negatively impact the water quality and aquatic
fauna by introducing harmful pollutants into the rivers and also increase sediment pollution. Ko-
long river in Assam has been considered for this study, as this river is among the most polluted
rivers in India as per the report of the Central Pollution Control Board, Govt. of India. Kolong
River was formerly the only source of potable water, and settlements built up along its banks.
Nagaon's portion of the Kolong River is currently degraded, posing a health and hygiene risk to
the community. The Kolong River in Assam Nagaon's district illustrates how human activities
have exacerbated environmental issues over the previous half-century.

This doctoral thesis attempts to understand the interrelationship between the two critical com-
ponents of river ecosystem, i.e., its surface water and benthic sediments, as sediments are said to
source and sink many contaminants in a river. In order to fully understand the aspects of the river
ecosystem, the study has been divided into five objectives to get a better understanding of pollu-
tion load in surface water and benthic sediments, their sources and the need for monitoring and
treatment. In the first part of Objective I, a survey of the probable catchment area of the river
was carried out to select the sampling locations from which surface water and benthic sediment

samples were collected. Sampling and analysis of surface water were carried out for 21 parameters
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at 18 different sites, whereas sampling and analysis of benthic sediments were carried out for 9
parameters, particularly heavy metals, at 9 different sites. The analysis of surface water samples
revealed that with respect to pollution load, heavy metals present a higher risk to the consumer
of surface water of Kolong river. Following the first part of objective I, the aim of the second
part of Objective I was to use the analysed surface water samples to evaluate the drinking water
quality using fuzzy logic and information entropy. Fuzzy logic based index, i.e., fuzzy water quality
index (FWQI) results are more stringent than information entropy based index, i.e., entropy
weighted water quality index (EWQI), as it is more sensitive to parameter variation, because
FWQI values will be higher even if only one or few parameters have exceeded the permissible
drinking water limits.

After evaluation of the surface water pollution load, the aim of Objective II was to assess the
benthic sediment quality or load in the river using total metal concentration and metal speciation
fractions based indices. Total metal concentration based indices include geoaccumulation index
(Ieo), pollution load index (PLI), enrichment factor (EF), potential ecological risk of individual
metal (E'), potential ecological risk index (PERI), and metal speciation fractions based indices,
include pollution index (Irorr), mobility factor (MF), individual (ICF) and global contamination
factors (GCF), modified ecological risk index (MRI). All the total content indices indicate that
compared to the background concentration, the metal pollution has increased in the benthic sed-
iments of the river but does not pose any ecological risk at present. In comparison, the speciation
based indices show high to medium risk for most of the river sites due to the presence of higher
proportion of anthropogenic fractions of metals. After comparing both types of indices, it was
found that the speciation-based index quantifies the risk associated with heavy metal contamina-
tion better as the indices developed using this approach gave consistent results and gel well with
the variation of the dataset.

After establishing the pollution load in surface water and benthic sediment of the river, Ob-
jective III identified the latent sources of pollution using environmetrics tools such as cluster
analysis (CA), discriminant analysis (DA), principal component analysis (PCA) and positive matrix
factorisation (PMF) on the water quality variation and sediment quality variation. CA revealed
that sites in the middle stretch were polluted due to anthropogenic metal pollution or runoff, and
the rest were polluted due to domestic discharge or geogenic metal pollution. DA revealed that
only 10 (turbidity, TDS, EC, hardness, alkalinity, Na*, Ca*?, Mg, F, SO4* and Cd) out of 21
parameters were responsible for the temporal variability of the water quality dataset of the studied
area. PCA, Pearson correlation and PMF revealed that pollution in the winter and post-monsoon
months attribute to domestic discharges and metal pollution. Moreover, another pollution source
gets added in the monsoon and pre-monsoon months due to heavy precipitation in the region,
which brings the agricultural or surface runoff quotient of pollution into the river. Furthermore,
PMF was able to segregate the geogenic and the anthropogenic metal pollution. Geogenic metal
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pollution was attributed to Ca*?, Mg"?, Fe, Mn, and Zn; anthropogenic metal pollution was at-
tributed to Cd and Pb. These findings are also in-line with the benthic sediment quality study.

Till objective III, the assessment was carried out based on data collected during the study
period, but to evaluate the effect of prolonged exposure to heavy metals on the human population,
health risk assessment was carried out in Objective IV using deterministic and probabilistic ap-
proaches. Heath risk assessment revealed that the dermal pathway could be a root cause for car-
cinogenic and non-carcinogenic risk and children being at higher risk than adults. The sensitivity
analysis carried out for surface water and benthic sediment samples revealed that Zn and Cd are
responsible for non-carcinogenic risk, and Pb is responsible for the carcinogenic risk for the hu-
man population residing in the locality of the Kolong River.

Finally, in Objective V, linear regression and Al were utilised to develop two regression based
predictive models to estimate the heavy metal concentration in the surface water of the river.
These models were developed not only to act as an instrument of measurement but also to find
the factors affecting its concentration in the river basin. Among the models developed using dif-
ferent techniques, the random forest models had better efficiency in predicting the concentration
of heavy metals. These models will help in setting up remediation strategies for pollution abate-
ment in the river.

Therefore, the current study demonstrates the necessity and effectiveness of environmetrics
methods and Al for the evaluation and interpretation of large complex datasets in order to obtain
more accurate information about the pollution load, which can aid in formulating policies for the

protection and revitalisation of rivers worldwide.

Keywords: Surface water; Benthic sediment; Water quality index; Pollution indices; Environmet-

rics tools; Artificial intelligence; Health risk assessment; Random forest.
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Chapter
INTRODUCTION

1.1 Overview

The presence of life on earth is largely attributable to the presence of water as one of the
primary components. The eight billion people who live on earth consume almost 30 % of the
total amount of renewable water that is easily accessible. Despite this, billions of people still do
not have access to even the most basic water resources. India is one of the few countries in the
world endowed with a good quantity of water resources with a diverse range of climates and
geographical settings. The country receives roughly 4000 billion cubic metres (BCM) of precipi-
tation annually, including snowfall. It is estimated that various river basins contain a total annual
average water resource capacity of 1869 BCM, of which only 1086 BCM is usable. This usable
volume comprises of 690 BCM surface water and 396 BCM groundwater (Jena et al., 2022).

Rivers supply water for various uses, including drinking, municipal, industrial, irrigation, hy-
droelectric power generation, waterway transport, and so on, making rivers an essential compo-
nent in the hydrological cycle. Like many other natural systems, rivers are extremely complicated
systems that are affected by a wide variety of factors. In order to have a complete grasp of the
exogamic cycles of elements, it is necessary to have knowledge of the chemistry of the river eco-
system. River systems function as unified systems, any modifications to one section of a river
system affect the other sections. A river is considered polluted when its water is unfit for its
intended use. Domestic, industrial, and agricultural effluents are the three primary sources of
wastewater that substantially impact the river system. During times of high precipitation, silt and
other types of suspended solids, such as dirt, can be washed into rivers from agricultural fields
that have been tilled, construction and logging sites, urban areas, and riverbanks that have been
eroded, which also lead to pollution of the river. As a result of the sediments' introduction into
various bodies of water, fish are unable to breathe propetly, plant productivity and water depth
are diminished, and aquatic species and the ecosystems in which they live become smothered.
Also, due to biological activity, interactions between sediment and water, and shifts in chemical
equilibrium of the sediment, pollutants can be discharged directly into the water from the sedi-
ments. It is essential to do concurrent research on both the water and the sediments of a river to
achieve a holistic comprehension of the contamination or pollution load of the river (de Almeida

et al.,, 2022).
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1.2 Background Research

The quality of freshwater sources is impacted by increasing point and non-point sources of
pollution. Discharges from these sources, whether treated or untreated, will always find their way
into streams and pollute the streams. The discharges vary depending on the day, month or season,
which is why there is a vast variation in pollution levels in different seasons. During winter, many
large river basins dry up, leaving just a tiny amount of water to dilute their sewage, thus increasing
river contamination. Changes in river pollution necessitate continuous monitoring of surface wa-
ter bodies. The difficulty with continuous monitoring of surface-water bodies is that it produces
enormous and complex data sets that are difficult to understand and interpret (Dixon and
Chiswell, 1996; Iscen et al., 2008; Singh et al., 2020a). A long list of water quality parameters to
explain surface water potability is neither logical nor entirely easily understandable (Bellman and
Zadeh, 1970). The use of multivariate statistical techniques (MSTSs) and water quality indices
(WQIs) aids in dealing with the massive amount of data generated by continuous water resources
monitoring. WQIs are an efficient way of explaining a source's water quality and have been used
to characterise the acceptability of water sources for human consumption. WQIs can express
large datasets in a condensed logical form. WQIs combine information from various sources to
determine the overall state of a water system. They assist policymakers and promote public aware-
ness about the issue of water quality. These strategies aid in detecting potential sources of water
contamination and are an important tool in adequately managing water resources (Reghunath et
al., 2002; Simeonov et al., 2003).

Initially, Horton in 1965, developed the first WQI in the world by choosing 10 common water
quality parameters (Singh ct al., 2019). In addition, in 1970, the Brown group also established a
new WQI similar to Horton's index based on the weighting allocated to an individual parameter
(Brown et al., 1970). Various scientists and experts have recently considered many modifications
to the WQI principle (Dwivedi et al., 1997). The Delphi method, used for the last few decades,
has led to weight aberration due to subjective factors that calculate or assign weight (Singh et al.,
2019). Furthermore, these methods of weight distribution take time (Abbasi and Abbasi, 2012).
Within these parameters, the calculation of fixed weights based on the parametet's intrinsic
knowledge can remove subjective judgments (Singh et al., 2019). Information entropy can be used
to characterise this useful information through entropy weights. Entropy-based weights have
arisen as an effective methodology that utilises information entropy to apply weighting to param-
eters (Amiri et al., 2014). Information entropy addresses a random process to detect chaos or
confusion (Cui et al., 2018). Water quality parameters are random variables, and their probability
distribution impacts the importance and variance of the WQI (Landwehr, 1979). The weight al-
location to a specific parameter depends on the uncertainty of its occurrence in a place. Lower
weights are assigned or given to a parameter having higher uncertainty of occurrence at a site

(Amiri et al., 2014). Entropy weighted water quality indices (EWQIs) are an upgrade over
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traditional WQIs that often assign weightings to parameters focused on professional opinion and
personal judgement. Such decisions and opinions may contribute to a lack of useful knowledge
about the water quality in the region's rivers and lakes (Delgado and Romero, 2016; Fagbote et
al., 2014).

Additionally, computational methods in the field of artificial intelligence (Al), such as neural
networks, fuzzy logic, and genetic algorithms, have been increasingly applied to environmental
issues (Chau, 2000) due to the widespread belief that they are effective in addressing the afore-
mentioned issues. Zadeh (1965) introduced the topic of fuzzy logic, which is now one of the most
widely used methods in Al It is deemed suitable for developing environmental indices because it
can incorporate human views and expertise into them, allowing it to deal with non-linear, uncer-
tain, ambiguous, and subjective data. This allows us to incorporate qualitative and quantitative
elements into the index, expanding its usefulness. Also, the conclusions of an assessment can be
reported accurately and in a language that the general public, managers, decision-makers, and
other non-specialists can understand (McKone and Deshpande, 2005; Silvert, 2000). As a result,
the application of fuzzy logic to environmental indices has received significant attention, particu-
larly in the context of water quality analysis (Chang et al., 2001; Gharibi et al., 2012a; Icaga, 2007;
Lermontov et al., 2009; Liou et al., 2004; Mirabbasi et al., 2008; Ocampo-Duque et al., 2000).

In order to effectively prevent and manage surface water contamination, accurate water quality
data must be gathered through regular monitoring (Singh et al., 2004; Varol et al., 2012). Managing
the massive and complex data sets produced by monitoring stations due to the numerous water
quality variables is a significant challenge (Dixon and Chiswell, 1996). Researchers studying sur-
face water quality face a difficult challenge while attempting to interpret the data they collect. The
observable data can be understood better with the use of the Environmetrics techniques, which
enables quantitative environmental analysis. Principal component analysis (PCA), discriminant
analysis (DA) and hierarchical cluster analysis (HCA) are three statistical methods that have seen
widespread application in recent years for analysing large datasets of water quality measurements
and identifying the sources of pollution (Batayneh et al., 2012; Bouguerne et al., 2017; Fan et al.,
2010; Noori et al., 2010; Shrestha and Kazama, 2006). These tools are useful for manipulating,
interpreting, and representing information about pollutants in surface water, as well as its geo-
chemistry and sources of pollutants. But these statistical methods cannot be solely relied on to
isolate the impact of every possible source of pollution. Receptor models, such as the positive
matrix factorisation (PMF) model, are also utilised for this purpose. The PMF model was initially
applied to an air pollution dataset to determine the contribution of various pollution sources.
They have recently been applied to water quality datasets, together with HCA and PCA, to esti-
mate the contributions of pollution sources (Gholizadeh et al., 2016; Zhang et al., 2020).

Similar to water contamination, the pollution of benthic sediments due to various anthropo-
genic activities has severely threatened the aquatic environment. As a result of excessive effluent
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discharge (mostly from domestic, agricultural, and industrial wastewater), many heavy metals ac-
cumulate in the aquatic ecosystem, posing a severe threat to global sediment flux (Armagan et al.,
2008; Azhar et al., 2015; Yao et al., 2021). These heavy metals are not only persistent, but they
are also harmful when their concentrations exceed permissible limits since they do not degrade or
decompose over time. In addition, these compounds are less mobile in water than other chemicals
(T'chounwou et al., 2012). As a result, they continue to accumulate in natural aquatic systems,
leading them to adhere to the top of the sediment column of the water body. As a result, sediment
columns of water bodies are potential sources of heavy metals, which can be released into the
water column or aquatic flora and fauna by natural or anthropogenic processes, and ultimately
participate in the food chain (Yao et al., 2021; Yin et al., 2011). Heavy metals can be found in
sediments in several chemical fractions, each related to their mobility and bioavailability (ILiang et
al., 2017; M. Wang et al., 2019). Since total metals do not fully reflect geochemical processes,
chemical speciation, and metal bioavailability, sequential extraction is useful for investigating these
topics (Hing et al., 2020; Sundaray et al., 2011; Zhang et al., 2017). It is worth noting that ex-
changeable metals are volatile and easily absorbed by humans and aquatic species (Liang et al.,
2017). Heavy metals generated from anthropogenic activities are commonly found in an unstable
state with greater mobility (Zhang et al., 2017). On the other hand, those that are lithogenic in
origin are frequently associated with sediments that have taken on stable forms (Xiao et al., 2015).
Therefore, the overall concentration of heavy metals in sediments is insufficient to determine the
amount of sediment pollution. Its chemical form in sediments must be identified to determine
how a metal will behave in the environment. In addition, the distribution of metals in different
phases and their origins can be utilised to measure pollution levels (anthropogenic or natural) (Ber-
row, 1986; Dhanakumar et al., 2013; Kersten and Forstner, 1986). As a result, determining the
heavy metal chemical fractions is crucial for source identification and risk assessment, particularly
in areas with high levels of human activity.

In contrast to typical pollutants like nitrogen and phosphorus, toxic metals are extremely dan-
gerous even in low quantities, such as a few micrograms per millilitre (ug/mL). As a result, resi-
dents of polluted areas, children and adults, are exposed to hazardous compounds via various
sources and pathways, resulting in a wide range of toxic exposures for them (Chen et al., 2019;
Wang et al., 2017; Xu et al., 2020). Chromium (Cr) and lead (Pb) are two heavy metals that have
been identified as human carcinogens (Lyon, 1994). On the other hand, systemic non-cancerous
metals (e.g. Cd, Co, Cu, and Hg, etc.) can also cause negative health consequences even at minute
concentrations (Djad¢ et al., 2021). Groundwater, surface water, sediments, and soils can all be
sources of exposure to toxic metals for people living in and around polluted areas (Adimalla et
al., 2020; Gitter et al., 2020; Saha et al., 2017; Yang et al., 2019). Environmental pollution has been
linked to several illnesses, including an increased risk of cancer in populations exposed to it and
even deaths from poisoning (Cao et al., 2010; Dooyema et al., 2012). Studies in the clinical and
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epidemiological fields are the most trustworthy tools for control and intervention in the public
health system (ACHHRA, 2017; USEPA, 2005). However, the high monetary cost of such studies
means that these studies are not always feasible for evaluators. Risk assessment is one easy-to-use
tool that can provide a quantitative estimate of health problems caused by pollution. In other
words, human exposure to harmful pollutants can be measured with the help of health risk as-
sessment (HRA) (Huang etal., 2018; Singh et al., 2019). HRA can be calculated using deterministic
ot probabilistic methods. The output of health risk is represented as a single point value by the
deterministic method. In probabilistic risk assessment (PRA), the output risk is a range of values
resulting from the combination of the probability distributions of numerous input factors in the
risk equation (Rajasckhar et al., 2020; Saha and Rahman, 2020). PRA is most useful when the de-
terministic risk outcome is close to the safe exposure limits (Barrio-Parra et al., 2019). Further-
more, probabilistic analysis, in combination with sensitivity analysis, may be used to investigate
the impact of input parameter uncertainty and variability on risk calculation outcomes. HRA gen-
erally supplies information that can contribute to decision-making by quantitatively estimating
risk. In addition, it can facilitate the allocation of resources to reduce exposure to environmental
threats (Harris et al., 2017).

In times when heavy metals have become a prime and critical source of pollution in surface
water and groundwater, the estimation of heavy metals is a cause of concern. Accurate measure-
ment of heavy metals requires instruments with sufficient accuracy like atomic absorption spec-
trometer (AAS), inductively coupled plasma mass spectrometer (ICPMS) etc. The availability of
such instruments at every research location or measuring agencies is difficult due to lack of fund-
ing or other reasons. In this regard, multivariate statistical techniques (MSTs) and Al can help
develop models that estimate heavy metal concentrations with sufficient accuracy. MSTs and Al
have the ability to model and predict non-linear and complex mathematical relationships between
dependent and independent variables (Dehghanian et al., 20106; Kardam et al., 2012). The biolog-
ical neurons process inspired the ANN concept, and the elements were connected similarly to the
human brain and nerves, allowing it to learn the mapping structure from input data to output data
without requiring explicit mathematical relationships (Uzun et al., 2017). Machine Learning (ML)
is a subset of Al that enables software platforms or packages to become more accurate at predict-
ing outcomes without being specifically designed to do so. ML algorithms estimate new output
values by using historical data as input. Recently, a new data-mining Al algorithm has been devel-
oped to overcome regression problems and lessen the drawbacks of AL New algorithms like
random forest (RF) are being used to study issues in climatology, hydraulics, and hydrology. These
algorithms can simulate solar radiation (Sharafati et al., 2019), estimate reference evaporation
(Khosravi et al., 2020), measure suspended sediment transport (IKhosravi et al., 2018), and predict
shear stress in rivers (IKhozani et al,, 20106). The RF is a relatively new ensemble ML technique
built on decision trees that make predictions by voting for categorisation and averaging regression
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(Auret and Aldrich, 2012). Better modelling performance than ANN and MLR is made possible
by the decision tree-based algorithms' lack of hidden layers and modelling transparency (Kisi et
al., 2012). The proposed models could significantly minimise human and material resources in
future experiments if they are accurate for new experimental data.

Therefore, extensive field research was carried out, considering the aforementioned issues re-
lated to surface water bodies and the need for continuous monitoring of these bodies. In order
to accomplish this study's overarching goal, a variety of specific objectives were developed.

1.3 Research Objectives

In the present day, the need for potable drinking water has led humans to search for every
possible source of water present on the earth. Rivers, lakes and groundwater are the primary
drinking water sources available among the vast majority of water resources on the earth's surface.
Increasing population and industrialisation have led to the overutilisation of groundwater. Due to
this, many governments worldwide had to make strict policies on groundwater use and advocate
using surface water such as rivers. Numerous rivers are present all over the world, which are
perennial. Using rivers directly as a potable water source is far from the existing scenario. Im-
proper drainage, disposal of solid and liquid waste directly into the river without any treatment,
and numerous other reasons have deteriorated river water quality. Before utilising the river water
for various purposes, proper monitoring and treatment of the water is required. The objective of
this research work is based on the knowledge gap found from the literature review carried out in
chapter 2 and also to provide possible sources of setup treatment, which are as follows—

% Objective I: Characterisation of the surface water of the river using 21 physicochemical
parameters, including heavy metals. Also, to explore and develop water quality indices
(WQIs) for the river basin based on the studied water quality parameters and compare the
WQI with the existing water quality standard.

% Objective IT: Assessment of sediment quality with respect to heavy metals. This involves
the assessment of total metal concentration and speciation fractions of heavy metals to
understand their contribution to water pollution load using the following indices:

% Total metal concentration: Pollution load index (PLI), geoaccumulation index
(Iseo), enrichment factor (EF), potential ecological risk index (PERI) and sedi-
ment quality guidelines (SQGs)

% Speciation fractions of heavy metals: Pollution index (Irowr), mobility factor
(MF), individual contamination factor (ICF), global contamination factor (GCF),
risk assessment code (RAC) and modified risk index (MRI).

% Objective III: Identification of latent sources of pollution in water and benthic sediment
samples in the study area using discriminant analysis (DA), principal component analysis,

positive matrix factorisation (PMF) and hierarchical cluster analysis (HCA).
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% Objective IV: Assessment of health risk due to prolonged exposutre to heavy metals
through incidental ingestion and dermal contact using deterministic and probabilistic ap-
proaches.

% Objective V: Development of two regression models explaining heavy metal contamina-
tion in the water column of a river using the (i) physicochemical parameters and (if) metal
speciation fractions in the study area (MLR, ANN and RF).

1.4 Need of the Study

Assam is one of the eight states in the North-eastern region of India, having a diverse popula-
tion, sociocultural background, and ethnic origins. Over 80% of the population resides in rural
areas. The majority of the state's labour force (63%) is employed in agticulture and related fields.
Assam is home to the world's largest tea-growing region. As the state is endowed with several
perennial rivers, they are the primary source of irrigation. The rate of water use in agriculture has
increased dramatically during the past few decades. The uncontrolled urbanisation and industrial-
isation negatively impact the water quality and aquatic fauna by introducing toxins into the rivers
and also increase sediment pollution. The discharge of urban garbage, untreated effluents from
various enterprises, and agrochemicals in certain rivers has reached a concerning level. So, there
is an immediate need to monitor water resources and understand the various ways in which pol-
lutants enter the water system. This is only conceivable if we can develop a thorough understand-
ing of the surface water ecosystem through rigorous monitoring programmes, paving the way for
innovative approaches for tackling critical concerns such as complex data processing. Further-
more, ways for measuring water quality using environmetrics tools such as multivariate statis-
tics, information entropy and fuzzy logic will benefit the scientific community in a more compre-
hensive and time-efficient manner. This study will also help to understand the current contami-
nation levels in the sediment column, allowing the various agencies involved in surface water
protection and management to take the necessary actions for planning proper resource manage-
ment. Furthermore, given the comprehensive monitoring and assessment carried out in this study,
the findings will provide a comprehensive understanding of the heavy metals in an aquatic eco-
system.

1.5 Scope of the Research

The first and most important effort in achieving the broad objectives of the current research
was collecting, transporting, and storing water and sediment samples continually. As a result, the
primary scope of the research was the continuous sampling of various aquatic ecosystem compo-
nents. Following that, laboratory analyses for various parameters were performed. From sample
collection to analysis, the entire procedure demanded a thorough understanding of standard pro-
tocols, which remains one of the essential focuses of this research. Because the entire thesis is
primarily concerned with substantial dataset processing and analysis, many computational activi-

ties were carried out, including the use of programmed software such as Microsoft Excel, SPSS
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(v. 25), and EPA-PMF (v. 5.0). The study site's features were plotted using ArcGIS-ArcMap (v.
10.2). In addition to the computational software, statistical tools like MINITAB (v.20), MATLAB

(v. 2022a), and Jupyter Notebook (v. 6.5.4) for python codes were used to develop the heavy

metal regression model in MLR and Al

1.6 Innovations Made in the Study

A tuzzy logic based WQI is developed to express the water quality of rivers.

Developed a Random Forest (machine learning) model to estimate the heavy metal con-
centrations in rivers.

Developed another Random Forest (machine learning) model to understand the contribu-

tion of heavy metal pollution from benthic sediments to river water.

1.7 Thesis Organisation

The entire thesis has been divided into the following chapters:

Chapter 1 introduces the importance of surface water resources, their pollution and ways
to monitor and assess the pollution levels effectively. This chapter also discusses the objec-
tives, needs, and scope of the study.

Chapter 2 gives a detailed literature review of water quality and water quality index (WQI),
development of WQIs, application of different environmetrics tools, information entropy
and fuzzy logic in surface water quality monitoring and assessment, and finally, heavy metals
prediction using regression models.

Chapter 3 is associated with the flow chart of the various phases of the research, study area
and sampling strategy. This chapter also discusses the methods and methodologies adopted
for the present study.

Chapter 4 is associated with the discussion of the observed water quality datasets and the
application of information entropy and fuzzy logic in surface water quality assessment.
Chapter 5 details benthic sediment quality and assesses sediment contamination through
different approaches concerning heavy metals.

Chapter 6 deals with the application of different environmetrics tools such as CA, DA,
PCA, and PMF for the identification of various factors responsible for variability in water
quality and benthic sediment quality.

Chapter 7 deals with human health risk assessment concerning heavy metals.

Chapter 8 is associated with the development of regression models for the prediction of
heavy metals.

Chapter 9 is associated with the overall conclusions of the present study and recommenda-

tions for future work.
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Chapter
LITERATURE REVIEW

Although the literature covers a wide range of topics, this review will concentrate on those
pertinent to this study. The chapter highlights previous research work that is relevant to the pro-

spective study.
2.1 Water Quality and Water Quality Index (WQI)

Surface water pollution is a serious issue worldwide and is related to a wide range of biological
and chemical contaminants (Al-Janabi et al., 2019). Surface water ecosystem pressures are classi-
fied as (i) hydromorphological pressures; (i) non-point sources of pollution such as agricultural
runoff and atmospheric precipitation; and (iii) point sources of pollution: particularly industry and
sewage treatment plants (Dedic et al., 2020). The basic reason for investigating hydromorpholog-
ical stresses is to understand better the effects induced by natural processes and diverse human
activities (Wator and Zdechlik, 2021). The hydromorphological characteristics of the aquatic sys-
tem are critical for producing a safe environment. The evaluation of hydromorphological features
is strongly related to the evaluation of physical, chemical and biological datasets for determining
the ecological conditions of water (Poikane et al., 2020). To reduce the possible threats to public
health, it is critical to identify pollution sources and design an effective management strategy
(Vadde et al., 2018). The amount and type of contaminants contained in water considerably influ-
ence its fitness for any application. Physical, chemical, and biological pollutants in water are iden-
tified and expressed using the contamination characterisation (Soumaila et al., 2019). To establish
the extent and status of pollution in any river, the water quality must be regularly monitored
(Hussein et al., 2019). However, explaining each water quality measure to non-specialists and the
general public is challenging and illogical. WQI has proven to provide information to citizens and
legislators in an understandable and interpretable way (Stanly et al., 2021). The fundamental pur-
pose of WQI is to offer a single value for water quality by converting data on the components
and concentrations in a sample into a numerical score. WQIs allow for observation of changes in
water over time or comparisons between different bodies of water based on the single unitless
score. WQI is among the most effective methods for characterising the status and estimating
the suitability of water for various purposes. WQI utilises data on water quality to help environ-

mental authorities change their environmental policy (Nowicki et al., 2020).
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2.1.1 Common steps for the development of any WQI

The four steps outlined below are used to develop WQI:

1. Selection of parameters.

2. Converting the parameters to a common scale.

3. Weights are assigned to all parameters.

4. 'Then, the sub-indices are aggregated into an index score (Hwaid et al., 2020; Vadde et

al.,, 2018).
2.1.2 Justification for the use of WQI

WQIs are intended to be used first and foremost to analyse water quality monitoring data,
allowing for extensive interpretation of outcomes, particularly when pollutant concentrations are
below water quality standards (Uddin et al., 2021). WQIs assist professionals in interpreting mon-
itoring data from a broader perspective, allowing administrative decision-makers to assess the
performance of regulatory programmes and convey water quality information to the public in an
understandable and easy-to-understand manner (Sutadian et al., 2016). Indices are used in moni-
toring activities, including water quality evaluation, treatment, and utilisation, public communica-
tion, R&D projects, and environmental planning (Abbasi and Abbasi, 2012).

2.1.3 History of WQI concept

In 1965, a panel of the President of the United States Science Consultative Committee on
Environment proposed the establishment of a scientific technique for establishing a numerical
index for identifying chemical water pollution (Eberhardt, 1967). According to the committee,
the approach must be sensitive to various chemical contaminants. Its outcome is neatly propor-
tionate to the negative consequences of water pollution on humans or aquatic life. This statement
prompted Horton to release the first water quality index (WQI) the same year (Horton, 1965).
Since that day, WQIs have become a popular and useful technique for measuring the water quality
of water bodies across the world (Kulkarni, 2020). Following Horton, Brown et al., (1970) created
a WQI with a structure comparable to Horton's index (Brown et al., 1970). The study of Brown
etal. (1970) was sponsored by the National Sanitation Foundation (NSF), despite the rigidity with
which parameters were selected. Because of this, Brown's index is also known as the National
Sanitation Foundation Water Quality Index (NSFWQI).

Prati et al. (1971) introduced an index using a water quality categorization system. The degree
of contamination is expressed numerically in the form of the index value. It takes into account all
of the contaminants present at the same time. However, unlike the Horton index and the
NSFWQI, the PRATI index, named after the person who developed it, measures each pollutant
separately and has an increasing scale with pollution. The index scale went from 0 to 15 (or more)

for high quality (or no pollution).
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Dinius (1972) as part of the social counting method, assessed the water pollution control
expenses by developing a WQI. In this WQI, sub-index functions are calculated using simple
equations. The index score is then computed by adding the weighted sub-indices.

Stoner (1978) created an index by combining two large water-use categories: public supply
and irrigation. The index can handle the two water uses by applying the weightings and sub-index
functions to the final index aggregation. The Stoner index may also be used for different types of
water.

Dinius (1987) suggested a multiplicate index to combine the pollutant into a single system.
The Delphi approach involves a panel of seven water quality specialists, and the resulting index
may be used to determine the level of freshwater pollution.

Smith (1990) focused on four types of water usage: (i) general, (ii) public bathing, (iii) water
supply, and (iv) fish spawning. The Delphi approach was used to construct the index, which com-
prises selecting parameters for each water type, formulating sub-indices, and weights assign-
ment to the selected parameters.

CCME (2017) presented a mathematical framework for analysing ambient water quality con-
ditions in relation to water quality targets established by the Canadian Council of Ministers of
Environment (CCMEWQI) in 2001 and revised in 2017. The index is made up of three essential
components: (i) scope denotes the number of parameters not meeting the water quality objectives;
(ii) frequency denotes the number of times the objectives were not met; and (iii) amplitude denotes
the amount by which the objectives were not fulfilled. The index's output spans from 0 to 100,
with 0 representing the poorest water quality and 100 representing the best.

Many scientists and specialists have recently considered numerous alterations to the WQI
approach (Abtahi et al., 2015; Beamonte et al., 2005; Bhargava et al., 1990; Boyacioglu, 2007,
Dwivedi et al., 1997; Ewaid and Abed, 2017; Landwehr et al., 1974; Liou et al., 2004; Medeiros et
al., 2017; Nikoo et al., 2011; Sutadian et al., 2018, 2016; Thi Minh Hanh et al., 2011; Yaseen et al.,
2018). These indices assign weightage to each water quality parameter before evaluating WQL
Despite their simplicity, these types WQIs cannot be relied on due to the inclusion of limited
variables and crisp weight assignment (Dahiya et al., 2007; Lermontov et al., 2009). Applying crisp
weights to the parameters in the WQI renders the evaluation of water quality conditions for
changing seasons, temperatures, seasonal rainfalls, and surface runoffs impractical (Dahiya et al.,
2007). The subjectivity of the WQI weights reduces the accuracy of its water quality evaluations
in addition to ignoring toxic pollutants (Chang et al., 2001; Hou et al., 2016; Ocampo-Duque et
al., 2000). Therefore, an advanced strategy is necessary to address the shortcomings of the WQI
approach (Gharibi et al., 2012b).

Fuzzy logic and information entropy based indices can integrate significant parameters of wa-
ter quality and classify random environmental factors into understandable and transparent subsets
for the public and experts, and provide a much-appreciated formalism that accounts for the
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inherent uncertainty of linear and non-linear information (Gharibi et al., 2012b; Mahapatra et al.,
2011; Vadiati et al., 2010). Their ability to integrate quantitative and qualitative data offers a sig-
nificant edge over other indices, as the portrayal of ecological complexity closely resembles reality
(Mahmoudi et al., 2018). Information entropy is concerned with recognising uncertainty or disor-
der in a random process (Singh, 2013). Many random hydrological and meteorological processes
in the environment bring into the limelight the effectiveness of information theory in their appli-
cations (Cheng et al., 2004; Fleming, 2007; Mishra et al., 2009; Singh, 2015, 2013). The assighment
of weights to a specific parameter at a certain location depends on the occurrence uncertainty of
that parameter. The greater occurrence uncertainty at a place results in lower parameter weights
at that site (Amiri et al., 2014). In contrast, fuzzy models permit nonlinear relations of the input
variables and link them to the output using if-then rules (lLermontov et al., 2009). They transform
verbal concepts defining expert judgement into a mathematical framework based on fuzzy set
theory (Marchini et al., 2009). Therefore, information entropy and fuzzy logic based indices are
superior than conventional WQIs [based on the Delphi method, analytical hierarchy process
(AHP), and expert survey technique], which assign weights to elements based on subjective eval-
uations and expert opinion (Amiri et al., 2014; Fagbote et al., 2014). Such judgements and opin-
ions frequently result in the loss of important water quality data. Moreover, such procedures are
arduous and time-consuming (Abbasi and Abbasi, 2012).
2.1.4 Current literature on WQIs

A qualitative and systematic approach was used to identify the current literature on WQIs.
The procedures below were performed to retrieve the needed literature. First, a comprehensive
literature review for research and review papers is conducted in the Scopus database using differ-
ent keywords. After eliminating duplicates and doing an initial screening, documents are selected.
The following keywords were entered: TITLE-ABS-KEY (("water quality index" OR "wqi")
AND ("fuzzy logic" OR "information entropy") AND ("surface water" OR "river")) and a total
of 14 relevant articles were found after a thorough screening out 49 articles.

Ocampo-Duque et al. (2006) investigated a water quality assessment approach based on
fuzzy inference systems (FIS). A multi-attribute decision-aiding strategy was used to deal with the
relative value of water quality indicators included in the fuzzy inference process. A case study in
the Ebro River in Spain was used to assess the fuzzy index's possible use. The findings correspond
with government reports and expert judgments about the pollution problems in the studied area.
As a result, this technique emerges as an appropriate and alternative technique for developing
effective water management strategies.

Lermontov et al. (2009) investigated the application of Al by developing the fuzzy water
quality index (FWQI), which is based on fuzzy logic. The effectiveness of the proposed index is
evaluated by comparing it to numerous water quality indices (WQIs) presented in the literature,
using data from hydrographic surveys of the Ribeira de Iguape River in the southern portion of
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the state of So Paulo, Brazil, from 2004 to 2006. The index was relatively similar to the other
indices and correlated well with the WQI, normally constructed in Brazil. This new index might
be utilised as a decision-making tool in environmental management.

Semirom et al. (2011) investigated the development of a new indicator known as the Fuzzy
water quality index. It gives a simplified depiction of the numerous and complicated parameters
(physical, biological, and chemical) that affect the overall quality of drinkable surface water. Six
water quality parameters were utilised to develop the FWQI to assess the quality at a sampling
station on the Karoon River in Iran, which includes DO, turbidity, pH, TDS, nitrate, and faecal
coliform. The new index is expected to help decision-makers to report on the river water quality
and investigate spatial and temporal variations. The authors believe that if applied logically, fuzzy
logic might be a valuable tool for some environmental policy challenges.

Gharibi et al. (2012a) sought to create a unique water quality index based on a fuzzy logic
technique for routine evaluation of surface water quality, specifically for human consumption.
Twenty indicators were chosen for their vital relevance to overall water quality and their influence
on human health. To evaluate the suggested index's performance under actual settings, a case
study was done at Mamloo dam in Iran, using water quality data from four sampling sites from
2006 to 2009. The findings of this study suggested that the overall water quality in the sample
sites was faitly poor (in the range of 45-55). Furthermore, a comparison of the suggested fuzzy-
based index's outputs with those of the NSF water quality index (NSFWQI) and Canadian Water
Quality Index (CWQI) revealed similar results but was sensitive to changes in water quality pa-
rameter levels. However, the current study's suggested index yielded more stringent outcomes
than the NSFWQI and CWQI. The sensitivity study findings indicated that the index is resistant
to rule modifications. In conclusion, the suggested index appears to provide accurate and depend-
able results and may thus be utilised as an instrument for monitoring water quality, particularly
for drinking water analysis.

Singh et al. (2019) developed a fuzzy-based water quality evaluation method to analyse the
overall state of water quality of a river. A case study of the Yamuna River was conducted to assess
the usefulness of the fuzzy comprehensive water quality index (FCWQI). The FCWQI was de-
termined exclusively for the usage of water for drinking purposes in this study, but this method-
ology may be extended to other applications as well. The FCWQI created here is based on an
integrated system that allows a single number to indicate the overall water quality status.

Singh et al. (2019b) used shannon entropy (information entropy) to assess water quality based
on end-use. Entropy weights were used to create an entropy-weighted water quality index (EWQI)
for drinking water. The suggested method represented the Beki river's water quality as "excellent"
(EWQI < 50) to "poor" (150 < EWQI < 200).

Chanapathi and Thatikonda (2019) created a Mamdani-type fuzzy-based regional water
quality index (FRWQI) that includes dissolved oxygen (DO), faecal coliforms (FC), biological
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oxygen demand (BOD), pH, nitrogen, suspended solids (SS), alkalinity, turbidity, chemical oxygen
demand (COD), and electrical conductivity (EC). It may be used to assess the water quality index
of various river basins worldwide. Despite the diverse geographic origins, the FRWQI is compa-
rable to water quality models used in India, Malaysia, and the United States, and it can aid in the
self-assessment of regional water quality on a worldwide scale.

Nayak et al. (2020) used fuzzy modelling to make predictions on the water quality of Indian
rivers. The triangular and trapezoidal membership functions for fuzzification, along with the cen-
troid, bisector, and mean of maxima (MOM) approaches for defuzzification, have been utilised
in developing fuzzy models. It has been observed that the fuzzy model with a triangular member-
ship function that utilises the bisector defuzzification method performs better than the triangular
and trapezoidal membership functions that utilise the centroid and MOM methods of defuzzifi-
cation. The values of the fuzzy logic based water quality index have been compared with those
of the NSFWQI and Vietnam's official water quality index (VWQI). The values of the fuzzy logic
based water quality index have been observed to be more indicative of the real river water quality
state of Indian rivers compared to the NSFWQI and VWQI. This is because the fuzzy logic
approach utilised is equally sensitive to all parameters and can precisely reflect even minute shifts
in the value of any parameter, and is especially true for sections of contaminated rivers.

Hue & Thanh (2020) proposed a method based on fuzzy inference systems (FIS) to analyse
water quality in the Nhue River, an inter-provincial irrigation network in Northern Vietnam. For
the quality evaluation, nine fuzzy variables were used: dissolved oxygen (DO), biological oxygen
demand (BODs), chemical oxygen demand (COD), pH, ammonium (NH4"), phosphates (PO.>),
total suspended solids (T'SS), turbidity, and total coliform (T'co). The fuzzy inference system com-
prises 3250 rules with scores ranging from 0 to 100 and five verbal categories. By comparing it to
Vietnam's official water quality index VWQI, the FWQI was confirmed. The study's findings
demonstrate that the Fuzzy Inference System (FIS) technique was a realistic, straightforward, and
helptul instrument for assessing surface water quality in rivers and irrigation networks.

Golshan et al. (2020) used the Mamdani fuzzy technique to assess the water quality of the
Karun River and created a fuzzy water quality index (FWQI). A hierarchical method was used to
overcome the curse of dimensionality in fuzzy rules, considering the correlations between 21 fac-
tors in the form of physicochemical, chemical, biological, and heavy metals. Fuzzy groups were
processed using trapezoidal membership functions and procedures for evaluating parameter rela-
tionships. Based on data from 2010 to 2015, the FWQI of 36.78 £ 2.17 was estimated, whereas
the NSFWQI and CCMEWQI indices obtained 41.8 * 1.33 and 33.65 * 2.87, respectively. Ac-
cording to the ANOVA test, changes in FWQI were not significant at sample sites. Furthermore,
the data demonstrate a decline in water quality from upstream to downstream of the Karun wa-
tershed. Based on these findings, it is apparent that the water quality in the Karun River must be
addressed to benefit the local ecology.
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Siddique et al. (2021) used the entropy water quality index (EWQI) and irrigation water
quality index (IWQI) to assess the surface water quality of the Dhaleshwari River in Bangladesh.
During the dry and wet seasons, fifty surface water samples were collected from five sampling
stations and analysed for sixteen parameters. The resultant IWQI followed a similar trend to the
EWQ], indicating poor to good water quality. The entropy hypothesis identified Mg** Cr, TDS,
and CI as the primary pollutants impacting during the dry season and Cd, Ct, Cl, and SO, as the
primary pollutants during the wet season affecting irrigation water quality. Overall, both
IWQI and EWQI will aid in regulating water quality in a cost-effective and unbiased way.

Singh et al. (2021a) measured 20 physicochemical parameters in the Puthimari and Baralia
Rivers in Assam between May' 2016 and June' 2017. The information entropy was used to assess
the water quality of the river in terms of the entropy weighted water quality index (EWQI). EWQI
ranged from 61.62 to 314.68. The study demonstrated the importance of information entropy in
assessing surface water quality.

Pandey et al. (2022) suggested a new water quality index based on fuzzy logic to assess
freshwater and saltwater intrusion in the Mandovi River. The parameters used to create this index
were chloride, BOD, fluoride, nitrate, nitrite, and TDS. The index results not only categorize wa-
ter quality but also offer a comparative assessment of water quality. The findings ensure that
borderline scenarios are handled more user-friendly, delivering a more thorough status on water

quality than in an earlier study.
2.2 Benthic Sediment Pollution Load

Sand, clay, and silt are all examples of sediment, which are the soil particles that eventually sink
to the bottom of a body of water. Erosion of soil and the decay of plants and animals are two
sources of sediment. These particles are carried to bodies of water by wind, water, and ice. Sedi-
ment is the most prevalent pollutant in aqueous bodies, according to the Environmental Protec-
tion Agency. Neatly 30% of all sediment is produced by natural erosion, whereas 70% is produced
by accelerated erosion due to human usage of land (Walling, 2009). The following are some of
the ways in which sediment degrades water quality and creates problems for humans and wild-
life (i) sediment clogs storm drains and catch basins, which increases the risk of flooding; (ii) sed-
iment-polluted water becomes cloudy, preventing animals from seeing food; (iii) sediment-pol-
luted water inhibits natural vegetation growth in water; (iv) sediment in stream beds disrupts the
natural food chain by destroying the habitat where the smallest stream organisms live and causing
massive declines in fish populations; (v) sediment contributes to the increased price of purifica-
tion of water because unpleasant odours and flavours; and (vi) accumulation of sediment in riv-
ers can change the flow of water and diminish the depth, making it more challenging for both
navigation and recreational use.

The contamination of benthic sediments by diverse anthropogenic activities has become a se-

rious issue in recent years. Many heavy metals have accumulated in the aquatic ecosystem as a
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result of excessive effluent discharge (mainly from domestic, agricultural, and industrial effluents),
posing a major threat to global sediment influx (Armagan et al., 2008; Azhar et al., 2015; Yao et
al., 2021). Because they do not degrade or decompose over time, these heavy metals are persistent
and harmful when their quantities exceed permissible limits. Furthermore, these substances are
less mobile in water than other chemicals. As a result, they continue to accumulate in natural
aquatic systems, causing them to adhere to the top of the sediment column. Thus, sediment
columns are potential sources of heavy metals, which can be released into the water column or
aquatic flora and fauna by natural or anthropogenic processes and contribute to the food chain
(Yao et al., 2021; Yin et al., 2011). Heavy metals can be found in sediments in various chemical
fractions, each connected to mobility and bioavailability. Thus, measuring the total concentration
of heavy metals is not sufficient in understanding the behaviour of metals in the aquatic environ-
ment because total metals do not fully reflect geochemical processes, chemical speciation, and
metal bioavailability. To evaluate or measure the different fractions or species of heavy metals in
the sediments, a sequential extraction technique can be used for the purpose (Liang et al., 2017;

Wang et al., 2019; Hing

g et al., 2020; Sundaray et al., 2011; Zhang et al., 2017). Anthropogenic
sources of heavy metals tend to be in a more mobile, unstable form ( Liang et al., 2017; Zhang et
al., 2017). On the other hand, those of lithogenic origin tend to be linked to sediments that have
taken on stable forms (Xiao et al., 2015). Therefore, it is essential for source identification and
risk assessment to know the chemical fractions of heavy metals, especially in highly contaminated
areas.
2.2.1 Metal speciation
The purpose of a speciation analysis is to ascertain the presence of different chemical species
or fractions of an element in sediment, soil or sludge. Determining the metal speciation fractions
helps to assess the toxicity and mobility of metals, which inturn, allows for investigation of the
extent to which benthic sediments have been contaminated. The metal speciation fractions are
determined by the application of sequential extraction (Sahuquillo et al., 2003). Thus, there is a
growing interest in using this method for investigating metals in aquatic sediments, and currently,
there are more than a dozen methodologies for determining the percentages of these particular
fractions. The European Community Bureau of Reference recommends using Tessiet's five-stage
sequential extraction method, which can separate heavy metal contamination in soil or sediments
into five different fractions. The fractions or species in which metals occur are (Tessier et al.,
1979):
1. Exchangeable or F1 fraction: This fraction is made up of metals that have been ad-
sorbed on a solid surface. Changes in the ionic content of the water or a shift in the sorp-
tion-desorption equilibrium might cause this fraction to flow into the solution. This frac-

tion is readily available and mobile.
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2. Associated with carbonates or F2 fraction: Metals in the form of carbonates or co-
precipitated with carbonates make up this fraction. Lowering the pH disrupts the car-
bonate equilibrium, allowing metals to enter the solution.

3. Associated with the hydrated oxides of iron and manganese or F3 fraction: This
fraction is made up of metals that are adsorbed on the extended surfaces of hydrated
oxides of iron and manganese that precipitate under anoxic (reducing) conditions. The
sediment may dissolve, and the metals move into the solution when iron and manganese
are reduced.

4. Associated with organic matter or F4 fraction: This fraction includes metals adsorbed
on the surface of organic matter and metals associated with sulphides. Although tempo-
rarily immobilised, they may later move to one of the other fractions due to the natural
mineralisation of the sediment.

5. Stably associated with minerals or F5 fraction: This fraction consists of metals per-
manently immobilised in the crystal lattices of both primary and secondary minerals; they
do not harm the environment under normal conditions.

The first three are particulatly risky because they can release metal loads due to decreased pH.
The metal present in the inert phase, i.c. the F5 fraction, corresponds to detrital or lattice-bound
metals that cannot be remobilised. The proportion of metal found in this category can be used as
an indicator of the level of contamination in the water zone of a river or stream (Pardo et al.,
1993). These fractions have different remobilisation behaviours under varying environmental cir-
cumstances (Forstner, 1993). Thus, to accurately assess their toxicity, it is required to determine
the overall concentration of heavy metals in sediment and their presence in various chemical
forms (speciation) in sediments.

2.2.2 Current literature on pollution in benthic sediments due to heavy metals

A qualitative and systematic approach was used to identify the current literature on pollution
in sediments due to heavy metals. The procedures below were performed to retrieve the needed
literature. First, a comprehensive literature review for research and review papers is conducted in
the Scopus database using different keywords. After eliminating duplicates and doing an initial
screening, documents are selected. The following keywords were entered: TITLE-ABS-KEY
("sediments" AND "heavy metals" AND "speciation" AND ("factor" OR "index") AND ("sut-
face water" OR "river")) and a total of 46 relevant articles were found after a thorough screening
out 151 articles.

Liu et al. (2011) investigated the concentrations of heavy metals and chemical speciation in
sediment obtained from the Shuangtaizi River estuary's tidal flat. The reduction in Cd and Pb
concentrations in the upper 66 cm of the core is striking. The distribution of chemical fractions
supports the natural origin of the residual fractions of these metals. In contrast, due to pollution,
only the non-residual components of Cd and Pb have increased the core in the past five decades.
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The geoaccumulation index (L) reveals that most heavy metals are unpolluted, even with in-
creased concentration.

Wu et al. (2012) assessed the environmental quality, pollution level, bioavailability, and toxicity
of heavy metals in the benthic sediments obtained from the Daliao River and Yingkou Bay estu-
ary. The geoaccumulation index (Igeo) results reveal that, except for Pb, the pollution levels of
four metals at 15 sampling sites fall into the "unpolluted" category. The pollutant load index (PLI)
reveals that most sites in the study areas are not polluted, except for sites 1, 2, 3, 8, 12 and 13. Pb
is the most polluting heavy metal, followed by Zn, Co. Cu. Co, Cu, Pb, and Zn pose a "low"
potential ecological risk at all sampling sites. The order of potential ecological risk is as follows:
Pb > Co > Cu > Zn. Sequential extraction of the metals reveals that Pb, Cu, Co, and Zn in the
sediment are in a relatively stable state at majority of estuary locations in the Daliao River and
Yingkou Bay, indicating that this region receives minimal pollution. Co, Pb, and Zn are also pre-
sent in a labile state at a few sites and, as such, are deemed to be of anthropogenic origin.

Zhao et al. (2012) used two standard index methodologies to analyse the pollution and eco-
logical risks of six metals (As, Cu, Mn, Pb, Sb, and Zn) in Yangtze Estuary sediments (i.c., total
content and speciation indices). Each sampling site's ecological risk was uniformly low to moder-
ate. According to the speciation index, the contamination levels at these sites were low to moder-
ate, while the total content indices showed moderate to significant contamination. When assessing
the ecological risks of each sampling site and each metal (Cu, Pb, or Zn), considerable corre-
spondences and discrepancies were observed between the total content and the speciation indi-
ces when evaluating the contamination of specific locations in the estuary area.

Chen et al. (2013) used 5-step sequential extraction technique to evaluate the metal speciation
and level of pollution in sediments in Kaohsiung Harbour, Taiwan. Individual contamination fac-
tors (ICF) and a global contamination factor (GCF) were utilised to quantify the level of sediment
pollution. The results revealed that Kaohsiung Harbour was at high risk for Pb, Cd, Cr, and Cu.
GCF data revealed that stations near the river mouth, fish port, and industrial locations contrib-
uted to Kaohsiung Harbour's high potential risk. The risk of heavy metals to the environment
was analysed using the risk assessment code (RAC), and the results showed that Pb, Cd, Zn, and
Mn posed a medium to high risk, while Hg, Cr, Cu, and Ni posed a low to medium risk.

Yuan et al. (2014) studied some geochemical properties, major elements and trace metals of
sediments from a river, estuary, and lake in the Yangtze River Delta plain, a fluvial plain. Enrich-
ment factors evaluated the heavy metal contamination levels. The comprehensive RACs of sedi-
ments followed the order of river sediments > estuary sediments > lake sediments. Among heavy
metals, Cd and Pb revealed the highest risks for sediments.

Cui et al. (2014) used inductively coupled plasma mass spectrometry to assess heavy metals
(Ct, Cu, Ni, Pb, Cd, As, Zn, and Hg) spatial distribution, sources, and potential ecological risk in
sediments of the Wuyuer River and its tributaries. Cd was found to be mobile, whereas Cu, Pb,
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Zn, Cr, and Ni were found to be bioavailable. Hg and As were mostly found in the residual frac-
tion. According to Hakanson's potential risk index, the overall potential ecological risk of these
heavy metals in the Wuyuer River was moderate. Among the metals tested, Hg and Cd were the
two most potentially toxic, and they were mostly found around the cities of Keshan, Yi'an, and
Fuyti. Cd concentrations should be regularly monitored since the speciation of Cd in river sedi-
ments revealed Cd to be extremely bioavailable.

Liu and Shen (2014) used HCI-HNO;-HF-HCIO, digestion and an optimised BCR sequential
extraction method to assess the total and extractable quantities of Cu, Pb, and Zn in the surface
sediments of west Chaohu Lake (China). The enrichment factor was used to measure metal pol-
lution; sediment quality guidelines (SQG) and risk assessment code (RAC) were used to estimate
possible eco-risk. The metal enrichment factors based on total and extractable concentrations all
revealed greater values in the northern lake region and decreasing values in the south. Overall,
sediments Cu, Pb and Zn constitute a low-to-high risk to the environment.

Pandey et al. (2014) investigated the geochemical fractions of nine heavy metals (Cr, Mn, Fe,
Co, Ni, Cu, Zn, Cd, and Pb) present in Ganga river sediments in Varanasi using the sequential
extraction method (SEP) and acid digestion. The Pollution Load Index (PLI) ranged between 1.2
and 3. Cd and Pb had higher geo-accumulation index (Igeo) concerns, whereas Mn, Fe, and Ni
had negative Igeo at all sampling stations. Significant amounts of Pb, Cd, Cu, and Ni were found
in the available fractions.

Bo et al. (2015) collected water and sediment samples from residential, mixed (commercial
and industrial), and agricultural sectors in the Taihu Lake region of China. They analysed the levels
of six heavy metals in these samples: Cd, Cr, Cu, Ni, Pb, and Zn. Among the six metals found in
water and sediments, the concentration of Zn was the highest, while the concentration of Cd was
the lowest. Most of the Cd, Cr and Pb were found in the acid-soluble fraction, residual fraction,
and reducible fraction in the sediments, respectively. The ecological risk assessment results reveal
that Cd constituted the greatest threat to the ecosystem.

Bo et al. (2015b) investigated the ecological risks in sediments from residential, mixed (indus-
trial and residential), and agricultural sectors of rural rivers in southern Jiangsu Province, China,
using a European community bureau of reference sequential extraction method. In all three loca-
tions, there were larger amounts of Cd in the acid-soluble fraction, Cr in the residual fraction, and
Pb in the reducible fraction. As a result, Cd and Pb might pose extremely significant environmen-
tal risks. Furthermore, risk assessment code (RAC) study revealed that most sediment samples in
residential and mixed areas were categorized as having a ‘high’ to ‘extremely high’ risk due to their
Cd, Ni, and Zn contents.

Islam et al. (2015) used a sequential extraction approach to examine surface sediment from a
downstream river (Paira) related to the marine ecosystems of the Bay of Bengal. This study aimed
to assess the mobility and dynamics of heavy metals and their potential ecological consequences.
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The findings demonstrated a high environmental risk of Cd due to its increased availability in the
exchangeable fraction (21%) and a significant amount in the carbonate bound fraction. According
to the risk assessment code (RAC), the highest mobility of Cd provides a greater environmental
risk and hazard to aquatic biota.

Pandey et al. (2015) used physicochemical and metal analysis to examine the influence of
urban drains on river water and sediments. Metal speciation and elemental composition analysis
(SEM-EDS) were utilised to estimate metal pollution load in river sediments. Metal speciation
study revealed that accessible and labile fractions dominated in Cr, Ni, Cu, Zn, Cd, and Pb, except
for Mn and Fe, which were prominent in residual forms. The pollution Load Index (PLI) ranged
from 1.8 (S1) to 3.9. (815). Cd (6.88-8.97) and Pb (2.41-3.24) had the maximum Geo-accumula-
tion index (GAI).

Fernandes and Nayak (2015) collected two sediment cores from the Swarna estuary and the
Gurpur estuary in Karnataka, India, to examine metal bioavailability and toxicity. Metal speciation
investigation on selected core samples for Fe, Mn, Ni, Zn, Cu, Co, and Cr revealed that Fe was
predominantly connected with the residual fraction, accounting for 93+£0.5% in Gurpur and
84£6% in the Swarna estuary. When total metals were compared to sediment quality values
(SQV), the values of Co in both cores exceeded the apparent effect threshold (AET). Except for
Co in the Swarna estuary, where it posed a significant risk of toxicity associated with the sedi-
ments, metal speciation studies revealed little impact on aquatic life.

Lei et al. (2016) investigated the spatial variation and ecological risks of six heavy metals (Cd,
Cr, Cu, Ni, Pb, and Zn) in estuarine surface sediments from 10 estuaries in the Hai River Basin
(HRB), China. Metal speciation revealed that Cd is linked with the exchangeable and carbonate
fractions (averaging 21.3%) and was classified as medium to high risk by the Risk Assessment
Code (RAC). Moreover, half of the Cr, Cu, Ni, and Zn were connected with the residual fraction.
The mobility order of these heavy metals was Cd > Pb > Zn > Cu > Ni > Cr based on the total
of the first three fractions. Compared to the cinnamon soil background values, the potential eco-
logical risk index (RI) values varied from 25.6 to 168, with an average of 91.2, suggesting a low
ecological risk in HRB estuarine areas. The toxic-response factor was dominated by Cd and Pb
(45.8 and 25.5%, respectively).

Tatone et al. (2016) assessed the potential risks of toxic metals in settling material collected
with sediment traps in the Uruguay River using enrichment factors (EF), sediment quality guide-
lines (SQG), and speciation using a four-step sequential extraction procedure. The average EF of
Zn, Cr, Ni, and Pb is less than 1.5, suggesting natural sources, although Cu and Mn are consist-
ently higher (EF > 2), implying some anthropogenic effects. Cu concentrations consistently du-
plicated the SQG (35.7 g/g), implying that unfavourable biochemical consequences may occut.

However, the speciation findings indicated that most metals are connected with the residual
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fraction, closely related to the mineral matrix, and unavailable to aquatic species. The only excep-
tion is Mn, which is mostly found in non-residual fractions () F1 — F3 = 82 %).

Helali et al. (2016) collected three core samples from the Mejerda River Delta in Tunisia and
tested them for major and trace elements to determine pollution and bioavailability. The enrich-
ment factor (EF), the geo-accumulation index (Igeo), and chemical speciation were all employed.
Pb, and to a lesser extent Zn, are the most polluting elements off the Mejerda outlet, according
to estimates of trace element accumulation using the EF and the I, index. These metals are also
the most hazardous in terms of bioavailability.

Duodu et al. (2016) examined the percentages of heavy metals in sediment cores collected
from a wetland in the Huaihe River Basin, China, utilising BCR sequential extraction procedures.
Enrichment factor (EF) and geoaccumulation index (Ig.) values increased significantly from a
depth of 4 cm to a maximum of 5 and 1 near the surface, respectively, showing the significant
increase of pollutant discharge in recent years, particulatly for Cd, Cu, and Zn. Moreover, the
proportions of the various fractions of Cd, Cr, Cu, Pb, and Zn had substantially changed. Signif-
icant increases in the amounts of mobile fractions of heavy metals from a depth layer of 4 cm to
the surface layer revealed that the bioavailability of Cd, Cu, Cr and Pb increased significantly. The
sharp rise suggested that Cd and Cu have very high mobility and bioavailability. In addition, sig-
nificant proportions of Zn's reactive fractions suggested that Zn was highly mobile and presented
a considerable ecological risk to aquatic creatures in the riverine wetland.

Liu et al. (2017) collected and analysed sediment samples from 22 metal-polluted sections
in Xiangjiang River (XJR), China. Various indices evaluated ecological risk and enrichment of
heavy metals. Pollution levels initially increased during industrialisation but decreased after hun-
dreds of polluting industries were prohibited. Cd, As, Pb, and Hg contaminated the majority of
the sections with severe pollution and elevated risk. Both the enrichment factor and the geoaccu-
mulation index followed the order Cd > Hg > Zn > Mn > Pb > Cu > As > Cr. Cd (66.93%), Zn
(33.80%), Pb (30.81%), Mn (18.38%), Hg (17.58%), Cu (10.20%), As (9.81%), and Cr (7.65%)
were the most bioavailable metals. The assessment of their bioavailability, biotoxicity, and abun-
dance revealed that Cd contamination was the most prominent, but other metals' contamination
should not be overlooked.

Xu et al. (2017) studied the speciation of heavy metals in nine coastal rivers draining into
Laizhou Bay. Throughout the river stretch, Cr Zn, Cr, Ni, and Pb were bound to the residual
fraction; however, Cd was preferentially linked to the exchangeable phase. The combined poten-
tial ecological risk indices were utilised to assess possible threats. The majority of sampling loca-
tions in the Laizhou Bay watershed present a moderate ecological risk from metals.

Ke et al. (2017) collected sediment samples from 19 sites inside the protected area of the
Liaohe River and analysed them for heavy metals to determine the potential ecological risk posed
by their presence. The results revealed that the pollution caused by seven heavy metals falls in the
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following order: Cd, As, Cu, Ni, Pb, Cr, and Zn. The investigation of metal speciation revealed
that Cd, Pb, and Zn were dominated by non-residual fractions and exhibited high mobility and
bioavailability, indicating substantial anthropogenic origins. Based on the potential ecological risk
index (PERI), the geo-accumulation index (Is.), and the risk assessment code (RAC), it was de-
termined that Cd posed a high to extremely high potential ecological threat in the area.

Zhao et al. (2017) assessed the ecological risks and existing forms of heavy metals in Jialu
River, China using sediment samples collected from 22 locations. The results revealed that the
exchangeable fraction was mostly connected with Cr, with a mean percentage of 54.23%. Mn and
Zn were primarily found in the reducible fraction, constituting 42.72% and 37.71% of total con-
tents, respectively. Co, Ni, Cu, and Cd had the highest mean percentages of the residual fraction,
with 58.75%, 59.02%, and 48.21%, respectively. The sediment samples from the lower reach ex-
hibited higher heavy metal levels, and Cd posed a significant risk compared to other metals.

Jun et al. (2017) employed chemical speciation to evaluate heavy metal contamination (Cu,
Fe, Mn, Ni, Zn, Cd, Cr, and Pb) in surface sediments in the Yellow River. The immobile frac-
tion (residual) quantity of Fe, Cu, Cd, and Cr was higher than the mobile fractions. The significant
enrichment of Ni and Cr is a serious environmental concern. Based on the geoaccumulation in-
dex, enrichment factor, and pollution load index, the degree of contamination of heavy metals in
sediment was Cr > Cd > Pb > Cu > Mn > Ni > Fe > Zn.

Tang et al. (2017) thoroughly examined heavy metal contamination, toxicity, and ecological
risk assessment for surface river sediments in China's Haihe Basin. The geoaccumulation and
pollution load indices found that most surface river sediments in the Haihe Basin were contami-
nated with the analysed metals, particularly at the junction zone of the Zi Ya He and Hei Long
Gang watersheds. The five heavy metals in the sediments were all anthropogenic, and the enrich-
ment degrees were in the order Cu > Pb > Zn > Cr > Ni. The analysed sediments of the Haihe
Basin have a low potential ecological risk, according to the potential ecological risk index (38.9).
The sediments, however, were possibly ecologically detrimental to health based on the mean likely
effect concentration quotient (0.547), which might be attributed to the speciation of the five met-
als in the sediments.

Zhang et al. (2017a) investigated heavy metal (Cr, Cu, Ni, Pb, and Zn) pollution and the risks
resulting from heavy metals in riverine sediments in mountainous (MB), mountain—plain (MPB),
and plain urban-belt (PB) areas in the Haihe Basin, China. The enrichment factors suggested that
sediments in the MPB were more contaminated with Cu and Zn. The risk assessment code and
individual contamination factor demonstrated that Zn was mobile and posed ecological concerns,
with the exchangeable fractions comprising 21.1%, 21.2%, and 19.2% of the total Zn contents in
samples from the MB, MPB, and PB, respectively. The non-residual portions of Cr, Cu, and Zn
in the MPB were 56.2%, 54.9%, and 56.6%, respectively, of the total values, indicating that these
metals may be highly bioavailable.
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Mna et al. (2017) assessed the level of pollution in the Bizerte Lagoon, which is subjected to
high anthropogenic pressure, using sediment cores from two locations. The enrichment factor
and geoaccumulation index were evaluated along with their chemical speciation fractions. Enrich-
ment factor and geoaccumulation index indicate a build-up of Cd, Zn, Cr, and Pb; however,
chemical speciation indicates that only Cd and Mn pose a concern.

Kang et al. (2017) investigated the speciation of heavy metals (Cr, Mn, Ni, Cu, Zn, As, Cd,
and Pb) in the sediments of Jiaozhou Bay. Based on the summation of the first three phases, the
mobility sequence was in the order: Mn > Pb > Cd > Zn > Cu > Ni > Cr > As. Enrichment
factors (EF) suggested that heavy metals in Jiaozhou Bay exhibited negligible enrichment to a
small degree of enrichment. The potential ecological risk index (RI) suggested that Jiaozhou Bay
exhibited a low ecological risk and a rising trend since the 1940s due to the growth in anthropo-
genic activities.

Sebei et al. (2018) investigated 18 surface sediments and collected 5 water samples from the
Tessa River near two mining sites. There is no spatial variation in the chemical speciation of these
metals. Except for Cd, which is bound to the residual fraction and the carbonates, all other heavy
metals are bound to the five sediment chemical fractions: the residual fraction (>52%), the oxy-
hydroxides fraction (21%), the carbonates (16%), and finally the organic matter and the exchange-
able fraction (10%). The bioavailable component of the heavy metals tested surpasses 45%, pos-
ing a toxicity risk.

Ji et al. (2018) investigated the distribution and risk assessment of heavy metals, specifically
Cr, Cu, Mn, Ni, Pb, and Zn, in the Yongding River's overlaying water, porewater, and sediments.
To assess the ecological risk of heavy metals in sediments, sediment quality guidelines (SQGs)
and pollutant load index (PLI) were used. Heavy metal concentrations increase in the order shown
below: porewater < sediment < overlaying water. Pb and Zn concentrations in porewater exceed
the criteria maximum concentrations (CMCs). According to principal component analysis, Mn in
sediments is predominantly connected with the exchangeable fraction, Cu and Zn with the reduc-
ible fraction, and Cr, Ni, and Pb with the residual fractions. Overall, PLIs of sediments in the
Yongding River at sites 1, 4, and 10 demonstrate moderate contamination from Cr, Cu, Mn, Ni,
Pb, and Zn.

Islam et al. (2018) investigated the ecological risk of heavy metals (Cr, Ni, Cu, As, Cd, and
Pb) in the surface sediment of Bangladesh's Buriganga River. In sediments, the mean concentra-
tions of Cr, Ni, Cu, As, Cd, and Pb were 297, 240, 280, 21, 7.7, and 731 mg/kg, respectively. The
pollution load index (PLI) and contamination factor (CF) were utilised to assess the ecological
risk. PLI ranged from 2.9 to 13 in the winter to 2.4 to 11 in the summer, demonstrating increased
sediment deterioration due to metal pollution. CF values of Cd ranged from 6.7 to 61, demon-
strating that Cd had a significant impact on the investigated sediments. The decreasing order of
pollutants was Cd > Pb > Cu > Ni > As > Cr, based on the severity of potential ecological risk
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for a particular metal (E.). The potential ecological risk of Buriganga River sediments ranged from
significant to extremely high.

Pal and Maiti (2018) investigated the speciation of metals (Cd, Co, Cr, Cu, Mn, Ni, Pb, and
Zn) in water and sediment in the Damodar River during the pre and post-monsoon seasons. The
calculated values of I, in river sediment during both seasons revealed that the majority of metals
were found in the Iy, class 0-1, indicating that the sediment was unpolluted to moderately pol-
luted. The partition coefficient results showed that Cr, Pb, Co, and Mn possess high retention
capacity, whereas Cd, Zn, Cu, and Ni are highly mobile.

Amor et al. (2019) determined the total and speciation concentrations of heavy metals (Pb,
Cd, Cu, Zn, Ni, and Cr) in the Rades-Hamam Lif coast surface sediments of the Mediterranean
Sea. Several geochemical indices were used to estimate the risk of contamination and environ-
mental concerns associated with heavy metals on surface sediments. The sequential extraction re-
vealed high potential Cd bioavailability due to a higher proportion of the exchangeable fraction.
On the other hand, Cr and Cu were largely attached to the residual fraction, indicating minimal
toxicity and bioavailability. The mobility order was Cd > Pb > Ni > Zn > Cr > Cu, while the
level of pollution was Cd > Pb > Ni > Zn > Cr > Cu.

He et al. (2019) investigated the potential sources and environmental concerns of heavy met-
als by studying the quantities and chemical speciation of 8 heavy metals (Zn, Cu, Ni, Pb, Cr, Hg,
As, Cd) in 34 sediment samples taken from the Changjiang (Yangtze River) estuarine area. The
sequential extraction results indicate that, except for Cd, most heavy metals are bonded to the in-
ert residual fractions. The geoaccumulation index (Igeo) and enrichment factor (EF) reveal that
there is no noticeable enrichment or pollution of these heavy metals in this area. The Cd adsorbed
to river sediments is bonded to exchangeable, carbonate, and Fe-Mn oxides associated phases,
which may be chemically reactive in estuarine processes and thus presents significant environ-
mental threats as human activities increase.

Sun et al. (2019) investigated the pollution status and ecological risks of heavy metals (Cu, Zn,
Pb, Ni, and Cr) in Songhua River sediments in an urban region having petrochemical industries.
The freezing period had the highest mean concentration of total heavy metals near the petro-
chemical industrial area. According to the geo-accumulation index, Cu was the most polluting
heavy metal. The potential ecological risk index indicated that the overall and specific heavy metal
concentrations were linked with low ecological risk. Based on the overall concentrations, the spe-
ciation and risk assessment code results suggested that these heavy metals in the sediment possibly
had poor mobility and bioavailability, with non-residual fractions of 35.2% for Cu, 37.46% for
Zn, 33.83% for Pb, 24.59% for Ni, and 36.04% for Cr. Thus, heavy metals in the sediment posed
no to moderate ecological threats.

Verma and Pandey (2019) evaluated the distribution of eight heavy metal fractions (Zn, Cr,
Cu, Pb, Cd, Ni, Fe, and Mn) in the Ganga River bed sediment. The study was conducted during
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low summer flow (March to June 2017) and concentrated on a 285 km middle stretch of the
Ganga River between Lucknow upstream and Banaras downstream. The majority of the metals
had a significant residual proportion. However, Zn, Pb, and Cd accounted for approximately 20-
30% of the exchangeable form. The contamination factor (CF), enrichment factor (EF), pollution
load index (PLI), geoaccumulation index (Ig.), and risk assessment code (RAC) revealed moderate
to severe contamination, indicating considerable anthropogenic influence. According to the
United States Environmental Protection Agency, concentrations of metals were extremely toxic
in numerous regions.

Gadkar et al. (2019) collected and analysed Mangrove and mudflat sediment cores at the
Cumbarjua Canal and Zuari River confluence site for metal enrichment and bioavailability within
the Zuari Estuary. The contamination factor revealed a moderate level of contamination in man-
groves and mudflats for Fe, Mn, Cu, and Co. The pollution load index indicated metal contami-
nation in the Zuari Estuary sediments. The metal speciation analysis showed the lithogenic source
of Fe (in mudflats), Cu, Zn, and Co. Bioavailable Fe (in mangroves) and Mn (in mangroves and
mudflats), on the other hand, suggest probable mobilisation, preferential accumulation, and bio-
availability. Furthermore, sediment quality data suggested bioavailable Mn and Co toxicity, and
the risk assessment code demonstrated that Mn posed a medium risk.

Park et al. (2020) studied the spatial and temporal distribution and the sources of particulate
heavy metals in Masan Bay. This area has been polluted by waste from nearby massive manufac-
turing complexes and urban areas for a long time. The primary sources of several heavy metals
would be river water and the release mechanism of river debris. During June and August, metal-
enriched particles from river water and WWTP discharge were the primary contributor to partic-
ulate metal concentrations; however, in October and November, particulate metal concentrations
were provided by detrital particles comparable to sediments. Metal concentrations in offshore
samples were used as the background level to generate the contamination index. Mn, Co, and Zn
contamination levels in zone I ranged from 3 to 5, indicating moderate to severe contamination.

Ayyanar and Thatikonda (2020) investigated the presence of toxic heavy metals at locations
associated with industrial effluents, and idol immersion practises in India's contaminated Lake
Hussain Sagar. The high concentrations of As, Cd, Pb, Zn, Cu, and Ni found in surface water
were caused by the industrial effluent discharge. Surface sediments have an increasing sorption
capacity as Pb > Cd Ni Cr Zn Cu, and desorption demonstrated that Pb and Cu were retained to
a larger extent due to high clay and organic content. Chemical speciation revealed that 20-50% of
Zn and 50-80% of Cd were connected with exchangeable and carbonate fractions. Zn and Cd are
rated as 'high risk' to 'very high risk' by the risk assessment code, while Cr, Pb, Ni, and Cu are
rated as 'medium risk'. The enrichment factor value of sediments for Cd (20.42-119.48), Zn (2.19-
4.85), Cu (2.02-3.19), and Pb (2.85-7.72) indicates that anthropogenic activities have caused sig-
nificant contamination.
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Cai et al. (2021) determined the chemical speciation fractions of As, Cd, Cu, Pb, Mn and Zn
in the surface sediments of Wujiang River. The results showed that, except for As, the mean total
concentrations of all heavy metals were greater than their background levels. Cu, Zn, Pb, As, and
Hg are typically found in trace amounts. The reducible fraction and exchangeable fraction domi-
nated the Mn and Cd, respectively. Cu, Zn, Pb, As, and Hg showed low risk in this study area,
according to the risk assessment code (RAC); however, Mn and Cd posed a significant risk at
most sample sites. According to the I, categorization, Cd poses the greatest environmental con-
cern, and heavy metal contamination levels in surface sediments were frequently in the order: Cd
>7Zn > Cu>Pb > Hg> Mn > As. The potential ecological risk index (PERI) categorized 2 sam-
ple locations in the significant risk category and the rest in the moderate risk category.

Shin et al. (2021) researched the levels of contamination and the distribution, speciation, and
sources of heavy metals in the sediment of the Taewha River. The heavy metals in the sediment
displayed the following order: Zn > Pb > Cr > Cu > Ni > As > Cd. The total content of heavy
metals rose throughout the sampling period in the downstream region. Anthropogenic activities
contaminated the sediment in the sample stations to varying degrees, as determined by EPA
guidelines for sediment pollution, which include the pollution intensity index (Irorr) and potential
ecological risk index (RI). A sudden increase in Pb, Zn, and Cd concentrations was seen at Station
3 over the summer and fall, which was connected to increasing clay mineral content induced by
seasonal and lithological changes. This rise can be ascribed to a neighbouring industrial complex
or the oxidation of sulphide minerals, which could be tied to an abandoned amethyst mine. Se-
quential extraction tests reveal that the potential toxicity of each element varies. Metals with larger
percentages of exchangeable fractions and fractions bonded to carbonates, on the other hand, can
be extremely hazardous.

Liu et al. (2021) investigated the distribution, level of pollution, and potential ecological risk
of potentially toxic elements (PTEs) from Mn mining in Changyang, Western Hubei, China. River
water and sediments were collected to measure 7 PTEs (As, Cd, Cr, Cu, Mn, Pb, and Zn), as well
as pH and redox potential (Eh). The findings revealed that Mn was the most predominant con-
taminant, and a combination of anthropogenic and natural processes dominated the pollution
concentration of Mn in the studied region. The contamination factor (CF) and pollution load
index (PLI) values also found Mn as the predominant contaminant in river water. There was
minimal As and Pb pollution downstream, but there was considerable Cu pollution upstream.
Upstream and downstream were the primary polluted river sections. The geo-accumulation index
(Ieeo) and potential ecological risk index (PERI) data indicated negligible Mn pollution in river
sediments. The PERI of PTEs from river sediments was tolerable, with only Mn posing a mod-
erate ecological risk upstream.

Abdallah (2021) employed sequential extraction and ecological risk assessment methodologies
to analyse sediment samples from six Nile River sectors for heavy metal concentrations of As,
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Cd, Mo, and Sn. The findings revealed that: (1) total heavy metal content was affected by industrial
effluents, runoff, and black water, which were all greater in the coastal area; and (2) sequential
extractions revealed that As and Mo were primarily composed of residual, Cd was bound to ex-
changeable, and Sn was dominated by iron and manganese oxide fractions. P Pollutant load index
(PLI) value > 1 indicates impairment in sediment quality. The average Igeo values for the metals
studied indicated that they were heavily polluted. Cd and Sn had the highest bioavailability levels
across all regions studied, whereas As had the highest in the El-Tina area, indicating a potential
threat to aquatic life. According to the ICF data, Cd and Sn had the most ability to be released
from the sediments into the overlying water.

Hao et al. (2021) investigated the bioavailability and speciation of heavy metals in sediments
using seven heavy metals. The results indicated that all HMs in the sediments were within their
permissible exposure limit (PEL); however, Cd and Zn were substantially higher than the soil
baseline. The majority of HMs were discovered to be in a residual fraction, with an exceedingly
low exchangeable percentage. The lack of correlations between pH, electrical conductivity (EC),
total dissolved solids (TDS), and HM bioavailability suggested that HMs in the carbonate-bound
phase are stable and resistant to environmental fluctuations. In contrast, the significant correla-
tions between redox potential (Eh), turbidity, organic matter (OM), main grain size (Mz), and HM
bioavailability suggested that HMs in the reducible and oxidizable forms are susceptible. As a
result, rather than their carbonate-bound form, the variance in HM bioavailability in karstic rivers
is predominantly regulated by their reducible and oxidizable forms.

Anandkumar et al. (2022) utilised a modified BCR sequential extraction methodology to as-
sess the speciation of trace metals in the coastal sediments of Miri and decipher the seasonal ge-
ochemical processes responsible for observed phenomena, and identify potential sources of these
trace metals. The findings of the granulometric analysis revealed that coastal currents helped by
monsoon winds have altered the grain size distribution of the sediments, allowing us to separate
the research region into north-eastern and southwestern segments with differing geochemical
compositions. Cu (> 84 %) and Zn (82 %) concentrations are largely related to the easily accessible
exchangeable fraction. Pb and Cd dominate the non-residual fractions, while Fe, Mn, Co, Ni, and
Cr dominate the residual fraction. Using Pearson's correlation and factor analysis, the major mech-
anisms controlling the chemistry of the sediments are determined to be the association of Cu and
Zn with fine fraction sediments, sulphide oxidation in the SW portion of the study area, atmos-
pheric fallout of Pb and Cd in the river basins, precipitation of dissolved Fe and Mn supplied by
the rivers, and remobilization of Mn from the coastal sediments. Various pollution indices suggest
that the coastal sediments of NW Borneo are polluted with Cu and Zn and are highly bioavailable,
posing a hazard to the native aquatic species, coral reefs, and mangroves.

Miao et al. (2022) analysed seven heavy metals (HMs) in the surface water and sediments of
the Liujiang River Basin in order to comprehend the HMs' speciation and the environmental
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variables influencing their accumulation and conversion. The results indicated that the amounts
of HM in water are well below the primary water quality standard; however, Cd and Zn concen-
trations in sediments are much higher than their respective soil baselines. Only Cd and Pb are
mostly present in non-residue forms (carbonate-bound and reducible fractions). Non-significant
correlations revealed that pH and redox potential (Eh) might have little effect on HM concentra-
tions in water, whereas strong connections emphasised the effects of Eh, organic matter, and
mean particle size on metal accumulation in sediments. Opposing associations between EC, TDS,
pH, and Cd revealed that acidic wastewater discharge contributed to the buildup of Cd in sedi-
ment. Only certain forms of Cd, As, Cu, Zn, and Pb were observed to convert significantly be-
tween water and sediments, suggesting that their unique forms should substantially govern the
conversion of HMs in sediments. The extremely high risk revealed by the elevated levels of mo-
nomial ecological risk factor (E.) and potential ecological risk index (RI) is only present upstream,
but the elevated level of Cd should be viewed as a severe environmental concern.

Dan et al. (2022) employed chemical fractionation of heavy metals (Zn, Pb, Cu, and Cd) to
assess the pollution status and related risks in the Cross-River Estuary (CRE) surface sediments
and nearshore areas surrounded by a deteriorating mangrove ecosystem. Cd and Zn were the
most contaminated heavy metals according to the contamination factor (CF) and geo-accumula-
tion (Igo). The presence of high proportions of Zn (63.78%), Pb (64.48%), Cd (76.72%), and Cu
(48.57%) in non-residual fractions suggests that these heavy metals are bioavailable. Cd was shown
to have a moderate to high ecological and bioavailability risk using the ecological risk (Er) and
risk assessment code (RAC).

2.3 Statistical and Multivariate Analysis

The data on water quality encompasses information about the surface water body and the
surrounding environment. It is crucial for water quality management to interpret specific qualities
and their accompanying information (Li et al., 2015). In this regard, multivariate statistical tech-
niques (MST's) have the ability to appreciate and understand the complicated interaction between
the acquired data and uncover latent factors. These statistical tools assist decision-makers in iden-
tifying the pollution sources that affect water quality and spatiotemporal variations. Also, these
tools help interpret complex water quality data sets, identify information in high variance data
matrices, and provide a correct understanding of the monitoring data (Bhat et al., 2014;
Gholizadeh et al., 2016; Li et al., 2015; Njuguna et al., 2020; Xia et al., 2020). Frequently applied
MSTs include principal component analysis (PCA), positive matrix factorization (PMF), cluster
analysis (CA), principal component analysis/multiple linear regression (PCA-MLR or APCS-
MLR), chemical mass balance (CMB), and edge analysis (UNMIX) (Li et al., 2003; Shi et al., 2011).
It is necessary to select the best appropriate statistical technique to accurately reveal the pollutant
source profile of the studied area due to the diverse physical and mathematical background of

these MSTs (Bilgin, 2015; Olsen et al., 2012; Sergeant et al., 2016). PCA has been acknowledged
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as an efficient technique for identifying probable pollution sources (Jiang et al., 2018; Zhang et
al., 2018). In addition, the PMF proposed by the United States Environmental Protection Agency
(USEPA) has been widely used to allocate pollution sources (Jiang et al., 2017). Thus, PMF and
PCA are the most preferred MSTs because they can handle complicated data sets generated
through exhaustive field surveys and do not require backward analytic techniques (I.ee et al., 2016;
Salim et al., 2019).

However, distinguishing the types of pollution sources and the lack of understanding regarding
the transport pathways of pollutants from the source to a water body are obstacles to these pro-
cedures. In addition, these methods generate preliminary results that are subject to substantial
uncertainty due to inadequate data quality and measurement mistakes in samples (Liu et al., 2018;
Zhang et al., 2009). Thus, no single method can precisely and uniquely identify the sources asso-
ciated with various land uses. Therefore, merging the methodologies is considered beneficial for
detecting the origins and transport pathways of pollutants (Hu et al., 2018; Wang et al., 2019). The
combination of PCA and PMF models increases the precision of analytical information regarding
probable pollution sources, offers correct estimates of the proportion of a given pollutant that
originates from each source, and eliminates biased judgement in source allocation (Ran et al.,
2021; Xu et al.,, 2021; Zhang et al., 2018). In addition, integrating PCA with PMF can improve
understanding and precisely identify and allocate the probable sources and transport routes of
pollutants in a body of water (Ahmed et al., 2016; Guan et al., 2018).

2.3.1 Principal Component Analysis (PCA)

PCA is a dimensionality-reduction method frequently used to reduce the dimensionality of
large datasets by decreasing the number of variables into a smaller set that retains the majority of
the information of the original set. Reducing the number of variables in a dataset reduces accu-
racy, but the idea of dimensionality reduction is to trade off a little accuracy for simplicity. Because
smaller datasets are simpler to analyse, comprehend, and process without redundant variables. To
summarise, the goal behind PCA is straightforward: decrease the number of variables in a dataset
while retaining as much information as feasible.

PCA reduces the dimensionality of high-dimensional data while preserving trends and patterns.
It accomplishes this by reducing the data to fewer dimensions that serve as feature summaries.
High-dimensional data are highly prevalent in biology and develop when numerous features, such
as gene expression levels, are recorded for each sample. This type of data offers various issues
that PCA mitigates, including computational expense and a higher error rate due to repeated test
corrections when testing each feature for correlation with an outcome. PCA is an unsupervised
learning method (Altman and Krzywinski, 2017) that detects patterns without knowing whether
the samples are from different treatment groups or have phenotypic differences.

PCA reduces data by geometrically projecting it onto smaller dimensions known as principal
components (PCs), with the goal of determining the best summary of the data using a small
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number of PCs. The first PC is chosen to reduce the overall distance between the data and its
projection onto the PC. Minimizing this distance maximises the variance (6%) of the projected
points. The second (and subsequent) PCs are chosen similarly, with the added criterion that they
be uncorrelated with all preceding PCs. In other words, projection onto PC1 is unrelated to pro-
jection onto PC2; PCs are orthogonal geometrically. Because no correlation is required, the max-
imum number of PCs feasible is either the number of samples or the number of features, which-
ever is less. The PC selection procedure maximises the correlation (R%) (Altman and Krzywinski,
2015a) between data and projection and is similar to doing multiple linear regression on the pro-
jected data against each variable of the original data (Altman and Krzywinski, 2015b; Krzywinski
and Altman, 2015) For example, when utilised in multiple regression with PC1, the projection
onto PC2 has the highest R”.

2.3.2 Positive matrix factorization (PMF)

Paatero and Tapper (1994) and Paatero (1997) provided detailed descriptions of the positive
matrix factorization (PMF) model. It has been used as an alternative to PCA in a variety of re-
search initiatives, including wet deposition (Anttila et al., 1995; Juvela et al., 1996), harbour bottom
sediments (Poulton et al., 1995), and sources of aerosols (Huang et al., 1999; Polissar et al., 1990).
The major distinction between PCA and PMF is that the non-negativity of components (loadings
and scores) is integrated into the PMF model. Furthermore, instead of relying on information
from the correlation matrix, PMF employs a point-by-point least-squares minimization approach.
As a result, the generated profiles can be compared directly to the input matrix without processing.
This is PMF's distinct advantage over PCA.

2.3.3 Current literature on statistical and multivariate analysis

A qualitative and systematic approach was used to identify the current literature on pollution
source apportionment in surface water bodies using PCA and PMF combined. The procedures
below were performed to retrieve the needed literature. First, a comprehensive literature review
for research and review papers is conducted in the Scopus database using different keywords.
After eliminating duplicates and doing an initial screening, documents are selected. The following
keywords were entered: TITLE-ABS-KEY ((“surface watet" OR "river" OR "sediments”) AND
(“principal component analysis" AND "positive matrix factorization”)) and a total of 21 relevant
articles were found after a thorough screening out 74 articles.

Comero et al. (2011) employed Positive Matrix Factorization (PMF) to analyse a geochemical
dataset acquired from XRF analysis on sediments from Italian alpine lakes. PMF discovered four
factors related to the chemical properties of lake sediments in catchment areas: heavy metal-bear-
ing minerals, carbonates, silicates, and phosphate and sulphur supply. Also, a new PMF factor
was identified to modify individual uncertainty estimates propetly, explaining a possible Pb con-

tamination soutce.
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Wang et al. (2015) applied principal components analysis (PCA) and positive matrix factori-
zation (PMF) to identify and apportion pollution sources of toxic metals in the Yangtze River
estuary's surface sediments. PC1 can be classified as a sewage component, PC2 as an atmospheric
deposition component, and PC3 as an agricultural nonpoint component based on PCA. Eight
sources were identified with PMF to identify better and quantify the concentrations: agricul-
tural/industrial sewage mixed (18.6%), mining wastewater (15.9%), agricultural fertiliser (14.5%),
atmospheric deposition (12.8%), agricultural non-point (10.6%), industrial wastewater (9.8%),
marine activity (9.0%), and nickel plating industry (8.8%). The presence of toxic elements appears
to be linked to anthropogenic activity rather than natural sources. The PCA results provided a
generic classification of sources, which served as the foundation for the PMF study. PMF resolves
more variables with greater explained variation than PCA. The combination of the two strategies
may yield more realistic and consistent results.

Gholizadeh et al. (2016) assessed the water quality and identified probable pollution sources
in South Florida's three major rivers using absolute principal component score-multiple linear
regression (APCS-MLR), principal component analysis (PCA), and receptor modelling (PMF)
technique. The PCA technique revealed five and four possible pollution sources in the rainy and
dry seasons, respectively. The APCS-MLR revealed that the principal sources of river water con-
tamination were point source pollution discharges from agricultural fields and industrial and do-
mestic wastewater. The data matrix was also subjected to the PMF receptor model and compared
PCA and APCS-MLR models, and there were considerable disparities in the projected contribu-
tion for each probable pollution source, notably during the wet season.

Chen et al. (2016) used several GIS-based multivariate statistical approaches to analyse da-
tasets on water quality in the Liao River system in China. Positive matrix factorization (PMF) and
principal component analysis (PCA) discovered eight probable pollution factors for each data
structure element, accounting for more than 61% of the overall variance. The largest latent pol-
lution factor for group A was oxygen-consuming organics from farmland and woodland runoff.
The principal contaminants in Group B were oxygen-consuming organics, oil, nutrients, and fae-
ces. The identified contaminants for group C included oxygen-consuming organics, oil, and haz-
ardous organics.

Alves et al. (2018) used positive matrix factorization (PMF) and principal component analysis
(PCA) as well as Spearman's correlation analysis and Kruskal-Wallis test to interpret a water qual-
ity data set resulting from a nearly two-year monitoring programme (May 2013 to April 2015) for
water samples collected from the municipal water treatment plant (WTP). PCA was useful in de-
termining the most critical criteria for changes in water quality. For summer-autumn: total coli-
forms (TCOLI), winter: water level (WL), water temperature (WT), and electrical conductivity
(EC), and spring: colour (COLOR) and turbidity (TURB) were the critical criteria. PMF was ap-
plied to the entire data set, allowing for the source apportionment of water pollution via three
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anthropogenic sources: the discharge of household sewage (primarily expressed by Escherichia
coli (ECOLI)), industrial effluent, and agricultural runoff.

Salim et al. (2019) investigated the effectiveness of PCA-MLR and PMF models using storm-
water runoff data gathered from a small catchment (Site 1) with urban development projects and
a sub-watershed outlet (Site 2). The PCA-MLR model found three pollution sources at both sites,
but PMF detected five with a comprehensive source mechanism that included two extra sources.
According to the modelling results, domestic wastewater and soil erosion were the dominant
sources of contamination at Sites 1 and 2. The PMF model outperformed the PCA-MLR model
in terms of performance assessment statistics such as the Nash coefficient (0.86-0.99), percent
error (14 to 2), and regression coefficients (R* < 0.99). Overall, the PMF receptor modelling ap-
proach proved more robust for the current study sites with varying land-use types.

Chen et al. (2019) employed principal component analysis (PCA), modified grey relational
analysis (MGRA), absolute principal component score-multiple linear regression (APCS-MLR),
and positive matrix factorization (PMF) receptor modelling technologies to evaluate the ground-
water quality and apportion the potential contamination sources in the Lalin river basin, China.
The contamination assessment with PCA and MGRA suggested that human activities polluted
the Lalin river basin groundwater. The PCA method identified five and four potential contami-
nation sources in wet and dry seasons, respectively, and the main sources were the same. The
APCS-MLR and PMF methods apportioned the source contributions to each groundwater quality
variable. The final results showed that agricultural sources, including wastewater, agrochemicals
and fertilisers, were identified as the main sources of groundwater contamination in wet and dry
seasons.

Dash et al. (2020) used four environmetrics tools to examine the water quality and geochem-
istry of Deepor Beel, Assam, India. The 23 sampling locations were categorised as high, low, or
moderate contamination sites based on hierarchical clustering (HCA). The discriminant analysis
(DA) of the water quality dataset resulted in 9 parameters, which were predominantly responsible
for cluster distinction. The standardized dataset was then subjected to principal component anal-
ysis (PCA) to identify potential contamination sources. PCA produced two important main com-
ponents that defined the anthropogenic and natural elements that define water contamination.
Finally, PMF with four pre-defined factors was applied to the dataset matrix. The major contrib-
utors are surface water runoff, Leaching from the Boragaon landfill site, discharge from the Ba-
sistha River, and effluent discharge from industries in the wetland.

Sun et al. (2021) identified the sources of heavy metals (HMs) in river sediments at a Pb-Zn
mine in Danzhai, Guizhou, China. The concentrations and coefficient of variation of the HMs
demonstrated that the river sediments surrounding this Pb-Zn mine were polluted with HMs.

Based on the results of the positive matrix factorization (PMF) model, principal component
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analysis (PCA), and correlation analysis, the primary sources of selected HMs are agricultural ac-
tivities (livestock and poultry rearing) and Pb-Zn mining and smelting activities, coal mining ac-
tivities.

Jafarabadi et al. (2021) identified possible sources of potentially harmful metals (PTMs) in
Persian Gulf coastal sediments (Iran). Total and fraction analyses revealed significant pollution
levels of metals. PTMs were largely linked with the oxidizable and residual fractions in most cases.
The combined PCA-PMF modelling technique found four major metal sources in the research
region (anthropogenic, vehicle-related, agricultural, and lithogenic).

Wu et al. (2021) quantified contamination sources of eight heavy metals (Mn, Ni, Pb, Zn, As,
Cr, Cd, and Cu) in the Beiyun River. Positive matrix factorization (PMF) and principal component
analysis-multiple linear regressions (PCA-MLR) were applied to identify pollution sources. The
PMF determination coefficient (R°) is closer to one, implying that the pollution source investiga-
tion is highly precise. The Beiyun River is estimated to receive the most heavy metals via industrial
operations (23.0%), transportation (17%), agriculture (16%), and atmospheric deposition (16%).

Magesh et al. (2021) quantified the sources of heavy metals in the Schirmacher Hills lacustrine
systems. The positive matrix factorization (PMF) model was recommended to understand metal
relationships and designate likely sources. The results show that natural weathering of source
rocks (78.53%), followed by human-induced activities coupled with atmospheric deposi-
tion (21.47%), are the primary sources of heavy metals.

Mamun and An (2021) employed multivariate statistical techniques (MSTSs) to examine spatial
and temporal fluctuations in water quality in order to identify and quantify potential pollution
sources influencing the Yeongsan River. A 15-year dataset containing 11 water quality parameters
from 16 monitoring locations was used. The results of the principal component analysis (PCA),
factor analysis (FA), and positive matrix factorization (PMF) revealed that two sewage treatment
plants, agricultural operations, and animal farming all had a negative influence on river water qual-
ity.

Luo et al. (2021) investigated and evaluated heavy metal concentrations in the Fenghe River
Basin (FRB) in Shaanxi Province, revealing their sources. The Water Quality Index (WQI), the
Numero Index (Pn), the Geological Accumulation Index (I-geo), and the Potential Ecological
Risk Index are used to assess heavy metals in water and sediments (RI). The positive matrix fac-
torization (PMF) and principal component analysis (PCA) models are used to investigate the con-
nection and origin of heavy metals. The results show that the majority of heavy metals in the
water are within the environmental quality criteria for surface water but exceed the background
level concentration in the soil. In considerable detail, PMF models were able to identify the factors
or sources of heavy metals in water and sediment. The primary sources of pollution in the region

are urban construction and traffic, the electronics sector, machinery manufacturing, and tourism.
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Niu et al. (2021) utilized two receptor models, PCA-MLR and PMF, to estimate the source
types and contributions of heavy metals in the Pearl River Delta's Modaomen Estuary. This estu-
ary's many sources included industrial products, imports from the Peatl River Estuary, traffic
pollution, fuel/oil combustion, and agricultural uses. Among these heavy metal pollution sources,
industrial activity was the most significant contributor, accounting for 29 % in 2003, 28 % in 2015,
and 38 % in 2018.

Celen et al. (2022) assessed the spatiotemporal variation in 13 water quality parameters (TOC,
TN, NO2, NOs, TP, SO4*, Cl-, TSS, colour, pH, temperature, DO, EC) at 8 monitoring stations
in the Ergene basin for a year using multivariate statistical techniques such as positive matrix
factorization (PMF) and principal component analysis (PCA). Based on pollution levels and
point/non-point sources determined by field observations, the eight monitoring stations were
divided into five groups (five for Gr-A and three for Gr-B). The principal component analysis
yielded four and three latent variables that explained 87% and 89% of the overall variation in the
Gr-A and Gr-B datasets, respectively. The PMF model-derived parameters revealed that the prin-
cipal pollution sources for Gr-A areas include textile and leather sector discharges, agricultural
activities, household discharges, and seasonal influences. Gr-B sites include household garbage,
agricultural fertilisers, and industrial contaminants. Thus, PMF analysis for standard water quality
measures provides a reliable statistical method for identifying complex contamination sources.

El-Ouaty et al. (2022) examined the concentrations of heavy metals (HM) and sulfurs in the
bottom sediments of Nador lagoon in North-East Morocco. Enrichment Factor (EF), QGis In-
verse Distances Weighted (IDW) interpolation models, multivariate statistical techniques (Princi-
pal Component Analysis - Agglomerative Hierarchical Clustering - Pearson correlation matrix),
Positive matrix factorization (PMF model), and grain size/organic matter analysis were used to
assess the spatial distribution and source identification. The following are the average heavy metal
concentrations in the sediments: St > Ba >V >Zr>7n>Cr>Rb>La> Cu>Pb > Ni > Ce
> Nd > Co > Sc > Nb > Ga > Th > Y > Hf, and the Sulfurs. The findings revealed that the
average amounts of S, Sr, Pb, and Nd in bottom sediments were greater than the background
levels. The EF results revealed that anthropogenic activities enhanced HM contents, particularly
for Sr and Sc and then for Th, V, Ce, Nd, and Pb. The potential HM and sulfurs identified sources
revealed that: 1) Ga, Y, Hf, Nb, Rb, Sc, Zt, Nb, Co, Zn, Th, Ni, V, Ba, Cr, and Cu were derived
from industrial activities related to stealing and mining; 2) Wastewater treatment station and la-
goon watershed were the main sources of Sr in the lagoon; 3) Zn, Cu, and Pb were linked to
sulfurs, mostly originating from agricultural inputs and mining activities;

Shi et al. (2022) investigated the source apportionment of accessible occurrence forms of
heavy metals (AHMs) in surface sediments using absolute principal component scores-multivari-
ate linear regression (APCS-MLR) and positive matrix factorization (PMF) receptor models in
Dianchi Lake, southwest China. Both the APCS-MLR and PMF models revealed three kinds of
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probable sources that were compatable: (1) agricultural fertilizer/insecticide, atmosphetic depo-
sition, and traffic emissions; (2) natural transitions; and (3) industrial and sewage wastes. Further-
more, the comparative findings indicated that the PMF model was more viable for assessing
AHMs sources in wetland sediments because it can investigate one additional source, namely plant
maintenance and waterfowl feeding, and has greater accuracy in forecasting AHM concentrations.

Yang et al. (2022) characterised the spatiotemporal variation of the water pollution and the
pollution sources during rainfall and no-rainfall events in an urban-rural marginal catchment in
the Qingshan District, Wuhan City, China. The PMF model was more compelling and supplied
more sources than the PCA-MLR model. Although non-point sources were the dominant pollu-
tion source (56.7~71.9 %), receptor models confirmed that the dominating sources shifted across
urban, urban-rural, and rural regions. Due to extensively constructed activities and industrial emis-
sions, runoff and land surface dusk were priority pollution sources for urban-rural and urban
regions, with contributions of 39.1~41.7 %. However, industrial factors and land surface darkness
(42.4%) dominated rural pollution causes. The runoff and residential factors (39.3~45.9 %) gov-
erned the primary pollution sources during rainfall events in urban and urban-rural settings. The
study's findings provide a scientific foundation for addressing specific pollution causes and re-
storing water quality in the urban-rural marginal watershed.

Jiang et al. (2022a) investigated the concentrations of seven potentially hazardous metals
(PHMs) in the surface sediments of a typical bay in southern China that has been subjected to
long-term human impacts to elaborate on environmental pollution characteristics, risks and
sources of PHMs. According to the findings, the mean concentrations of each element were as
follows: 7.00 (As), 0.164 (Cd), 79.1 (Cr), 29.3 (Cu), 25.4 (Pb), 0.042 (Hg), and 107.4 (Zn). PHMs
in the surface sediments displayed decreasing patterns from the nearshore to the offshore sea
regions, displaying high, moderate, and low concentrations in the inner, middle, and outer bay,
respectively. These trends were seen as one moved from the nearshore to the offshore sea areas.
According to the geo-accumulation index, the most contaminated metal was Cd, followed by Cu,
Hg, Zn, Cr, and Pb. The inner bay was found to have the highest pollution levels according to
the modified contamination of degree (mCd) and the nemerow integrated pollution index (NIPI).
Both the potential ecological risk index (PERI) and the toxic risk index (TRI) demonstrated that
the presence of PHMs has been an unfavourable factor in the overall health of the bay, particularly
the inner bay. However, PERI indicated that Cd and Hg were the primary contributors to the
negative impacts, but TRI demonstrated that Cu and Cr were the significant contributors. Based
on the principle component analysis results, it was determined that As originated from natural
sources, whilst other PHMs originated from anthropogenic sources. Positive matrix factorization
model further explained that human activities were the major sources, including industrial and

marine transport activities (40.5%) and discharge of domestic sewages (29.3%), while natural
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sources contributed 30.2%. Based on these findings, prevention and control of PHMs pollution,
as well as the management and remediation measures in coastal bays, can be implemented.

Wen et al. (2022) collected samples of periphytic biofilm and surface water from 16 different
locations along the Lancang River in China in order to evaluate the spatial distribution, enrich-
ment factor (EF), and potential ecological risk index (RI) of heavy metal elements found in the
samples. According to the findings, the amounts of heavy metals found in the samples taken
from the biofilm were statistically substantially higher than those found in the samples taken from
the surface water (one-way analysis of variance, p<0.001). In addition, 37.50% of the biofilm
samples had considerable heavy metal pollution, as indicated by a mean EF>5. As and V were
the most polluting anthropogenic metals, while natural sources were considered responsible for
Ni and Co enrichment. The findings of the RI evaluation demonstrated that As poses a consistent
ecological concern. The results of the principal component analysis with multiple linear regression
(PCA-MLR) and positive matrix factorization (PMF) model indicated the presence of heavy metal
ions in the biofilm samples could largely be attributed to industrial activities (PCA—MILR: 68.89%;
PMEF: 76.39%). This is followed by a mixed soutrce of natural and agricultural activities (PCA—
MLR: 18.12%; PMEF: 13.56%), as well as traffic emissions (PCA—MLR: 12.99%; PMF: 10.05%).

2.4 Health Risk Assessment

Heavy or trace metals are necessary for the regular functioning and metabolism of the human
body in small amounts, but excessive amounts can be hazardous to human health. However,
because heavy metals are not easily biodegradable or chemically, they accumulate over prolonged
periods, creating significant health problems. Heavy metals can enter the body through direct
ingestion, inhalation, and skin absorption from contaminated water (USEPA and EPA 1991).
Many researchers accomplished the significance of trace elements to human health and plant
growth and understood the mechanisms of metal transport (Bhuiyan et al., 2010; Gupta et al.,
2008; Kale et al.,, 2010; Pawar and Nikumbh, 1999). Heavy metal contamination is one of the
wortld's most important health issues due to its petsistence and accumulation, which endangers
living creatures and the ecosystem (Belkhiri et al., 2017). The pollutants bioaccumulate in water
and sediments and continue to biomagnify in aquatic animals, posing a cancer risk once they enter
the food chain (Ali and Khan, 2018). Consumers using water and fish from rivers contaminated
with heavy metals face serious health consequences. These heavy metals, under favourable con-
ditions, pose a risk to the entire aquatic ecosystem (Sundaray et al., 2011). These heavy metals are
considered conservative pollutants because they are inert in all environmental samples (Olivares-
Rieumont et al., 2005).

Although metals such as Cr, Cu, and Co are necessary for regulating human metabolism, ex-
cessive amounts induce metabolic problems (Jolly et al., 2013). Cr (VI) can enhance the risk of
stomach cancer in humans (Welling et al., 2015). Toxic metals such as Pb and Cr are known

carcinogens and have been linked to problems of key organs such as the kidneys and the
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neurological system, which become apparent after many years of exposure (Singh et al., 2010;
Zhuang et al., 2009). In addition to the impacts of individual heavy metals and in combination
provide both carcinogenic and non-carcinogenic health concerns to humans (Bermudez et al.,
2011). Endocrine disruptors in humans and animals include heavy metals such as Cd, As, Ni, Hg,
Pb, and Zn. Pb can impair adrenal and ovarian steroidogenesis, resulting in compromised female
fertility. The systemic non-cancerous metals Cd, Co, Cu, and Hg, etc., on the other hand, can
also have health consequences even at minute concentrations (Djadé et al., 2021). As a result,
residents of polluted areas, children and adults, are exposed to hazardous compounds via various
sources and pathways, resulting in a wide range of toxic exposures for them (Chen et al., 2019;
Wang et al., 2017; Xu et al., 2020). The health risk levels posed by various contaminants can be
assessed by evaluating the human health risk factors (Wu et al., 2010). Three major pathways,
direct ingestion, inhalation and dermal absorption, govern human health risk factors, but the in-
halation pathway largely does not account for contaminated water (IKim et al., 2011).

2.4.1 Current studies on health risk assessment

A qualitative and systematic approach was used to identify the current literature on human
health risk assessment in India. The procedures below were performed to retrieve the needed
literature. First, a comprehensive literature review for research and review papers is conducted in
the Scopus database using different keywords. After eliminating duplicates and doing an initial
screening, documents are selected. The following keywords were entered: TITLE-ABS-KEY
((“sutface water" OR "river" OR "sediments”) AND "heavy metals" AND "health risk assess-
ment" AND "India”)) and a total of 17 relevant articles were found after a thorough screening
out 306 articles.

Krishna and Mohan (2014) studied the seasonal variation in concentrations of potentially
harmful heavy metals (As, Cd, Cr, Cu, Ni, Pb, and Zn) in surface and groundwater samples taken
from an industrially contaminated site in Hyderabad, India, duting the pre-monsoon and post-
monsoon. Health risk assessments, such as chronic daily intake (CDI) and hazard quotient (HQ),
were also computed. Surface and groundwater had elevated amounts of hazardous components
measured by the CDI and HQ indices, which are safe for human consumption only with appro-
priate treatment.

Magesh et al. (2017) sought to determine the amount of trace elements present in the ground-
water in the Tamiraparani river basin. There is a declining trend of trace element content: Fe >
Zn > Mn > Cu > Cr > Ni > Pb. Except for Fe, Mn and Pb, all trace elements were below the
global drinking water limits. The exposure dosage index (CDI) and the hazard quotient (HQ) were
utilised to carry out a health risk assessment. The order of the CDI values of trace elements for
the oral and dermal pathways was: Fe > Zn > Mn > Cu > Cr > Ni > Pb and Fe > Zn > Mn >
Cu > Cr > Ni > Pb, respectively. The Hazard quotient of all the elements was less than one, im-
plying a low probability of contamination occurring via the oral and dermal channels.
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Mitra et al. (2018) investigated the spatial and temporal variation of 13 trace elements in the
surface water along the north-south gradient of the Hooghly River Estuary, India, and subse-
quently assessed the risk to human health using USEPA guidelines. Using the hazard quotient and
hazard index values, it was determined that the elements under study posed non-carcinogenic risk.
However, As, Cd, Pb, and Cr exceeded the upper limit of cancer risk (10), resulting in catcino-
genic risk concerns for both children and adults, with children being more prone.

Wagh et al. (2018) procured 40 groundwater samples from dug and bore wells in rural habi-
tations during the 2011 pre-monsoon season and assessed them for toxic metals (Pb, Cd, Zn, Fe,
Mn, Ct, Cu, Co and Ni). The human exposure risk based on HI reveals that groundwater is not
safe to drink for people of all age groups, as the value of HI >1.

Shil and Singh (2019) conducted studies in the Mahananda River to identify dissolved heavy
metals in the water and to assess the non-carcinogenic and carcinogenic human health hazards
using the hazard index (HI) and incremental lifetime cancer risk (ILCR). For this, 11 heavy metals
(Mn, Cr, Fe, Cu, Zn, Nj, Co, As, Cd, Pb, and Hg) were analysed and found to be safe for drinking.
HIaqur analysis showed that 7 sampling locations in pre-monsoon and two in post-monsoon ex-
ceeded the hazard limit (HI > 1). HI criq values were greater than one (>1) at 6 sampling locations
in the pre-monsoon season. The ILCR analysis showed that 15 sample locations (55.55%) in pre-
monsoon and 6 sampling locations in post-monsoon had exceeded the cancer risk limitation value
(ILCR > 10%. Because of the reduced amount of water available and the increased concentrations
of metals in river water, pre-monsoon values were higher than post-monsoon values.

Singh et al. (2020) evaluated the surface water quality of the Kameng River (Assam, India).
The contamination index calculated the degree of contamination of each sampling site due to
heavy metals. Its associated human health risk assessment was done by computing average daily
intake and Hazard quotient (HQ). The HQ of all sampling sites varied from 0.14 to 1.21.

Mulkherjee et al. (2020) investigated heavy metal toxicity in groundwater and the associated
human and ecological risks in Birbhum district, India. The investigation found that the target
heavy metals in groundwater has the following order: Fe > Zn > Sr > Mn > Cr > Pb > Ni > Cu
> Cd, with mean concentrations of the carcinogens, Pb and Fe are above their maximum allow-
able limits. The study also indicated that residents might be under very significant cancer risks as
a result of ingestion and dermal contact with carcinogenic heavy metals in groundwater. Chil-
drenin the study area were more vulnerable to carcinogenic and non-carcinogenic
risks than adults, primarily through oral exposure. Thus, the study recommends that residents
drink treated groundwater.

Setia et al. (2020) conducted a systematic study to assess the spatial and temporal variability
of metal contamination in water from the entry point of the Sutlej River in Indian Punjab to its

tail end when it leaves the country. The likelihood of cancer risk was also estimated through
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human health risk assessment. The likelihood of cancer risk due to ingestion of metals through
water was in the order: Cd > Ni > Cr > As, and the risk is higher in the areas along the trans-
boundary.

Arisekar et al. (2020) collected samples from four locations along the Thamirabarani River.
The concentrations of heavy metals in fish and sediments ranged from 0.001 to 9.505 mg/kg and
0.294 to 106.25 mg/kg, respectively. Lifetime cancer risk (LCR) levels were higher than the ac-
ceptable threshold value (ATV), and children were more exposed to health concerns. Except for
site 4, the LCR of hazardous metals except Cd were within the ATV (10°~107%; Cd was over the
ATV and posed a substantial cancer risk to downstream residents.

Maity et al. (2020) investigated the amounts of geogenic arsenic and other heavy metals in-
fluencing As release in aquifers in the Bhojpur area of Bihar, India. The assessment of human
health risks in two demographic groups in the region revealed that the general water quality is
slightly contaminated, although the threat linked with it is low.

Prasad et al. (2020) evaluated the human health risk from heavy metal contamination in sur-
face water in the Upper Ganga river, India. Health risk assessment was carried out using chronic
daily intake (CDI) and hazard quotient (HQ), which demonstrates that exposure via ingestion and
dermal routes currently poses no substantial threat to human health (HQ < 1) for any metal in
particular. HQ1ngestion levels for Cr (adults 0.51, child 0.55) and Pb (adult 0.31, child 0.34) were
substantially higher than for other heavy metals in the two population groups studied. The total
effect of all the heavy metals is expressed in terms of hazard index (HI). HI igesion ranged from
0.85 to 1.64 for adults and 0.92 to 1.77 for children, showing that both groups face health risks,
with children being more vulnerable to either exposure pathway. Furthermore, during the post-
monsoon season, HI levels suggested an increased risk to health for both groups. Higher hazard
index (HI) values (>1) in the Upper Ganga river imply an ever-increasing non-carcinogenic risk
to the riverine population. The study undetlines the role of heavy metals in compromising the
water quality of the Upper Ganga River and calls for immediate action to reduce human health
hazards.

Kumar et al. (2020) investigated the groundwater quality of the Sutlej River Basin (SRB),
Punjab (India), to be used as drinking and irrigation water and further accessed their impacts on
human health. The quality parameters investigated are pH, conductivity, cations, anions, and
heavy metals. According to the health risk assessment, there is a possibility that Cr and As in soil
and groundwater may cause cancer. The cumulative exposure of U (HQ-1.21), NO5; (HQ-0.37),
and F* (HQ-0.34) through groundwater consumption may pose long-term adverse repercussions,
according to a non-carcinogenic risk assessment (hazard index-1.98). Constant long-term moni-
toring is necessary to keep a check on changes in the quality of the groundwater and soil system,

even if the contaminants currently do not pose any threats to human health.
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Dixit and Siddaiah (2021) investigated the seasonal variation in concentration by collecting
50 samples from four wetlands in Gurugram, Haryana. In addition, the research area's overall
water quality and risk were assessed using a heavy metal pollution index (HPI) and a health risk
index (HRI). According to BIS guidelines, Fe and Cr exceed the permissible limits in summer, but
all metals are within limits in winter. Metals Fe and Mn had the highest concentrations, followed
by those in the following order: Zn, Cu, Ni and Cr. A critical index limit of 100 is set for HPI
calculations, and all the values are less than that. But most of its values are >30, which falls into
the high-class HPI category in W1, W3 and W4 wetlands signifying high deterioration. HI being
> 11in W1 and W4 may pose a non-carcinogenic risk to children and adults in summer and winter
through ingestion and dermal exposure, while the risk is limited to summer only in W3 and W4.

Khan et al. (2021) analysed the level of heavy metal contamination and health concerns con-
nected with millions of people drinking water from the Gomti River. The degree of contamination
(Cd) was determined to be '11.93," indicating 'high' risk levels due to heavy metal contamination
in River Gomti, spanning an approximate distance of 61 km in Lucknow city areas. Due to the
'near neutral' pH of river water, heavy metals were found to have little mobility. The human health
risk assessment results show that the hazard index linked with non-carcinogenic risks exceeded
the allowable limits at all sample locations. The largest health risk was observed downstream of
Lucknow city at the Bharwara sewage treatment plant, indicating higher levels of heavy metal in
the river water following treatment from the Bharwara STP. The results of the carcinogenic risk
assessment indicated that children were more vulnerable to health concerns.

Parween et al. (2021) evaluated the environmental quality of the most contaminated stretch
of the Yamuna River in Delhi. The study was carried out to investigate the toxicity and health
risks related with persistent contaminants found in the fluvial ecosystem. In order to evaluate
heavy metals (Cd, Co, Cr, Cu, Fe, Mn, Ni, Pb and Zn), 84 sediment samples were obtained from
the Delhi part of the Yamuna flood plain. Sediment quality criteria, enrichment factor, geo-accu-
mulation index, degree of contamination, and Pollution Load Index were used to conduct the
eco-toxicological assessment. Cd, Pb, and Zn had maximum amounts matching level 3 of con-
cern, while Cr and Ni had the greatest concentrations, corresponding to level 4 of concern. Sedi-
ment samples were highly enriched and moderately contaminated with Cd and Pb, as represented
by enrichment and contamination factors (CF). Zn > Cd > Cr~Ni > Pb~Cu had the highest CF
for metals. The pollutant load index was highest in Delhi, near the Yamuna's outflow point. The
non-carcinogenic and carcinogenic potentials of vegetables were evaluated in terms of human
health risks.

Bhat et al. (2022) collected stream water and surface soil samples from the Tungabhadra
River watershed in Karnataka to analyse heavy metal contamination and its impacts on human
health. In soils, the sequence of non-carcinogenic (NCR) and carcinogenic risk (CR) is ingestion
> dermal > inhalation, and in water samples, it is ingestion > dermal > inhalation. In soil and

TH-2940_176104105
40



Literature Review Chapter 2

water, the hazard index (HI) is mostly < 1, suggesting that there are no NCRs for adults or chil-
dren. Two water samples exhibited HI > 1 for As in adults, while 50% of water samples in children
showed HI > 1, owing to which children were more exposed to arsenic contamination than adults.
The total carcinogenic risk (TCR) of Pb in adults was less than the recommended limit of 107.
TCRs for As and Cr in adults and Pb in children were found to be within the range of 10°~10",
indicating a lesser carcinogenic risk. On the other hand, the TCR of As and Cr in children is above
the threshold values of 107, indicating serious carcinogenic effects. TCR of As and Cd in water
samples exceeded the 107 threshold limit, indicating a considerable carcinogenic risk for adults
and children.

Selvam et al. (2022) evaluated the quality of the Thamirabarani River system in south India
using physicochemical variables (pH, EC, TDS, DO, BOD, turbidity and NO3), microbiological
parameters (total coliform bacteria, faecal coliform bacteria, faecal streptococci and escherichia
coli), and toxic metals (As, Cr, Fe, Cu, Zn, Cd, and P). The findings revealed a 20% reduction in
the contamination ratio during the lockout period compared to the period before the lockdown
was implemented. The health risk assessment models (HQ, HI, and TCR) identified carcinogenic
and non-carcinogenic concerns for children and adults due to dermal adsorption and ingesting
exposures. During the lockdown period, the HI values for both As and Cr were higher than the
recommended level (>1), but the potential risk for children and adults was still modest compared

to the time before the lockdown.
2.5 Prediction of Heavy Metals using Regression Techniques

With global economic development, more and more heavy metals are being discharged into
aquatic habitats. Heavy metals can enter aquatic environments through anthropogenic or natural
processes such as rainfall, surface runoff, mineral mining, industrial effluents, and urban sewage

(Basak and Alagha, 2010; Concas et al., 2006; Ghosh and Maiti, 2018; Palanques and Diaz, 1994;

Sylaios et al., 2012). According to studies, heavy metals in aquatic habitats harm the ecosystem
and degrade the quality of drinking water (Chowdhury et al., 2016; Martin and Holdich, 1986;
Utgikar et al., 2004). Monitoring concentrations of heavy metals and their behaviour is critical for
environmental management, particularly when safeguarding drinking water sources.

Many studies have investigated the risks of dissolved heavy metal concentrations in rivers and
lakes (Deng et al., 2018; Jiang et al., 2012; Liang et al., 2018; Mdller et al., 2008; Rajeshkumar et al., 2018).
Several physicochemical and environmental variables, including pH, organic matter, suspended matter, and
channel morphology, have been found in studies to influence heavy metal behaviour (Ahmed et al., 2013;
La Colla et al., 2015; Y. Wang et al., 2010; Yang et al., 2016). Therefore, continuous monitoring of heavy
metal concentrations and other environmental variables is thus required to fully explain the behaviour and
associated risks of heavy metals in aquatic systems. Heavy metal (HM) detection techniques include induc-
tively coupled plasma mass spectrometry (ICP-MS), inductively coupled plasma optical emission spec-
trometry (ICP-OES), inductively coupled plasma atomic emission spectrometry (ICP-AES), flameless

atomic absorption spectrophotometry (FAAS) and atomic absorption spectroscopy (AAS) etc. (IKoelmel
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and Amarasiriwardena, 2012; Massadeh et al., 20106; Sreenivasa Rao et al., 2002; Dasbasi et al., 20106; Siraj
and Kitte, 2013). These apparatuses are highly sensitive, selective, relatively expensive and involve complex
operational procedures. Therefore, detecting heavy metal concentration statistically has become a research
focus for relevant government departments, academia, and environmentalists (Muyessar et al., 2013). Mod-
elling is an alternate solution for lowering the cost of water quality monitoring while measuring the con-
centration of heavy metals.

Some previous studies have developed models based on geochemical processes to predict
heavy metal concentrations in aquatic environments (Braga et al., 2010; de Blois et al., 2003; Fall
and Fall, 2001; Garneau et al., 2017). However, there are still several challenges in simulating heavy
metal concentrations in the real world using process-based models. Process-based models typi-
cally require detailed descriptions of geochemical processes with numerous input variables, which
exceed the limited available monitoring data (Palani et al., 2008; Thorslund et al., 2017). Further-
more, the internal mathematical representations of geochemical processes can be of a significantly
higher order than what can be observed externally, resulting in poor performance due to param-
eter uncertainties and imprecise mathematical descriptions of geochemical processes (Cho et al.,
2016; Rode and Suhr, 2007). The model outputs in the case of process based models are sensitive
to critical factors, and improper validation with little data may happen, which reduces the model
accuracy (Ciffroy, 2020). Thus, there is a clear need for a relatively rapid and effective model that
can predict heavy metal concentrations using minimal monitoring data. Regression techniques
such as multiple linear regression (MLR) and machine learning (ML) techniques can aid in esti-
mating the concentration of heavy metals in surface water.

2.5.1 Multiple Linear Regression (MLR)

Multiple linear regression (MLR) is a statistical technique that uses several explanatory variables
to predict the outcome of a response variable. MLR aims to model the linear relationship between
the explanatory (independent) and response (dependent) variables.

Formula and calculation of multiple linear regression:
Y =B+ BX, + BX, et fX T E 24
where, for i = n observations:

y.= dependent variable

X, = explanatory variable

180 = y-intercept (constant term)

,Bp = slope coefficients for each explanatory variable

€ = the model’s error term (also known as the residuals)
The ordinary least squares method is the most widely used procedure for developing estimates

of the model parameters. The multiple regression model is based on the following assumptions:
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e There is a linear relationship between the dependent variables and the independent varia-

bles

e The independent variables are not too highly correlated with each other

® Y obsetvations are sclected independently and randomly from the population

e Residuals should be normally distributed with a mean of 0 and variance o

The coefficient of determination (R?) is a statistical metric used to determine how much vari-
ation in results can be explained by variance in the independent variables. Even if the predictors
are unrelated to the outcome vatiable, R” always increases when additional predictors are added
to the MLLR model. R* cannot thus be used to determine which predictors should be included and
which should be omitted from a model. R* can only be between 0 and 1, with 0 indicating that
none of the independent variables can predict the outcome and 1 indicating that all independent
variables can predict the outcome without errors.
2.5.2 Machine Learning (ML) Algorithms

ML algorithms are increasingly involved in a number of facets of daily life, from what peo-
ple can read and watch to how people can shop, meet, and travel. Consider the detection of fraud.
When someone uses a credit card to make a purchase, ML algorithms immediately check the
transaction to see whether it is fraudulent. They anticipate whether the transaction is fraudulent
ot not depending on the traits of the previous purchases. ML has a wide range of applications in
search and recommendation systems. These ML algorithms are at the foundation of how com-
mercial search engines work, beginning with the first query entered. Furthermore, search engines
often use data about how people interact with the search site to improve their future efficacy,
such as which pages are clicked, how long someone reads the pages, and so on. Similarly, movie
recommendation websites employ ML algorithms to predict what customers enjoy based on pre-
vious ratings. Ready-to-use ML algorithms for speech recognition, language translation, text clas-
sification, and many other tasks are now being offered as web-based services on cloud computing
platforms, significantly expanding the audience of developers who can use them and making it
easier than ever to put together solutions that apply ML at a high level. In general, there are two
types of ML algorithms. The first kind is supervised learning, in which the prediction of some
output variable is associated with input items. So, for a credit card transaction, if the output is a
projected category from a finite number of alternatives, such as fraudulent or not. This is a clas-
sification problem within supervised learning, and the function used to complete the classification
task is known as the classifier. If the output variable we wish to forecast is a real-valued number
rather than a category, such as the time it would take a car to accelerate from 0 to 100 kmph, it is
a regression problem and must apply a regression function. To make predictions, supervised
learning requires a training set of labelled objects. Labelling some problems can be simple or
challenging, depending on the amount of labelled data required, the level of human experience or

TH-2940 1%%2E8gwledge required to deliver an accurate label, and the complexity of the labelling process,

43



Chapter 2 Literature Review

among other things. Crowdsourcing, Amazon's Mechanical Turk, and Crowd Flower are among
the most popular platforms. A continuous member function can be used to solve any regression
problem. Any classification problem can be mapped to distinct categories in the same way. Un-
supervised learning is the second major class of ML. methods, in which the input data lacks labels.
In a method known as clustering, such problems are tackled by identifying some relevant structure
in the incoming data. So, once this structure is discovered in the form of clusters, groups, or other
fascinating subsets, the result will be provided in the form of a meaningful summary of the input
data and possibly visualising the structure. Unsupervised learning enables us to approach issues
with little or no knowledge of the end outcome. In this study, the ML algorithm used is supervised

learning, more specifically, a regression problem.

2.5.2.1 Artificial Neural Network (ANN)

The inventor of the first neurocomputer, Dr. Robert Hecht-Nielsen, defines a neural network
as — "...a computing system made up of a number of simple, highly interconnected processing elements, which process
information by their dynamic state response to external imputs”. The ANN is a mathematical algorithm for
non-linear data processing that can connect several input variables to produce one or more output
variables (Mustafa et al., 2012; Tao et al., 2019). It is based on the biological operation of neural
connections in the human brain. This method is usually made up of three layers: input, hidden,
and output. The hidden layer, which can be one or more layers, is responsible for making sense
of the input layer's multidimensional expansion (Ehteram et al.; 2021). An ANN's architecture
comprises units known as neurons, sometimes nodes (Mustafa et al., 2012; Tao et al., 2019). One
disadvantage of ANN is that it is computationally expensive and heavily dependent on hardware
capability (Mijwil, 2018; Poblete et al., 2017; Zor et al., 2017). The ANN requires processing
power parallel with its structure for the models to be trained with realistic and efficient training
durations.

Furthermore, no clear set of guidelines appears to exist to determine the ANN structure
throughout model building or coding. As a result, an appropriate ANN architecture must be de-
veloped through model development experience and trial-and-error techniques. The ANN is a
black-box model, which limits its capacity to identify causal linkages between factors and specific
output, and it may overfit during training due to model interaction or non-linearity (Poblete et al.,
2017; Zor et al., 2017). According to several studies (Ehteram et al., 2021; Mustafa et al., 2012;
Tao et al., 2019), the mathematical model of an ANN may be represented by:

N
y, =f(Zwijxi +bj] 2
i-1
where Y, is the output variable, N is the number of neurons, wj is the weight connecting the

j"™ neuron and the i" neuron, x; is the input vector, b; is the bias of the | neuron, and f is the

activation function. As mentioned by Mustafa et al. (2012), there is no certain rule for selecting
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the number of neurons in the hidden layer and other hyperparameters. Therefore, the hyperpa-

rameters must be selected through trial and error.

2.5.2.2 Random Forests

Random forests, also known as 'random decision forests,' are an ensemble learning approach
that combines many algorithms to improve classification, regression, and other tasks. The perfor-
mance of each classifier or regressor is poor on its own, but when coupled with others, it can
generate exceptional results. This is the basic idea behind the random forest, wherein a number
of decision trees are coupled together to enhance the performance of the model. The algorithm
begins with a 'decision tree' (a tree-like graph or model of decisions), with an input at the top. The
data is then split into smaller and smaller groupings based on specific variables as it moves down
the tree.

RF is a popular ML approach for making predictions from a given collection of predictors
using an ensemble of decision trees (Breiman, 2001). Prediction outcomes, such as mode (in a
classification framework) or mean prediction (in a regression framework), are obtained by con-
structing decision trees on a training dataset (Rasaci and Bogaert, 2019). In RF, many decision
trees are built, each one using its own bootstrapped subset of the training data (IKhanal et al.,
2018). The dataset is randomly partitioned into similar subsets using the bootstrap sample algo-
rithm. Each tree is grown and trained using a random subset of the data, while the remaining
samples are utilised for validation and to quantify the model's accuracy (Rasaci and Bogaert, 2019;
Were et al., 2015).

2.5.3 Current literature on prediction of heavy metals

A qualitative and systematic approach was used to identify the current literature on the estima-
tion or prediction of heavy metals in surface water bodies. The procedures below were performed
to retrieve the needed literature. First, a comprehensive literature review for research and review
papers is conducted in the Scopus database using different keywords. After eliminating duplicates
and doing an initial screening, documents are selected. The following keywords were entered:
TITLE-ABS-KEY ("heavy metals" AND ("regression" OR "MLR" OR "ANN" OR "RE")
AND ("surface water" OR "river" OR "sediments")) and a total of 26 relevant articles were found
after a thorough screening out 533 articles.

Rate et al. (2000) measured total Cu, Pb, and Cd contents and analytically defined fractions
in near-shore sediments of the upper Swan River estuary. No single parameter could explain the
variance in metal concentrations for all metals based on linear regressions between sediment metal
concentrations and physicochemical features of the sediments (pH, organic carbon, and particle
size distribution).

Chou et al. (2004) devised a method for modelling sediment chemistry changes associated
with the deposition of aquaculture waste. Al, Cu, Fe, Li, Mn, and Zn; organic carbon and <63 pm

particles were utilised to evaluate the extent of noticeable effects in the vicinity of the cage. This
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study revealed significant differences in sediment chemistry between aquaculture sites and the
natural background: (1) negative correlations between sediment Cu and Zn with Al; (2) poor cor-
relations between metals and Li; and (3) decreased concentrations of Fe and Mn with increased
accumulation of organic carbon. Metals, organic carbon, and particles were subjected to principal
components analysis (PCA) to establish the projected or modified environmental monitoring pro-
gram (EMP) ratings based on their similarities. Utilising the EMP rating based on sediment chem-
istry, this method gives a regression model with R*=0.945 compared to R*=0.653 for the model
using uncorrected EMP for evaluating environmental conditions.

Roach (2005) assessed the potential environmental risk by analysing metal concentrations in
surface sediments from Lake Macquarie using enrichment factor and sediment quality guidelines
(SQGs). Cd, Pb, Hg, Se, Ag, and Zn were enriched in the surface sediments of the entire lake out
of the 12 analysed metals. Comparisons using SQGs and effects range median quotients revealed
that sediments from a location in Cockle Bay had metal concentrations with the greatest likelihood
of generating deleterious effects on sediment-associated biota and that this likelihood declined
with distance from Cockle Bay. Compared to previous sediment quality data, surface metal con-
centrations in the lake have decreased significantly during the past 15 years. Due to low back-
ground concentrations, it was unable to build models for all metals. Simple linear regression mod-
els were appropriate for the majority of metals; however, for Se and As, a multiple regression
model produced a more accurate estimate of background values.

Buszewski and Kowalkowski (2006) investigated the chemometric treatment of data gener-
ated from an ex-situ column leaching experiment and described the development of a model
based on an artificial neural network (ANN) topology. The column leaching experiments have
been used to find dependencies between different physicochemical parameters of soil and heavy
metals concentrations in leachate. Investigations of three different soil types are sufficient to cre-
ate the local model of heavy metal transport within the soil profile. The application of ANNs
seems to be the future tool for modelling the transport of inorganic substances in real soil profiles.
However, ANNs are not able to extrapolate results over the experimental range. The adaptation
of new datasets obtained for different soil profiles can improve modelling precision and provide
the possibility of modelling more complicated soil compositions, like organic ones. The proposed
structure of Generalized regression neural networks (GRNNs) is complicated and can be adopted
only as the “black box”: where data is processed propetly. The output values agree with the ex-
perimental data.

Parizanganeh et al. (2007) examined metal concentrations and their spatial variation in neat-
shore sediments throughout the Iranian Caspian Sea coast. 14 sample locations were selected
along the shore, and 400 g of surficial sediments were collected. All acquired data were subjected

to statistical techniques. Linear regression analysis revealed that sediment particle size did not play
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a significant role in determining heavy metal contents and spatial variations. The Box and Whisker
plots revealed that metal concentrations were not uniformly distributed.

DeLaune et al. (2008) measured background metal concentrations in 220 surface soil samples
collected in southwest coastal Louisiana. This dataset calculates regression relationships between
Al, Fe, and different metals. At the 1% significance level, Al content in sediments was favourably
linked with Cu (r = 0.577), Pb (r = 0.9306), Cr (r = 0.969), Ni (r = 0.830), Cd (r = 0.617), and Zn
(r = 0.500), but only at the 5% significance level with Mn (r = 0.148). At the 1% significance level,
Fe content in the sediments was positively linked with Cu (r = 0.586), Pb (r = 0.847), Cr (r =
0.875), Ni (r = 0.932), Cd (r = 0.803), Zn (r = 0.551), and Mn (r = 0.479). These correlations were
used to assess metal pollution at various sites. Data from two known polluted sites, Capitol Lake
(Baton Rouge, LA) and Bayou Trepagnier (ILA) were far greater than the prediction values estab-
lished using the Chenier Plain Al and Fe metal regression lines for Cr, Cd, Pb and Zn. Thus,
metal/Al and metal/Fe regression correlations can be used to identify regions of probable metal
pollution in the coastal zone, but they must be regionally correlated.

Nouh and Al-Noman (2009) developed regression models for predicting mean concentra-
tions of selected heavy metals (Cu, Pb, Ni, Zn, and Fe) in stormwater runoff using data from five
residential urban desert catchments. Two groups of equations were used to forecast the concen-
trations of the specified metals. The first set of equations links suspended sediment concentra-
tions to stormwater parameters, whereas the second set relates suspended sediment concentra-
tions to heavy metals in stormwater runoff. The results of the predictions encouraged recommen-
dations on the use of the equations in the investigated catchments and identified the relative im-
portance of the stormwater runoff and dust storms on the accumulation and transportation of
heavy metals in the stormwater runoff. Based on the findings, recommendations for water quality
regulation in arid areas are proposed.

Kazemi and Hosseini (2011) assessed the spatial variation patterns of six heavy metals in
Caspian Sea sediments: As, Cd, Cu, Hg, Pb, and Zn. For spatial variability modelling, ordinary
kriging (OK), genetic algorithm based on artificial neural network (GA-ANN), adaptive network
fuzzy inference system (ANFIS), and conditional simulation (CS) have been employed. The re-
sults show that the CS realisations produce interpolation values, indicating that the parsimony
criterion cannot be followed. The simulated maximum and minimum values are less and greater
than the corresponding observed values, respectively. The OK realisation smoothed out spatial
variability and extreme measured values between the observed minimum and maximum values
for all contaminants. The GA-ANN model is also capable of simulating minimum contaminant
values. Besides Cd and Hg, ANFIS, GA-ANN, and OK can also mimic average contaminant
values. Finally, when comparing the four interpolation approaches, the GA-ANN model per-
forms best in terms of retaining the statistical properties of the observed data for all pollutants;
nevertheless, the ANFIS model performs best in terms of simulation errors.
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Rooki et al. (2011) predicted heavy metal (Cu, Fe, Mn, Zn) concentrations from acid mine
drainage (AMD) in Shur River, southeast Iran, using backpropagation neural network (BPNN),
general regression neural network (GRNN), and multiple linear regression (MLR), while account-
ing for pH, SO4*, and Mg concentrations in the AMD. The findings suggest that the ANN might
be a promising tool for promptly and cost-effectively predicting heavy metals in the AMD.

Sadeghi et al. (2012) investigated the feasibility of estimating suspended sediment concentra-
tion (SSC) utilising heavy metal concentration as predictor variables (Fe, Cr, Zn, and Ni). From
November 2007 to June 2008, suspended sediment samples were collected twice a week from the
left bank of the Kojour River during runoff periods. The bivariate and multivariate regression
models correlated the SSC and particle size distribution (PSD) with HMC. The results revealed a
strong association between dissolved and particulate Cr levels and efficiency coefficients greater
than 77% (P < 0.001). However, the link between SSC and nickel content was weak. These find-
ings demonstrate that SSC can effectively estimate the HMC in watersheds with varying degrees
of accuracy and vice versa. It is also believed that regulating SSC can readily regulate heavy metal
pollution.

Su et al. (2013) gathered data from 41 monitoring sites between 1996 and 2003 and pre-treated
it for seven variables, including petroleum, Cr (VI), Cd, Pb, Hg, CN", and volatile phenol. The
outcomes demonstrated that primary predictors and the predictive power of spatial regression
varied with respect to variables and scales. Topology, river soutrce distance, land use/land cover
(LULC), population density, and gross domestic product (GDP) can be used to predict hazardous
chemical factors between 1996 and 2003. Between 1996 and 2003, LULC types accurately pre-
dicted increases in cyanide and heavy metals, whereas GDP and population density contributed
to petroleum dynamics. This research indicated that spatial regression is a potential method for
developing indicators to combat toxic chemical contamination. The study suggests utilising mul-
tiscale techniques to determine the dynamics of toxic substances.

Lai et al. (2013) investigated the effect of sediment particle size and land use on the varia-
tion of Cr, Ni, Zn, Pb, Cd, Cu, As, and Hg in sediments collected from 19 sub-basins of the Han
River Basin in Korea. Except for Zn and Al all examined metals exhibited significant associations
with the fine silt fraction of the sediments, indicating that grain size distribution may contribute
to metal enrichment. Only Cd, Cu, Hg, and Pb revealed a close association between metal con-
centrations and a percentage of urban area in the sub-basin. There was no correlation between
agricultural land usage and metal enrichment. The amounts of Cd, Cu, Hg, and Pb were accurately
estimated by multiple regression analyses based on fine silt fraction and urban area % (r > 0.70,
p < 0.005).

Fulton and Meyer (2014) provide a regression model to generate a water effect ratio (WER)
based on site-specific criteria for a network of ephemeral and intermittent streams in the south-
western United States. A multiple-regression model developed from DOC and alkalinity explained
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85% of the toxicity variance in site samples collected, offering a good prediction tool that may be
included in the WER framework when site-specific criteria levels are determined.

Abdallaoui and Badaoui (2015) compared the predictive ability of MLLR and ANN for the
estimation of four heavy metals (Cd, Cr, Cu, and Pb) concentration from eight physicochemical
variables (organic matter, moisture content, fine Fraction, pH, CaCOj3, carbon and phosphorus in
the sediment, and suspended solids in the water column) in the Beht River Basin in Morocco.
Using the MLR approach, the determination coefficients varied from R* = 0.26 for Cd to 0.83 for
Cr, with intermediate values for Cu (R* = 0.55) and Pb (R* = 0.67). The determination coefficients
(R?) for Cd of 0.88, Cr of 0.93, Cu of 0.96, and Pb of 0.80 was obtained using the back-propaga-
tion technique of ANN. These outcomes of ANN were much superior to those obtained using
the MR approach, indicating the superior predictive ability of ANN.

Ipeaiyeda and Onianwa (2016) developed a regression model for each metal (Ni, Zn, Cr,
Co, Cu, Cd and Pb) and investigated expressing the metal concentration as a function of distance
from the discharge point. The model related the observed metal concentrations with predicted
metal concentrations and described the dispersion pattern of the metals in the Olosun river sedi-
ment with R* varying from 0.9360 (Cu) to 0.9999 (Cr). The proposed regtession equations find
relevance in the quest for sediment quality planning and pollutant prediction.

Lu et al. (2019) simulated dissolved, particulate, and total heavy metal concentrations in the
Taihu Lake region, China, utilising artificial neural network (ANN) and support vector machine
(SVM) models with water temperature, pH, suspended solids, turbidity, and total nitrogen, nitrate
nitrogen, ammonia nitrogen, total phosphorous, orthophosphate, and permanganate. With
the Nash-Sutcliffe efficiency coefficients >0.8, ANN and SVM provided rapid simulation models
which successfully simulated particulate heavy metal concentrations. When modelling dissolved
and total heavy metal concentrations, models fared pootly. In addition, sensitivity analysis aided in
identifying significant factors influencing the behaviour of heavy metals and enhancing environ-
mental monitoring campaigns and management plans.

Bouragba et al. (2020) developed a K4 model that considers four physicochemical parameters
of stream water to simulate heavy metal concentrations in the sediment of heavily polluted urban
streams. The amounts of lead (Pb) in the sediment of the Harrach River, Algeria, were simulated
using a one-dimensional distributed hydrological model that included the Kq model. A multivari-
able equation of the K4 model with physicochemical parameters (pH, suspended solid concentra-
tion (SS), chemical oxygen demand (COD), and biological oxygen demand (BOD)) was derived
through multivariate regression analysis of observational data in diverse environmental situations.
The Kd model was compared to a constant Kd value in hydrological simulations. The numerical
findings were more comparable with the K4 model than with constant Kq, with R? increasing from

0.05 to 0.67 for the K4y model.
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Stoichev et al. (2020) assessed metal contamination in the sediment samples of a coastal la-
goon by employing a novel multiple regression methodology. The metal concentrations were ex-
pressed as a function of the geochemical properties of the sediments (fine fraction, organic car-
bon, Ca, Al, and Mn) and the distance between sample stations. For Li, Co, Ni, Ba, V, and Cr, the
influence of distance on concentrations was insignificant, and only geochemical characteristics
particular to each element characterized its spatial variation. As, Cu, Zn, and Pb concentrations
were affected by geochemical and spatial distance factors, with the latter signifying anthropogenic
effect and the extent of transfer of pollutants away from the source.

Ozel et al. (2020) investigated Cu, Fe, Zn, Mn, Ni, and Pb and used radial basis neural network
(RBANN), multilayer perceptron (MLP) neural network, and adaptive neuro-fuzzy inference sys-
tem (ANFIS) to model the results using temperature, pH, EC, COD, BOD, and SS as independ-
ent variables. During the testing phase, the RMSE and MAE values of all heavy metal models
were determined to have very low error levels. During the testing phase, the models generated
with MLLP had R’ values greater than 0.77. The R® values of the models utilising the RBN proce-
dure in the test phase vatied from 0.773 to 0.989. The ANFIS model's test phase R* value was
more than 0.80. RBN was successful for Cu, Zn, and Mn when the MAE and RMSE values were
ranked from best to worst based on the test assessment findings. In contrast, the MLP model was
successful for Ni, while the ANFIS model was successful for Fe and Pb. As a result, it can be
concluded that the heavy metal content may be roughly predicted using Al in a timely and cost-
effective manner.

Bhagat et al. (2021) developed Al models for sediment Pb prediction in two Australian Bays
(Bramble (BB) and Deception (DB) stations). A feature selection (FS) technique termed extreme
gradient boosting (XGBoost) is utilised and verified against principal component analysis (PCA),
recursive feature elimination (RFE), and the genetic algorithm (GA) to abstract the associated in-
put parameters for the Pb prediction. For predicting Pb, the XGBoost model is deployed using a
grid search technique (Grid-XGBoost) and assessed against the generally used Al models, artificial
neural network (ANN) and support vector machine (SVM). The input parameter selection pro-
cedures re-dimensioned the 21 into 9-5 parameters without losing their learnt information during
the training phase of the models. The mean absolute percentage error (MAPE) values (0.06, 0.32,
0.34, and 0.33) for the XGBoost-SVM, XGBoost-ANN, XGBoost-Grid-XGBoost, and Grid-
XGBoost models were obtained at the BB station, respectively. The XGBoost-Grid-XGBoost
and Grid-XGBoost models achieved the lowest MAPE values at the DB station, 0.25 and 0.24,
respectively.

Liao et al. (2021) utilized stepwise multiple linear regression to predict heavy metal migration.
The bioavailability of heavy metals recovered from sandy sediments by diethylene triamine penta-
acetic acid was substantially lower compared to non-sandy sediments. Stepwise multiple linear
regression research revealed that heavy metal prediction equations comprise of multiple
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physicochemical elements. With R* values ranging from 0.82 to 0.97, all predicted and tested val-
ues were of the same order of magnitude.

Zhang et al. (2021) predicted the spatial distributions of heavy metals (HMs) in reclaimed
coastal lands. A total of 241 surface (0-20 cm) soil and sediment samples were collected from an
eastern Chinese reclamation zone. The random forest (RF) model accurately forecasted HM dis-
tributions based on soil parameters. When independent variables were considered, the RF model
demonstrated a slightly decreased but acceptable ability in HMs prediction. The temporal rise and
close association between soil Cd and phosphorus in reclaimed soils indicated the possible risks
of Cd pollution in coastal reclaimed soils.

Gad et al. (2021) evaluated the surface water quality of Qaroun Lake using the weighted arith-
metic water quality index (WAWQI), heavy metal pollution index (HPI), metal index (MI), con-
tamination index (Cd), and pollution index (PI) and multivariate analyses such as cluster analysis
(CA), principal component analysis (PCA), and support vector machine regression (SVMR). Ac-
cording to the findings of the WQIs, the lake's surface water is unfit for use because it is adversely
impacted by pollution. The findings of the PI showed that surface water samples taken from
Qaroun Lake were significantly impacted by Al, moderately impacted by Cd and Cu, and only
slightly impacted by Zn as a result of uncontrolled releases of domestic and industrial wastewater.
As an alternative approach to predicting the WQIs, the SVMR models based on physiochemical
factors demonstrated the highest overall performance.

Farahat et al. (2021) developed new prediction models for evaluating the probable uptake of
heavy metals (HMs) by the invasive grass Vossia cuspidata. These models contain sediment pa-
rameters such as pH, organic matter, and silt and clay concentrations. In Nile islands, samples of
plants and sediment were taken from the microsites that best represent the species' natural distri-
bution. According to the findings, the root was the primary organ responsible for accumulating
the tested HMs (Fe, Mn, Zn, Cu, Ni, and Pb). No significant discrepancies were found between
HM concentrations measured and predicted in any of the organs of the species. This demonstrates
that the regression models that were constructed have strong robustness.

Mokarram et al. (2022) collected water samples from 25 different locations and measured 21
different water quality parameters across the industrial centres of the Kor River basin. The inter-
polation maps of each parameter were computed using the Kriging method, and the water quality
was evaluated using the Water Quality Index (WQI) method. WQI values ranged from 28 to 73,
indicating a higher concentration of pollution in the areas downstream of the industries than up-
stream. The findings of the principal component analysis (PCA) suggested that the biological
oxygen demand (BOD), chemical oxygen demand (COD), nitrous oxide concentration (N,O),
and coliform count were the most critical variables among the 21 parameters that affect water

quality. The findings of linear regression revealed that the parameters with the highest R* values
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for determining coliform levels and WQI values, respectively, were biological oxygen demand
(BOD) and levels of Cd, Pb, Hg, and Zn.

Pan et al. (2022) investigated the spatial and temporal variation in the water quality of the
Yellow River's main channel during the spring and fall of 2019. Water Quality Index (WQI) was
derived from 15 different water parameters measured at 44 sampling stations in 206 river stretches
and six reservoirs. The amount of pollution caused by eight heavy metals was measured using a
heavy metal evaluation index (HEI). The WQI values dropped from the Yellow River's source
region to its estuary, and greater values were found in the majority of reservoirs in comparison to
the nearby natural river sections. Stepwise regression was used to generate eight different
WQI models, including four that were weighted and four that were unweighted. The best model-
ling performance was achieved by a model that included six parameters: total suspended solids,
ammonia-nitrogen, permanganate index, electrical conductivity, and dissolved oxygen. The sec-
ond highest modelling performance was achieved by a model that included nitrate-nitrogen. After
introducing parameter weights, the WQI model improved both the accuracy of its predictions

and the degree of fit.
2.6 Knowledge Gap

The physical, chemical and biological characteristics of the water system determine the state
of the water, which is referred to as the water quality. Water has the unique ability to dissolve
and carry a wide range of substances inside itself; as a result, it is susceptible to becoming con-
taminated even though it plays an essential role in maintaining life. Because of rapid population
increase, urbanisation, and industrialisation, the aquatic ecosystem has been subjected to enor-
mous strain, resulting in a decline in the water quality and its biodiversity. The contamination of
surface water has developed into a problem that affects the ecosystem on a global scale. Contin-
uous monitoring is of the utmost importance to keep the water quality at a particular level.

It is important to note that sediments are the storage units of aquatic ecosystems. To gauge
the human effect on our environment, sediment quality is a good indicator. More often than not,
sediments are the primary source of information about long-term changes. In lakes, rivers, and
coastal waters, sediments are believed to be the primary source of toxicity. It is more likely that
large contaminated sediments will be found near where they came from, so they may be found in
more active waters like rivers and creeks. The deposition of small sediments happens when the
water is relatively still, so it is most likely in lakes, reservoirs, estuaries, bays, and harbours. If
sediments are not disturbed, pollutants can accumulate in the pore fluids around them, but this is
less common. The environmental conditions influence the properties of sediment grains in the
basin, and they are further modified by the different natural processes of digenesis that transform
loose sand and gravel into hard rock.

Different WQIs and pollution indices have been widely utilised to express the status of con-

tamination in the surface water body and the benthic sediments. Nevertheless, the application of
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information entropy and fuzzy logic, which at present is widely acknowledged as a better option
for understanding the random processes occurring inside a river basin, is found to be rare. In the
case of benthic sediments, the pollution indices developed and utilised to express the contami-
nation level or ecological risk level are mostly based on the total heavy metal concentrations. The
availability of heavy metals in benthic sediments is directly linked to metal speciation that divides
the metal contamination in sediments into 5 fractions. Various literatures have inferred from
their studies that pollution indices based on total metal concentration produce a misleading level
of risk. The application of pollution indices based on metal speciation or bioavailable fractions
is very limited.

Source apportionment of pollution in surface water and benthic sediments is primarily done
using PCA. Nevertheless, the literature suggests that combining PCA and PMF would give a
better understanding of the pollution sources in both surface water and benthic sediments. This
type of study is also limited worldwide and especially in India in the case of surface water.

The most problematic contamination in most surface water bodies is due to heavy metals.
Risk assessment of heavy metals is carried out through health risk assessment studies. Health risk
assessment assesses cancer and non-cancer risk of prolonged exposure to heavy metals via two
different approaches, deterministic and probabilistic approaches. These studies are very im-
portant in utilising surface water for various purposes, but literature on such studies is very lim-
ited in India and non-existent in non-eastern India.

Heavy metal pollution is a critical source of contamination in surface water bodies. Heavy
metals assessment necessitates using extremely expensive and accurate tools, which are not al-
ways available at all study locations or research institutes. Developing a metal assessment model
is required to estimate heavy metal concentrations using basic and easily measured physicochem-
ical characteristics with sufficient accuracy. Such studies are limited in India, as well as in the rest
of the globe. In addition, the relationship between metal pollution in the water column and sed-
iment column based on metal speciation has to be investigated. These two models will aid in
estimating metal pollution and also formulating remediation plans for a surface water body.

Based on the research gaps from the literature review, the objectives of the present study were

decided.
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Chapter
MATERIALS AND METHODS

This chapter details the experimental and analytical approaches utilised to complete the re-
search objectives formulated in chapter 3. The research work was carried out in different phases,

and the detailed methodology is given in this chapter.
3.1 Design of Research

In order to fully understand the limnology aspect of the river ecosystem, the research work
demanded a systematic investigation and, therefore, needed an experimental design, as depicted
in 3. 1. To complete the research work systematically, the study was divided into 5 objectives.

In Objective I, a detailed reconnaissance survey was carried out using LULC maps and field
visits to determine the approachable and important sampling sites. After selecting the sampling
sites, benthic sediment and surface water samples were collected and analysed over two years
(from May’ 2018 to October’ 2019) to understand spatiotemporal variation. Also, surface water
samples were characterised for their possible locations as potable water using information entropy
and fuzzy logic.

In Objective 11, benthic sediment samples were then analysed for their contamination status
using two techniques. Firstly, it was analysed with respect to the total metal content and, secondly,
with respect to the bioavailable fractions of the metal concentration in the sediments.

In Objective III, pollution source apportionment was done using different statistical tech-
niques or environmetrics tools for surface water and benthic sediments. The methodologies
adopted were Discriminant analysis, Principal component analysis, Positive matrix factorization,
Pearson correlation matrix and Cluster analysis.

In Objective IV, the health risk associated with the river for the inhabitants was evaluated for
exposure to heavy metals for a prolonged duration in the form of carcinogenic and non-carcino-
genic health effects.

Lastly, in Objective V, two models were formulated to assess heavy metal contamination in
surface water. The first was formulated with respect to the physicochemical properties of surface
water, and the second was formulated with respect to metal speciation fractions in the sediments.
These two models will help to assess the heavy metal contamination in the surface water and also

help formulate remediation strategies.
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3.2 General Description of Study Area

The Kolong River is a tributary of the Brahmaputra, which originated as a spill channel or
anabranch (PCBA, 2013). The river has its source in the Kukurakata and Hatimura hills. The
river's total length is roughly 218.62 kilometres, and it passes through the metropolises of Nagaon,
Morigaon, and Kamrup. The river has an average depth of 1-2m with a maximum height of 4-6m
during the highest rainfall period (Bora and Goswami, 2017). The Kolong River combines with
the Kopili River, a vast southern river of the Brahmaputra near Jagibhakatgaon, Morigaon district,
before returning to its source, the Brahmaputra River near Guwahati. Nagaon District is home to
the Kolong River, which flows for more than 100 kilometres. The river divides Nagaon township
into two east-west halves, Haibargaon and Nagaon, in the middle of the township. The Kolong
River receives water from several tributaries, including the Diju, Misha, Diphalu, Haria-Nanoi,
and Titaimari or Rahasuti. After receiving water from the aforementioned rivulets, the Kolong
River swells. The Kopili River joins the Kolong River course in the Morigaon district at Du-
khutimukh in Jagibhakatgaon town (Singh et al., 2020; Bora and Goswami, 2015). Kolong River
was formerly the only source of potable water, and settlements built up along its banks. Nagaon's
portion of the Kolong River is currently degraded, posing a health and hygiene risk to the com-
munity. The Kolong River in Assam Nagaon's district illustrates how human activities have exac-
erbated environmental issues over the previous half-century. The Kolong River turned into a
succession of intermittent dry stretches and sluggish pools due to this massive human intervention
over the years that followed. Because of its limited capacity for self-purification, the river is cur-
rently under a considerable degree of anthropogenic stress and acts as a major recipient of pollu-
tants. As a result, the Central Pollution Control Board lists the Kolong River as one of India's
most contaminated rivers. The Kolong River's quality can only be improved over the long run
with a comprehensive restoration scheme (Bora and Goswami, 2014; CPCB, 2015). Industry does
not dominate in the Nagaon district, which still depends mostly on agriculture. Existing industries

which exist in the region and contribute to the pollution load of the river include the following:

" Tea industry (largest industry) * Handloom and handicrafts industries
* Forests and wood industry = Assam Cooperative Jute Mill Ltd
»  Kampur Cooperative Sugar Mill = Katimari Weaving Project

®  Sack Craft paper project
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3.3 Objective I (Part I): Sampling Strategy and Data Acquisition

In part I of objective I, the main focus of work will be to collect samples in the form of water
samples and benthic sediment samples from the river for 12 months, from May’ 2018 to October’
2019, to characterise the water quality of the river as well as some natural contributing factors of
pollution. To understand the variation in data, the 12 months of data are grouped into four sea-
sons pre-monsoon, monsoon, post-monsoon and winter. Water samples were analysed for phys-
icochemical parameters and heavy metals, whereas benthic sediment samples were analysed only
for their heavy metal contamination. After the reconnaissance survey, 18 surface water samples
were collected throughout the flow of the river from its origin to its fallout. However, only 9
sediment sampling sites (almost every alternate surface water sampling location) were found suit-
able and accessible for collecting sediment samples based on the location of the probable pollu-
tion sources. More sampling locations were centred around Nagaon town, a densely populated
area located on the flow path of the river. The sampling sites for collecting surface water and
benthic sediment samples are shown in Fig. 3.5 and Fig. 3.6, respectively, and their GPS locations

are shown in Table 3.1.

Table 3.1. Sampling sites

Surface Benthic . .

Water Latitude Longitude Sediments Latitude Longitude
SSKR1 N 92°31'21.60"  E26°13'22.72" SS1 N92°31"21.60"  E 26°13' 22.72"
SSKR2 N 92° 34'55.88" [ 26°15'4154" SS2 N 92°38'48.14"  E 26° 17' 26.14"
SSKR3 N 92°38'48.14"  E26°17 26.14" SS3 N 92° 40'41.18"  E 26° 20' 29.49"
SSKR4 N 92°40'18.48"  E 26°18'51.55" SS4 N92°41"12.90" B 26° 21" 26.04"
SSKR5 N 92°40'41.18"  E 26°20'29.49" SS5 N92°42753.13"  E 26° 21' 6.28"
SSKR6 N 92°40'49.52"  E 26°20'56.71" SS6 N 92°45'37.12" B 26° 21" 41.64"
SSKR? N 92°41'1290"  E26°21'26.04" SS7 N92°47'51.67" B 26° 23' 28.49"
SSKR8 N 92°42'17.25"  E26°21'54.73" SS8 N 92°50"43.78" B 26° 25' 34.05"
SSKR9 N 92°42'53.13"  E26°21'6.28" SS9 N 92°53'17.80"  E 26° 26' 25.53"
SSKRI0 N 92°44'29.19"  E 26° 20' 48.94"

SSKRI1 N 92°45'37.12"  E 26°21' 41.64"

SSKRI2 N 92°47'35.18"  E 26°22'27.73"

SSKR13 N 92°47'51.67"  E 26°23' 28.49"

SSKR14 N 92°49'10.72"  E 26° 24' 43.49"

SSKR15 N 92°50'43.78"  E 26° 25' 34.05"

SSKR16 N 92°51'7.75" E 26° 26' 34.45"

SSKR17 N 92°53'17.80"  E 26° 26' 25.53"

SSKR18 N 92°56'3.22" E 26°29' 19.86"
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3.3.1 Sample and data collection
3.3.1.1 Surface water samples

The sampling technique for surface water entails collecting information on various parameters
affecting water quality. All water samples were collected in triplicate at 0.5 m below the surface of
the river. A 1 L. sampler was used to collect water samples, which were then placed in polycar-
bonate bottles for laboratory analysis. Separate 0.5 L samples of water were collected for heavy
metal analysis, in which 0.5 mL acid was added to make the pH around 2 in order to avoid pre-
cipitation of heavy metals. Before sampling, bottles were rinsed three times with the sample col-
lected.
3.3.1.2 Benthic sediment samples

Sediments are chemically and physically heterogeneous, with pollutant distribution highly de-
pendent on grain size; therefore, care must be taken while selecting sites and designing a sampling
programme. Sediments are typically taken from the top 10 cm, where the majority of biological
activity occurs, although some organisms can burrow to higher depths. Sediment samples were
collected using a grab sampler from the river bed. Collected samples were kept in laboratory grade
zipped polythene bags. After collecting the samples, samples were oven-dried and removed the
unwanted particles by handpicking, such as small pebbles, stone, wooden and grass particles.
Samples were first sun-dried and smashed by hand and later oven dried to remove the water

particles from the soil matrices and sieved through a 200u sieve for further experiment.
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Fig. 3.5. Sampling sites for (a) surface water samples and (b) benthic sediment samples

3.3.2 Analytical procedures
3.3.2.1 Surface water samples

Analytical procedures of Standard Methods for the Examinations of Water and Wastewaters
20th edition, published by APHA (2012), have been followed throughout the analysis. Certain
parameters, such as pH, DO, and EC, were analysed at the site. These non-conservative parame-
ters change over time. Afterwards, samples were placed in coolers and kept at 4°C until the next
analysis was scheduled to be carried out. A quality control procedure was maintained throughout,
including the recalibration of instruments. Reagents were prepared as recommended by APHA
Standard Methods (20th edition, 1998). Unless otherwise stated, all chemicals and reagents used
in the analyses were of analytical grade. Deionized water was used for all dilutions. Standard so-
lutions were prepared by diluting the stock solutions.

Dissolved oxygen (DO) was measured on-site with the aid of a portable DO meter. pH and
electrical conductivity (EC) in mS/cm were measured using a multiparameter pH/ORP
/EC/TDS/Salinity/Pressure/ Temperature Waterproof Meter (HI98194). Alkalinity and hard-
ness were determined titrimetrically and expressed in mg/L as CaCOs. BODs (mg/L) was detet-
mined using modified Winklet’s method in 300 ml BOD bottles. Cations, namely sodium (Na"),
potassium (K*) and calcium (Ca*") in mg/L., were analysed using Flame photometer. Anions,
namely fluoride (F), chloride (CI), sulphate (SO4*), and nitrate (NO3), were determined using

Ion Chromatography. The samples preserved at a pH of 2 were analysed for Iron (Fe), Manganese
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(Mn), Chromium (Cr), Lead (Pb), Cadmium (Cd), Coppet (Cu) and Zinc (Zn) in mg/L using
AAS.

3.3.2.2 Benthic Sediment samples

Analytical procedures were followed in accordance with EPA protocol 3050B acid digestion for
sediments, sludges, and soils for total metal digestion with nitric acid and hydrogen peroxide and
Tessier sequential extraction procedures for the metal speciation (Tessier et al., 1979; USEPA,
1996). Samples were analysed in AAS after the preparation of the sample. Quality control proce-
dures were followed throughout the experiment by calibrating the instrument every time before
operating the instrument using freshly prepared standards (APHA, 2012). All the chemicals used
throughout the experiments were laboratory grades, and deionized water was used for all dilutions.
Quality control was done as per Standard Methods. The following experimental procedures were
undertaken following the Tessier 5-step, sequential extraction techniques to prepare samples for
various heavy metal fractions (Tessier et al., 1979):

Step I 1g of sample (sediment) is treated at pH 7 with 1 M magnesium chloride; stirred with
a shaker for 24 h at room temperature; centrifuged @5000 rpm for 10 minutes, and
then the suspension is diluted with deionised water and analysed.

Step 1I: The previous step's residual solid is treated with sodium acetate. After 5 h in the shaker
at room temperature, centrifugation results in solid-liquid separation, and the metal-
bearing solution is diluted and analysed.

Step III: The residual solids in the first stage are processed in a 6 h water bath shaker at a
temperature of 85°C with Hydroxyl ammonium chloride. As in previous phases, there
is a solid-liquid separation by centrifugation, and the solution is then diluted and ana-
lysed.

Step IV: The remaining solid of the previous step is treated in the hot water bath shaker using
nitric acid and hydrogen peroxide and agitated for 2 h at 85°C. After 2 h, 3 mL of H,O,
is added and then further heated by adding NH4sOAc and HNOs and then diluted to
20 mL solution. Remove the supernatant after agitating it for 30 mints.

Step V: The previous step's residual solid is combined with a 5:1 acid mixture of H,SO4 and
HCIO, and digested for 2 h at 300°C before being filtered through Whatman 42 filter
paper.

3.3.3 List of instruments/methods used and make
Instruments used in carrying out the experiment are listed below with the make and model

numbet, as listed below in Table 3.2.
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Table 3.2. List of instruments/methods
SI. No. Name Make Model Parameters
+2
. Atomic Absorption THERMO SCI-  iCE 3000 SE- g[rg H’gFeI’)g[ré’u
Spectrophotometer (AAS) ENTIFIC RIES & Zn in mg/I.
Multiparameter pH/ORP pH, EC
2 /EC/TDS/Salinity/DO/Pressure/ HANNA HI198194 (uS/cm), DO
Temperature Waterproof Meter (mg/L)
3 Water bath Shaker ICT
. . HYDRO
4 Laser particle Size Analyser MALVERN 000 MU
+ 1ot +2
5 Flame Photometer 128 SYSTRONICS Na', K & Ca
in mg/L
. 8042_, NO3_, Clr
6 Ion Chromatograph (IC) 792 Basic IC METROHM Fin mg/I,
. . Oven Drying at .
7 Graviometric 103-105°C TDS in mg/L
Alkalinity &
8 Titration Hardness in
mg/L
9 5-day BOD BOD:s in mg/L

3.4 Objective I (Part II): Indexing Approach to establish Drinking Water
Applicability

Conventional WQIs developed in the last decade and before exhibit several weak points, al-
lowing the assignment of quality values using limited parameters. In addition, most indices exclude
toxic compounds like heavy metal pollution. However, the biggest flaw in these indices is that
they do not account for the inherent uncertainty and subjectivity of this complex environmental
issue. (Chang et al., 2001; Mpimpas et al., 2001; Silvert, 2000).

In this section, two indexing approaches were utilised to solve the above-mentioned complex-
ity related to assessing the drinking water quality of surface water samples. From the literature
review conducted in chapter 2, the two assessment tools for this purpose are information entropy
and fuzzy logic. The following describes the steps for the calculation of entropy weighted water
quality index (EWQI) developed by Singh et al. (2019) and the fuzzy logic-based water quality
index (FWQI) developed in this study.

3.4.1 Entropy weighted Water Quality Index (EWQI)

For the calculation of EWQI, weights are allocated to each parameter based on their entropy
value. When it comes to the long-term behaviour of random processes, entropy and associated
information metrics can provide useful information about it. The calculation steps for EWQI are
(Singh et al., 2019):

e Step 1. A matrix was constructed for all 'm' water samples (m = 1, 2...m) and 'n' calculated

parameters (n = 1, 2...n)
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Xy X Xin
Xn Xp Xon
A= : (3.1
_Xml XmZ e an_
e Step 2. To eliminate the error caused by various units and sizes, matrix A was transformed

into a normalised matrix B. After transformation, the standard grade matrix B was ob-

tained

an B (an )min

" o) — (S o

jj

(3.2)

where bj for the measured parameter (n) in a specific water sample is the construction

function of normalisation (m).

bll b12 in
b21 b22 cer  aes b2[1
B=| : . . . .
_bml bmz bmn-

where B = standard grade matrix

Step 3. The following formula calculated the information entropy:

b,
2.b,

l m

E = D P, In(P,)

In(m) 43

Pii:

Step 3. The parameter (j)’s entropy weight was calculated by:

(1-E)

i(l—Ei)

Step 5. For each parameter quality rating scale was assigned by:

Q G 100
.= — | X
) Si

Qj = quality rating scale,

where,

Cj = measured concentration of the parameter, and

Step 6. WQI was calculated using the following formula:

EWQI=) W,xQ,
=1
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Once the overall EWQI results have been established, it is possible to quantify how safe the
water is over a given time according to the scale recommended by Jianhua et al. (2011). Table 3.3
shows the EWQI ranges for various pollution levels.

Table 3.3. Water quality scale for EWQI

EWQI Water Quality
<50 Excellent
50-100 Good

100-150 Average
150-200 Poor

>200 Extremely poor

Water sources with excellent or good quality may sustain a high diversity of aquatic life. Water
will also be ideal for all modes of recreation, including direct water communication.
3.4.2 Fuzzy logic-based Water Quality Index (FWQI)

The necessity for more appropriate approaches to regulate the water quality variables and in-
terpretation of an acceptable range for each parameter needs integration of different metrics in-
volved in the evaluation process is well acknowledged. In this regard, some alternative approaches
have emerged from Al These approaches, primarily fuzzy logic and fuzzy sets, can be evaluated
on real-world environmental problems with the ultimate goal of eliminating the ambiguity and
imprecision in the criteria used in decision-making tools (Chang et al., 2001; McKone and
Deshpande, 2005).

Fuzzy sets, which are conceptually simple and based on natural language, have been effec-
tively utilised to describe nonlinear functions, develop inference systems on top of expert expet-
tise, and deal with imprecise data (Pham and Pham, 1999; Romano et al., 2004; Ross, 2010; Zadeh,
1999). These benefits have been used to address difficult water-related environmental issues
(Ghosh and Mujumdar, 2006; McKone and Deshpande, 2005; Sadiq and Rodriguez, 2004;
Vemula et al., 2004). In this study, fuzzy logic was also utilised to analyse water quality by con-
structing a fuzzy logic based water quality index.
3.4.2.1 Fuzzy Interference System

Fuzzy set theory was developed to model complex systems in uncertain and imprecise contexts
(Ross, 2010). Sets with unclear boundaries are used in fuzzy logic. Fuzzy logic can be used to map
inputs to appropriate outputs. Figure 3.6 depicts an input-output map for the water quality cate-
gorization problem: "Given a comprehensive collection of indicators of water quality, what is the
water quality in a stream?". Water quality indicators and stream conditions are imprecise defini-
tions since they lack clearly defined boundaries.

In general, fuzzy inference systems are composed of membership functions, inference rules,
and defuzzification. In a fuzzy inference system, a variable or input has a domain known as its
universe of discourse, and each set in this space is expressed by a language phrase such as "low,"
"medium," or "high." If-then rules define the relationships between the variables. Finally, a
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defuzzification algorithm is utilised to determine the optimal crisp value. In other words, a fuzzy
output variable must be defuzzified into a single value (Ross, 2010).
3.4.2.2 Membership Functions

A membership function is a curve that defines how each point in the input space is assigned a
membership value ranging from O to 1. The universe of discourse refers to the input space. The
output axis is known as the degree of membership p. If X denotes the universe of discourse and
its elements, then a fuzzy set A is defined as a collection of ordered pairs:

A=) xe Xy (3.9)
where, pa(x) is the membership function of x in A. A membership function is an arbitrary curve
whose shape is determined by practical considerations. Membership functions come in various
shapes, including triangular, trapezoidal, and Gaussian. Membership functions have been con-
structed in various ways, such as using the expert’s knowledge (Norwich and Turksen, 1984,
Turksen, 1991), fuzzy clustering (Bezdek and Pal, 1992; Gustafson and Kessel, 1978; Jang and
Sun, 1995; Keller and Hunt, 1986; Peizhuang, 1983; Takagi and Hayashi, 1991) neural networks

(de Campos Souza, 2020; Shihabudheen and Pillai, 2018).

\
Water quality Rule 1
indicator 1 ) Water Status
e 2 Rule 2 > Excellent
Water quality T E —»| > Good
indicator 2
. indicator ) > Average
Rule 3 > Poor
4 N\
Water quality
indicator 3
N g Rule 4

“All rules are eval-

(‘I . (13
nputs are ctis : Results of .
P © crsp uated in parallel “The result is a
numbers limited . rules are ag- . ’
) using fuzzy rea- . crisp number.
to a range. L gregated.
soning.

Fig. 3.6. Flow chart for FWQI development
3.4.2.3 Interference Rules

The if-then rules are used to formulate the inference rules. The if-then rule comprises two
parts: the if component, known as the antecedent, and the then part, known as the consequent.
The output variable with one or more consequents is derived from one or more premise ante-
cedents in the inference rules. The rules are as follows:

1. If (parameter 1 is Low) and (parameter 2 is Low), then (Set is Good)
2. If (parameter 1 is Low) and (parameter 2 is Medium), then (Set is Bad)
3. If (parameter 1 is Low) and (parameter 2 is High), then (Set is Worse)
4. If (parameter 1 is Medium) and (parameter 2 is Low), then (Set is Bad)
TH-2940_176104105
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5. If (parameter 1 is Medium) and (parameter 2 is Medium), then (Set is Bad)

6. If (parameter 1 is Medium) and (parameter 2 is High), then (Set is Worse)

7. 1f (parameter 1 is High) and (parameter 2 is Low), then (Set is Worse)

8. If (parameter 1 is High) and (parameter 2 is Medium), then (Set is Worse)

9. If (parameter 1 is High) and (parameter 2 is High), then (Set is Worse)

10. If (parameter 1 is Low), then (Set is Good)

11. If (parameter 1 is Medium), then (Set is Bad)

12. If (parameter 1 is High), then (Set is Worse)

13. If (parameter 2 is Low), then (Set is Good)

14. If (parameter 2 is Medium), then (Set is Bad)

15. If (parameter 2 is High), then (Set is Worse)
The if-then rules might change depending on the type of parameter (e.g. pH, DO).

Fuzzy set operators express the relationships between the fuzzy sets of the inputs. There are

three standard fuzzy set operations: intersection (AND), union (OR), and complement (negation
or NOT). If A and B are defined as sets in the universe X, then for a given element x belonging

to X, the following operations can be carried out:

AND: pans(x) = pa(x) N peX) = min pa(x), ws(x) (3.10)
This AND operation creates the intersection of sets A and B.

OR: pans(x) = pa(x) U up(x) = max pa(x), us(x) (3.11)
This OR operation creates the union of the two sets.

NOT: pa(x) = 1 — pa(x) (3.12)

The negation operator NOT creates the complement set of the set operated below.

2 <¢
bl

Aggregation operators can take several forms, but the functions “min”, “max”, and “not” are the
most common forms and are sufficient most of the time (Ross, 2010; Yager and Filev, 1994).
3.4.2.4 Defuzzification

A fuzzy-based system generates a final fuzzy variable that is not in a form that allows non-
experts to comprehend it. Therefore, the fuzzy variable is transformed into a clear value via de-
fuzzification. Several approaches have been utilised to determine the optimal crisp value, includ-
ing the centre of gravity method (COG), the mean of maxima method, the weighted average
method, and the max method. The most used defuzzification techniques are the mean of maxima
and COG. The former calculates the mean of the output membership function maxima, whereas
the latter finds the fuzzy variable's geometric centroid (Lee, 2005; Zimmermann, 1990).
3.4.2.5 Development of FWQI

For drinking water quality, twenty-two parameters were selected for developing a fuzzy logic-
based water quality index (FWQI). The parameters selected were: pH, DO, EC, BOD:s, turbidity,
TDS, hardness, alkalinity, Na*, K*, Ca**, Mg™", F, CI, SO47, NOs, Fe, Mn, Cd, Pb, Cu, and Zn.
11 fuzzy sets in terms of membership functions were defined for each input indicator. Each

TH-2940_176104105

67



Chapter 3 Materials and Methods

membership function links the elements in the universe of discourse to the interval [0,1]. Mem-
bership functions used in this study have trapezoidal for the twenty-one parameters. Each set in
the universe of discourse X is introduced by a linguistic term. In this study, low, medium, and
high were used as linguistic terms for the fuzzy sets. Fig. 3.7. shows the membership functions

that fuzzyify the input data according to eq. (3.13).

0 x<aord<Xx (3.13)
8:3 a<x<b
Trapezoidal: f(x;a,b,c,d) =4 b<x<c
(d-x)
o Csxsd o)

where, a, b, ¢, and d are membership function parameters, and x represents every single point on
the x-axis. The parameters were normalised using membership functions (Fig. 3.7) and aggregated
to generate a WQI (Fig. 3.8) using the Mamdani fuzzy inference system (Gharibi et al., 2012a).
The fuzzy inference system helps imitate the knowledge of experts and also the restrictions placed
on the drinkable water quality, simulating human behaviour and environmental processes (Ross,
2010). The performance and reliability of a system are determined by the quantity and quality of
its rules. The rules cover all potential FWQI modes for the 21 input parameters. Based on the
knowledge of specialists and IS 10500: 2012, about 300 rules were developed for this study
(Chapman, 2021; Gharibi et al., 2012a; Ocampo-Duque et al., 2013).
The following are examples of the rules set for the EC-pH group, complied with the experts’
knowledge obtained from different literatures:
1. If (ECis Low) and (pH is Low), then (FG1Sc is Worse)

If (EC is Low) and (pH is Medium), then (FG1Sc is Good)

If (EC is Low) and (pH is High), then (FG1Sc is Bad)

If (EC is Medium) and (pH is Low), then (FG1Sc is Worse)

If (EC is Medium) and (pH is Medium) then (FG1Sc is Bad)

If (EC is Medium) and (pH is High) then (FG1Sc is Bad)

If (EC is High) and (pH is Low) then (FG1Sc is Worse)

If (EC is High) and (pH is Medium) then (FG1Sc is Worse)

If (EC is High) and (pH is High), then (FG1Sc is Worse)
. If (EC is Low) then (FG1Sc is Good)
. If (EC is Medium) then (FG1Sc is Bad)
. If (EC is High) then (FG1Sc is Worse)
. If (pH is Low) then (FG1Sc is Worse)
. If (pH is Medium) then (FG1Sc is Good)
. If (pH 1s High) then (FG1Sc is Bad)

e L e

e = =
um A LN =, O
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Furthermore, the COG method, the most conventional and physically applicable defuzzifica-
tion method (Jha et al., 2020), was used to de-fuzzify the outputs. The de-fuzzified values were
obtained using Eq. (3.14) (Ross, 2010):

Iu(z)z dz (3.14)
’ IM(Z) dz
where, z is FWQIL.

All rules and calculations were made using the fuzzy logic toolbox in MATLAB (2022b), and
FWQI aggregation was done using SIMULINK.

3.5 Objective II: Benthic Sediment Pollution Assessment

Sediments are the sink of metals in freshwater and marine environments (Arjonilla et al., 1994;
Luoma, 1989; Weimin et al., 1994). Total concentrations of most metals in sediments are several
orders of magnitude higher than aqueous concentrations (LLuoma, 1989). Many researchers have
feared that high and excessive amounts of heavy metals in the sediments may eventually contam-
inate the human and animal food chain (Iwegbue, 2007; Singh and Kalamdhad, 2013). This is
because metals remain in the environment for a long time, unlike some organic pollutants. They
are not biodegradable, and their residence time in the sediments can be thousands of years
(Ekwutosi et al., 2020). The determination of total heavy metal concentrations can only be used
to assess heavy metal pollution but cannot be used to assess the mobility and bioavailability of

heavy metals (Nimyel et al., 2015; Zhang

o et al., 2017). Speciation can be an efficient tool for
environmentalists to determine or assess the toxicity, mobility, reactivity, and bioavailability of
heavy metals in the environment (Wan et al., 2017; Zhang et al., 2017). Therefore, heavy metal
speciation in sediments plays an important role in environmental risk assessment of sediment
heavy metal pollution. In this study, heavy metal sediment pollution assessment is carried out in
two folds:

e Total metal concentration based assessment

e Metal speciation fractions-based assessment
3.5.1 Total metal concentration based assessment
3.5.1.1 Pollution Load Index (PLI)

PLI refers to the geometric mean of heavy metals measured in the same sediment in river bed
sediments (Jorfi et al., 2017). This index makes it possible to standardise the amounts of heavy
metals in river bed sediment with precision. Unskilled staff can easily understand this index effec-
tively and rapidly to determine the pollution situation in various places (Elias et al., 2012). This
index will allow environmental management policy decisions to be made easily. Tomlinson et al.,
(1980) have established a PLI, typically as follows:

CE = Coiy (3.15)
Creiy
TH-2940_176104105
73



Chapter 3 Material and Methods

PLI="% /H“: CE, (3.16)

where,
CF; = contamination factor of i metal,
nm = number of metals,
Cng) = heavy metal concentration measured (i" metal),
Covp = background value of i metal.

Anthropogenic contamination is inferred if the PLI value is >1, while <1 does not suggest
contamination (Harikumar et al., 2009). There is a linear correlation between the population in
urban areas and the impact of urbanisation on the river system, usually represented by PLI values
(Singh et al., 2002). Geometric mean data for metal concentrations in sediments are typically
smaller than the equivalent arithmetic mean and should be used as background sediment metal
concentrations for assessing environmental pollution (Chen et al., 1999; Hseu et al., 2002).
3.5.1.2 Geoaccumulation Index (I,c,)

The following equation was used to calculate the I, of the sediment (Miiller, 1969) :

C_.
I, =log,| —"— (3.17)
' L5xC,
where,
Cug) = heavy metal concentration measured (i metal),
Civg) = Geochemical concentration (background) of element 1.

A factor of 1.5 is considered for potential variations in background data owing to lithological
changes. The I,., obtained is graded as Table 3.4 in seven grades (Boszke et al., 2008)
3.5.1.3 Enrichment Factor (EF)

Geological and human actions on sediment quality are assessed by EF, which is shown in

Eq.(16) (Omwene etal.,, 2019):

( I’ﬂ(i) j
- v Il ( * )
Cr backgound

Cmg = concentration of heavy metal,

EF =

where,

C, = reference heavy metal concentration,
Five types of contamination are commonly correlated with the enrichment factor shown in
Table 3.4 (Qingjie et al., 2008). Here, iron (Fe) is used as a tracer to distinguish natural and an-

thropogenic contamination.
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3.5.1.4 Potential Risk of Individual Metal (E;) and Potential Ecological Risk Index
(PERI)

Hakanson (1980) proposed the PERI and the possible risk of i™ metals (E.), representing the
overall effects of heavy metals and the toxicity of heavy metals (Cheng and Yap, 2015). The equa-

tion to determine E. and PERI are as follows:

G =mt (3.19)
Covty
C, = icif (3.20)
i=1
E =t'xC} (3.21)
PERI = Zm:E (3.22)

i=1

P _ .
where C;= single element pollution factor, Cnj= concentration of heavy metal,, Cyv= geochem-

ical concentration (background) of element i, Cq = integrated pollution level (sum of all Cif of all

the metals examined), E'.= potential ecological risk of i metal, t,= Toxicity of i" metal (Zn = 1,

Pb =5, Cu = 5,and Cd = 30). Different degrees of ecological risk per PERI have been listed in

Table 3.4.
Table 3.4. Classification of I, EF, E' and PERI
Iocoy IporL Remarks
(Lgeo, Tporr) = 0 Uncontaminated
0 < (Igeo, Iporr) <1 Uncontaminated to moderately contaminated
1 < (Igeo, Iporr) <2 Moderately contaminated
2 < (Lgeo, Iporr) <3 Moderately to heavily contaminated
3 < (Igeo, Iporr) <4 Heavily contaminated
4 < (Igeo, Irorr) <5 Heavily to extremely contaminated
5 < (Igeo, Iporr) Extremely contaminated
Enrichment Factor (EF) Remarks
EF <2 Depletion to minimum enrichment
2<EF<5 Moderate enrichment
5<EF <20 Significant enrichment
20 <EF <40 Very high enrichment
EF >40 Extremely high enrichment

Potential Risk Individual Metal (E’) Remarks

E'.<40 Low ecological risk
40 < E! 80 Moderate ecological risk
80 < Ei < 160 Considerable ecological risk
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Potential Risk Individual Metal (E’) Remarks

160 < B/, < 320 High ecological risk

E\ >320 Very high ecological risk
PERI and MRI Remarks

PERI, MRI =150 Low ecological risk

150 < PERI, MRI = 300 Moderate ecological risk
300 < PERI, MRI < 600 Severe ecological risk
PERI, MRI = 600 Serious ecological risk

3.5.2 Metal speciation fractions based assessment
3.5.2.1 Pollution Index (Iporr)

Karbassi et al., 2008 updated Mullet's I, formula as pollution index as follows:

BC
Loy, =log, I (3.23)

P
where, B. denotes bulk fraction and L, denotes lithogenous fraction, respectively. The Irorr. ob-
tained is graded as Table 3.4 in seven grades (Boszke et al., 2008)

3.5.2.2 Mobility Factor (MF)

The proportions of the metal fractions are used to determine the mobility of heavy metals in
the environment. The chemical fractions of metals bound to sediments were split into two cate-
gories based on the degree to which they were associated with distinct phases. The mobility factor
was then calculated using the information from these two groups. The F1 and F2 fractions com-
prise the mobile group, whereas the stationary group comprises of the F3, F4, and F5 fractions.
The mobility factor (MF) was used to calculate the heavy metal mobility index was derived by
Kabala and Singh (2001).

_ F1+F2 «100(%%) (3.24)
F1+F2+F3+F4+F5

3.5.2.3 Individual and Global Contamination Factors (ICF & GCF)

Evaluating heavy metal contamination is critical because it indicates the level of risk that heavy
metals pose to the environment. The individual contamination factor (ICF) for each metal was
computed by dividing the total of the first three extractions (F1, F2, and F3) by the residual (F5)
fraction for each metal. The Global Contamination Factor (GCF) for each site was calculated by
summing the ICF for each heavy metal detected (Ikem et al., 2003; Naji and Sohrabi, 2015). The
ICF and GCF were determined with the help of the following equation:

ICF = F1+F2+F3 (3.25)
F5

n (3.26)
GCF =) ICE

i=1
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According to Zhao et al. (2012), the ICF and GCF categories were as follows: GCF<6 & ICF<1-
indicates low contamination, 6<GCF<12 & 1<ICF<3-moderate contamination, 12<GCF< 24

& 3<ICF<6- considerable contamination, and GCF>24 & ICF>6— high contamination.

3.5.2.4 Risk Assessment Code (RAC)

Sediment contamination in the form of heavy metals are dispersed in a range of fractions in
variable proportions, demonstrating a clear link between heavy metals in sediments and freshwa-
ter systems (Gao and Chen, 2012). RAC has the potential to express and regulate varying levels
of risk associated with distinct fractions (Hing et al., 2020; Wang et al., 2010). The risk associated
with contaminated sediments due to heavy metals is determined using the RAC method, which
uses a rating to the proportion of heavy metals (%) found in the carbonate and exchangeable
fractions of the sedimentary association to sediments (Sun et al., 2019; Sundaray et al., 2011). If
the overall ratio of the carbonate and exchangeable fractions is < 1%, the ecosystem is deemed
safe; and if the overall ratio is > 50%, the risk is considerable, and heavy metals may well infiltrate
the food supply, according to the RAC (Ayyanar and Thatikonda, 2020). RAC has been used to
categortise the risk posed by bioavailable fractions, as shown in Table 3.5.

Table 3.5. Risk Assessment Code (RAC) and values of d

Category Risk Bioavailable Toxic index
Fraction (%) @)

1 No Risk <1 1.0
2 Low Risk 1-10 1.0
3 Medium Risk 11-30 1.2
4 High Risk 31-50 1.4
5 Very High Risk ~ >50 1.6

3.5.2.5 Modified risk index (MRI)
A toxic index is introduced for the exchangeable and carbonate fractions (%) to estimate

the risk, in addition to the procedure followed for PERI to calculate MRI, which is as follows:

¢=0A+B (3.27)
~C =~ , 3.28
Coniy = Coy@ (3-28)
~ci =Tt (3.29)
f .
va(i)
~E =tx~C, (3.30)
MRI=) ~E! (3.31)
i=1

Where ~C', ~Cig, ~E', and MRI are the revised forms of C'y, Cing, ', and PERI, respectively;

@ is the modification factor for the concentration of heavy metals;

TH-2940_176104105
77



Chapter 3 Material and Methods

A is the cumulative percentage of carbonate and exchangeable fractions;

B =1-A;

0 is the toxic factor that corresponds to various carbonate and exchangeable fraction ra-
tios; its values are provided in Table 3.5.

As per MRI, different degrees of ecological risk have been listed in Table 3.4.
3.5.3 Sediment Quality Guidelines (SQGs)

SQGs are scientific methods or procedures that indicate the potential adverse environ-
mental effects of heavy metal concentration in sediments (CCMLE, 2001). They were developed
to address many environmental concerns and regulatory programmes. SQGs from the litera-
ture are found to use two or three assessment scales of values for assessing pollution. Some
commonly used SQGs are TEL-PEL (MacDonald et al., 2000) and ERL-ERM (MacDonald
et al., 2000). The threshold effect level (TEL) and probable effect level (PEL) approaches use
geometric means of percentiles of effects and no-effects distributions for slightly differing
threshold levels. Another system for assessing sediment quality is the ERL-ERM guidelines. It
considers the concentration of substances in the aquatic environment based on their likelihood
of causing adverse effects. Concentrations corresponding to the 10th and 50th percentiles of
the data distribution of incidence of adverse effects were named the effects range low (ERL),
and effects range median (ERM), respectively. These correspond to concentration values
wherein the incidence of adverse effects was unlikely or frequent. The SQG may be regarded
as a screening approach for providing an overall perspective of the environmental sensitivity
of a water body. As there are no established guidelines in India for assessing metal enrichment
in sediments, the SQG proposed by researchers elsewhere are used in this study to assess
sediment quality (Swarnalatha and Nair, 2017).

Table 3.6. Sediment Quality Guidelines (SQGs) classification

Sediment Quality Guidelines (SQGs) Effect

TEL and PEL guidelines  <TEL Not associated with adverse biological effects
Between TEL-PELL ~ May occasionally be associated with adverse

biological effects

>PEL Frequently associated with adverse biological
effects
LEL and SEL guidelines ~ <LEL Dredged sediments may have no contamina-
tion

Between LEL-SELL.  The impact is moderate
>SEL Severely impacted
ERL and ERM guidelines <ERL Minimal effects range
Between ERL-ERM  Effects would occasionally occur
>ERM Effects would frequently occur
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3.6 Objective III: Source Apportionment Using Environmetrics Tools

The present study uses four environmetrics tools such as hierarchical cluster analysis (HCA),
discriminant analysis (DA), principal component analysis (PCA), and positive matrix factorization
(PMF) for the assessment of water quality and sediment pollution in Kolong River, Assam, India.
3.6.1 Cluster Analysis (CA)

According to Ward (1963), agglomerative hierarchical CA, a squared Euclidean distance, was
used to identify multivariate commonalities in coastal water quality. The observations with the
most similarities are initially grouped, and then these initial groups are combined based on their
commonalities. As similarity declines, eventually, all subgroups are consolidated into a single clus-
ter (Alkarkhi et al., 2009). To calculate the distances between clusters, the Ward technique employs
an analysis of variance. At each phase, it seeks to minimise the sum of squares of any two (hypo-
thetical) clusters that can be generated. The spatial variability of water quality is expressed as
Dlink/Dmax, the ratio of the linkage distances for a certain case to the maximum linkage distance.
The quotient is then multiplied by 100 to standardize the linkage distance represented on the y-
axis (Simeonov et al., 2003; Singh et al., 2005; Singh et al., 2004; Wundetlin et al., 2001). The initial
stage in CA should be data normalisation (Liu et al., 2003), which tends to boost the influence of
variables with small variances and decrease the influence of variables with large variance (Gupta
et al., 2009). This analysis produces a dendrogram, which is a highly interpretable, comprehensive
graphical explanation of hierarchical clustering and is one of the primary reasons for the popular-
ity of hierarchical clustering approaches (Ruppert, 2004).

In this study, the software package IBM SPSS Statistics 25 was used to carry out CA using all
the water quality parameters. Spatial CA was carried out for post-monsoon, wintet, pre-monsoon
and monsoon seasons. The squared Euclidean distance (Kukreja et al., 2010) was calculated be-
tween two clusters (a and b) from the standardized values given below:

D = Zn:(ai by (3.32)
i=1
where D squared Euclidean distance
a;: standardized values of the i parameter for cluster a
bi: standardized values of the i parameter for cluster b
n: number of parameters

1: water-quality parameters

3.6.2 Discriminant analysis (DA)

Discriminant analysis (DA) is a technique for identifying and classifying cases into categorical
dependent values, typically a dichotomy. Multiple quantitative features are employed in DA to
distinguish two or more naturally occurring groupings. DA provides a statistical classification of
samples performed with previous knowledge of an object's membership in a specific group or

cluster. Furthermore, DA aids in the clustering of samples with similar features. As shown in the
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equation below, the DA approach creates a discriminant function for each group that acts on raw
data (Hirdle and Simar, 2013; Singh et al., 2005; Singh et al., 2004; Wunderlin et al., 2001):
n 3.33
f(G)i =k, + Z;Wijpij o)
p-
where i is the number of groups (G), ki is the constant inherent to each group, n is the number
of parameters used to classify a set of data into a given group, and wj is the weight coefficient
assigned by DA to a given selected parameter (pj). The weight coefficient maximises the distance
between the means of the dependent variable (criterion). The classification table, known as a
confusion, assignment, or prediction matrix or table, is utilised to evaluate the performance of
DA. This is merely a table with rows representing the observed categories of the dependents and
columns representing the expected categories. When the forecast is accurate, all instances will be
located on the diagonal. The proportion of cases on the diagonal represents the proportion of
accurate classifications.
In this study, DA was applied to the raw data matrix using standard, forward stepwise, and
backward stepwise modes to create discriminant functions to assess the temporal differences in
water quality within the river basin. The temporal (season) variables were the main (dependent)

variables, while all observed parameters were independent.

3.6.3 Principal Component Analysis (PCA)

Principal component analysis (PCA) is a holistic method for identifying the dynamics of all
variables in a system (Gorgoglione et al., 2019). It seeks to reduce the dimensionality of a multi-
variate dataset by extracting information in the form of a fewer number of principal components
that represent typical environmental characteristics. Thus, by curtailing the dimensions of the
multivariate dataset, the main principal factors comprising all the necessary information may be
extracted with minimum information loss (Abdi and Williams, 2010). The following sequence of
five principal operations usually takes place while extracting the principal components in PCA
(Yang et al., 2020).

(a) Firstly, the original data matrix was obtained as Eq. 3.34:

Xy . Xy, (3.34)
X = (Xij)nxP =
Xpp - - Xy
(b) The original data was standardized to reduce the dimensionality using Eq. 3.35:
. (x-%) (3.39)

Si
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(c) The correlation coefficient matrix was obtained based on Eq. 3.306:

T (3.36)
R = (t) pp = Ezlxn XX
t=

(d) Eigenvalues and eigenvectors of the correlation coefficient matrix were obtained as Eq.

3.37:
E = unXT + uizxz S SRR +u, x,(1=1,2,...n) (3-37)
(e) Principal components were obtained using Eq. 3.38:
% » (3.38
= - F, + - F, +....
A +A,+ . +A Ai+A, +. + A,
A, r

where, n and p are the number of sampling sites and water quality parameters, respectively; Xjj and

* o, . . . .
xjare the originally measured data and standardized variable, respectively; x; is the average value
for it indicator, sj is the standard deviation of j™ indicator, A and u; are the eigenvalues and

*
eigenvectors, respectively; and X; is the standardized indicator variable.

3.6.4 Positive Matrix Factorization (PMF)

The PMF receptor model is one of the most important and widely used methods in source
allocation (Yan et al., 2019). In the PMF model, n (samples) X m (species concentration) matrix
(X) is decomposed into two-factor matrices: profiles (F) and contributions (G); and residual (E)
(Eqn. 3.39). Two files were used as input to the PMF model: one comprising concentrations of
the assessed parameters and the other including uncertainty values derived using Eqn. (3.40) or
(3.41). The ideal number of factors is obtained by repeatedly running the model for several itera-
tions and then selecting the best run or solution with the minimum value of Q (robust), which in-
dicates the model's ability to fit data (Jiang et al., 2019). Eqn. (3.43) has been used to determine
this parameter. The primary goal of PMF factor analysis is to minimise QQ for G and F while
ensuring that all or some of G and F's components have non-negative values (Paatero, 1997).
X=FG+E (3.39)

If the species concentration (i.e. concentration of heavy metal (C;)) was more than the standard
deviation (SD), the uncertainty (Unc.) was calculated by Eqn. (3.40); otherwise, the C, were sub-

stituted by SD/2, and the uncertainty was presumed to be supplied by Eqn. (3.41) (G. Wang et

al., 2016).
Une. = 0.1C, + 22 (340)
3
Une. = 5x 22 (3.41)
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2w (oY (3.42)
55

i=1 j=1 \ Sij

where ej is the sum of squared differences between the original matrix data (X) and output of
PMF (GF), and s; is the calculated uncertainties.

The investigation was conducted using the EPA PMF 5.0. The optimum number of factors
was estimated by looking at the value of (Q, which indicates how well the model fits the data. A
global minimum was obtained for each model run by varying the seed value from 1 to 20 times

(Bzdusek et al., 2000).
3.7 Objective IV: Human Health Risk Assessment

The human health risk models developed by the USEPA, which include carcinogenic and
non-carcinogenic models, have been effective and accepted globally. There is currently no ap-
proved limit for allowable maximum carcinogenic and non-carcinogenic risk levels in India. In
order to analyse the possible risks to human health posed by heavy metal pollution, the USEPA
model and its associated threshold values were used. The health risk evaluation consisted of four
steps: (1) hazard identification, (2) dose-response analysis, (3) exposure analysis, and (4) risk char-
acterisation (USEPA, 2004, 1992, 1989). Two sources, namely sediments and surface water, were
utilised to compute the heavy metal exposure dosages. Humans may be exposed to heavy metals
from a river basin by four primary routes: (1) oral ingestion of sediment particles, (2) dermal
contact with sediment particles, (3) oral intake of surface water, and (4) dermal contact with sur-
face water from the river basin.

3.7.1 Exposure Parameters

Incidental ingestion and dermal contact (during recreational activities) with surface water and
sediments were used to estimate health risks to humans due to exposure to heavy metals in chil-
dren and adults. The chronic daily intake (CDI) was calculated using the USEPA's procedutes
(Eqns. (31)-(34)) in mg/kg (USEPA, 2001, 2004).

C, xEFxXETxIR_ xED 3.43
CD Iingestionfwater = AT x BW xCF ( )
C,xEFxXETxIR,xED 3.44
CDIingestionfse diments — AT x BW - xCF ( )
Cy xEFxETxEDXxSAxk, (3.45)

CDIdcrmal—contact—watcr = AT x BW x CF

C. XxEFxETxEDxSA x AFx ABS .

CDIdcrmal—sedim ents a - a ~ x x x CF (3 46)

AT xBW

where, C is the concentration of heavy metals in water (Cy: mg/L) and sediments (Ci: mg/kg).

The rest of the details and values of the terms in Eqn. (3.43) -(3.46) are given in Table 3.7.
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3.7.2 Risk Characterization

A risk assessment of heavy metal exposure, both non-carcinogenic and carcinogenic, was con-
ducted to determine the health consequences following eqns. (3.47) and (3.48). Hazard quotients
(HQs) were used to compute the non-carcinogenic risk for all heavy metals through the exposure
pathways. The hazard index (HI) was computed by adding all HQs. If HQ and HI are more than
1, the suggested acceptable limits have been exceeded (Phillips and Moya, 2014). Potential car-
cinogenic health impact (CR) from inadvertent intake of sediments was estimated using Eqn
(3.48). The cancer risk was evaluated using reported slope factors (SFori). The total cancer risk
(TCR) was determined by adding the CR values for each route of exposure and comparing them
to permissible standard values (USEPA, 2001; Yang et al., 2018). The reference dosage (RdD) and
slope factors (SF) were provided on the RAIS website (RAIS, 1992).

CDh Iingestion (347)
HQingestion =
R(D
f~oral
HQd /5 CD Idermal—contact (348)
€rmal
Rf Ddermal
CRingestion =CD Iingestion . SForal (3.48)
Table 3.7. Deterministic and probabilistic assessment parameters and values
Parameters Deterministic  Probabilistic Reference
Approach Approach
Point Distribu-  Values
Estimate tion
(RME)
EF  Exposure Frequency 120 Triangular 120 (26 -260)
(day/yeat)
ED  Exposure Duration (Year)
Adults 30 Lognormal 11.36 + 13.72  (Isracli and
Nelson, 1992)
Child 6 Uniform 01-06 (Anon, 2019)
ET  Exposure Time: adults and 2.6 Triangular 2.6 (0.5-6) (Anon, 2019)
child (hour/event)
SA  Skin surface area (swim-
ming) (cm?)
Adults 23000 Normal 18400 £ 2300  (Phillips and
Moya, 2013)
Child 7280 Normal 6800 £ 600 (Anon, 2019;
Carr, 1994)
BW  Body Weight (kg)
Adults 70 Normal 72 £ 159 (Carr, 1994)
Child 15 Normal 15.6 £ 3.7 (Phillips and
Moya, 2013)
IRy  Ingestion Rate of water
(mg/event)
Adult 0.053 - 0.053 (USEPA, 2011)
Child 0.090 - 0.090 (Goldblum et al.,

2006)
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Parameters Deterministic Probabilistic Reference
Approach Approach
Point Distribu-  Values
Estimate tion
(RME)

IR¢  Ingestion Rate of Sedi-
ments (mg/event)

Adult 12.5 - 12.5 (Goldblum et al.,
2006)
Child 50 - 50 (Goldblum et al.,
2006)
AT Averaging Time (day)
non-carcinogen 365xED - 365xED (USEPA, 2001)
carcinogen 365x70 - 365x70 (USEPA, 2001)
AF  Adherence Factor
(mg/cm?)
Adult 0.07 - 0.07 (USEPA, 2001)
Child 0.2 - 0.2 (USEPA, 2001)
ABS  Dermal Adsorption Factor  0.001 - 0.001 (USEPA, 2011;
(Unitless) Wang et al.,
2017)
K,  Permeability Constant Cd, Co, Cu, Fe - Cd, Co, Cu, Fe (RAIS, 1992)
(cm/hour) and Mn=10-3, and Mn=107,
Pb =104, Zn Pb =104, Zn
= 6:104, = 6104,

3.7.2.1 Deterministic Method

Models for risk assessment generally have only one value assigned to each model parameter,
with the outcome being a single value for the risk associated with that parameter. (Jiménez-Oyola
et al., 2021). This technique is simple and easy to grasp, but input variables do not account for
variability (Bazeli et al., 2020; Sheng et al., 2021). The deterministic approach's exposure parame-
ters and generic exposure factors are shown in Table 3.7.
3.7.2.2 Probabilistic Method

Monte Catlo simulation (MCS) is a frequently used approach in probabilistic risk assessment,
in which variables are described by their distribution (Jiménez-Oyola et al.,, 2021; Saha and
Rahman, 2020). A wide variety of probable outcomes is generated using statistical sampling pro-
cedures in MCS in the form of probability distributions, which considers the data's inherent un-
predictability and uncertainty (Low et al., 2015; Tong et al., 2018). MCS and other probability-
based approaches are frequently used in human health risk assessment because they examine the
sensitivity of the model input variables (Bazeli et al., 2020; Saha et al., 2017; Saha and Rahman,
2020; US EPA, 2001). The risk assessment for probabilistic modelling was done using MCS in
Oracle Crystal Ball (Gitter et al., 2020; Xu et al., 2020). The number of iterations (for each run)
was set at 10,000 to construct the probabilistic risk distributions (Yang ct al., 2019). Heavy metal
concentrations prior to MCS were fitted with the triangular distribution. For the probabilistic

evaluation, the standard distributions and exposure parameter values are shown in Table 3.7.
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3.7.2.3 Sensitivity Analysis

The impact of the input factors on cancer and non-cancer risk estimations is assessed using a
sensitivity analysis based on the contribution to variance or rank coefficient correlation (Chen et
al., 2019). This approach is commonly used in decision-making and risk management to discover
the most critical factors influencing risk outcomes (Harris et al., 2017). The sensitivity analysis in
this study was performed using the Spearman rank order correlation coefficient, which assesses
how strongly and in which direction quantitative variables are connected to outcomes rather than
the values themselves. (USEPA, 2001). The sensitivity analysis was performed using a 95% con-
fidence level and 10,000 iterations.
3.8 Objective V: Regression Modelling

Quantification of heavy metals present in anything around us is very important in the present
day because of its toxic characteristics. But, accurate assessment requires precise instruments that
are expensive and require skilled persons to operate. These instruments are not available at every
research institute, making it difficult to conduct research relating to heavy metals. In this context,
predictive models can help estimate the concentration of heavy metals in surface water bodies
and other water sources. Parametric statistical and deterministic models have been the traditional
approaches for modelling water quality, these models require vast information on various hydro-
logical subprocesses to arrive at the end results (Singh et al., 2009). Moreover, these models re-
quire precisely determined rate constants/coefficients pertaining to various hydrological, chemi-
cal, physical and biological processes, which are largely time and space specific. Additionally, such
models have analytical solutions but have boundary conditions as limitations (Basant et al., 2010).
Also, since many factors affect the water quality, it has a complicated nonlinear relation with the
variables; therefore, traditional data processing methods are no longer good enough for solving
the problem (Rankovi¢ et al., 2012). In recent years, several researches have been conducted on
water quality forecast models (Chen et al., 2020; Najah et al., 2013; Omer Faruk, 2010; Palani et
al., 2008; Wu et al., 2014). Over the past several years, many nonlinear models such as ANN
(Gandhimathi and Meenambal, 2012; Hanoon et al., 2021; Y. Jiang et al., 2022; Lu et al., 2019;
Zhou et al.,, 2015), decision trees, random forest, support vector machines (Emamgholizadeh et
al., 2014; Lu et al., 2022; Mohammed et al., 2022; Paes et al., 2022; Xia et al., 2022; Xiao et al.,
2022) which belong to ML techniques among others have been used for the prediction and fore-
casting of water resource variables. Also, ML models have been widely accepted as a potentially
useful way of modelling hydrological processes and have been applied to various areas, including
water quality, rainfall runoff, sedimentation and rainfall forecasting (Tiyasha et al., 2020). In this
study, quantification of heavy metals in water column is done in two-fold ways:

(1) Firstly, an attempt has been made to correlate the physicochemical parameters with heavy

metals. This has been done keeping in view the estimation of heavy metals and remediation
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options it will provide from the mathematical or physical relations with physicochemical
parameters generated from the model.

(2) Secondly, the relation between the metal speciation fractions in the sediment column and
metal concentrations in the water column will be explored. This model, after development
with help in understanding the contribution of metal pollution load from the sediment
column to the water column and thus help in the formulation of sediment remediation
strategies.

These two models will be developed using multiple linear regression (MLR) and machine learning
(ML) techniques such as artificial neural network (ANN) and random forest (RF) methods. Their

efficacies will be determined using coefficient of determination (R?).
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Chapter

CHEMISTRY AND QUALITY OF RIVER
WATER

4.1 Seasonal and Spatial Variation of Water Quality
4.1.1 Dissolved Oxygen (DO)

In surface water, DO varies from 8 ppm at 25°C to 15 ppm at 0°C. DO determination is an
integral part of assessing water quality because almost every biological and chemical process in
water bodies involves oxygen or its effects. Less than 4 ppm concentration harms aquatic com-
munities and leads to death at less than 2 ppm in most fish communities. The estimation of DO
can be used as an index of the presence of organic matter in a contaminated environment. The
presence of DO in the Kolong River was noticeable throughout the year, except in the post-
monsoon season. The minimum DO was 3.99 and 3.86 ppm at sites 'SSKR9', and 'SSKR11" in
the post-monsoon, indicating a significant amount of organic pollution was discharged (Fig. 4.1).
It never went below 4.5 ppm for the rest of the seasons. All the seasons have a dip in the DO
variation curve, which indicates the discharge of organic pollution and the river's dilution capacity.

95 .
—e— \Winter —&—Pre-Monsoon —4&— Monsoon —o— Post-Monsoon
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Fig. 4.1. Seasonal variation of DO
4.1.2 pH
The values measured during one year of sampling (Pre-monsoon, Monsoon, Post-Monsoon,
and Winter) do not indicate any significant seasonal fluctuation of pH (Fig. 4.2) or any abnormal-
ity. The average pH values ranged from 6.71 to 7.44, which is the near-neutral nature of the Ko-

long river.
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Fig. 4.2. Seasonal variation of pH
4.1.3 Turbidity, electrical conductivity (EC), hardness (TH), alkalinity (T'A) and total
dissolved solids (TDS)

Turbidity is a measure of a liquid's relative clarity. It is an optical property of water that
measures the quantity of light scattered by materials in water when a light is shone through a
sample of water. The higher the turbidity, the greater the intensity of scattered light. IS 10500:
200 recommends a permissible limit of 1 NTU for drinking purposes. The monsoon had the
highest turbidity values, followed by post-monsoon, winter and pre-monsoon. With the onset of
monsoon, 1.e., in the pre-monsoon season, an increase in precipitation dilutes the turbidity value,
but at the height of monsoon, various sources bring in high volume of solid particles, thereby
increasing the turbidity values. With the receding monsoon, the turbidity values start to fall in the
post-monsoon season (Fig. 4.3).

EC represents dissolved solid concentrations in water predominantly caused by inorganic ions.
A high value of EC indicates a higher level of dissolved salts and vice versa. Conductivity values
of the Kolong river for winter and post-monsoon seasons at upstream locations are higher than
those prescribed by IS 10500: 2012 (Fig. 4.3). There is a dilution of EC for all seasons at the
downstream section of the river. Hardness due to calcium is usually more prevalent (max: 70%),
though hardness due to magnesium can reach up to 50-60% in a few cases. Hardness varies in
river water due to seasonal fluctuations in flow, with the lowest values in high flow (flood) con-
ditions and the highest values during lean flow conditions. Hardness has no adverse effects on
health; however, some evidence has been given to indicate its role in heart disease. Hardness can
be helpful in some situations, as it prohibits rusting in pipes by developing a thin layer of scale.
Water hardness is an important parameter determining its utility for domestic and commercial
activities. According to 1IS10500 2012, up to 200 ppm of hardness is acceptable. The river's hard-
ness value has never exceeded the permitted limit throughout the sampling period (Fig. 4.3). The
variation of alkalinity is similar to hardness values indicating the absence of non-carbonate hard-
ness.

TDS in water or wastewater apply to the dissolved material. In several ways, solids can ad-

versely influence water or effluent quality. Water with a large number of dissolved solids is not
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ideal for consumption and can lead to physiological reactions in consumers. The maximum ac-
ceptable dissolved solid level is 500 ppm for drinking water (IS 10500 2012). TDS values of river
water are influenced by environmental factors such as agricultural practices, flow barriers, etc. The
TDS values are within the acceptable limit for all the seasons, with 475 ppm being the highest
TDS value in the winter (Fig. 4.3) (Bora and Goswami, 2015). In the Kolong River, EC, TDS and
hardness were the highest in the winter season and the lowest in the monsoon season.
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Fig. 4.3. Seasonal variation of turbidity, EC, TDS and hardness
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4.1.4 Major ion chemistry
4.1.4.1 Sodium (Na*), potassium (K*), calcium (Ca™’) and magnesium (Mg"?)

Highly water-soluble sodium salt is one of the most common elements. The concentration of
Na" in natural waters differs significantly based on local geological factors and discharges of
wastewater (Michalopoulos et al., 2014). Augmented amounts in surface waters can arise from
residential and commercial wastewater. IS 10500:2012 recommends an acceptable limit for Na*
in drinking water as 200 ppm. Na* concentrations in Kolong River water ranged from 25.30 ppm
(pre-monsoon season) to 5.77 ppm (post-monsoon season) (Fig. 4.4). Potassium ions are found
in lesser amounts in natural waters, as rocks containing K" are relatively weathet-resistant (Ralph
and Diane, 1980). No significant variation of K" was observed duting the year of study (Fig. 4.4).
Higher values were observed in the winter or pre-monsoon seasons, i.e. lean petiods. For Na*and
K", the lowest values were found in monsoon ot post-monsoon season, i.e. high flow petiods,
which might be due to the high discharge of an enormous volume of water during this period.
Ca* in river water mainly comes from weatheting carbonates, sulphates and silicate minerals. The
concentration of Ca*? ions has been found to vary with the nature of the basin. It is a critical
micronutrient in the aquatic system and plays a significant role in the hardness of water in the
environment (Hunsaker and Pratt, 1971). In the Kolong river, concentration of Ca*? (Fig. 4.4)
fluctuated between the following range; 62.5 to 22.1 ppm in the winter season, 27.8 to 4.1 ppm
in pre-monsoon, 22.0 to 6.45 ppm in monsoon season; 45.6 to 28.5 in the post-monsoon season.
Higher values were observed in the winter or post-monsoon, i.c. lean period. The lowest values
were observed in monsoon or pre-monsoon season, i.e. high flow periods, which might be due
to the high discharge of an enormous volume of water during this period, which is similar to
sodium variation. Like Ca*?, Mg also occurs in natural water and is derived from the same
sources as calcium. The contribution of Mg**is always somewhat less than Ca™. It is to be noted
that high Mg content makes them unfit for domestic use and reduces potability. The concentra-
tion of Mg in the Kolong river water with season-wise variation in a year is shown in Fig.4.4.
Concentration of calcium varied from 15.4-8.0 ppm in the winter season, 9.9-2.0 ppm in the pre-
monsoon season, 7.4-5.0 ppm in monsoon season and 24.4-12.8 ppm in the post-monsoon sea-
son. Concentration of Na*, K, Ca"™and Mg", however, has fluctuations, but their values are
within acceptable or permissible limits. Variations of Na"and K" are similar, whereas the vatiation
of Ca*?and Mg"*" are similar. No abnormal increase or decrease in values was observed during

the one-year study.

4.1.4.2 Fluoride (F"), chloride (CI"), nitrate (NO5) and sulphate (SO;)

Fluoride (F) is a crucial element of human metabolism and can be beneficial as well as detri-
mental to its presence in drinking water according to concentration. The two extremes of I con-
centration, deficiency and excess, are associated with dental disorders and fluorosis (Seppi et al.,

1998). I occurrence has been documented in drinking water in nearly all parts of the world
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(Mariappan et al., 2000). I~ in potable water depends on the source, environment and geology.
According to IS 10500:2012, the acceptable limit is 1.0 ppm in potable water. In the present study,
the I concentration in the Kolong river is 0.07-0.65 ppm, with winter and pre-monsoon having

the highest . The seasonal I variation in the river is depicted in Fig. 4.5.
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Fig. 4.4. Seasonal variation of Na*, K*, Ca™ and Mg"™
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Chloride (CI) occurs naturally in ground and surface water. The primary sources of chloride
are atmospheric precipitation, sedimentary rocks, and industrial and domestic sewage. Without
other sources, the concentration of CI in natural water by atmospheric precipitation should not
exceed 20 ppm (Sibley, 1979). A higher level of CI concentration in natural water bodies indicates
pollution due to industrial and domestic sewage. In the Kolong river, chloride concentration var-
iation varied from 0.41 to 12.2 ppm over the sampling period, for which the monsoon has the
highest industrial and domestic discharge (Fig. 4.5).

NOs is one of the most common pollutants in surface water. It is controlled primarily in po-
table water; surplus amounts may induce "blue baby" or methemoglobinemia disease in new-
borns. While NOs' is not an immediate threat to teenagers and adults, its presence indicates one
or more severe contaminants like bacteria or pesticides (Winton et al., 1971). The nitrate comes
primarily from manure storage, fertilisers, and septic systems. NOs™ content in the Kolong river
varies between 20.77 ppm to 0.36 ppm for the entire sampling period (Fig. 4.5). Not much fluc-
tuation is observed in nitrate concentration, with sampling locations 'SSKR8' and'SSKR10' show-
ing an unusual rise in concentration, indicating possible non-point sources of pollution existing.

Due to biological activity, sulphate (SO4*) may come from the organically bound sulphur. This
phenomenon is observed mainly in the marine environment due to the ample supply of sulphur
in seawater (Golterman et al., 1982). Sulphate is also an essential component of calcium and mag-
nesium hardness. Sulphate produces an unpleasant taste at 300-400 ppm. The suggested upper
limit for water sulphate is 250 ppm for human use (Sawyer et al., 1978). During the sampling
period, the sulphate concentration in the Kolong river ranged between 13.54 and 0.21 ppm. The
maximum sulphate concentration was found during the monsoon season, indicating that agricul-
tural runoff entering the river occurred during the monsoon season. The seasonal variation of

sulphate is shown in Fig. 4.5.
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4.1.5 Biochemical Oxygen Demand (BOD)

The quantity of DO needed for organic matter to be decomposed by "aerobic microorgan-
isms" is designated as BOD. Therefore, BOD is an indicator of environmental pollution, with a
higher value implying more significant natural pollution (Ranjith et al., 2019). Values greater than
5 ppm are objectionable and suggest organic contamination of some form. BOD ranged from
9.30 to 73.1 ppm in this study, with the winter season having the highest and the monsoon season
having the lowest BOD values showing the dilution in the river system (Fig. 4.6) (Bora and
Goswami, 2015).

4.1.6 Heavy metals

Heavy metals are persistent contaminants as they are neither removed nor degraded. There-

fore, in sediments and soils, they appear to accumulate. Higher levels of heavy metals can impact

aquatic biota in the marine or aquatic environment and pose a risk to human consumption. Due
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to urbanisation and industrialisation, trace metals have grown more in various water bodies, par-
ticularly heavy metals. More than 50 elements are listed as heavy metals, of which 17 are extremely
toxic (Tchounwou et al., 2012).

The presence of iron in the riverine system depends on the region's regional geology and the
other chemicals present in the river system. Iron is known to be one of man's most critical metal
elements. The human body has approximately 3000-5000 mg of iron (Fernandez-Luquefio et al.,
2013; Landis et al., 1995). As long as iron levels in the environment are not very high (0.3 ppm),
they do not affect the human body. But, the iron in industrial processes or environments can
cause undesirable problems without adequate wastewater management, e.g. iron hydroxide pre-
cipitation can block valves, causing turbidity issues, and iron deposits can cause a foul smell or
taste in the water. IS 10500:2012 recommends 0.3 ppm as the acceptable limit in potable water.
Fe concentration in the Kolong river vatried from 0.54 to 5 mg/L for the entire sampling petiod
(Fig. 4.7). Fe concentration has consistently exceeded the permissible limit for all the seasons for
all sampling locations, which indicates Fe is a critical parameter for river water quality. Iron
sources in the river are anthropogenic and geogenic, which might be the reason for the high
concentration.

Mn is typically found as suspended or dissolved in surface waters at concentrations less than
0.05 mg/L. Mn is objectionable in drinking water supplies for several reasons. Mn stains plumbing
fixtures and clothing at concentrations over 0.15 mg / L, creating unpleasant drinks. As with Fe,
microbial growth in the distribution system can occur by the presence of Mn in the water. Mn is
an essential element for most organisms, but large amounts result in pneumonitis, which affects
the central nervous system (Manivasakam, 2016; Mena et al., 1969). IS 10500:2012 recommended
a value of 0.1 ppm as the allowable drinking water limit. The Kolong river was found to have the
following Mn variations in the entire period of sampling; Winter: 2.12 to 0.05 ppm, Pre-Monsoon:
0.67 to 0.11 ppm, Monsoon: 0.47 to 0.12 ppm, Post-Monsoon: 0.40 to 0.13 ppm. Mn concentra-
tions, for the most part, sampling has exceeded the permissible value. The Winter season has seen
the highest Mn concentration, and with the advancement of monsoons, values have diluted to
some extent (Fig. 4.7).

Zn is a crucial trace element. Its shortcomings and its abundance are both harmful. Recent
studies have shown that zinc is particularly critical for fetal development and infant nutrition
(Hotz and Brown, 2004). Excess amounts of zinc can induce cramps, nausea, vomiting, and cen-
tral nervous system disorder, on the other hand. IS 10500:2012 acceptable value of Zn for potable
water is 5 ppm. In the Kolong river, Zn concentration varies from 2.6 ppm to 0.0 ppm (Fig. 4.7),
lower than the acceptable value. Winter and pre-monsoon seasons show higher Zn concentration
fluctuation than monsoon and post-monsoon seasons. Also, there are higher dilutions in the val-

ues in the monsoon and post—monsoon seasons.
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Cd is a non-beneficial element and is recognised as highly poisonous. Minute amounts of cad-
mium are thought to be responsible for harmful changes in the arteries of human kidneys. Cd can
cause kidney damage, anaemia, bone marrow disorders, and high blood disorders (Perry et al.,
1961). Owing to Cd's toxicity, an acceptable value of 0.005 ppm in potable water was recom-
mended by IS 10500:2012. The concentration of Cd was observed to be higher in the winter
season when the concentration exceeded the acceptable value. Still, its value has decreased with
the onset of monsoon, which can be observed with the lowered values in the pre-monsoon season
(Fig. 4.7). But with its entire rainy season, the Cd level has gone below the detection limit.

Of all the environmental neurotoxins, Pb is considered one of the most dreadful because of
its widespread subtle and insidious impact on man. Therefore, it is the most extensively studied
toxic metal (Bryce-Smith, 1989). It reaches the human body primarily by ingestion or inhalation
of contaminated water and food. An acceptable value of 0.05 ppm of lead in potable water was
suggested by IS 10500:2012. There were not many variations in Pb concentrations in the Kolong
river during the pre-monsoon and monsoon months. However, after the monsoon, the concen-
tration was higher; due to the declining rainy season, which leads to a decrease in the dilution
capacity of the river (Fig. 4.7). The Kolong river was found to have the following Pb concentra-

tions; Pre-Monsoon: 0.09 to 0.04 ppm, Monsoon: 0.05 to 0.01 ppm; Post-Monsoon: 0.092 to 0.07
ppm.
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Fig. 4.7. Seasonal variation of Fe, Mn, Zn, Cd and Pb

4.2 Spatial and Temporal Variability of EWQI

The EWQI of all sampling locations in the Kolong river with seasonal variation is shown in
Fig. 4.8, and the classification basis is shown in Table 3.3. The classification is based on the fact
that the ‘excellent’ water quality indicates that water quality is directly available for consumption.
With the addition of contaminants into the river, water quality deteriorates, and the degree of
treatment required for consumption increases. The ‘good’ water quality is the least treatment re-
quired, and ‘extremely’ poor water quality is the highest treatment for water consumption at that
location (Singh et al., 2019). In the winter season, EWQI varies from 109.84 to 241.32, depicting
'average' to 'extremely poot' quality water. During the Pre-Monsoon season, EWQI varies from
68.93 to 165.75, representing 'Good' to 'Poot’ water quality. In the Monsoon season, EWQI varies
from 67.28 to 114.19, depicting 'Good' to 'Average' water quality. In the Post-Monsoon season,
EWQI ranges from 102.36 to 259.91, defining 'Average' to 'Extremely Poot' quality of water. The
values obtained after calculating EWQI showed no value falls in the "Excellent’ water quality clas-
sification indicating the extent of pollution in the river during sampling (Bora and Goswami,
2015). The sampling sites 'SSKR3', 'SSKR6', 'SSKRS8', SSKR14', 'SSKR15', SSKR17', and
'SSKR18' are showing 'Extremely Poor' quality of water during the various seasons of the sam-
pling period. Thus, indicating a few of the probable non-point pollution sources in the river. Also,
values observed in the winter decrease in the pre-monsoon and monsoon seasons with an increase
in the region's precipitation. During the Post-monsoon season, the EWQI numbers rise as the

monsoon season ends since less water is available to dilute the sources of pollutants.
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Fig. 4.8. Seasonal variation of EWQI
4.3 Spatial and Temporal Variability Of FWQI

The FWQI of all sampling locations in the Kolong river with seasonal variation is shown in
Fig. 4.9 and classified using the output membership function in Fig. 3.7. The classification is based
on the fact that higher FWQI values have worse quality and lower FWQI values have better water
quality. The results obtained from FWQI were similar to that obtained from EWQI. Post-mon-
soon had the worst water quality, with most of the values falling in the bad quality and site
‘SSKR10” having the worst quality. For most sites, post-monsoon has higher FWQI values fol-
lowed by winter, pre-monsoon and monsoon, indicating the dilution of FWQI values, i.e. im-
provement in quality due to high precipitation in the monsoon and pre-monsoon seasons. The
results indicate that FWQI is at par with EWQI but can be said to be easy to apply as knowledge
of the permissible limits are enough to predict the water quality of a source. No, difficult statistical
know-how is required to formulate this index. The basic difference between EWQI and FWQI is
that the FWQI results are more stringent than EWQI, which is obvious from Fig. 4.8 and 4.9.
The results of FWQI for all the sites vary from bad to worse, whereas EWQI results vary from
good to extremely poor. In FWQI, the final rank of any sample is very much affected by toxic
parameters. It means that a sample with an acceptable range of all parameters (except one toxic
parameter) falls under the unacceptable rank. Therefore, some samples, which have a good quality
based on EWQI, show worse quality (higher rank) in FWQI. As a result, in areas where water
chemistry shows some toxic elements in the surface water resources, the FWQI classification of

water for drinking gives more reliable results.
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Fig. 4.9. Seasonal variation of FWQI
4.4 Summary

In this chapter, water quality in the Kolong river has been evaluated to understand better the
seasonal variance of contaminants and how they shift from dry to wet and back again. After la-
boratory analysis, water quality parameters were utilised to determine the water quality status in

terms of EWQI and FWQI. The following concluding remarks can be made from this study:

1. DO ata few sites have gone below the permissible limit of 4mg/L, EC at upstream sites
in the winter and post-monsoon season are higher than the permissible limit of 250 mg/L,
BOD:, i.e., the organic load of the river is higher throughout the seasons. Considering the
case of heavy metals, Fe, Mn, Cd, and Pb are also higher than the permissible limit
throughout the seasons. The rest of the physicochemical parameters are within their limit
throughout the study period. With respect to pollution load, heavy metals present a higher
risk to the consumer of the surface water of Kolong river.

2. Rivers that encounter pollution sources (point or non-point sources) in their paths have
deteriorating water quality, as observed from EWQI values. The water quality of the Ko-
long River ranged from 'Good' to 'Extremely poor’. The poorer water quality is attributed
to less dilution available in the river, i.e. the dry season, while good water quality was found
in the heavy rainfall season. The sampling sites’ SSKR3', 'SSKR0', 'SSKR8', SSKR14',
'SSKR15', SSKR17', and 'SSKR18" are showing 'Extremely Poor' quality of water during
the various seasons of the sampling period, indicating few of the probable non-point pol-
lution sources in the river. FWQI showed similar but stricter results even though many
parameters are within the limit except a few parameters outside it. This implies that the

FWQI is much more sensitive to each parameter variation.
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Chapter

BENTHIC SEDIMENT LOAD ASSESSMENT

In this chapter, sediment load assessment is carried out in terms of heavy metals in two folds.
Firstly, pollution load assessment is carried out in terms of total metal content in sediments and
secondly, it is carried out in terms of bioavailable and non-bioavailable fractions i.e.in terms of
metal speciation fractions measured using a 5-step sequential extraction technique.

5.1 Variation of Total Metals in Benthic Sediments

Total metal concentration at each of the sediment locations is shown in Table 5.1, and their
order of variation in different seasons is shown in Fig. 5.1. It is observed that metals in Kolong
river sediment followed the trend: Fe > Zn> Mn > Pb > Cd > Cu > Co. According to Bodek et
al., 1988, the normal range of Fe is 20,000-550,000 mg/kg in soils. Native Fe concentrations ate
regionally diverse and can differ significantly in localised regions due to soil types and other
sources (USEPA, 2005). In this study, Fe concentration is observed in the range of 1633-23551
mg/kg of sediments, which is in the range provided by the USEPA for iron concentrations in soil
(US EPA, 2005). The Mn range in soil ranged between 35 and 1483 mg/kg, far exceeding the
FAO/WHO limits for 2 mg/kg (Sakan et al., 2009; WHO, 2013). Pb values varied between 4.94
and 186.09 mg/kg in sediment. These sediment values surpassed both the US (15mg/kg) and the
German (70mg/kg) limits (Kittrick, 1971; USEPA, 2002). Cu levels in sediments ranged from 8-
46 mg/kg. The requirements were within the European Commission General Director of the
Environment (ECDGE) limits (Mortvedt, 1995). The concentration of Zn in the sediment was
detected in the range of 0-23550 mg/kg, which extends beyond the acceptable limits of the (EC-
DGE) 2010 norm of 100-150 mg/kg (Mortvedt, 1995). Mn, Pb, Cu, and Zn exceeded the limits
of presence in soil or sediment prescribed by different agencies, which is a cause of concern
keeping in their harmful effects (de Groot, 2018; Mahurpawar, 2015). The maximum values of
these metals can cause problems for the aquatic ecosystem and need to be further analysed to
understand the extent of anthropogenic or natural contamination in the sediments.

5.2 Speciation of Heavy Metals in Benthic Sediments

The maximum, minimum, and average concentration (mg/kg) of different fractions of heavy
metals in the sediment along with standard deviation is shown in Table 5.2, and the mean per-
centages of the metals associated with the different phases (Fig. 5.2) are as follows:

e F1: Cu, Mn (19%) > Cd (17%) > Co (13%) >Pb (12%) > Zn (10%) > Fe (3%)
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Table 5.1. Maximum and minimum of total metal concentration at sampling locations in benthic sediments

Sampling Cadmium (mg/kg) | Cobalt (mg/kg) | Copper (mg/kg) Iron (mg/kg) Lead (mg/kg) Manganese (mg/kg) Zinc (mg/kg)
Locations Max Min Max Min Max Min Max Min Max Min Max Min Max Min
S8s1 63.13 0.35 33.54 9.77 39.96 9.13 23550.64  2531.20 | 164.01 6.74 1138.91 38.44 23550.64 0.35
§S2 61.13 0.87 49.18 9.41 36.19 8.56 2122341 2248.24 89.64 5.25 999.83 39.58 21223.41 0.87
SS3 63.13 0.65 39.65 0.00 36.19 8.74 | 22691.48  2298.26 | 176.36 5.01 1243.22 36.27 22691.48 0.00
SS4 61.53 1.25 44.37 9.42 37.39 9.11 22481.40  2362.16 | 185.67 5.30 1483.57 35.07 22481.40 1.25
SS5 59.73 0.18 39.99 9.34 45.80 8.64 | 21534.04 2387.09 | 136.30 4.94 1006.99 41.31 21534.04 0.18
SS6 60.93 0.46 37.47 9.35 37.99 8.70 22459.58  2456.26 | 159.76 4.99 1165.71 37.96 22459.58 0.46
SS7 52.63 0.54 39.57 9.88 41.59 9.11 18611.41  2360.17 | 156.92 7.16 886.93 43.75 18611.41 0.54
SS8 54.63 0.00 32.27 8.51 38.61 8.13 17581.51  1938.57 | 107.58 5.72 698.78 39.58 17581.51 0.00
SS9 54.63 0.29 45.72 0.00 36.79 8.70 20427.84  1632.62 | 186.09 6.80 905.22 40.18 20427.84 0.00
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e [2:Zn (24%) > Cd (15%) > Pb (12%) > Co (10%) > Mn: Cu (9%) > Fe (4%)

e I3: Fe (38%) > Mn (35%) > Cu (21%) >Zn (16%) > Cd (13%) > Pb (12%) > Co (11%)

e F4: Cd (25%) > Pb (15%)> Cu, Zn (12%)> Co, Mn (7%)> Fe (4%)

e F5: Co (59%) > Fe (51%) > Pb (49%)> Cu (39%)> Zn (38%) > Cu, Mn (30%)

Metals are observed to have a greater association with F1, FF3, and F5 phases of sediments,
which are well represented with higher percentages. Fe and Mn have a greater association with
F1, F3, and F5, indicating anthropogenic and natural sources of pollution, whereas Cu, Pb, and
Zn have greater F1 and F2 phases, thus indicating an anthropogenic source. This contribution of
pollution sources can further be evaluated using lithogeneous and anthropogenic shares of the
metals, which are calculated by adding the exchangeable, carbonate bound, and Fe/Mn-oxide
bound phases (Fig. 5.3) (Forstner, 1982; Karbassi et al., 2011). The order of the mean anthropo-
genic portions of the metals, expressed as a percentage of their mean concentration: Mn (63%) >
Zn (50%) > Cu (49%) >Cd (46%) > Fe (45%) > Pb (36%) > Co (34%).

5.2.1 Seasonal variation

In the case of Pb, the organic matter fraction is slightly increased during pre-monsoon and
post-monsoon seasons. This may be associated with the acidic pH of the sediment affecting Pb's
organic matter fraction (F4) sorption. The speciation analysis (Table 5.2) showed that the major
part of Pb is bound to the residual fraction. The prominent residual fraction (FF5) presence of the
sediment with a small exchangeable (F1) and carbonate fraction (IF2) indicates its lower bioavail-
ability (Jordao and Nickless, 1989; Kumar and Thakur, 2017). The Zn speciation (Table 5.2)
demonstrates its strongest association with the (Fe-Mn) oxide component of the sediment (F'3).
From winter to the other seasons, there is also a rise in the concentration of the organic fraction
(F4). A small fraction of Zn is associated with the carbonate (F2) and exchangeable fraction (F1)
of the sediments. A significant quantity is also related to the sediment's residual fraction (F5).
These findings are consistent with (Fe-Mn) oxides demonstrated capacity to scavenge Zn from
solution (Gadh et al., 1993; Nriagu and Coker, 1980; Yuan et al., 2018).

The chemical partitioning of Co (Table 5.2) demonstrates its relationship with exchangeable
fraction (F1) and a carbonate fraction (F2). A minor fraction (5%) is also related to the sediment's
(Fe-Mn) oxide concentration (Baruah et al., 1996). Cu is readily absorbed by sediments, resulting
in a high residual level. Sorption rate varies with clay/sediment type, pH, competing cations, and
the presence of ligands and Fe/Mn oxides. The Cu speciation reveals that it is mostly connected
with the Fe-Mn oxide fractions of the sediments. However, it is also associated with a significant
fraction of the organic matter content. This is possible because of the complex formation with
organic matter, particularly during the monsoon period. A significant amount of Cu is affiliated
with the residual fraction (Jha et al., 1990; Maharana et al., 2018). High percentages of Cd are

found in exchangeable (F1) and carbonate (F2) fractions in different seasons.
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In contrast, lower percentages are found in organic matter (F4) and Fe-Mn oxide (F3) fractions,
but the dominant fraction in the case of Cd is also the residual fraction. These findings suggest
that controlling metal concentration in the soluble phase relies heavily on Cd adsorption. Cd is
effectively absorbed by Fe-Mn oxides (Chester, 2018; Gadde and Laitinen, 1974; van der Weijden,
1976) and organic materials of natural origin (Gardiner, 1974; Mikhailenko et al., 2020). A con-
siderable percentage of Cd from exchangeable and carbonate fractions suggests that after salinity
increases or slight pH decreases, a substantial percentage of Cd particles is solubilised and easily
accessible (Fernandes et al., 2019; van der Weijden et al., 1977). According to speciation studies,
Mn compounds are found primarily in the first three fractions (>50%) in all seasons, with higher
percentage fractions found in the pre-monsoon and monsoon seasons. Furthermore, similar to
Fe, Mn is weakly absorbed from organic materials. It is possible that Mn bioavailability in sedi-
mentary organic materials is lower. In addition, it may be established that exchangeable Mn species
are plentiful in Kolong river sediments due to industrial and agricultural activity (Akcay et al.,
2003; Rajeshkumar et al., 2018). Speciation studies of Fe show that the highest form is found in
residual fraction (F5) and oxide fraction (F3). Mn, Cu, and Cd have the highest exchangeable
fractions, while Fe and Co have the highest in the residual (Fig. 5.2). The appreciable quantity of
metals in the exchangeable fractions is a cause of concern for the aquatic environment as the
fractions indicate anthropogenic contamination (Gadh et al., 1993; Nriagu and Coker, 1980).

From Tessiet's 5-step sequential extraction, residual fraction or F5 fraction dominates the
metal distribution in sediments in all the different seasons except for Zn (winter), Mn (Pre-mon-
soon) and Pd (post-monsoon) (Table 5.2). This indicates that the heavy metals are also locked up
in the lithogeneous phase (Sundaray et al., 2011). After F5 fraction, F3 dominates the metal dis-
tribution in the sediments and F4, F2 and F1 have equitable distribution. This metal fraction (F5)
is inert and contained within the crystalline structure of some primary and secondary minerals
(Ramos-Gomez et al,, 2011). Under normal environmental conditions, the metals associated with
this fraction are stable and insoluble. As a result, they have little effect on surface water quality
and are not biologically accessible (Idriss and Ahmad, 2013). All the metals also have an appre-
ciable proportion in F2 and F3 fractions due to metals affinity toward carbonates and Fe-Mn
oxides (Sundaray et al., 2011). For all the metals, F5 and F4 combined, i.e. non-bioavailable frac-
tions, are dominant species in the sediments in the winter season. While with the onset of mon-
soon, the proportion of bioavailable fractions, i.e. the F1 and F2 fractions, increases to an appre-
ciable quantity due to the turbulence in the river stream (Aguilar-Hinojosa et al., 2016). This could
pose a higher risk for the aquatic environment as these fractions easily into the river stream and
the aquatic biota (Al-Mur, 2020; Liu et al., 2017; Sun et al., 2019). This also indicates that metals
from the stream might have adsorbed onto the sediments, leading to a decrease in metal concen-

tration in the stream (Akindele et al.; 2020; Akindele and Olutona, 2014).
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Table 5.2. Distribution of heavy metal (%) in various metal speciation fractions in the Kolong river sediments

Winter Pre-monsoon Monsoon Post-monsoon
F1 F2 F3 F4 F5 F1 F2 F3 F4 F5 F1 F2 F3 F4 F5 F1 F2 F3 F4 F5
Zn Min 6.46 26.66  2.30 2.16 39.73  4.06 10.92 14.57 9.32 13.32  3.67 6.80 16.71  16.28 23.45 0.50 12.06 2259 1821 994
(%) Max 11.60 38.89 12.71 879 58.54 2237 2271 24.05 4393 3558 2414 1399 36.50 24.43 40.48 1479 2414 4342 33772 32.07
Average 9.03 32.54  6.67 4.03 4773 1526 16.63 21.62 2325 2324 11.73 9.83 2635 1936 32.72 8.35 17.92  30.53 2334 19.86
Std. Dev* 1.95 4.30 3.57 2.07 6.09 5.85 4.14 2.81 9.41 6.75 6.23 2.22 6.96 2.52 5.78 4.19 4.67 6.93 4.67 7.07
Mn Min 19.07  8.03 1218 15,59 2239 1642 245 3649 1.23 22,73 12.82 892 2545 6.86 20.24 943 4.57 16.08 12.25 36.15
(%) Max 27.87 16.86 16.56 30.20 34.68 26.43 8.51 48.13 2.54 32.79  23.69 15.03 4122 1899 3943 17.27 11.50 3245 18.05 48.64
Average 2390 1198 1421 21.05 2886 20.95 6.09 4320  1.77 2799 1599 11.69 3229 10.14 29.89 1325 6.79 2529 1513 39.54
Std. Dev* 3.17 3.03 1.54 4.29 4.42 3.50 1.85 4.27 0.38 3.31 3.44 2.00 5.79 3.58 6.87 2.64 2.19 4.70 2.05 4.03
Pb Min 9.09 7.87 9.76 2191 2427 5.69 5.85 8.95 1293 5232 1291 12.67 11.87 1146 4557 9.68 1236 15.06 2.71 44.24
(%) Max 2150 1410 1455 42.09 36.56 10.89 12.61 11.85 17.17 58.73 1455 1455 1432 1343 49.14 16.31 15.33 2343 4.67 56.89
Average 16.42  10.36  11.63 30.90 30.69 8.36 10.36  10.39 14.80 56.10 1390 1346 1291 12.66 47.07 13.48 13.52  19.56 3.78 49.66
Std. Dev*  3.41 2.39 1.68 6.49 4.19 1.77 1.93 1.03 1.47 2.09 0.01 0.56 0.85 0.63 1.43 213 1.21 2.27 0.66 4.02
Fe Min 1.10 3.17 38.02 6.86 26.87  0.80 1.84 3450 1.19 4313  3.20 2.43 20.37 212 41.06  5.38 8.87 16.13  9.53 46.40
(%) Max 1.95 8.44 53.28 1532 4797 1.50 2.39 51.50 2.87 61.31 6.76 5.69 42.83  6.03 70.12  7.56 12.45 26.11 11.63 54.49
Average 1.55 4.85 43.27  9.66 40.67 1.11 2.08 4150 1.68 53.63 5.09 4.43 32.86 3.08 5453  6.71 11.05 21.14 10.58 50.53
Std. Dev*  0.30 1.86 5.39 2.86 7.31 0.26 0.22 5.58 0.51 5.76 1.25 1.12 8.90 1.20 11.13  0.61 1.32 341 0.87 2.99
Cu Min 15.11  6.26 9.18 14.82  29.40 1349 3.00 17.67  4.65 30.48 9.39 8.49 11.40 8.77 36.10 15.96 13.06 19.75 1271 19.24
(%) Max 2796 18.69 1298 2796 4575 25.73 8.27 33.07 9.14 51.87 17.38 14.01 18.87 20.22 5334 27.10 1597 23.79 1571 3454
Average 21.27 11.00 11.29 1872 37.72 19.05 5.36 26.51 7.23 41.86 1227 1112 16.26 15.85 4450 20.77 14.40 21.66 14.03 29.15
Std. Dev* 4.45 3.83 1.56 4.09 5.11 3.53 1.66 4.71 1.54 6.69 2.35 1.71 2.57 3.57 5.59 3.77 1.06 1.31 1.07 4.48
Co Min 1098 10.83 10.62 20.41 2294 9.55 9.33 5.68 1.96 64.34  8.27 7.71 13.09  5.10 53.00 28.18  6.63 9.84 6.28 31.46
(%) Max 19.17 2099 13.87 37.70 36.29 16.05 1094 8.76 3.80 70.07  9.88 10.40 19.62 11.13 63.16 42.83 10.05 13.18 8.63 49.07
Average 14.72 1487 1246 27.53 3042 1232 1021 6.96 2.89 67.63 9.15 9.25 14.99  8.06 58.55 31.87 8.29 11.53  7.39 40.92
Std. Dev*  3.05 3.76 1.20 5.36 4.92 2.52 0.54 0.95 0.50 2.25 0.57 0.81 1.97 1.67 2.92 4.29 1.10 1.12 0.70 5.05
Cd Min 11.55 8.21 11.71  19.58 2352 13.06 10.23 11.96 5.51 38.85 2097 17.10 342 6.84 29.39  3.62 10.12  6.55 5.76 55.15
(%) Max 20.09 19.16 1487 38.02 3811 17.59 18.57 3236 19.28 47.09 3091 27.07 13.86 9.06 4537 12.38 1419 1462 13.19 063.13
Average 15.57 13.08 1298 26.73 31.64 16.03 1546 15.83 9.09 43,59 26.62 21.64 6.89 8.16 36.69  6.78 1221 1232 1030 58.39
Std. Dev*  3.20 4.19 1.27 5.74 5.48 1.82 2.49 6.28 3.95 2.48 3.11 3.50 3.44 0.64 4.98 2.36 1.64 2.33 2.06 2.85

*Standard Deviation
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Fig. 5.2. Presence of metals in different sedimentary phases or chemical fractions in benthic sed-

iments
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Fig. 5.3. Pie chart showing anthropogenic and natural fractions of metals in benthic sediments of

the river
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5.3 Particle size and Metal Speciation Factions

The particle size of sediments was analysed using a laser particle size analyser (Make: MAL-
VERN, model: HYDRO 2000 MU). Mean particle size (dos) sediments are plotted against metal
speciation fractions, and the results are shown in fig. 5.4. For Cd, it is observed that smaller sedi-
ment particles have a higher F5 fraction indicating historical presence of Cd. For Co, it can be
observed that there is a high proportion of F1 and F5 for the smaller size of sediment particles.
In the case of Cu and Fe, F3 and F5 are higher in proportion in the smaller size of sediments.
However, in the case of Pb and Zn, there is an equitable proportion for all the fractions, still
higher proportions of F3, F4 and F5 in smaller sediment particles. From this, it can be said that
F5 is found to be high in the case of the smaller size of sediments except for Mn, wherein the F3
fraction is high. Also, along with F5, a high concentration was observed in the I3 fraction in cases
of Cu and Fe. So, it can be inferred from the particle size study that in the case of Cu, Fe and Mn,
there is some form of anthropogenic and natural pollution during the studied period, whereas in
the rest, mostly the rest of the metal pollution is due to natural sources. However, principal com-
ponent analysis and positive matrix factorization need to be carried out to confirm the pollution

sources.
5.4 Sediment Load Assessment

Sediment load assessment is carried out in terms of heavy metals in two folds. Firstly, pollution
load assessment is carried out in terms of total metal content in sediments and secondly, it is
carried out in terms of bioavailable and non-bioavailable fractions i.e.in terms of metal speciation
fractions measured using 5-step sequential extraction technique.

5.4.1 Via total heavy metal concentrations in the benthic sediments
5.4.1.1 Pollution Load Index (PLI)

PLI values have been calculated and observed in the range of 0.48-1.89 and are shown in Fig.
5.5. It has been observed that in August '18, September '18, December '18, March '18, May '19,
June 19, and October 19, the PIL value is >1, with the highest value being found in June ’19 and
October '19. This is due to the rivers' high flow and turbulent condition, which allows all the
metal concentrations to get adsorbed on the surface of sediment particles. Additionally, ample
amounts of chemical pesticides and herbicides are used during the peak period for harvesting tea
leaves (Golian et al., 2020; Hazarika and Bhuyan, 2013; Ostad-Ali-Askari and Shayannejad, 2021).
PLI values for the samples collected in 2019 were higher than those collected in 2018. This can
be associated with the anthropogenic addition of pollutants in the river stream, which ultimately
get deposited in the sediments over a period of time. High values of PLI are also observed in the
drier months like Dec’18 and Mar’19, which indicates that during the low flow, metals tend to
precipitate on the surface of sediments and get attached, thereby increasing the metal concentra-
tion (Kaushik et al., 2009). The values are PLI are observed to vary similatly in the year 2018 and

2019, with monsoon and pre-monsoon months having lower pollution load than post-monsoon
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and winter months due to lower turbulence in the post-monsoon and winter months. This is
because heavy metals tend to settle on the river bed due to lower turbulence in these months,
giving higher PLI. The values of PLI in the year 2018 are less than those in 2019, indicating

continuous anthropogenic addition of pollutants in the river giving rise to higher PLI values.
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Fig. 5.5. Variation of PLI values
5.4.1.2 Geoaccumulation Index (I;c,)

The I, values calculated are shown in Fig 5.6. Sediments are mostly found in the range of
moderately polluted due to cobalt in May and June '18. In August '18, Zn was a significant
contributor to pollution varying in the range of 0.29-0.56, which is moderately polluted, which
can also be observed from a high anthropogenic fraction of the metal. In September '18, Cd was
the main contributor to pollution, and in December '18, Pb was the major contributor of
pollutants. In January '19, sediments wete found to be moderately polluted. In March '19, Fe and
Mn were the highest contributors to pollution according to the I, values, followed by Pb and
Co. The variation in the concentrations of the metals is likely to be due to the runoff water
released in the rainy season from the agricultural field and tea garden, which uses chemical
fertilisers, pesticides, and herbicides during the rush cropping periods for tea production in April
to June and October to December (Bora and Goswami, 2014). In May'19, all the sites were
uncontaminated to moderately contaminated with each metal analysed except for Pb, which is
moderate to heavily contaminated. Again with onset of the monsoon, i.e. June’ 19, I, values
decreased below the previous months and increased in October after the high precipitation period
ended, except for Co, which has higher values than the rest of the metals. Co and Pb have
significant load in the sediments of the river due to anthropogenic pollution, as the metals have
high anthropogenic fractions in the sediments as compared to lithogenic fractions (Karbassi et
al., 2011).

Also, it is observed during the monsoon months, i.e. May’18 and May’19, June’18 and June’19,
Ieeo values for most metals are less than 1, whereas in the rest of the months are greater than 1.
This variation can be attributed to the fact that in the monsoon months, due to high flow in the
river, i.e. turbulent flow, the metals tend to release the sediment particles and move into the water,
thereby increasing the pollution load of the river. After the monsoon season, the exact opposite
happens wherein the stillness of the river, metals tend to deposit onto the sediment particles and

get adsorbed. For this reason, the values in the driest months, i.e. December and January, are
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greater than 1. However, for Pb and Co, there is a constant increase in Iy, values irrespective of
the season. This might be because of the anthropogenic pollution sources existing in the region,

continuously adding pollutants to the river, leading to an increase in I, values.
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Fig. 5.6. Variation of Iy, values
5.4.1.3 Enrichment Factor (EF)

EF predicts the ecological degradation of the Kolong River due to the impact of anthropogenic
activities. EF estimation is based on elementary concentration and reference in the earth's crust
of the sediment to the Fe concentration and is shown in Table 5.3 (Lim et al., 2013; Salomons
and Forstner, 2012). Among the metals found in Kolong River sediments (Cd, Co, Cu, Fe, Mn,
Pb, Zn), Co (42.51: May’19) has the highest EF value observed during the period of study, which
falls in the category of very high enrichment. Co (23.24: June’19, and 9.36: September’18), Pb
(29.15: June’19, 12.43: May’19, and 5.26: May’19), Cu (9.82: June’19, and 5.32: September’18), Cd
(9.36: September’18) and Mn (7.45: May’19) have significantly enriched values in the sediments
of Kolong river suggesting an anthropogenic source of the metal which can be directly correlated
with the presence of higher fractions of metals relating to anthropogenic contamination. Mn 63%,
Cu 49%, Cd 46%, Pb 36%, and Co 34%, respectively, have higher contamination fractions, which
is anthropogenic, leading to higher enrichment factor (KKarbassi et al., 2011). In the monsoon
months, i.e. in May’19 and June’19, Co and Pb have the highest EF values in the river. This
indicates that the monsoon brings anthropogenic pollutants into the river, leading to river eco-
system degradation. EF values observed over two years indicate that the pollution level with re-
spect to benthic sediments is increasing and can cause serious environmental degradation. Thus,

serious attention should be given to sediment pollution in the Kolong river.

5.4.1.4 Potential Risk of Individual Metal (E;) and Potential Ecological Risk (PERI)

Table 5.4 shows E; and PERI values for all months of sampling. The maximum values for Co
(113.66, 74.30) in September and December and Pb (42.65) in June are rated as ‘moderate eco-
logical risk’, which can also be directly related to high anthropogenic fractions. The remaining
values of E, for Cd, Cu, Pb and Zn were found below 40, indicating low ecological risk. PERI
values were less than 150, categorising the sites as low ecological risk in different sampling months
(Hakanson, 1980; Teodorof et al., 2020; Zhang et al., 2016). Although PLI, I, EF and E. sug-
gested some form of anthropogenic contamination of the Kolong River sediments, PERI levels
showed a low ecological risk. This indicates that even though the metals have higher anthropo-
genic contamination in the sediments, they have not exceeded the permissible sets of different
agencies.
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Table 5.3. Maximum values of EF in different months

Sampling Enrichment Factor (Maximum Value)
Months Cd Co Cu Mn Pb  Zn
May'18 3.36 571 216 220 323 178
June'18 1.31 321 105 131 0.82  0.65
August'18 0.21 0.66 0.66 1.14 0.95 1.43

September'18  9.30 1.28 532 3.14 1.00  4.47
October'18 1.76 1.86 121 274 226 0.82
December'18  3.54 1.54  4.05 1.69 4.67  4.00

January'19 0.41 1.02 115 0.17 2.08 3.55
March'19 0.06 0.72 056 1.23 0.69  0.09
April'19 3.11 385 252 175 526  2.64
May'19 0.05 4251 398 745 12.43  0.78
June'19 0.53 2324 9.82 3.39 29.15 1.61

October'19 1.33 1.19 139 1.57 1.70  1.31
Table 5.4. Maximum values of E, and PERI in different months

. Er
izg?:ﬁng Cd Cu Pb Zn g
May'18 25.19 3.18 426 044 3275
June'18 23.00 3.04 242 038 2824
August'18 9.87 5.03 695 220 2256
September'18  113.66 1053 195 246 126.92
October'18 23.85 2.34 469 032 30.03
December'18  74.30 11.60 1648 254  94.02
January'19 9.81 5.11 7.64 246 21.78
March'19 5.87 10.12 1077 028  27.00
April'19 6.50 7.72 527 097 1812
May'19 23.48 812  30.88 025  59.47
June'19 2.45 218 4265 1.86 4823
October’19 24.45 5.19 977 094  39.33

5.4.2 Via metal speciation fractions in the benthic sediments

5.4.2.1 Pollution Index (Irorr)

Seasonal variations of Irorr. and g are shown in Fig. 5.7. The Iporr index values show a wide
range of contamination (from 'uncontaminated' to 'moderately uncontaminated’). As a result, a
considerably clearer picture of anthropogenic contamination is presented (IKarbassi et al., 2008;
Roudposhti et al., 2016). Staring with Cd, Iporr initially increases with the monsoon and then

recedes with the receding monsoon. Similar variation in being is also shown in the case of Fe and
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Mn. So, for these metals, increased turbulence leads to metals getting attached to sediment
particles from the water column of the river. Whereas, in the case of Co, Cu, Pb and Zn, the
pollution decreases in the monsoon season and increases in the pre-monsoon season. This can be
attributed to the fact that in the monsoon season when there is high turbulence in the river,
attached metals get desorbed from the sediment particles and thus have lower value in monsoon
season.

Irorris a modification of I, index by considering bioavailable fractions with respect to non-
bioavailable fractions, as non-bioavailable fractions are hardly released into any ecosystem due to
bond with the sediment particles and causing very less harm to the aquatic environment. As it is
well established in the literature that an increase in bioavailable fractions poses a rather than just
increase in metal concentration. The effectiveness of Irorr. needs to be understood by comparing
its values with the Iy.o. For Cd, Irorr values increase after winter with advancing monsoon rainfall
and then decrease with receding monsoon, whereas in the case of Iy, there is a constant decrease
from winter to post-monsoon season due to a decrease in overall concentration of Cd, but the
proportion of bioavailable fraction increase initially (Table 5.2) than decrease which Iporr first
increase than decrease. For Fe, I, values are less than 0, which indicates the sediment pollution
due to metals is on an ‘uncontaminated’ level. However, when Iporr. values are looked upon, it is
observed that it indicates ‘uncontaminated’ to ‘moderate’ pollution level for winter amd pre-
monsoon season, and then pollution level decreases for the rest. This is due to higher bioavailable
fractions in winter and pre-monsoon season, and then the release of bioavailable fractions takes
place (Table 5.2), due to which metal pollution decreases. Similar variations were observed in Mn,
wherein I, show an uncontaminated pollution level, but Irors. values show ‘uncontaminated to
moderate’ contamination and ‘moderately contaminated’ pollution level. The higher risk shown
by Iprorr is due to higher bioavailable fractions (Table 5.2). The seasonal variation depicted in cases
Cd, Fe, and Mn shows that in monsoon months, due to turbulence in the river, metal pollution
increases and then decreases in the rest of the season. In the case of Co and Cu, the variation
shown by L, and Iporr are exactly the opposite. I, shows an increase in pollution trend during
monsoon and then decrease in the rest, but IrorL values decreasing trend in monsoon and an
increasing trend in the rest. This can be directly linked to the proportion of bioavailable fractions
in monsoon compared to rest of the season. Thus, it can be said that for these metals during
monsoon, i.e. during high turbulence period, the proportion of bioavailable fractions decreases,
indicating release of metals from sediment particles, thereby decreasing the pollution level. Till
now, all metals considered have higher pollution levels with Irorr. than with Iye.. But for Pb and
Zn exact opposite has been observed, i.e. lower Irorr, which is due to lower bioavailable fractions
in the case of these two metals. This is because Iy, is based on shale concentrations rather than

their physicochemical fractions, which might vary from one place to another.
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5.4.2.2 Mobility Factor (MF), Individual Contamination Factor (ICF) and Global Con-

tamination Factors (GCF)
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The box plot in Fig. 5.8 depicts the changes in MF, ICF, and GCF temporally and spatially.
The MF factor represents the mobility of bioavailable fractions in the sediments. The average
otder of variations for MF and ICF are as follows:

MF: ICF:

Mn: W > PRM > M > POM
Zn: W > PRM > PTM> M
Pb: W > PTM > M > PRM
Fe: PTM > M > W > PRM
Cu: PTM > W > PRM > M
Co: PTM > W > PRM > M
Cd: M > PRM > W > PTM

Mn: PRM> M > W > PTM
Zn: PTM > PRM > M > W
Pb: W >PTM > M > PRM
Fe: W>M > PRM > PTM
Cu: PTM > PRM > W > W
Co: W >PTM > M > PRM
Cd: M > W > PRM > PTM

The greater amount of mobile fractions present in the sediments, the more is the risk for the
ecosystem, as the fractions can be released from the sediments into the stream. Zn, Mn and Pb
have the highest MF in winter, whereas Cu and Co have the highest MF in the post-monsoon
season, i.e. in the dry season. In the wet season, i.e. the pre-monsoon and monsoon, the MF has
decreased, which might be due to the desorption of mobile metal fractions from the sediments

due to the increase in turbulence in the river (Akindele et al., 2020). For Cd, the exact opposite
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happened, wherein MF is higher in the wet season than in the dry season. This indicates that
turbulence has an opposite effect on Cd, which leads to the adsorption of Cd onto the sediment
particles. For Fe, there is a constant increase of bioavailable metals from winter to post-monsoon
season, which MF represents, indicating the anthropogenic addition of metals in the river and, in
turn, setting down onto the sediment particle.

The ICF value indicates the anthropogenic contamination with respect to each metal, whereas
the GCF value gives an idea about overall contamination at a site. The ICF value for Zn and Cu
is highest in the post-monsoon, whereas Co, Fe, and Pb have the highest values in the winter. For
most metals, dry seasons pose a higher risk than wet seasons. This indicates that metal gets ad-
sorbed onto the sediment particles during the lean flow period, i.e. during the winter and post-
monsoon seasons and gets desorbed during the high turbulent period, i.e. during the pre-mon-
soon and monsoon seasons. The ICF values of Zn constantly rose from low contamination in
the winter to moderate contamination, indicating that Zn is continuously added to the river an-
thropogenically or externally. Mn, Pb, Fe, Cu, Co, and Cd have moderate to low contamination,
and Zn has the highest contamination value. The cumulative effect of these metals at a site is
represented by GCF, which has increased after the monsoon season (in post-monsoon) to con-
siderable contamination, compared to the pre-monsoon and monsoon seasons, where the major-
ity of GCF values fall into the moderate contamination category. This indicates that with the onset
of monsoon or with increase in turbulence in the river, desorption of heavy metals from sediment
can be observed with decrease in the labile or bioavailable fraction of metals. In other wotds, with
monsoon receding, i.e. in post-monsoon season, the bioavailable fractions of metals in sediments
rise, indicating the metal getting adsorbed onto the sediment particles giving an increased risk
(Akindele and Olutona, 2014; Mna ct al., 2021). From this study, it is observed that the tendency
for metals to accumulate in sediments happens in dry seasons or the lean flow period of the river.
Thus, the anthropogenic addition of metals in the Kolong River might be happening during the
dry season, which can be the reason for high values during this period (Akindele et al., 2020).
When metals are added to the sediments, they are an unstable bond which makes them bioavail-
able, and in such cases, the MF, ICF and GCF will show high values as in the study area.
5.4.2.3 Risk Assessment Code (RAC)

The bioavailability (Forstner and Salomons, 1980a; Lim et al., 2013; Morillo et al., 2002) of
heavy metals in Kolong river samples of sediments are shown in Table 5.5, determined by sum-
mation of Fi and F, chemical fractions, and non-bioavailability fractions (%). The bioavailable
fraction is a portion of metal that can be absorbed or ingested by aquatic animals or plants under
favourable conditions, thus causing toxicity to the environment. The bioavailable metal fraction

followed the order during different seasons, shown in Fig. 5.9.
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In this study, Zn, Mn, Cd, Co, and Cu have the most bio-available fraction of the benthic
sediment of the Kolong river and pose a high degree of environmental risk. Risk assessment code
(RAC) can be used to evaluate the threat posed by highly mobile heavy metal fractions using Table
4.4, and the results of the comparison are presented in Table 5.6 (G et al., 1985; Jain et al., 2007;
Karbassi and Shankar, 2005; Singh et al., 2005). Using RAC, it was observed that for Zn, there
was a decrease in risk from 'High Risk' to 'Medium' with the onset of monsoon, which indicates
the release of bioavailable fraction of metals into the river stream during the time that is harmful
to the environment. Similar is the case for Mn and Pb. The exact opposite is observed in the case
of Cd, Co, and Cu, i.e. with the onset of monsoon, more and more metals were getting absorbed
into the sediment particle giving rise to 'High Risk' or "Very High Risk' assessment. In other words,
it can be said that metals from the river stream were getting transferred onto the sediment particles
due to turbulence in the river stream during the monsoon months. In the case of Fe, most of the
metal is bound to the non-bioavailable phases of surficial sediment, thus posing a less severe risk
to the aquatic ecosystem (Al-Mur, 2020; Liu et al., 2017; Sun et al., 2019; Zhang et al., 2017).
Similar observations were made from the use of ICF. After estimating the potential risk using
RAC, trace metal concentrations should be compared with the SQGs, if the total metal concen-
tration poses any risk.
5.4.2.4 Modified Risk Index (MRI)

MRI is a modification of PERI using toxic index (0) and modification factor (i) based on the
bioavailable fractions of metals in the sediments. The results of the comparison between MRI and
PERI are shown in Fig. 5.10. As can be observed from the figure, MRI results show a greater risk
than PERI. This is because specific importance has been given to samples with higher proportion
of bioavailable fractions of metals present. The seasonal variation of PERI shows a decrease in
ecological risk from winter to pre-monsoon and then increases in the monsoon season, and then
again decreases in the post-monsoon season. This can be due to the fact that during monsoon
season, increased precipitation increases the surface runoff, thus, bringing in more and more pol-
lutants into the river ecosystem and thus increasing the ecological risk level. However, there is not
much change in the proportion of bioavailable fractions present in the sediments, and thus risk
associated is also the same, which MRI beautifully represents. The values obtained in the study
show that metal contamination in the sediments presents a ‘Low ecological risk’ in the aquatic
ecosystem even though from RAC, metal contamination assessment shows ‘High Risk” at some
during the sampling period for each of the metals. This might be because PERI and MRI classi-
fication were developed with keeping metal contamination threshold limits in sediments, and
none of the sites during the sampling crossed the threshold limits. Therefore, from this study, it
can be said that using MRI in place of PERI would give the correct picture of risk in the study

area.
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Table 5.5. Percentage wise distribution of different metal speciation fractions in different seasons

Heavy metals Zn Mn Pb Fe Cu Co Cd
Seasons Sites B* NB* B* NB* B* NB* B* NB* B* NB* B* NB* B* NB*
% % % % % % % % % % % % % %

Winter SS1 4224 57.76 3690 63.10 31.05 06895 0643 9357 3445 6555 3029 069.71 29.28 70.72
S§S2  39.84 060.16 4282 57.18 28.67 7133 10.20 89.80 46.58 53.42 38.80 61.20 38.94 61.06
SS3 4578 5422 3590 64.10 2385 76.15 4.69 9531 3525 06475 29.73 7027 2829 71.71
SS4 4933 50.67 30.56 69.44 2357 7643 518 9482 2593 7407 23.52 7648 2222 77.78
S§S5 4990 50.10 36.06 6394 23.85 76.15 484 9516 2873 7127 2882 71.18 27.43 7257
S§S6  33.33 066.67 31.18 68.82 33.00 67.00 5.80 9420 30.27 69.73 25.69 7431 24.88 75.12
SS7 3426 6574 3357 06643 2631 73.69 530 9470 28.68 7132 25.60 74.40 24.63 75.37
SS8 3742 6258 38.11 61.89 20.71 79.29 591 94.09 3257 6743 30.85 69.15 30.20 69.80
SS9 4202 5798 37.86 62.14 30.00 70.00 929 90.71 2798 72.02 3296 67.04 3195 068.05

Pre- SS1 3392 66.08 29.11 70.89 2045 7955 286 97.14 18.72 81.28 24.04 7596 27.51 72.49

Monsoon S§S2  28.17 71.83 34.00 66.00 16.73 8327 286 97.14 1948 80.52 2591 74.09 31.04 068.96
SS3 3419 065.81 31.32 68.68 19.08 80.92 284 97.16 2404 7596 20.05 79.95 2328 76.72
SS4 2512 7488 26.11 73.89 19.78 80.22 3.08 96.92 2514 7486 206.64 73.36 31.55 068.45
SS5  36.83 063.17 2493 7507 17.45 8255 266 97.34 2246 7754 2294 77.06 33.58 0606.42
SS6  30.01 69.99 2443 7557 1740 82.60 353 96.47 26.14 73.86 20.65 7935 3296 67.04
S§S7 3198 68.02 2098 79.02 19.42 80.58 348 96.52 34.00 66.00 21.03 7897 3428 065.72
S§S8 3329 66.71 2266 7734 19.85 80.15 3.83 96.17 27.81 7219 20.69 79.31 35.01 64.99
SS9 33,56 6644 29.82 70.18 1829 81.71 3.62 9638 21.87 7813 20.77 79.23 3421 065.79
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Heavy metals Zn Mn Pb Fe Cu Co Cd
Seasons Sites B* NB* B* NB* B* NB* B* NB* B* NB* B* NB* B¥* NB*
% % % % % % % % % % % % % %
Monsoon SS1 1940 80.60 21.90 78.10 26.63 7337 7.38 92.62 1859 81.41 1814 81.86 39.59 060.41
§S2  12.04 8796 21.88 7812 2798 7202 826 91.74 2358 7642 1836 81.64 4490 55.10
S§S3  18.89 81.11 2630 73.70 25.85 7415 5.63 9437 2329 7671 17.92 82.08 42.01 57.99
SS4  16.64 8336 2553 7447 2746 7254 1090 89.10 21.53 7847 1848 81.52 43.73 56.27
S§S5  24.64 7536 29.07 7093 2793 7207 802 9198 1885 81.15 17.92 82.08 53.82 46.18
SS6 2024 79.76 2695 73.05 27.53 7247 1202 8798 2340 76.60 1873 81.27 53.83 46.17
S§S7  26.00 74.00 29.81 70.19 27.85 7215 1227 87.73 3139 068.61 18.65 81.35 5296 47.04
§ SS8  18.13 81.87 29.01 70.99 27.14 7286 9.80 90.20 25.60 74.40 19.80 80.20 53.09 46.91
SS9  38.13 61.87 3872 6128 27.86 72.14 1143 8857 2431 75.69 1759 8241 50.39 49.61
Post-Mon- SS1 2456 7544 20.32 79.68 2559 7441 17.06 8294 4285 57.15 39.09 6091 2042 79.58
soon §S2 3207 67.93 2508 7492 2924 70.76 17.93 8207 3250 67.50 4130 58.70 19.61 80.39
S§S3 3221 67.79 23.14 76.86 27.23 7277 18.87 81.13 3732 62.68 40.00 60.00 18.80 81.20
SS4 2464 7536 2974 7026 2827 71.73 1820 81.80 39.71 60.29 38.69 61.31 16.71 83.29
S§S5 2742 7258 21.77 7823 29.37 70.63 20.01 79.99 3576 06424 40.78 59.22 1892 81.08
§S6 2629 73.71 3222 67.78 2410 7590 17.89 8211 31.19 68.81 50.74 49.26 1991 80.09
S§S7  20.25 79.75 2453 7547 25.05 7495 1872 81.28 34.07 6593 3940 060.60 13.75 86.25
S§S8 29.74 7026 21.80 7820 31.20 068.80 1558 8442 31.56 6844 36.63 06337 2622 73.78
SS9  19.24 80.76 28.01 7199 2295 77.05 1549 8451 31.53 6847 3481 06519 16.59 83.41

B*: bioavailable fraction; NB*: nonbioavailable fraction.
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Table 5.6. Results from comparison with RAC

Heavy metals Zn Mn Pb Fe Cu Co Cd

Seasons Sites Risk Category

Winter SS1  High Risk  High Risk High Risk  Low Risk High Risk High Risk  Medium
S§S2  High Risk  High Risk Medium Medium High Risk High Risk ~ High Risk
SS3  High Risk  High Risk Medium Low Risk High Risk Medium Medium
SS4  High Risk  High Risk Medium Low Risk Medium Medium Medium
SS5  High Risk  High Risk Medium Low Risk Medium Medium Medium
SS6  High Risk  High Risk High Risk  Low Risk High Risk Medium Medium
SS7  High Risk  High Risk Medium Low Risk Medium Medium Medium
SS8  High Risk  High Risk Medium Low Risk High Risk High Risk  High Risk
SS9  High Risk  High Risk High Risk  Low Risk Medium High Risk  High Risk

Pre- SS1  High Risk ~ Medium Medium Low Risk Medium Medium Medium

monsoon  SS2  Medium High Risk Medium Low Risk Medium Medium High Risk
SS3  High Risk  High Risk Medium Low Risk Medium Medium Medium
SS4  Medium Medium Medium Low Risk Medium Medium High Risk
SS5 High Risk ~ Medium Medium Low Risk Medium Medium High Risk
SS6  High Risk ~ Medium Medium Low Risk Medium Medium High Risk
S§S7  High Risk ~ Medium Medium Low Risk High Risk Medium High Risk
SS8  High Risk  Medium Medium Low Risk Medium Medium High Risk
SS9  High Risk ~ Medium Medium Low Risk Medium Medium High Risk
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Heavy metals Zn Mn Pb Fe Cu Co Cd
Seasons Sites Risk Category
Monsoon SS1  Medium Medium Medium Low Risk Medium Medium High Risk
SS2 Medium Medium Medium Low Risk Medium Medium High Risk
SS3  Medium Medium Medium Low Risk Medium Medium High Risk
SS4  Medium Medium Medium Medium Medium Medium High Risk
S§S5  Medium Medium Medium Low Risk Medium Medium Very High Risk
SS6  Medium Medium Medium Medium Medium Medium Very High Risk
SS7  Medium Medium Medium Medium High Risk Medium Very High Risk
_ SS8  Medium Medium Medium Low Risk Medium Medium Very High Risk
& SS9  High Risk  High Risk Medium Medium Medium Medium Very High Risk
Post- S§S1  Medium Medium Medium Medium High Risk High Risk Medium
monsoon  SS2  High Risk ~ Medium Medium Medium High Risk High Risk Medium
SS3  High Risk  Medium Medium Medium High Risk High Risk Medium
SS4  Medium Medium Medium Medium High Risk High Risk Medium
SS5  Medium Medium Medium Medium High Risk High Risk Medium
SS6  Medium High Risk Medium Medium High Risk Very High Risk  Medium
SS7  Medium Medium Medium Medium High Risk High Risk Medium
SS8  Medium Medium High Risk  Medium High Risk High Risk Medium
SS9  Medium Medium Medium Medium High Risk High Risk Medium
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Fig. 5.10. Comparison between MRI and PERI
5.5 Sediment Quality Guidelines (SQGs)

It is known that the different metals pose different threats to the aquatic environment based
on their interaction with sediment particles. In this section, three sets of sediment quality stand-
ards: ERL (effect range low) and ERM (effects range medium), TEL (Threshold Effect Level)
and PEL (probable effects level) guidelines, and LEL (lowest effect level) and SEL (several effect
levels) guidelines are utilised evaluate the question of whether the total metal sediment concen-
tration is threatening the aquatic life (effects range medium) (Long et al.; 1995; Macdonald et al.,
1996; MacDonald and Ingersoll, 2003). Table 5.7 displays the specifics of these guidelines. The
summation of the 5 fractions determined by the Tessier 5-step sequential extraction technique is
total metal concentration, compared with the different guidelines (Table 5.7). However, risk as-
sessment results concluded that the potential threat posed by the heavy metal contamination is in
the 'medium’ or 'high risk' or 'very high risk' category, but none of the sites has surpassed various
sediment quality guidelines. This high proportion of bioavailable metals is a problem for the
aquatic environment, but it is well within limits at the time of the study. Therefore, appropriate
measures should be taken not to increase trace metal sediment contamination as the proportion
of bioavailable metals in the surficial sediment of the Kolong river is high, which is a cause of

concern for the future.
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Table 5.7. Sediment Quality Guidelines (SQGs) classification

Sediment Quality Guidelines (SQGs)

Effect

TEL and PEL guidelines <TEL Not associated with adverse biological effects

Between TEL-PEL ~ May occasionally be associated with adverse biological effects

>PEL Frequently associated with adverse biological effects
LEL and SEL guidelines <LEL Dredged sediments may have no contamination

Between LEL-SELL. ~ The impact is moderate

>SEL Severely impacted
ERL and ERM guidelines <ERL Minimal effects range

Between ERL-ERM  Effects would occasionally occur

>ERM Effects would frequently occur

Metal Concentration (mg/kg of sediments)

Mn Zn Cu Pb Cd Co Fe
TEL - 124 18.7 30.2 0.68 - -
PEL - 271 108 112 4.21 - -
LEL 460 120 16 31 0.6 - -
SEL 1100 270 110 110 9 - -
ERL - 150 34 46.7 1.2 - -
ERM - 410 270 218 9.6 - -
Measured Values in this study
Range 0.075-0.496  0.023-0.457 0.007-0.026 ~ 0.003-0.061  0.003-0.013  0.009-0.033  1.736-10.575
Average 0.238 0.146 0.017 0.027 0.006 0.019 4.75
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5.6 Summary

In this chapter, sediment pollution assessment due to heavy metals is carried out using two meth-
odologies. The first methodology involved carrying out the assessment based on the total con-
tamination of metals, and the second one carried out the assessment based on metal speciation
fraction, i.e. the various bioavailable and non-bioavailable fractions in sediments. Various critical
observations were made, and the following conclusions, listed below, are deduced from the study.

e The trace metals concentration was abundant and in the order of Fe > Mn > Zn > Cd >
Pb > Co > Cu.

e PLI values show that the river bed sediments are moderately polluted. PLI value is higher
in the dry season, which shows that the contaminants are added into the streams anthro-
pogenically. This might be due to low water flow where the contaminants are settled into
the river bed sediment. Possible pollutant sources may be the tea garden runoff, which
uses different chemical fertilisers, herbicides, and acid forming pesticides. Additionally,
agricultural and domestic waste also contribute to the river at various locations. From the
Geoaccumulation index data, it has been seen that the pollution is highest due to the
presence of Cadmium (1.34), Iron (1.26), Manganese (1.23), followed by Zinc (0.76), Co-
balt (3.80), Copper (0.63), and Lead (5.75). In Kolong river sediments, Zn (7.98), Cd (6.40)
and Pb (5.08) are significantly enriched in the river sediments indicating the source of

metal as anthropogenic.

e The E, of Cd (113.66) and Pb (42.65) were the highest. It falls in the moderate and con-
siderable ecological risk category, which can also be observed from the higher anthropo-
genic fraction of the metals. The PERI values found at all sampling sites in different

months were below 150 at low ecological risk.

e Sequential extraction results showed that F5 is the dominant metal speciation in surficial
sediment samples collected during different seasons. However, fractions F1, FF2, and F3
also substantially contribute to the metal contamination, posing a risk to the aquatic envi-

ronment because of the liable bond with the sediment particles.

e The following pattern shows anthropogenic fractions in the sediments: Mn (63%) > Zn
(50%) > Cu (49%) >Cd (46%) > Fe (45%) > Pb (36%) > Co (34%).

e The pollution index (Irorr) is a modification of the geoaccumulation index (Iy..) and gives
higher contamination levels for Cd, Fe, Mn, Cu, and Co and lower for Pb and Zn. This is
because Cd, Fe, Mn, Cu, and Co have higher bioavailable fractions, whereas Pb and Zn
have higher non-bioavailable fractions.

e The mobility factor (MF) and the individual contamination factor (ICF) for most metals
analysed were higher in the winter or post-monsoon months, i.e. during the dry season.

However, the variation of Cd was the exact opposite to the other metals, i.e. higher values
TH-2940 176104105
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were found in pre-monsoon and monsoon season (wet period) and identified the increase
in the Fe and Zn contamination due to anthropogenic addition of pollutants. Global con-
tamination factor (GCF) showed that the post-monsoon season had the most considera-
ble contamination, followed by the winter, pre-monsoon, and monsoon seasons. This
contamination in benthic sediments leads to a very distinct result that during high rainfall
seasons wherein flow in the river is turbulent, the contamination falls from higher form
contamination to lower form contamination due to the desorption of metals from sedi-

ments

e RAC yielded the varying nature risk posed by different heavy metals in different seasons.
Zn, Mn, and Pb posed a higher risk in the drier season, indicating these metals adsorb
onto sediments during the lean flow period when there is low turbulence in the river
leading to precipitation and adsorption onto sediment particles. Whereas with onset of
monsoon or an increase in turbulence, these particles get released into the river, decreasing
the risk posed by sediments to the aquatic environment. However, the exact opposite case
happens with Cu, Co, and Cd, i.e. with the onset of monsoon, wherein turbulence and
mixing increase in the river; metals get adsorbed onto sediment particles and released into
the river during the lean period. In Fe's case, the dominant fraction is the fraction F5,
which is the metal fraction that is non-reversibly bonded to the sediment particles' crystal
structure, due to which the risk posed by Fe is less, even though the concentration of Fe
is appreciably high.

e PERI and MRI show that the bioavailable fraction-based index (MRI) was able to quantify
the risk or hazard of metal contamination. This is because when the bioavailable fractions
were lower in the sediments, MRI calculated the risk very close to the PERI values, but
when the bioavailable fractions were higher, the values were higher than the PERI values,
thus giving them higher risk.

e Comparison with the SQGs revealed that the total metal concentration never exceeded
SQGs, suggesting that sediment contamination does not threaten the aquatic environment
at present. However, a high proportion of fractions F1, FF2, and F3 indicates a severe
threat to the aquatic environment with an increase in future contaminations.

Thus, this study calls for the use of bioavailable fractions-based evaluation parameters in sediment

pollution assessment for better quantification of the risk of metal contamination.
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Chapter

APPLICATION OF ENVIRONMENTRICS
TOOLS FOR WATER QUALITY MONITORING
AND ASSESSMENT

In this chapter, hierarchical cluster analysis (HCA), discriminant analysis (DA), principal com-
ponent analysis (PCA) and positive matrix factorisation (PMF) have been applied to water quality
and sediment quality datasets to understand the nature of the variations in the datasets in the river
ecosystem. In first half of this chapter, the results from analysis of the water quality dataset are

discussed, and in the 2™ half, the results from the sediment quality data analysis are discussed.

6.1 Analysis of Water Quality Dataset
6.1.1 Discriminant Analysis (DA)

The aim of carrying out the discriminant analysis (IDA) is to find out parameters affecting the
seasonal variation in the river. This will help formulate remediation strategies based on the pa-
rameters causing the river's water quality degradation, as observed in chapter 5. Standard and
stepwise modes were used for constructing classification functions (CFs). It was observed that
only 10 (turbidity, TDS, EC, hardness, alkalinity, Na*, Ca*?, Mg"*, F, SO, and Cd) out of 21
parameters (based on the Fisher's Linear Discriminating Functions) were responsible for the tem-
poral variability of the water quality dataset of the studied area (Table 6.1). Turbidity, TDS, EC,
hardness, and alkalinity explain the domestic discharge quotient, Na* Ca™, Mg*’, and F explains
soil pollution contribution to tiver pollution, SO4” explains mostly the agticultural runoff quo-
tient, and Cd explains the anthropogenic or geogenic metal pollution quotient of the seasonal
variation in the water quality dataset. Therefore, any remediation strategies formulated can be
based on these quotients of pollution in the Kolong river. Thus, DA will help formulate targeted
pollution abatement policies for this study area and any polluted water body.

6.1.2 Most probable source identification
6.1.2.1 Using Principal Component Analysis (PCA)

Samples from the Kolong river were collected for 12 months. After analysing the collected
samples for the water quality parameters, the data has been clubbed into four seasons: pre-mon-
soon, monsoon, post-monsoon, and winter. PCA was performed on a standardised log-trans-

formed dataset for each season to identify the latent factors, which were then used for source
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identification. This assessment was conducted primarily to establish an entirely new collection of
variables that were significantly fewer in number than the initial dataset used in the subsequent
analysis. According to the eigenvalue-one criterion and the factor loadings of the components
were classified as 'weak', ‘moderate,’ and 'strong,' with absolute loading values ranging from 0.30
to 0.50, 0.50 to 0.75, and > 0.75, respectively (Liu et al., 2003; Singh et al., 2021b).

Table 6.1. Classification functions for discriminant analysis of the temporal variation in Kolong

river
Classification Function Coefficients
Standard Mode Stepwise Mode
Season Season
Winter | Pre- Mon- Post- Win- | Pre- Mon- Post-
Monsoon | soon Monsoon | ter Mon- soon Mon-
soon soon

pH 1345.70 1322.56  1308.30 1335.44
DO -49.91 -52.52 -56.77 -58.74
Turbidity 8.85 8.43 9.76 7.66 1.56 1.21 2.60 0.25
BOD; -0.01 -0.50 -0.46 -0.59
TDS 0.09 -0.07 -0.06 -0.09 0.21 0.09 0.10 0.09
EC 0.72 0.60 0.42 1.02 | -0.01 -0.17 -0.34 0.15
Hardness 1.09 0.21 0.77 -2.12 2.16 1.25 2.01 -0.42
Alkalinity 1.14 0.92 1.97 0.58 0.13 0.16 1.09 -0.29
Na+ 4.72 14.55 7.42 -1.74 5.29 14.07 7.76 0.44
K* -0.73 -1.58 -1.82 =107
Ca*? -0.55 0.25 -1.03 8.08 | -5.38 -4.22 -6.11 1.64
Mg*? -11.60 -12.38 -15.27 -7.18 0.98 0.09 -2.45 491
F 272.12 204.94 166.51 121.88 | 111.96 84.80 41.11 13.87
Cr 1.48 1.64 2.07 2.29
SO,2 -1.28 1.91 9.85 -2.88 2.55 3.62 12.03 -0.28
NOs -0.62 -0.63 -0.54 -0.62
Fe 15.33 12.66 16.95 14.69
Mn 84.20 136.56 124.72 196.44
Zn 31.58 48.35 37.82 32.59
Pb -82.25 -98.53 -77.91 7.86
Cd -307.48 -491.67  -625.56 -769.57 | 397.79 279.85 128.82 23.02
(Constant) - -4801.03 -4726.62  -4772.08 - -192.62  -247.29 -88.16

5032.00 195.30

Fisher's linear discriminant functions

PCA of winter season

For the winter season dataset, across 5 PCs (Table 6.2), PC1 describes 31.91% of the total
variance and has strong positive loading on Cd. This factor explains metal pollution's contribution
to deteriorating river quality (Schlosser and Karr, 1981; Wang et al., 2017). PC2 explains 20.43%
of the overall variance and has strong loadings on turbidity, alkalinity, and Mg*", which can be
related to domestic discharges (Miller et al., 2007). PC3, PC4, and PC5, respectively, explain
12.87%, 7.72%, and 6.80% of the total variance. This can be directly related to the various densely
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populated settlements on the bank of the Kolong river (Fig. 3.4), and since the town does not
have a sewage treatment plant, all the settlements discharge their household waste directly into
the Kolong river (Bora and Goswami, 2015).

Table 6.2. Results of the PCA for water quality parameters for winter

Component
1 2 3 4 5
pH -.075 026 -919 .022 043
DO 717 113 -.135 -115 -.092
Turbidity -.343 -.807 .288 .079 .044
BOD:s -.231 -.282 -.004 .100 .817
TDS .559 -451 517 -.092 -.096
EC 441 709 514 .066 -.038
Hardness -221 155 .036 946 .095
Alkalinity -125 .883 161 -.033 -.027
Na* 520 302 .695 .058 .040
K* -.068 221 -.039 .062 .895
(até -218 -.026 047 958 .090
Mg*? -.063 920 -.043 149 .048
E 647 215 263 -333 -131
Cr -.529 451 290 A 451
SO~ -.075 -.088 -.206 145 127
NOs 082 -.351 -.197 -.007 - 112
Fe -.686 105 -223 353 .080
Zn -.280 -.082 434 290 331
Cd .849 164 228 -137 -131
Eigenvalue 4.794 3.667 2.518 2.277 1.894
% total variance 25.233 19.301 13.254 11.987 9.971
Cumulative % variance 25.233 44.534 57.789 69.775 79.746

PCA of pre-monsoon season

PC1 describes 32.44% of the total variance across 5 PCs (Table 6.3), with strong loads on EC,
K*, Mg*?, F" and CI for the pre-monsoon season dataset. PC2 and PC3, respectively, account for
14.31% and 10.84% of the overall variation and have strong loads on turbidity, hardness, alkalinity
and Ca*”. These three main components illustrate domestic discharge's relationship to river water
quality (Miller et al., 2007). The overall variance described by PC4 and PC5, respectively, were
8.92% and 7.58% and SO4* and NOj have strong loads with the PCs. These loadings are caused
by overland flow due to the start of rainfall in these months, which leads to surface run-off and

agricultural run-off (CPCB, 2015; Goonetilleke et al., 2005; Schlosser and Karr, 1981). Also, from
TH-2940 176104105
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Fig. 3.4, it can be observed that the Kolong river is surrounded by agricultural fields, forests, or
tea gardens at some of the locations on the bank of the river, and this factor can be related to that
(Mendivil-Garcia et al., 2020; Zhou et al., 2012).

Table 6.3. Results of the PCA for water quality parameters for pre-monsoon

Component

1 2 3 4 5
pH 616 -.085  -.098 310 103
DO -385  -.209 .587 263 -.094
Turbidity 001 -.228 812 -.013 019
BOD; 265 182 -.170 107 722
TDS -316  -.235 017  -346 -614
EC 899 117 -134 074 -.269
Hardness .350 814 -.1806 134 298
Alkalinity -.023 824  -.306 093 -214
Na* -.144 355 174 -.600  -476
K" .830 422 011 -.002 .080
Ca® 004 936 -.031 -.016 263
Mg*? .853 415 -170 .091 123
F 762 -.060 152 .248 232
CI .888 322 029 .004 133
SO~ 122 092 018 .807  -.004
NOs 129 050  -.034 752 -.020
Fe 047 .090 778 -283 -103
Mn -.158 139 020 -367 677
Zn 282 629 362 -.180 216
Cd 665 -.029  -194 152 442
Pb -429 028 564 102 -.163
Eigenvalue 5202 3442 2408 2256 2.252
% total variance 24771 16.390 11.467 10.744 10.724
Cumulative % variance | 24.771 41.161 52.628 063.373 74.097

PCA of monsoon season

PC1 describes 42.11% of the total variance across 5 PCs in the monsoon season dataset (Table
6.4) and has high loads on pH, DO, TDS, EC, alkalinity, Na*, Mg"*, SO,*, and Zn. This compo-
nent mainly determines residential discharge's relationship to water quality, with a small impact
from wastewater and metal contamination (Wang et al., 2017). Of the overall variance, 16.41%
and 10.66% ate respectively explained by PC2 and PC3, which are strongly loaded by Ca*?, hard-

ness, and turbidity, respectively. These two main components describe domestic discharge's

TH-2940_176104105

132



Application of Environmentrics Tools for Water Quality Monitoring and Assessment ~ Chapter 6

relationship to the river's water quality (Miller et al., 2007). PC4 and PC5 describe 6.19% and
5.01% of the overall variation, respectively, and have strong positive loads on Cl" and NOj3 which
are related to agricultural or surface runoff (Juahir et al., 2011; Kayhanian et al., 2012; Vieira et al.,
2013), as well as industrial discharges (Hdokpayi et al., 2017; Zhao et al., 2011). Household sewage
is dumped directly into the river by those who live along its banks. Nagaon and Morigaon do not
have a sewage treatment facility at present. Kitchen and bathroom wastewater are flushed into the
river through an exposed drain. Local industries such as vehicle repair shops, gas stations, and
others contribute to industrial pollution. Also, from Fig. 3.4, there is a lot of vegetation or agti-
cultural fields form which runoff can take place and pollute the river. These pollution sources are
common in any river as population settlement mainly occurs on the bank of the river (Zhao et
al., 2011). Also, there are a lot of major and minor roads near the river, from which runoff can
take place and pollute the river in the process (Fig. 3.4).
PCA of post-monsoon season

For the post-monsoon season dataset, PC1 describes 43.52% of total variation across 6 PCs
(Table 6.5) and has heavy loads on pH, turbidity, hardness, CI', and Cd. This component mainly
describes domestic discharge's relationship to water quality, with a small contribution of metal
contamination (Ha and Bae, 2001; Singh et al., 2021a). PC2, PC3, and PC4, respectively, explain
11.55%, 9.39%, and 7.57% of the overall variance and have strong loadings on Zn, Pb, Mn, and
Cu. These principal components illustrate the presence of metal contaminants in the river, which
can be of geogenic or anthropogenic origin depending on the local region's geology (Chowdhury
et al,, 2016). In this study, Zn and Mn can be traced to be geogenic as these metals can be found
in appreciable quantity in the area (Brahma and Misra, 2014; Krishan et al., 20106), and Cu and Pb
can be traced to industrial sources because of the industries located in the area. PC5 and PC6
account for 5.75% and 5.31% of the total variance and have significant component loadings with
TDS and DO, which can be linked to domestic discharges (Schlosser and Karr, 1981). Since pol-
lution sources change over time, it may be concluded that the Kolong River pollution source is
non-point. The identification of these sources will significantly aid the formulation of mitigation
plans.
6.1.2.2 Using Correlation Matrix
Winter season correlation matrix

In the correlation analysis for the winter season, which is shown in Table 6.6, TDS is correlated
with turbidity (R*=0.78); alkalinity (R*=0.88) and Na* (R*=0.73) is correlated with EC; Ca*™
((R*=0.96) and Fe (R*=0.50) with hardness; Mg** is correlated with EC (R*=0.81) and alkalinity
(R*=0.75); CI is correlated with alkalinity (R*=.52) and Mg** (R*=0.64). The high correlations in
the dataset of the winter season can be deduced to be due to domestic discharges (Osei et al.,
2010). The highly cotrelated compounds like alkalinity, Na*, EC, Ca*? hardness, Mg*?, and CI  are
mostly components of domestic discharges. In this analysis, since metals like Ca*™ and Fe are
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highly correlated with hardness, these metals can be said to be from domestic discharges or from
the soil condition of the region rather than the industrial origin. So, in the correlation matrix
analysis of the winter season dataset, the source of pollution can be said to be domestic or geo-
genic (soil condition) (Ahmed et al., 2019).

Table 6.4. Results of the PCA for water quality parameters for monsoon

Component
1 2 3 4 5
pH .837 131 339 .002 -.004
DO -974 043 -.013 -079 -.070
Turbidity -134 - 119 -.795 136 .036
BOD5 331 -.534 473 252 .043
TDS .824 273 -.103 -019 -014
EC -951 =20 -.046 -018 -.046
Hardness 229 937 -.049 118 .066
Alkalinity 965 019 129 054 .085
Na* .952 -.019 147 .081 .079
K" -.259 -.344 736 -.091 -.020
Ca™ -.020 971 -.083 018 057
Mg*? .828 107 094 341 .042
F 172 .585 .651 .083 -.002
Cl -164 -.231 199 104 -.831
SO~ .861 -.041 .289 -.126 .109
NOs -.100 -.139 135 -.831 .097
Fe 036 -.341 178 Ay 573
Mn =725 -.096 026 .085 .057
Pb -319 228 - 723 -.066 092
Zn 772 028 -.009 201 071
Eigenvalue 8.032 2.954 2.700 1.297 1.091
% total variance 40.162 14.771 13.502 6.485 5.454
Cumulative % variance 40.162 54.933 68.434 74.919 80.973

Pre-monsoon correlation matrix

In the correlation analysis of the pre-monsoon dataset, which is shown in Table 6.7: DO is
correlated with turbidity (R*=0.69); EC is highly correlated with hardness (R*=0.91), alkalinity
(R*=0.90), Na* (R*=0.60), K*(R*=0.83), Ca™* (R*=0.82), Mg"* (R*=0.90) and CI (R*=0.95); hard-
ness is correlated with alkalinity (R*=0.99), Na* (R>=0.62), K*(R*=0.86), Ca*™* (R>=0.95), Mg
R*=0.91), CI' (R°=0.90) and Zn (R*=0.54); alkalinity is correlated with Na® (R*=0.58),

K*(R*=0.86), Ca*™ (R°=0.94), Mg"™ (R*=0.92) and CI (R*=0.88); Na" is correlated with
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K'(R*=0.66), Ca*™ (R*=0.61), Mg"* (R*=0.62) and Cl' (R*=0.70); K" is correlated with Ca"?
(R*=0.89), Mg"* (R*=0.84) and CI" (R*=0.82); Ca™ is correlated with Mg™* (R*=0.84) and CI
(R*=0.89); Mg*is correlated with CI'(R*=0.89). These cortelations directly indicate the domestic
discharge component of pollution (Osei et al., 2010). Apart from these correlations, turbidity is
correlated with iron (R*=0.60); F~ is correlated with Mn (R*=0.68); Zn is correlated with hardness
(R*=0.54), alkalinity (R*=0.57), K" (R*=0.70), Ca** (R*=0.64), Mg"* (R>=0.61) and Cl (R*=0.57);
Pb is correlated with DO (R*=0.60) and turbidity (R*=0.53). This correlation indicates metal pol-
lution component, which may be geogenic or anthropogenic (Ahmed et al., 2019). The correlation
between turbidity and chlorine can suggest an anthropogenic source of pollution, and the rest
suggest a geogenic source. Lastly, NO5 and SO, are highly correlated (R*=0.52), indicating or
suggesting the agricultural runoff portion of the pollution (Park et al., 2014).

Table 6.5. Results of the PCA for water quality parameters for post-monsoon

Component

1 2 3 4 5 6
pH -.795 -225 -303 -115 -.249 281
DO 044 014 -.037 -.010 -.002 908
Turbidity -.881 -142 -.045 -.032 -013 207
BOD:s .078 -.308 .688 .059 -.300 264
TDS 159 011 -121 127 .840 -.008
EC -.542 -442 -.396 -.051 -.035 .084
Hardness 762 463 292 112 124 .036
Alkalinity A79 -.109 465 .283 .601 -.070
Na* .229 .667 136 207 447 -.092
K+ 494 199 193 614 277 -.047
Cat2 .588 .536 .381 -.077 190 165
Mg*2 .659 -.056 410 .289 438 -.099
F- 531 313 434 .066 435 168
Cl- -.891 -.145 -.056 -017 -183 -264
SO -.090 -.022 .288 -.003 -.033 -.091
NOs5 -.612 -.150 -.169 104 -.458 -.280
Fe -278 043 A11 .896 .050 -.033
Mn 142 .188 .808 .008 130 -207
Zn .100 .895 -123 .087 .089 -.001
Pb 214 .809 .033 -103 -.285 .049
Cu 186 -017 -.094 933 .085 .030
Cd .820 189 338 -.030 169 107
Eigenvalue 6.745 3.033 2.518 2.347 2.318 1.320
% total variance 30.657 13.786 11.444 10.667 10.537 5.999
Cumulative % variance 30.657 44.444 55.887 66.555 77.091 83.090
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Monsoon correlation matrix

In the correlation matrix for the monsoon dataset, which is shown in Table 6.8: pH is corre-
lated with DO (R*=0.61), hardness (R*=0.64), K* (R*=0.70), Ca** (R*=0.68), and F" (R*=0.70); DO
is correlated with EC (R*=0.67), hardness (R*=0.56), alkalinity (R*=0.51), K* (R*=0.72), Ca*?
(R*=0.65), and F (R*=0.83); EC is correlated with hardness (R°=0.73), K* (R*=0.80), Ca™
(R*=0.77), and F* (R*=0.88); hardness is correlated with Na* (R*=0.57), K (R*=0.75), Ca™
(R°=0.98), and F (R*=0.71); alkalinity is correlated with F~ (R*=0.50); Na" is correlated with Ca*?
(R*=0.54), K* is correlated with Ca* (R*=0.80), and F (R°=0.89); Ca* is correlated with F
(R*=0.75). These high correlations indicate or suggest the domestic discharge component of the
pollution in the river (Osei et al., 2010). Also, SO4* is correlated with pH (R*=0.66), DO
(R*=0.80), EC (R>=0.68), hardness (R*=0.58), alkalinity (R*=0.66), K* (R*=0.87), Ca** (R>=0.61)
and F (R=0.88). These cortelations imply that the river during monsoon season is polluted by
agricultural or surface runoff (Park et al., 2014). Besides the above correlations, Mn is correlated
with EC (R*=0.55), and Pb is correlated with Zn (R*=0.82). These two correlations indicate that
river is contaminated and polluted with metal to some extent which may be either geogenic or
anthropogenic (Ahmed et al., 2019).
Post-monsoon correlation matrix

In the correlation matrix dataset of the post-monsoon season, shown in Table 6.9: pH is cor-
related with DO (R*=0.54) and K (R*=0.54); turbidity is correlated with alkalinity (R*=0.56) and
Mg"* (R*=0.53); EC is correlated with K" (R°=0.53) and Mg (R*=0.52); hardness with Ca*?
(R*=0.68) and NO5 (R°=0.59); alkalinity is correlated with Mg** (R*=0.90); and Mg is correlated
with CI' (R*=0.54). These correlations suggest that tiver contamination is due to domestic dis-
charges from the vicinity (Osei et al., 2010). Apart from the above: Mn is correlated with CI
(R*=0.63) and SO,> (R°=0.79); Zn is cotrelated with NOs (R*=0.59) and Pb (R*=0.68). These
correlations suggest that the metal pollution content of the river can again be anthropogenic or
geogenic (Ahmed et al., 2019). The results from the correlation matrix are in line with PCA
conducted in this study. Pollution in the months of winter and post-monsoon were attributed to
domestic discharges and metal pollution. Whereas another pollution source gets added in pre-
monsoon and monsoon months due to heavy precipitation in the region during this period which
brings in agricultural or surface runoff quotient of pollution into the river.
6.1.2.3 Using Positive Matrix Factorisation (PMF)

For analysis of sources using PMF, the number of factors is set as the number of PCs gener-

ated during PCA.
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Table 6.6. Winter season correlation mattix

Tur- Hard- Alka-

pH DO bidity BOD; TDS EC  ness linity Na* K+ Ca? Mg*? F Cr SO72 NOjsy Fe Zn Ccd
pH 1.00
DO 0.44  1.00
Turbid-
ity -0.32  -0.09 1.00
BOD:; -0.06  0.06 0.39 1.00
TDS -0.35 -0.22 0.78 0.13  1.00
EC -0.37  -0.11 -0.60 -0.19 -0.54 1.00
Hard-
ness -0.27 020 -0.08 0.10 -0.28 0.48 1.00
Alkalin-
ity -0.11  -0.20 -0.71 -0.38 -0.59 0.88 0.19 1.00
Na+t -0.77  -0.39 0.02 0.18 -0.02 0.73 0.43 049  1.00
K+ -0.04 -0.19 -0.20 0.50 -0.12 0.38 0.05 0.31 044 1.00
Cat2 -0.32  0.16 0.15 0.15 -0.05 0.28 096 -0.02 0.37 -0.02 1.00
Mg+2 0.09 0.19 -0.80 -0.15 -0.85 0.81 0.44 0.75 034 023 0.18 1.00
F- -0.12  0.01 -0.37 -0.20  -0.24 0.11 -0.10 0.04 -0.03 -0.19 -0.19 0.27  1.00
Cl- -0.31  -0.17  -0.35 0.21 -0.47  0.69 0.46 0.52 0.65 0.62 0.31 0.64 0.16 1.00
SO, 0.10 -0.02 0.09 0.23 -0.13 -0.12 -0.04 -0.23 0.02 009 -004 0.01 027 033 1.00
NO;- 044 0.22 0.44 0.08 0.39 -0.82 -0.30  -0.69 -0.68 -0.19 -0.12 -0.67 -040 -0.64 -0.20 1.00
Fe -0.29 -0.03 -0.17 -0.14 -0.37 0.32 0.50 0.14 036 -0.01 043 036 031 051 032 -025 1.00
Zn -041  -0.16 0.32 0.26 0.14 0.03 0.37 -0.13 019 -003 045 -0.14 -0.02 017 -0.01 -0.07 -0.18 1.00
Cd 0.28 0.21 -0.07 -0.29  0.01 -0.08 0.11 0.12 -0.40 -0.23 014 -0.05 -0.15 -0.10 -0.21 0.10 -0.28 0.23 1.00
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Table 6.7. Pre-monsoon season cortrelation mattrix

Tur- Hard- Alka-

pH DO  bidity BODs; TDS EC  ness linity Na* K* Ca*? Mg+ F CF SO7 NOjsy  Fe Mn Zn Pb cd
pH 1.00
DO 0.03 1.00
Tur-
bidity -0.56  0.60 1.00
BOD:; -0.14 -0.39 -0.18 1.00
TDS 0.42 -0.09 -0.26 -0.29  1.00
EC 0.01 -0.37 -0.47 -0.31  -0.21 1.00
Hard-
ness 0.03 -0.40 -0.50 -0.22  -030 091 1.00
Alka-
linity 0.05 -0.42 -0.55 -0.16 -0.31  0.90 0.99 1.00
Nat 0.17 -0.39 -0.51 -0.16  0.14  0.60 0.62 0.58 1.00
K+ -0.21  -0.42 -0.37 -0.17 -0.26  0.83 0.86 0.86 0.66 1.00
Cat2 -0.15 -0.33 -0.35 -0.16 -045 0.82 0.95 094 0.61 089 1.00
Mg+2 0.16 -0.47 -0.65 -0.11  -0.21  0.90 0.91 092 0.62 0.84 0.84 1.00
F- -0.22  0.20 0.42 -0.21 021 -0.20 -0.31 -033 -024 -0.12 -0.28 -0.37 1.00
Cl- -0.08 -0.30 -0.35 -0.32  -0.32  0.95 0.90 0.88 0.70 0.88 0.89 087 -0.23 1.00
SO -0.02 -0.08 -0.01 -0.08 -0.32 -0.01 0.14 0.13 013 011 018 -0.02 -0.14 0.08 1.00
NOs- 0.28 0.12 -0.20 0.00 -0.09 -0.07 -0.12 -0.10 -0.09 -0.21 -0.20 -0.09 0.01 -0.15 052 1.00
Fe -0.40  0.46 0.69 -0.37  -0.09 -0.23 -0.23  -0.30 011 000 -0.06 -041 032 001 022 -0.13 1.00
Mn -0.02  0.08 0.10 0.16 024 -0.19 -0.18 -0.18 -0.10 -0.09 -0.22 -0.16 0.68 -0.26 -0.29 -0.04 -0.05 1.00
Zn -0.16  0.01 -0.14 -0.10 -049 0.49 0.54 0.57 021 070 064 0.61 -0.06 057 004 -0.09 008 -0.07 1.00
Pb -0.18  0.60 0.53 -0.03 -0.15 -0.61 -0.59  -0.60 -0.52 -0.53 -046 -0.66 021 -054 0.31 0.31 030 -0.11 -0.26 1.00
Cd 0.01 -0.24 0.02 0.13 0.16 -0.12 -0.13  -0.11 -0.16 006 -0.15 006 0.02 -0.16 -0.21 -0.07 -0.07 0.16 023 -0.33 1.00
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Table 6.8. Monsoon season correlation matrix

pH DO b.T"." Bop; 1ps Ec Had Alka . g Ca? Mg F CF SO7 NOs Fe Mn Zn  Pb
idity ness  linity
pH 1.00
DO 0.61 1.00
Tur-

bidity -0.64 -0.73 1.00
BODs 0.15 -0.12 0.06 1.00
TDS -0.07 012  -024 -030 1.00

EC 047 0.67  -0.52 0.07 -0.17  1.00

Hard- 0.64 056 -040 -0.08 -0.38 0.73 1.00

ness

1'&11?a- 047 051 -074 -025 014 033 0.31 1.00

linity

Na* 0.04 0.12 0.10  -023 -0.27 049 057 -0.15 1.00

K+ 0.70 072 -0.65 0.00 -0.06  0.80 0.75 048 022 1.00

Cat? 0.68 0.65 -042  -0.09 -031 0.77 0.98 031 054 0.80 1.00

Mg+2  -021 -0.45 0.13 0.05 -0.28 -0.22 0.04 -0.04 007 -029 -0.18 1.00

F- 0.67 083 -0.71 0.06 -0.14 0.88 0.71 050 020 089 075 -027 1.00

Cl- 0.19 -0.10 -0.20 -0.02 048 -0.01 -0.04 0.01 0.03 -0.04 -0.08 0.16 -0.02 1.00

SO 0.6 080 -0.80 -0.09 0.07 0.68 0.58 0.6 -0.01 087 061 -0.15 088 0.03 1.00

NOs 024 007 -0.11 0.00 0.04 -0.05 -0.12 034 -0.03 001 -0.04 -038 -0.07 -0.08 0.02 1.00

Fe -0.14  -0.21 0.07 0.22 -0.58 -0.06 -0.01 -0.09 -0.14 -0.06 -0.10 041 -0.07 -036 004 -0.22 1.00

Mn -0.11 037  -0.38 0.03 023 0.55 -0.03 035 -0.02 038 001 -0.18 049 -010 042 -0.09 -0.15 1.00

Zn -0.09  -0.31 0.39 0.04 -031 -0.38 -0.05  -0.62 0.07 -040 -0.13 038 -031 001 -038 -039 025 -052 1.00

Pb -0.29  -0.53 0.82 0.11 -026 -0.29 -0.21 -0.52 020 -037 -0.17 -0.17 -047 -0.17 -0.62 0.14 -0.07 -038 0.08 1.00
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Table 6.9. Post-Monsoon season cortrelation matrix

pH DO bg; BODs TDS EC h:‘;‘zjs ’zfjlj‘;’y + K Ca? Mg? F CF SO NOy Fe Mn Zn Pb
pH 1.00
DO 069 1.00
i];;l‘bid' 024 006  1.00
BODs 003 -003 041  1.00
TDS 022 001 047 034 1.00
EC 018 021 038 004 030 1.00
nHez‘;d' 040 020 074 015 061 -043  1.00
‘i"t‘;kaﬁn' 020 -013 056 022 038 049 -057  1.00
Na+ 031 020 -007 -019 -003 -028 016 -010 1.00
K+ 050 037 020 021 026 053 037 019 -0.04 1.00
Ca2 026 -0.09 -024 007 -036 -048 068 026 039 -046 1.00
Mgz 031 024 053 023 028 052 040 090 -006 001 -013 1.00
F- 008 023 024 003 018 -011 -015 042 019 -003 034 036 1.00
cr 021 048 019 028 009 -0.11 -007 049 018 027 003 054 028 1.00
soz 015 002 031 034 004 -022 002 044 005 -033 041 049 033 043 100
NOs 002 001 053 008 052 070 059 067 009 -031 031 -0.66 -027 007 001 100
Fe 006 003 004 001 -004 049 012 020 001 049 -012 030 004 011 005 -013 100
Mn 004 -008 014 031 -017 -025 002 040 -002 -0.08 013 033 021 063 079 028 024 1.00
Zn 031 016 034 019 030 -051 042 -0.66 006 010 023 -070 -022 -022 -035 059 -002 -0.15 1.00
Pb 033 023 029 033 000 -033 037 -050 038 010 015 -038 -020 -0.16 -034 030 007 -035 068 1.00
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Application of Environmentrics Tools for Water Quality Monitoring and Assessment Chapter 6

PMEF of Winter Season

In the case of winter, the number of factors is set to 6 and analysis was carried out to generate
parameter contribution profiles into different factors, which would help in identifying the sources
of pollution existing in that season (Fig. 6.1). Only parameters contributing more than 30% were
considered, gave a fruitful insight into the pollution sources. EC, F', and Na" have higher contri-
butions to factor 1; BODs, hardness, Ca™, CI, and SO, have higher contributions to factor 2;
Ca™, NOy, and Cd have higher contributions to factor 3; turbidity, BODs, and TDS have higher
contributions to factor 4; alkalinity, K*, and Fe have higher contributions in factor 5; and lastly
Zn have higher contributions into factor 6. The compositions of the different factors allow us to
identify or speculate on the sources of pollution. Factors 1 and 5 relate to soil or geogenic metal
pollution. Factors 3 and 6 are related to the anthropogenic fraction of metal pollution, and factors
2 and 4 are related to domestic pollution. For PMF analysis in the winter season, domestic and
metal pollution are the sources of pollution that deteriorate the river water quality.
PMEF of Pre-monsoon Season

Here, the number of factors is set to 5, and the analysis generates parameter contribution pro-
files (Fig. 6.2). pH, DO, TDS, EC, alkalinity, Na*, K*, SO,~, and Pb have high contributions to
factor 1; BODs and Mn have high contributions to factor 2; hardness, alkalinity, Ca*? SO.?, Zn,
and CI have high contributions factor 3; turbidity, NOs, and Fe have high contributions to factor
4; lastly Mg*™, Cd, F, and CI” have high contributions to factor 5. These compositions have helped
to identify the sources of pollution and represent them as different factors. Factors 1, 2, and 3
represent domestic pollution sources; factor 4 represents runoff sources and factor 5 represent
soil or geogenic metal pollution source. The PMF analysis carried out for the pre-monsoon season
also reveals domestic, runoff and metal pollution as the sources of pollution.
PMEF of Monsoon Season

Here, the number of factors is set to 5, and the analysis generates parameter contribution pro-
files (Fig. 6.3). DO, BODs, EC, K', CI', NOs and Mn have high contributions to factor 1; hard-
ness, Ca*?, F, and NOj have high contributions to factor 2; Pb has high contributions to factor
3; TDS, alkalinity, Mg*?, SO4?, and F have high contributions to factor 4; and lastly Fe and Mn
have high contributions to factor 5. The compositions of the factors give away sources of pollu-
tion in the river. Factor 1 is related to domestic pollution; factors 2 and 4 are related to surface or
agricultural runoff; factor 3 is related to anthropogenic metal pollution; and factor 5 is related to
geogenic metal pollution. The PMF analysis for the monsoon season reveals three pollution
sources: domestic, runoff and metal pollution.
PMEF of Post-Monsoon Season

Here, the number of factors is set to 6 and the analysis is carried out to generate parameter
contribution profiles (Fig. 6.4). BOD:s, hardness, alkalinity, Ca*? Mg*?, and F have high contribu-
tions to factor 1; TDS and Zn have contributions to factor 2; pH, DO, turbidity, TDS, EC, CI,
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and NO; have high contributions to factor 3; hardness, Ca*?, and Pb have high contributions to
factor 4; and lastly K and NO5 have high contributions to factor 6. The compositions of the
different factors reveal the sources of pollution existing in this season. Factors 1 and 3 represent
the domestic pollution source; factor 2 represents soil or geogenic metal pollution source; factor
4 represents the anthropogenic metal pollution source; and lastly, factor 6 also represents the soil

or geogenic metal pollution source. Two pollution sources exist in the post-monsoon season:

domestic and metal pollution sources.

Base Factor Profiles - Run 15

Legend:

B % of Species
Cd Conc. of Species

Factor 1
Cane,

e R

-

Factar 2
Cone,

1 HnAf

!

Factor 3
Conc,

I

-

Factor 4
Conc,

=]

Factor &
Cane,

[ = ]

:
:
H

Factar &
Coane,

H

!

%‘:"éx S, %, 0

g
b
G L

]

N

gy

%

A
e
1,

&
:qu

|
|
|
|

Il

T
2

]

ST
QIJ:'

Fig. 6.1. Parameter contribution (%) to the factors for the winter season
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Base Factor Profiles - Run 5 Legend: ™ 9% of Species
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The PMF results align with the PCA and Pearson correlation matrix carried out in this study.
Pollution in the months of winter and post-monsoon were attributed to domestic discharges and
metal pollution. In comparison, another pollution source gets added in pre-monsoon and mon-
soon months due to heavy precipitation in the region, which brings in agricultural or surface

runoff pollution into the river.

TH-2940_176104105
143

 10J0E 4 £ 1opne o 7 I0poe o | Jojae 4

CI0J0E 4



Chapter 6 Application of Environmentrics Tools for Water Quality Monitoring and Assessment

Base Factor Profiles - Run 17 Legend: M 9% of Species
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Fig. 6.3. Parameter contribution (%) to the factors for monsoon season
6.1.3 Hierarchical Cluster Analysis (HCA)

In the sections, hierarchical cluster analysis (HCA) is carried out on the sampling sites in dif-
ferent seasons to group them into different clusters and understand their classification based on
WQI variation. This analysis will help to find out the most probable locations of point and non-
point sources of pollution existing in the vicinity of the river. In the winter season (Fig. 6.5), HCA
classified the sampling sites into three clusters. The 1% cluster contained the sampling sites from
1 to 4, the 2™ cluster contained the sampling sites from 5 to 16, and the 3" cluster contained the
final two sampling sites (17 and 18). From, Fig. 5.8 and 5.9, clusters 1 and 3 had EWQI values in

the range of ‘poor’ or ‘extremely poor’, whereas the sites in cluster 2 had EWQI values in the
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‘average’ range. HCA classified the sampling sites into three clusters in the pre-monsoon season

(Fig. 6.6).
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Fig. 6.4. Parameter contribution (%) to the factors for post-monsoon season

The 1* cluster contained sampling sites from 1 to 6, 2™ cluster contained sites located on the
middle stretch of the river (from 7 to 12), and the 3" cluster contained sites from 13 to 18. From
Fig. 4.7, the 1* and the 3™ cluster contained the sites whose EWQI values ranged from ‘poor to
‘average’, and the 2™ cluster contained sites whose EWQI values ranged from ‘average’ to ‘good’.
From winter to the pre-monsoon season, the EWQI values diluted, possibly due to increased
precipitation over the seasons. In the monsoon season (Fig. 6.7), the clusters are exactly the same
as in the winter, with the difference, EWQI values are even lower (i.e. the quality is improving)
due highest precipitation values in the season, which have a dilution effect on the values of the
different pollutant sources. The highest variation of the dataset is observed in the post-monsoon
season, giving rise to four clusters (Fig. 6.8). From analysis, the identification of the non-point

sources can be made from post-monsoon season data. 1* cluster contains the site from 1 to 4, 2™
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cluster contains the site from 5 to 8, 3™ cluster contains the site from 9 to 16, and 4™ cluster
contains sites 17 and 18. The 1* and 4™ cluster contain the sites whose WQI value ranged from
‘poor’ to ‘average’, whereas the 2™ and 3™ cluster contains the site whose WQI values ranged
from ‘poor’ to extremely poor’. The variation over winter, pre-monsoon and monsoon are simi-
lar, with the middle stretch showing better water quality status than the end stretches. However,
the opposite happened in post-monsoon season, where the middle stretch showed degraded water
quality status indicating probable locations of non-point sources, especially from increased pre-
cipitation over earlier months. Thus, this middle stretch, i.e. clusters 2 and 3 in the post-monsoon
season, can be said to be the locations of metal pollution. This can be correlated with the analysis
of PCA, Pearson correlation matrix, PMF and WQIs, wherein the post-monsoon season has a
greater contribution or strong correlation from different heavy metals. Also, in the pre-monsoon
season, cluster 3 (final cluster) has more number sampling sites. Thus, these sites can be inferred
to be sites of agricultural or surface runoff in the pre-monsoon season, as can be observed from
PCA, Pearson correlation matrix, and PMF. Thus, the sites from 9 to 16 can be said to be sites of
anthropogenic pollution or non-point sources of pollution in the river, and the rest of the sites

can be said to be sites of domestic discharge or geogenic metal pollution.
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Fig. 6.5. HCA results of the winter season

TH-2940_176104105
146



Application of Environmentrics Tools for Water Quality Monitoring and Assessment Chapter 6

Dendrogram using Ward Linkage
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Fig. 6.7. HCA results of the monsoon season
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Dendrogram using Ward Linkage
Rescaled Distance Cluster Combine
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Fig. 6.8. HCA results of the post-monsoon season
6.2 Analysis of Sediment Quality Dataset

6.2.1 Most probable source identification
6.2.1.1 Using Principal Component Analysis (PCA)

PCA was conducted with SPSS 25 to classify bioavailable heavy metal sources in the river's
surficial sediment. The PCA loadings in the current dataset have been further eliminated by con-
tributions of major parameters (<0.75 factor score) (Singh et al., 2020a). The resulting values are
shown in Table 6.10, along with their eigenvalues and the percentage of variances for sorted ro-
tated factor loading values. 2 factors explain approximately 80% of the total variance. Among the
2PCs, PC1 explains 45.11 %, and PC2 explains 34.80 % of the total variance, respectively. PC1 is
largely correlated to F1 and F2 fractions of Cu, Fe, and Mn, which is exchangeable fraction and
carbonate bound species of the metal's contamination. In the case of Pb, all the fractions have a
high correlation to PC1. PC2 is correlated to F1 and F2 fractions of Cd and Pb, which accounts
for exchangeable fraction of the metal's contamination; F3 fraction of Mn, which again accounts
for the Fe/Mn oxides bound species of the metal contamination; and F3, F4, F5 fraction of Zn
which accounts for the species bound to Fe/Mn oxides, species bound to sulphides and organic

matter, and residual fraction of the metal's contamination respectively (Forstner and Salomons,
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1980b; Gibbs, 1973; Salomons and Forstner, 1980). After carrying out PCA, most of the metal
contamination in the surficial sediment is largely contributed to F1, F2, and F3 fractions, which
accounts for the anthropogenic contamination and, to a small extent, by 5 fraction, which is
described as the residual or the inert fraction, i.e. they unlikely to be released by the sediments
into the stream (Morillo et al., 2002; Pardo et al., 1993). Therefore, from PCA, it can be deduced
that the metal contamination in the Kolong river surficial sediment is largely from anthropogenic
sources.

0.2.1.2 Pearson correlation among metal fractions

The association of metal fractions can further be evaluated using lithogeneous (F4 and F5
metal fractions) and anthropogenic (F1, F2, and F3 metal fractions) metals' shares, which are
calculated by adding the exchangeable, catbonate bound, and Fe/Mn-oxide bound phases
(Forstner, 1982; Karbassi et al., 2011). The disparities between heavy metal fractions highlighted
the transit of heavy metals and the sedimentary processes. Correlation analysis has therefore been
performed to determine the effects of different factors. Table 6.11 shows the Pearson correlation
coefficients between the heavy metal contents in the sediments. Fe, Mn, Cu and Cd concentra-
tions were substantially correlated, with correlation coefficients above 0.68. These significant cor-
relations suggest that the heavy metals came from similar sources and accumulated excessively in
tiver sediments. All metals (Zn, Mn, Fe, Cu, Co, Pb, Cd) are highly correlated (R*>0.83) to their
respective concentrations in anthropogenic and lithogenic fractions. These significant relation-
ships suggest that increasing heavy metal loadings will encourage heavy metal accumulation and
that heavy metals will be transformed into more easily extractable components in the sediments.
(Gujre et al., 2021; Liu et al., 2020; Qin et al., 2021).
6.2.1.3 Positive Matrix Factorization (PMF)

Q values were computed after iterations with several factors ranging from 2 to 7. Four factors
were considered ideal because Qrne/Qexp for iteration, in this case, is the least (Table 6.12). The
model's fitness was determined by comparing observed and predicted heavy metal values, yielding
the correlation coefficients (R?). R* values greater than 0.95 were found in all heavy metals, indi-
cating a strong relationship between predicted and observed values and, therefore, a high level of
model dependability (Table 6.13).

Heavy metal toxicity to human health and the environment involves utilisation of source allo-
cation models, viz. PMF model to decrease the likelihood of future contamination and, as a result,
to more efficiently manage resources. The current investigation considers four factors that influ-
ence the source of pollution in the Kolong River. From Fig. 6.9, it can be observed that the con-
tribution to factor 1 is shown only by Mn, Fe, Cu, Co, and Cd. The presence of Cu, Co and Cd
can mainly be attributed to anthropogenic sources of contamination from the nearby region. So,
factor 1 can be said to be related to anthropogenic contamination. In the rest of the factors, it is
observed that the contribution is only from Fe, Mn, and Zn. As reported in various works of
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literature, the source of these metals in northeast India is natural or lithogenic (Borah et al., 2009;
Haloi and Sarma, 2012). Thus, from source apportionment analysis using PMF, it can be con-
cluded that among the four factors, factor 1 can be related to anthropogenic contamination and
factor 2, 3 and 4 can be said to be associated with natural or lithogenic contamination.

Table 6.10. Rotated component matrix loading score for the metal speciation fractions in Kolong
river sediments

Component

1 2
CdF1 - -0.76
CdF2 - -0.82
CdF3 - -
CdF4 - -
CdF5 - -
CoF1 - -0.85
CoF2 - -0.80
CoF3 - -
CoF4 - -
CoF5 - -
CuF1 0.93 -
CuF2 0.93 -
CuF3 - -
CuF4 - -
CuF5 - -
FeF1 0.87 -
FeF2 0.79 -
FeF3 - -
FeF4 - -
FeF5 - -
PbF1 -0.97 -
PbF2 -0.96 -
PbF3 -0.96 -
PbF4 -0.96 -
PbF5 -0.95 -
MnF1 - -
MnF2 0.74 -
MnF3 - 0.89
MnF4 - -
MnF5 - -
ZnF1 - -
ZnF2 - -
ZnF3 - 0.84
ZnF4 - 0.88
ZnF5 - 0.94
Eigenvalues 15.78 12.17
% of Variance  45.10 34.79
Cumulative %  45.10 79.90
Remarks Fe/Mn Bound Species &  Fe/Mn Bound Species, Fe/Mn ox-
Carbonate Bound Species  ides Bound Species & Carbonate
(Except for Pb) Bound Species (Except for Zn)

Variables
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Table 6.11. Correlation analysis of total concentration and geochemical fractions of heavy metals

ZnA  ZoN  ZnT MnA MaoN MnT PbA PbN

PbT  FeA

FeN

FeTT CuA CuN CuT CoA CoN CoT CdA CdN CdT

CoN 0.60
CoT 0.55
CdA 045 050
CdN 049  0.37
CdT 053 046

0.69 0.62 0.46
-0.02 - 011 -0.01 0.10
012 024 008 028 022 047
051 047 056 072 058 029 045 067 034 056
041 012 074 0.55  0.74 049 - 0.02  0.60
0.50 028  0.74 0.50 070 0.61 001 024

A: Anthropogenic, N: Natural/Lithogenic, T: Total Metal Concentration
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Table 6.12. Summary of PMF for different runs for heavy metals in surficial sediments in Kolong

River

Factor  Qexp Q(Robust)

Q(True) Q(truc)/Qexp

31 8.8501
15 1.7390
-1 0.8216
-17 0.3065
-33 0.0063

() WO 2 B LS A\

8.8500
1.7390
0.8216
0.3062
0.0058

0.2855
0.1159
-0.8216
-0.0180
-0.0002
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Application of Environmentrics Tools for Water Quality Monitoring and Assessment Chapter 6

Table 6.13. Cotrelation Coefficients (R?) of heavy metals between observed and predicted values

by the PMF model

Species Intercept Slope SE R?

Zn 0.85 1.00  4.18 1.00
Mn 2.18 098  3.03 0.96
Pb 0.30 098 0.11 0.99
Fe 55.47 098  97.01 0.97
Cu 0.26 098  0.22 0.99
Co 0.13 0.99  0.13 0.99
Cd 0.10 0.99  0.10 1.00

6.3 Summary

This chapter gives a detailed insight into sources of the variation in the river water and benthic
sediments of the Kolong River using environmetrics tools. Critical concluding remarks from the
study:

Water Quality

(i) Hierarchical cluster analysis (HCA) clusters the 18 sampling sites into different clusters in
different seasons. HCA clustered the sampling sites into three clusters in winter, pre-mon-
soon and monsoon season and four clusters in post-monsoon season. Sites in the middle
stretch, i.e. from 9 to 16, were polluted due to anthropogenic metal pollution or runoff,
and the rest were polluted due to domestic discharge or geogenic metal pollution.

(ii) From Discriminant analysis (DA), only 10 (turbidity, TDS, EC, hardness, alkalinity, Na",
Ca™ Mg"™, F, SOs and Cd) out of 21 parameters were tesponsible for the temporal
variability of the water quality dataset of the studied area. Turbidity, TDS, EC, hardness,
and alkalinity explain the domestic discharge quotient, Na* Ca*?, Mg and F~ explains soil
pollution contribution to river pollution, SO, explains mostly the agricultural runoff quo-
tient, and Cd explains the anthropogenic or geogenic metal pollution quotient of the sea-
sonal variation.

(iti) From PCA, Pearson correlation, and PMF, that pollution in the months of winter and
post-monsoon were attributed to domestic discharges and metal pollution in the winter
and post-monsoon months. Whereas, another pollution source gets added in the mon-
soon and pre-monsoon months due to heavy precipitation in the region, which brings the
agricultural or surface runoff quotient of pollution into the river. Nevertheless, PMF was
able to segregate the geogenic and the anthropogenic metal pollution. Geogenic metal
pollution was attributed to Ca**, Mg"?, Fe, Mn, and Zn; anthropogenic metal pollution

was attributed to Cd and Pb. These findings are also inline benthic sediment quality study.
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Benthic Sediment Quality

(i) From PCA, Pearson correlation matrix and PMF, benthic sediments were mainly
contaminated with heavy metals from anthropogenic sources. Nevertheless, PMF helped
to segregate these sources. Geogenic contamination is due to Fe, Mn, and Zn because of
the higher presence of F4 and F5 fractions, whereas anthropogenic contamination is due
to Co, Cu and Cd because of the higher presence of F1, F2, and F3 fractions. These results

helped confirm the metal pollution sources in Kolong River water samples.
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Chapter
HUMAN HEALTH RISK ASSESSMENT

Human health is jeopardised if hazardous chemicals are found in surface water and benthic
sediment samples. The dangers of prolonged exposure to heavy metals on the health of the human

population (both adults and children) were investigated in this study.

7.1 Surface Water

7.1.1 Deterministic Method

The results for deterministic approach calculation for health risk assessment through different
exposure routes on the human population are shown in Fig. 7.1. For non-carcinogenic risk
through ingestion pathway, the HQ values are less than 1 for both adults and children, with the
highest risk being present by Zn. For non-carcinogenic risk associated with dermal contact, i.e.
their HQ values are also less than 1 for Fe, Mn, Pb and Cd but for Zn is quite high with a maxi-
mum of 10.02 for and 14.80 for children. The non-carcinogenic risk values were higher for chil-
dren than adults putting the children at higher risk than the adults. The cumulative effect for the
pathways is represented by HI, shown in Fig. 7.2. For the high value of Zn, the overall effect of
non-carcinogenic risk assessment values shows unacceptable values, i.c. greater than 1. There is
rise in HI and HQ values in pre-monsoon season, indicating that with rise in precipitation, an-
thropogenically pollutants are added into the stream, which gives higher risk values. But, the
height of monsoon dilutes these values.

The carcinogenic risk assessment (TCR) results are shown in Fig. 7.2. Though there is variation
in the values of TCR throughout the different seasons, TCR values never went beyond the seasons
of analysis limit of 10°. The maximum TCR is 1.91X10° for adults and 4.93%10° for children.
Thus, the surface water of Kolong River does not present any carcinogenic risk for the inhabitant
population but has a higher degree of non-carcinogenic risk, with the dermal route being the point
of exposure for the population. Values present a fixed risk through the deterministic approach,
but probabilistic approach calculation needs to be carried out to understand the full extent of the
risk.

7.1.2 Probabilistic Method
The values of any parameter vary temporally and spatially during the sampling period; calcu-

lating risk using deterministic point values would give us an idea about the hazard posed by that
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Chapter 7 Human Health Risk Assessment

parameter but would present a full picture of the risk posed for the analysis. Also, quantifying
every point at different points in time would be tedious and may result in calculation errors. In
such cases, the probabilistic method of risk calculation would give a more descriptive result of the
parameter variation and help in quantifying the spatial and temporal risk posed by the parameter.
In this method, the data of heavy metals collected for different seasons is first fitted to a triangular
distribution, and different parameters are set to different distributions, as shown in Table 3.7. This
is then run through a Monte-Carlo simulation (10000 iterations) to quantify the cancerous and
non-cancerous risk posed through the different routes of exposure, i.e. ingestion and dermal. The
5" and 95" percentile, i.e. maximum and minimum values of probabilistic analysis for HI and
TCR, are shown in Fig 7.3, and their frequency-probability distributions graphs are shown in Fig.
7.4-7.7. Both the values show similar variations, which is rise in risk in the pre-monsoon season
and decrease after that, thus indicating the dilution power of the river. The HI values for all sea-
sons were greater, indicating non-cancerous risk for adults and children. In cancerous risk assess-
ment (TCR), the values are mostly less than 1X10” for most of the year, but post-monsoon season
possesses considerable risk as the 5" percentile value is greater than the limit. Cancer causing
metals are entering the river ecosystem is a cause of concern. From this assessment, children are
at higher risk compared to adults. Therefore, the use of Kolong River water should be treated for

heavy metals before consumption for any particular purpose.
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Fig. 7.1. Hazard Quotient (HQ) for ingestion and dermal contact in surface water of Kolong river
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Chapter 7 Human Health Risk Assessment

7.1.2.1 Sensitivity Analysis

Fig. 7.8 shows the results of the sensitivity analysis on the factors responsible for carcinogenic and non-
carcinogenic risk for the inhabitants or users of the surface water of the river. Surface area (SA), exposure
trequency (EF), exposure time (ET), and body weight (BW) were the parameters irrespective of the season
leading to the high non-carcinogenic risk. In winter, the high values were due to Cd (Cw - Cd), and for the
rest of the season, the higher risk values were attributed to Zn (Cw - Zn). In the case of carcinogenic risk,
the basic parameters, exposure frequency (EF), exposure time (ET), exposure duration (ED), and body
weight (BW), were the factors responsible. The high carcinogenic risk in the post-monsoon can be at-
tributed to Pb (Cw - Pb). From the health risk assessment of surface water, Cd, Zn, and Pb are heavy

metals responsible for causing risks to the inhabitants.
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iv) Post-monsoon
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Fig. 7.8. Rank correlation charts of inputs of probability analysis (sensitivity analysis) for surface

water
7.2 Benthic Sediments

7.2.1 Deterministic Method

Fig. 7.9 depicts carcinogenic and non-carcinogenic risk assessment findings using the deter-
ministic method for exposure to heavy metals in sediments. During the sampling period, which
included several seasons, the results of the deterministic analysis revealed unsatisfactory results,
namely, HI>1 and TCR>10". Non-carcinogenic tisk for adults was highest in the pre-monsoon,
with a value of 27.17 compared to a reference value of 1. They tend to decrease with increased
precipitation, which is directly correlated with MF, which is also seen to decrease with onset of
monsoon. The non-carcinogenic effect of these metals is observed to pose a serious health hazard
for persons in the lower age group (i.e. Child), where the HI value varies from 30 to 130 in com-
parison to persons in the higher age group (i.e. adult) where variation is in between 5 to 20. Fe
poses serious health concerns among the metals analysed in the study area, wherein HI value for
the rest of the metals is mostly less than 1 (Fig. 7.9). Among the exposure routes, dermal absorp-
tion poses more concern for the inhabitants of the nearby area, thereby mainly restricting any
recreational usage of the river. Considering the carcinogenic impact of heavy metals on the pop-
ulation of humans, the direct usage of the river should be banned as the TCR values are more

than 1x10” for all seasons.
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Fig. 7.9. HQ, HI and TCR outcomes of deterministic method for heavy metals in benthic

sediments through the different exposure routes

7.2.2 Probabilistic Method

The 5th and 95th percentile values of HI and TCR are given in Fig. 7.10, and their probability-
frequency distribution curves for the complete dataset of different seasons are provided in Fig.
7.11-7.14. Non-carcinogenic risk assessment evaluated using HI shows a variation of 1.63-10.69
in winter, 4.15-27.17 in pre-monsoon, 2.20-14.23 in monsoon, and 1.11-7.21in post-monsoon in
the case of adults. Coming to the carcinogenic effect, TCR values also show a high variation. In
winter, the variation is 1.70E-05 to 4.48E-04, in pre-monsoon, the variation is 3.01E-05 to 1.14E-
03, in monsoon, the variation is 1.59E-05 to 5.96E-04, in post-monsoon, the variation is 1.16E-
04 to 3.04E-04. Results show that neither in wettest nor driest months do the HI and TCR values
fall below permissible values of 1 and 107, respectively. The situation is even more harsher for
the child population, where the values are much higher. The HI values are in order 10> and the
TCR values ate in order 107, which is way higher than the permissible limits. Health risk assess-

ment study thus calls for the treatment and stringent policies to be framed for pollution abate-

ment.
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Fig. 7.10. HI and TCR from exposure to heavy metals in benthic
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Fig. 7.14. Frequency-probability distribution chart for post-monsoon (benthic sediments)
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7.2.2.1 Sensitivity Analysis

Fig. 7.15 shows the sensitivity analysis results to assess the prime parameters concerning the
non-carcinogenic and carcinogenic risks for benthic sediments. Exposure frequency (EF), expo-
sure time (ET), body weight (BW) of the population exposed to the risk, contact surface area (SA)
in case of dermal exposure, and Fe concentration (Cs-Fe) are important risk factors for non-
cancer risk. The contributing or differentiating factor causing the high risk in the winter months
is the concentration of Zn (Cs-Zn). In the case of carcinogenic risk, the significant factors con-
tributing to risk are the body weight (BW) of the population exposed to the risk, the concentration
of Fe (Cs-Fe), exposure duration (ED), and exposure frequency (EF), and exposure time (ET).
The contributing or differentiating factor causing the high risk in the winter months is the con-
centration of Mn (Cs-Mn). Thus, from sensitivity analysis, it can be concluded that the focus of
remediation study in the region should primarily focus on the concentration of Fe, Mn and Zn.

Then if required, the focus can also be shifted towards the rest of the heavy metals.

v) Winter
Cs-Zn Cs-Mn
SA EHIAdult ¢ e TCR Adult
CoFd ®m HI Child o8 m TCR Child
BW ET
ET EF
EF ED
0.6 0.1 0.4 0.9 05 0 05 1
Rank Correlation Rank Correlation

vi) Pre-monsoon

Cs-Fe Cs-Fe L
SA BW E———
BW ET .
ET EF TR—
EF ED P——
-0.5 0 0.5 1 -0.5 0 0.5 1
Rank Correlation Rank Correlation
vii) Monsoon
Cs-Fe Cs-Fe
SA BW
BW ET
ET EF
EF ED
-05 -0.25 0 0.25 0.5 0.75 -0.5 0 0.5 1
Rank Correlation Rank Correlation
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viii) Post-monsoon

Cs-Fe Cs-Fe

SA BW

BW ET

ET EF

EF ED
05 0 05 1 06 01 04 0.9

Rank Correlation

Rank Correlation

Fig. 7.15. Rank correlation charts of inputs of probability analysis (sensitivity analysis) for benthic

sediments

7.3 Summary

The current study used environmental monitoring to assess the health risk of heavy metals in

the Kolong River ecosystem, considering two essential components of a river ecosystem: surface

water and benthic sediment. Deterministic and probabilistic techniques were used to calculate the

non-carcinogenic and carcinogenic risks of heavy metals. Several critical observations were made,

and the investigation yielded the following results, which are stated below:

1) The dermal pathway of exposure presents a considerable risk for the human population than

the ingestion pathway of exposure in the case of both water column (surface water) and

benthic sediments.

i) The non-carcinogenic health risk assessment revealed Zn and Cd to pose a considerable

hazard for the human population, and the carcinogenic health risk assessment revealed Pb

to pose a considerable hazard for the human population in the case of surface water.

iif) The non-carcinogenic health risk assessment revealed Zn to pose a considerable hazard to

the human population, and the carcinogenic health risk assessment revealed Mn to pose a

considerable hazard to the human population in the case of benthic sediments.
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In this chapter, two regression models were generated to predict heavy metal concentration in
the water column using multiple linear regression (MLR), artificial neural networks (ANN) and
random forest (RF). In the first regression model, heavy metals in the water column were pre-
dicted using the physicochemical parameters, as metals in the water column vary greatly with the
changes in the physicochemical parameters in the water column. The second regression model
predicted heavy metals in the water column from the metal speciation fractions in the benthic
sediments as the transfer of heavy metals from water to the sediment column or vice versa occurs
continuously in a river under changing environmental conditions.

8.1 First Regression model

In this model, 16 physiochemical parameters such as electrical conductivity (EC), pH, turbidity
(TURB), dissolved oxygen (DO), 5-day biochemical oxygen demand (BOD:s), hardness (TH), al-
kalinity (TA), total dissolved solids (TDS), sodium (Na*), potassium (K*), calcium (Ca*?), magne-
sium (Mg"?), fluoride (F), chloride (CI), sulphate (SO47), and nitrate (NO3) were utilised to eval-
uate heavy metal (Cd, Fe, Mn, Pb, and Zn) concentrations in the surface water Kolong river using
MLR, ANN, and RF. In any river system, heavy metals are present along with the physicochemical
parameters. Heavy metal concentrations in a river vary with changes in the physicochemical pa-
rameters. Keeping this condition in mind, this model is developed so that the parameters affecting
the concentration of heavy metals in water can be found mathematically, and pollution abatement
strategies can be formulated. Also, the measurement of heavy metals requires high-end instru-
ments like AAS and ICPMS, which are very expensive. The availability of such instruments at
every research institute or location is improbable due to their high price or lack of funding. This
model is also developed to formulate a heavy metal prediction model so that heavy metals can be
measured in any surface water samples with the help of physicochemical parameters, which can
be measured relatively easily in any lab. To develop this model, the dataset utilised is shown in
Table 8.1. In this table, mean, standard error (SE), standard deviation (Std Dev), minimum (Min),
1" quartile value (Q1), median, 3" quartile (Q3) and maximum (Max) are shown to understand
the variation in the dataset. The dataset includes the monthly sampling values of water samples

collected and analysed from May 2018 to October *2019. In this period, sampling was done alm-
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ost every alternate month. For the regression analysis, 75% of this dataset is used as training
data and the remainder as testing data.

Table 8.1. Dataset utilised to develop the first regression model

Variables | N Mean StdDev Min Q1 Median Q3 Max
EC 213 205.27  67.96 88.00 158.15 193.50 24475 509.00
pH 213 7.06 0.29 6.48  6.80 7.07 7.31 7.71
BOD5 213 2215 16.24 0.60  10.50 19.20 27.30 117.00
DO 213 6.72 1.23 1.87  6.13 6.90 7.36 9.28
TDS 213 221.29  123.63 30.00 130.00  200.00 276.00  600.00
TURB 213 21.35 13.16 1.40  11.68 17.09 28.27 72.85
TH 213 70.08 46.87 454  31.35 64.57 100.67  236.83
TA 213 109.07  82.59 34.00  66.00 89.25 115.96  419.33
Na* 213 14.10 7.05 456  7.90 12.65 20.56 32.08
K* 213 3.81 4.02 095 219 3.60 4.43 56.85
Ca™ 213 20.32 16.93 0.65 5.18 18.11 28.95 72.55
Mg*? 213 9.33 7.40 0.34  4.40 8.02 11.80 36.98
F 213 0.25 0.20 0.00  0.14 0.21 0.30 1.17
Cr 213 231 4.99 0.19  0.50 0.92 2.94 66.07
SO~ 213 255 5.56 0.04  0.35 0.58 2.28 38.86
NOs5 213 224 3.56 0.14  0.75 1.22 222 32.72
Fe 213 192 0.93 003 1.21 1.91 2.52 5.28
Mn 213 0.18 0.14 0.00  0.03 0.19 0.26 0.77
Pb 213 0.04 0.04 0.00  0.00 0.03 0.06 0.17
Cd 213 0.07 0.14 0.00  0.00 0.00 0.05 0.75
Zn 213 0.28 0.30 0.00  0.06 0.18 0.37 1.60

8.1.1 Multiple Linear Regression (MLR)

Multiple linear regression modelling was performed in two steps. First, all sixteen independent
variables were entered into the model to check which parameters were statistically affecting the
heavy metal. After observing the effect of all the parameters, a stepwise regression was carried
out to determine the significant variables selected by the models. Stepwise regression results, i.e.,
the coefficient of determination (R?) value, will always be less than the overall results as in MLLR
as R? increases with an increase in the number of variables. The increase may or may not be
significant. However, the contribution of such variables in any model is misleading or not con-
stant. So, such variables should not be included in any linear regression models. The ordinary least
squares method is used to develop model parameter regression equations, and the assumptions
for developing the equations are mentioned in section 2.5.1. MLR estimation of all the heavy

metals considered in this study are as follows:
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(a) Cadmium (Cd)

All variables

Cd = 0.761 + 0.000046 EC - 0.1439 pH + 0.001169 BODs + 0.02588 DO + 0.000238 TDS
-0.001683 TURB - 0.000387 TH + 0.000322 TA - 0.00348 Na" - 0.00438 K"
+0.00074 Ca™ + 0.01199 Mg** + 0.1594 F - 0.00190 CI' - 0.00259 SO4*
- 0.00088 NOs5

Stepwise regression

Cd = 0.574-0.1208 pH + 0.03118 DO + 0.000265 TDS - 0.001526 TURB - 0.01596 K*
+0.013147 Mg™ + 0.1670 F

All variables included model for Cd have a training R* of 0.64 and a testing R* of 0.60. But,

many of the variables or parameters were statistically not significant, i.e., p>0.05. While from the

stepwise regression, only 7 parameters were required to estimate the Cd concentration, and all 7

parameters were statistically significant (p<<0.05). This stepwise regression model for Cd has a

training R* of 0.69 and a testing R* of 0.40. The coded coefficients for the stepwise regression

model of Cd are shown in Table 8.2.

Table 8.2. Coded coefficients for stepwise regression model of Cd

Term Coef 95% CI T-Value P-Value VIF
Constant 0.061 (0.04950, 0.07245)  10.490 0.000

pH -0.035  (-0.04701, -0.02250) -5.600 0.000 1.210
DO 0.038 (0.02542, 0.05144)  5.830 0.000 1.250
TDS 0.033 (0.02015, 0.04530)  5.140 0.000 1.280
TURB -0.020  (-0.03298, -0.00720)  -3.080 0.002 1.380
K" -0.064  (-0.0960, -0.0323) -3.980 0.000 1.410
Mg*? 0.097 (0.08422, 0.11026)  14.750 0.000 1.280
F 0.033 (0.01909, 0.04631)  4.740 0.000 1.590

(b)Iron (Fe)
All Variables

Fe = 0.06 + 0.001447 EC - 0.057 pH + 0.00458 BODs + 0.1122 DO - 0.000973 TDS
+ 0.03468 TURB + 0.01022 TH - 0.00015 TA + 0.00248 Na* + 0.03692 K*
-0.00551 Ca*™ + 0.01547 Mg** - 1.634 F + 0.03516 CI' + 0.0430 SO4* - 0.0393 NO5
Stepwise regression
Fe =-2.073 + 0.393 pH - 0.001493 TDS + 0.03314 TURB + 0.007809 TH
+0.002615 TA + 0.04492 K* + 0.01654 Mg™* - 1.330 F + 0.03473 CI - 0.0373 NO5
All variables included model for Fe have a training R* of 0.75 and a testing R* of 0.70. But,
many of the variables or parameters were statistically not significant, i.e., p>0.05. While from the
stepwise regression, only 10 parameters were required to estimate the Fe concentration, and all

TH-2940 1]7% PappEters were statistically significant (p<0.05). This stepwise regression model for Fe has a
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training R* of 0.73 and a testing R* of 0.67. The coded coefficients from the stepwise regression
model for Fe are shown in Table 8.3.

Table 8.3. Coded coefficients for stepwise regression model of Fe

Term Coef 95% CI T-Value P-Value VIF
Constant 1.902 (1.8301, 1.9734)  52.390 0.000

pH 0.113 (0.0311, 0.1951)  2.720 0.007 1.300
TDS -0.185  (-0.2803, -0.0888) -3.810 0.000 1.570
TURB 0.436 (0.3568, 0.5154)  10.860 0.000 1.240
TH 0.366 (0.2778, 0.4543)  8.190 0.000 1.500
TA 0.216 (0.1399, 0.2921)  5.610 0.000 1.070
K+ 0.181 (0.1117,0.2497)  5.170 0.000 1.130
Mg*? 0.122 (0.0375, 0.2072)  2.850 0.005 1.390
F- -0.260  (-0.3466, -0.1739) -5.950 0.000 1.510
Cr 0.173 (0.1054, 0.2413)  5.040 0.000 1.100
NOs -0.133  (-0.2061, -0.0594) -3.570 0.000 1.250

(c) Manganese (Mn)
All variables
Mn = 0.083 - 0.000747 EC + 0.0655 pH + 0.001769 BOD:s - 0.01177 DO - 0.000081 TDS
- 0.000326 TURB - 0.000295 TH - 0.000072 TA - 0.01058 Na" + 0.01331 K"
+0.002571 Ca** - 0.00258 Mg - 0.1396 F* + 0.003402 CI - 0.00076 SO.* - 0.00913 NOs5
Stepwise regression
Mn = 0.5335 - 0.000637 EC + 0.002233 BOD:s - 0.00995 DO - 0.000139 TDS - 0.000217 TA
-0.010156 Na" + 0.00744 K" - 0.0885 F + 0.002961 CI - 0.00996 NO5
All variables included model for Mn have a training R* of 0.74 and a testing R* of 0.72. But,
many of the variables or parameters were statistically not significant, i.e., p>0.05. While from the
stepwise regression, only 10 parameters were required to estimate the Mn concentration, and all
10 parameters were statistically significant (p<<0.05). This stepwise regression model for Mn had
a training R* of 0.78 and a testing R* of 0.63. The coded coefficients from the stepwise regression
model for Mn are shown in Table 8.4.
(d) Lead (Pb)
All Variables
Pb =-0.1149 + 0.000043 EC + 0.01857 pH + 0.000133 BOD:s - 0.00183 DO
+ 0.000006 TDS + 0.000964 TURB - 0.000638 TH - 0.000286 TA + 0.002669 Na*
-0.000676 K* + 0.002430 Ca* - 0.001419 Mg** - 0.0300 F + 0.000229 CI
+0.002202 SO4* + 0.001632 NOy
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Stepwise regression

Pb  =-0.1351 + 0.02097 pH + 0.000416 BOD5 + 0.000894 TURB - 0.000754 TH
- 0.000262 TA + 0.002832 Na" - 0.001076 K" + 0.002663 Ca™* - 0.001371 Mg
-0.0297 F 4 0.001785 SO,* + 0.001707 NOs5

All variables included model for Pb have a training R* of 0.67 and a testing R* of 0.65. But,
many of the variables or parameters were statistically not significant, i.e., p>0.05. While from the
stepwise regression, only 12 parameters were required to estimate the Pb concentration, and all
12 parameters were statistically significant (p<0.05). This stepwise regression model for Pb has a
training R* of 0.69 and a testing R* of 0.59. The coded coefficients from the stepwise regression
model for Pb are shown in Table 8.5.

Table 8.4. Coded coefficients for stepwise regression model of Mn

Term Coef 95% CI T-Value P-Value VIF
Constant  0.179 (0.16875, 0.18839) 35.910 0.000

EC -0.043  (-0.05375,-0.03278)  -8.150 0.000 1.200
BOD:; 0.036 (0.02476, 0.04778) 6.220 0.000 1.380
DO -0.012  (-0.02429, -0.00024)  -2.010 0.046 1.380
TDS -0.017  (-0.02873, -0.00567)  -2.950 0.004 1.410
TA -0.018  (-0.03078, -0.00509)  -2.760 0.007 1.640
Na* -0.072  (-0.08472, -0.05844) -10.760  0.000 1.870
K* 0.030 (0.01951, 0.04032) 5.680 0.000 1.380
F -0.017  (-0.03107, -0.00356)  -2.490 0.014 1.470
Cr 0.015 (0.00553, 0.02402) 3.160 0.002 1.080
NOs5 -0.035  (-0.04538, -0.02556)  -7.070 0.000 1.230

Table 8.5. Coded coefficients for stepwise regression model of Pb

Term Coef 95% CI T-Value P-Value VIF
Constant 0.038 (0.03460, 0.04097) 23.690 0.000
pH 0.006 (0.00255, 0.00952) 3.420 0.001 1.300

BOD:; 0.007 (0.00271, 0.01081) 3.290 0.001 1.790
TURB 0.012 (0.00815, 0.01539) 6.420 0.000 1.320

TH -0.035  (-0.04453, -0.02613)  -7.580 0.000 9.180
TA -0.022  (-0.03014, -0.01319)  -5.050 0.000 6.360
Na* 0.020 (0.01549, 0.02443) 8.820 0.000 1.960
K* -0.004  (-0.00773, -0.00093)  -2.510 0.013 1.410
Ca® 0.045 (0.03556, 0.05459) 9.360 0.000 9.400
Mg*? -0.010  (-0.01477,-0.00551)  -4.320 0.000 2.190
F -0.006  (-0.00979, -0.00183)  -2.880 0.004 1.750
SO/ 0.010 (0.00233, 0.01753) 2.580 0.011 4.790
NOs5 0.006 (0.00290, 0.00926) 3.770 0.000 1.190
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(e) Zinc (Zn)
All variables
Zn =-0.682 - 0.000893 EC + 0.0488 pH + 0.002391 BODs + 0.0018 DO - 0.000326 TDS
+0.00335 TURB - 0.000587 TH + 0.002464 TA + 0.02508 Na" + 0.00971 K*
+0.00662 Ca™ - 0.00255 Mg*™* + 0.0177 F + 0.01009 CI - 0.01930 SO
+ 0.01475 NOy
Stepwise regression
Zn =-0.3579 - 0.000683 EC + 0.002461 BODs - 0.000325 TDS + 0.00338 TURB
+0.002445 TA + 0.02142 Na™ + 0.01027 K* + 0.004831 Ca™ + 0.01075 CI
- 0.01653 SO4* + 0.01364 NO5
All variables included model for Zn have a training R* of 0.72 and a testing R* of 0.71. But,
many of the variables or parameters were statistically not significant, i.e., p>0.05. While from the
stepwise regression, only 11 parameters were required to estimate the Pb concentration, and all
11 parameters were statistically significant (p<<0.05). This stepwise regression model for Zn had a
training R” of 0.71 and a testing R* of 0.68. The coded coefficients from the stepwise regression
model for Zn are shown in Table 8.6.

Table 8.6. Coded coefficients for stepwise regression model of Zn

Term Coef 95% CI T-Value P-Value VIF
Constant 0.276 (0.2518, 0.3001) 22.560 0.000

EC -0.046  (-0.0762,-0.0167) -3.080 0.002 1.290
BOD:; 0.040 (0.0109, 0.0691) 2.720 0.007 1.530
TDS -0.040  (-0.0702,-0.0102) -2.640 0.009 1.550
TURB 0.044 (0.0165, 0.0723) 3.140 0.002 1.240
TA 0.202 (0.1478, 0.2561) 7.370 0.000 4.850
Na* 0.151 (0.1177, 0.1843) 8.940 0.000 1.830
K" 0.041 (0.0159, 0.0667) 3.210 0.002 1.360
Ca™ 0.082 (0.0514, 0.1122) 5.310 0.000 1.650
Cr 0.054 (0.0301, 0.0772) 4.510 0.000 1.120
SO/~ -0.092  (-0.1459, -0.0379)  -3.360 0.001 4.370
NO; 0.049 (0.0242, 0.0729) 3.940 0.000 1.210

8.1.2 Artificial Neural Network (ANN)

The regression learner app of MATLAB is used to estimate heavy metals using ANN. In the
regression learner app, different parameters of ANN can be optimised, known as hyperparameter
optimisation. In hyper-parameter optimisation, number of layers (1-3), number of neurons in each
layer (1-300), activation function (ReLu, Tanh, Sigmoid, None), regularisation strength (Lambda),
data standardisation required/not required can all be optimised to get the best results for the

neural network. This optimisation process is performed either by Bayesian optimisation or
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random search method. The optimised parameters were validated using the k-fold (5-fold) vali-
dation technique on the data within the training set. After this, the predicted performance of the
training process is examined on the testing data. The typical ANN model for the study will consist
of an input layer of 16 neurons, a hidden layer consisting of a maximum of 3 hidden layers, each
consisting of 300 hidden neurons (maximum) and an output layer of a single neuron. The results
of regression for the estimation of heavy metals are as follows:

(a) Cadmium (Cd)

The best neural network (NN) model for the prediction for estimation of Cd consists of 3
hidden layers, 1* layer of 1 neuron, 2™ layer of 2 neurons, and 3" layer of again 2 neurons. The
optimised hyperparameters are activation function: Tanh, Regularisation strength (Lambda):
1.04x107, and standardisation required: Yes, and the iteration limit: 1000. Using this parameter,
the regression ANN model is being developed, shown in Fig. 8.1, and the training/testing results
are shown in Fig. 8.2. The neural network developed for Cd had a training R* of 0.76 and a testing
R? of 0.72. The relative contribution of the vatious parameters in the ANN model are shown in
Fig. 8.3. From the figure, it is observed that the most influencing parameters on Cd concentration
are Mg™’, F, DO, turbidity, hardness, Cl, Ca*™, and SO.?, having a relative contribution of more

than 10 in the model.

< =0
Input layer € R!6 hidden layer € R! hidden layer € R? hidden layer € R? Output layer € R!

Fig. 8.1. ANN model for the prediction of Cd
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Fig. 8.2. Training/testing R* for ANN model for Cd
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Fig. 8.3. Feature importances of the ANN model for Cd
(b)Iron (Fe)

The best NN model for the prediction for estimation of Fe consists of 2 hidden layers, 1* layer
of 4 neurons and 2™ layer of 142 neurons. The optimised hyperparameters are activation function:
None, Regularisation strength (Lambda): 9.24x107, and standardisation required: Yes, and the
iteration limit: 1000. Using this parameter, the regression NN model is being developed, shown

in Fig. 8.4, and the training/testing results are shown in Fig. 8.5. The neural network developed
TH-2940 176104105
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for Fe had a training R* of 0.73 and a testing R* of 0.72. The relative contribution of the vatious
parameters in the ANN model are shown in Fig. 8.6. The figure shows that the most influencing
parameters on the concentration of Fe are Ca*™, F, hardness, pH, turbidity, and Na®, having a
relative contribution of more than 10 in the model.

(c) Manganese (Mn)

The best NN model for the prediction for estimation of Mn consists of 2 hidden layers, 1
layer of 16 neurons and 2™ layer of 4 neurons. The optimised hyperparameters are activation
function: Sigmoid, Regularisation strength (Lambda): 1.40X107, and standardisation required:
Yes, and the iteration limit: 1000. Using this parameter, the regression ANN model is being de-
veloped, shown in Fig. 8.7, and the training/testing results are shown in Fig. 8.8. The neural
network developed for Mn had a training R* of 0.75 and a testing R* of 0.70. The relative contri-
bution of the various parameters in the ANN model are shown in Fig. 8.9. The figure shows that
the most influencing parameters on the concentration of Mn are Na*, BODs, F, TDS, pH, and
Ca™?, having a relative contribution of more than 10 in the model.

(d) Lead (Pb)

The best NN model for the prediction for estimation of Pb consists of 2 hidden layers, 1% layer
of 98 neurons and 2™ layer of 125 neurons. The optimised hyperparameters are activation func-
tion: RelLu, Regularisation strength (Lambda): 4.90x10, and standardisation required: Yes, and
the iteration limit: 1000. Using this parameter, the regression NN model is being developed,
shown in Fig. 8.10, and the training/testing results are shown in Fig. 8.11. The neural network
developed for Pb had a training R* of 0.79 and a testing R* of 0.68. The relative contribution of
the various parameters in the ANN model are shown in Fig. 8.12. The figure shows that the most
influencing parameters on the concentration of Pb are alkalinity, turbidity, F, Mg*? and hardness,
having a relative contribution of more than 10 in the model.

(e) Zinc (Zn)

The best NN model for the prediction for estimation of Zn consists of 3 hidden layers, 1%
layer of 61 neurons and 2™ layer of 2 neurons, and 3" layer of 2 layers. The optimised hyperpa-
rameters are activation function: None, Regularisation strength (Lambda): 1.33x107, and stand-
ardisation required: Yes, and the iteration limit: 1000. Using this parameter, the regression NN
model is being developed, shown in Fig. 8.13, and the training/testing results are shown in Fig.
8.14. The neural network developed for Zn had a training R* of 0.67 and a testing R* of 0.61. The
relative contribution of the various parameters in the ANN model are shown in Fig. 8.15. The
figure shows that the most influencing parameters on the concentration of Pb are alkalinity, Na",
hardness, DO, SO,? NOs5, Mg, and F | having a relative contribution of more than 10 in the

model.
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Fig. 8.15. Feature importances of the ANN model for Zn
8.1.3 Random Forest (RF)

The Python' sklearn' library is used to develop an RF model for heavy metal prediction. The
dataset is divided into training and testing sets for this purpose. In the case of the RF Regression
model, the hyperparameters to be optimised are 'n_estimators', 'max_depth', 'min_samples_split,
'min_samples_leaf,' and 'max_features' using 'RandomSearchCV' and 'GridSearchCV'. The k-fold
(5-fold) validation technique is used to optimise these parameters on the training dataset, and the
results are validated on the testing set. The following are the Random Forest Regression results
for heavy metal estimation:

(a) Cadmium

The optimised hyperparameters for the Cd RF model are 'max_depth": 8, 'max_features": 'sqrt’,
'min_samples_leaf": 1, 'min_samples_split" 2, 'n_estimators": 338. The random forest algorithm
considered 338 (n estimators) different decision trees to develop this model and returned the best
decision tree based on the R? value. A small part of one of the decision trees (up to depth =3) is
shown in Fig. 8.16. The training and testing results for the Cd RF model are shown in Fig. 8.17,

and the parameters affecting the concentration of Cd are shown in Fig. 8.18. The parameters that
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have the greatest influence on Cd concentration are Mg, Ca'?, hardness and CI, all of which
have feature importances greater than 0.10.
(b)Iron (Fe)

The optimised hyperparameters for the Fe RF model are 'max_depth": 12, 'max_features': '0.5',
'min_samples_leaf’: 1, 'min_samples_split": 6, 'n_estimators": 371. The random forest algorithm
was used to develop this model, which considered 371 (n estimators) different decision trees, and
the best decision tree was estimated using the R* value. A small part of one of the decision trees
(max_depth =3) is shown in Fig. 8.19. The training and testing results for the Fe RF model are
shown in Fig. 8.20, and the parameters affecting the concentration of Fe are shown in Fig. 8.21.
The parameters that have the greatest influence on Fe concentration are F, turbidity, Ca*™ and

hardness, all of which have feature importances greater than 0.10.
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Fig. 8.16. A decision tree (max_depth=3) for the Cd RF model
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(c) Manganese (Mn)

The optimised hyperparameters for the Mn RF model are 'max_depth": 8, 'max_features": sqrt,

'min_samples_leaf: 1, 'min_samples_split": 2, 'n_estimators": 270. The random forest algorithm

was used to develop this model, which considered 270 (n estimators) different decision trees, and

the best decision tree was estimated using the R? value. A small part of one of the decision trees

(up to depth =3) is shown in Fig. 8.22. The training and testing results for the Mn RF model are

shown in Fig. 8.23, and the parameters affecting the concentration of Mn are shown in Fig. 8.24.
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The parameters that have the greatest influence on Mn concentration are Na* and BOD:s, all of
which have feature importances greater than 0.10.
(d) Lead (Pb)

The optimised hyperparameters for the Pb RF model are 'max_depth": 10, 'max_features": 0.5,
'min_samples_leaf’: 1, 'min_samples_split": 4, 'n_estimators": 47. The random forest algorithm was
used to develop this model, which considered 47 (n estimators) different decision trees, and the
best decision tree was estimated using the R* value. A small part of one of the decision trees
(max_depth =3) is shown in Fig. 8.26. The training and testing results for the Pb RF model are
shown in Fig. 8.27, and the parameters affecting the concentration of Pb are shown in Fig. 8.28.
The parameters that have the greatest influence on Pb concentration are alkalinity, turbidity and

NOsy, all of which have feature importances greater than 0.10.
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Fig. 8.19. A decision tree (max_depth=3) for Fe RF model
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Fig. 8.21. Feature importance of Fe RF model
(e) Zinc (Zn)
The optimised hyperparameters for the Zn RF model are 'max_depth": 12, 'max_features": sqrt,
'min_samples_leaf: 1, 'min_samples_split": 2, 'n_estimators": 363. The random forest algorithm

was used to develop this model, which considered 363 (n estimators) different decision trees, and
TH-2940 176104105
186



Regression Modelling

Chapter 8

the best decision tree was estimated using the R? value. A small part of one of the decision trees

(max_depth =3) is shown in Fig. 8.28. The training and testing results for the Zn RF model are

shown in Fig. 8.29, and the parameters affecting the concentration of Zn are shown in Fig. 8.30.

The parameters that have the greatest influence on Cu concentration are Na* and alkalinity, all of

which have feature importances greater than 0.10.
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Fig. 8.25. A decision tree (max_depth=3) for Pb RF model
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Fig. 8.26. Training and testing R* for the Pb RF model
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Fig. 8.27. Feature importance of the Pb RF model
8.1.4 Comparison between the models
The prediction capability of new models can only be evaluated using unknown data. For this
purpose, the entire dataset of 213 observations is randomly divided into a training set and a testing
set for each model. The training set represents 75% of the dataset or 160 observations, and the
test set represents 25% of the dataset or 53 observations. It was observed that the RF-based
models outperformed ANN and MLR models (Table 8.7). Table 8.8 shows the parameters influ-

encing heavy metal concentrations identified from the RF models. These parameters differ from
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heavy metal to heavy metal; no constant parameters were discovered to enhance or decrease heavy

metal concentration. According to the RF models, the parameters that need to be addressed for

heavy metal pollution abatement include Mg™?, Ca™, Na*, CI, F, NOs, hardness, alkalinity, tut-

bidity, and BODs. These parameters should be considered while developing pollution control and

management remediation strategies.
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Fig. 8.28. A decision tree (max_depth=3) for Zn RF model
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Table 8.7. The MLLR, ANN, and RF (determination coefficients) result on the training (train) set
and test set for the studied metals.

Heavy

Cd Fe Mn Pb n
Metals

Train Test | Train Test | Train Test | Train Test | Train Test
Models

Set Set | Set Set | Set Set | Set Set | Set Set
MLR 069 04 073 0.67]078 0.631]0.69 059071 0.68
ANN 076 072 10.73 0.72 1075 0.7 [0.79 0.68 |0.67 0.61
RF 096 0891091 0721093 0.81 093 075|094 0.79

TH-2940_176104105

Table 8.8. Factors affecting heavy metal concentrations

Heavy Affecting parameters
Metals

Cd Mg*?, Ca™, hardness, CI
Fe F, turbidity, Ca** hardness
Mn Na*,BODs

Pb Alkalinity, turbidity, NOs
Zn Na' alkalinity
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8.2 Second Regression Model

In sediments, heavy metals exist in five fractions, i.e., F1, F2, F3, F4, and F5. The bonding
of these fractions with sediment particles is different for different fractions. The F1, F2, and F3
fractions can release their metal loads by lowering the pH and are the most dangerous. The F4
fraction can be released by the sediment to the water column under oxidising conditions such as
dredging, current, flooding, tides, etc. The F5 fraction is unlikely to be released by the sediments
into the water column. All these fractions have different behaviours with respect to remobilisation
under changing environmental conditions (Forstner and Salomons, 1980a). An attempt has been
made to develop a model to explain the relationship between heavy metals in the water column
and heavy metals in sediment. From section 8.1, it is observed that the performance of the random
forest (RF) regression models were better than multiple linear regression (MLR) and artificial
neural network in dealing with water quality dataset. Therefore, the second regression model is
developed only using random forest (RF) regression. The models for different models are as fol-
lows:
(a) Cadmium (Cd)

The dataset utilised for model development for Cd is shown in Table 8.9. The optimised hy-
perparameters for the Cd speciation RF model are 'max_depth": 8, 'max_features" auto, 'min_sam-
ples_leaf': 1, 'min_samples_split": 10, 'n_estimators": 29. The random forest algorithm was used to
develop this model, which considered 29 (n estimators) different decision trees, and the best de-
cision tree was estimated using the R* value. Fig. 8.31 shows one of the decision trees employed
by the random forest. The training and testing results for the Cd speciation RIF model are shown
in Fig. 8.32, and the fractions of metals in benthic sediments affecting the concentration of Cd in
the water column are shown in Fig. 8.33. The contribution order of the different Cd fractions in
benthic sediments is FF1, F3, and F2. F1 has the highest 67% contribution, followed by I3 with
17% and F2 with 14% to the concentration of Cd in water.

Table 8.9. Dataset for model development of Cd
Variable N Mean Std Dev Min Q1 Median Q3 Max

i F1 108 096 117 0.00 005 0.47 147  3.99
imn
e F2 108 087 1.03 0.00 007 047 0.95 3.87
cdail-

F3 108 071  0.87 0.00 009 0.48 0.79  6.47
ments

F4 108 0.82 1.32 0.00 0.05 0.59 0.82 8.89
(mg/kg)

F5 108 220 1.92 0.00 019 1.81 347 614

Cd in water

(mg/L)

108 0.05  0.10 0.00  0.00 0.00 0.07  0.50
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Fig. 8.31. A decision tree for the Cd speciation RF model
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(b) Iron (Fe)

The dataset utilised for model development for Fe is shown in Table 8.10. The optimised
hyperparameters for the Fe speciation RF model are 'max_depth": 12, 'max_features" 0.5,
'min_samples_leaf": 1, 'min_samples_split": 6, 'n_estimators": 51. The random forest algorithm was
used to develop this model, which considered 51 (n estimators) different decision trees, and the
best decision tree was estimated using the R* value. Fig. 8.34 shows one of the decision trees
employed by the random forest. The training and testing results for the Fe speciation RF model
are shown in Fig. 8.35, and the fractions of metals in benthic sediments affecting the concentra-
tion of Fe in the water column are shown in Fig. 8.36. The contribution order of the different
fractions of Fe in benthic sediments is I3, F2, F4, and F1. I3 has the highest 39% contribution,
followed by F2 with 22%, F4 with 20% and F1 with 19% to the concentration of Fe in water.

Table 8.10. Dataset for model development of Fe

Variable N Mean Std Dev Min Q1 Median Q3 Max
F1 108 135300 183.700 3.200 16.200  26.600 238.400  683.700
Fe in F2 108 181.900 165.800 3.200 48.100 165.300 286.600  679.200

sediments F3 108 1649.000 2011.000 3.000 34.000 541.000  2668.000 8148.000
(mg/kg) F4 108 165.900 223.300 2.900  4.900 12.500 357.800  1044.600
F5 108 2244.000 2485.000 10.000 507.000 821.000  4493.000 8360.000

Fe in Water

(mg/L)
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Fig. 8.36. Feature importance of Fe speciation RF model
(c) Manganese (Mn)

The dataset utilised for model development for Mn is shown in Table 8.11. The optimised
hyperparameters for the Mn speciation RF model are 'max_depth": 10, 'max_features" sqrt,
'min_samples_leaf’: 1, 'min_samples_split": 2, 'n_estimators": 252. The random forest algorithm
was used to develop this model, which considered 252 (n estimators) different decision trees, and
the best decision tree was estimated using the R* value. Fig. 8.37 shows a small part
(max_depth=5) of one of the decision trees employed by the random forest. The training and
testing results for the Mn speciation RF model are shown in Fig. 8.38, and the fractions of metals
in benthic sediments affecting the concentration of Mn in the water column are shown in Fig.
8.39. The contribution order of the different fractions of Mn in benthic sediments is F4, F2, F3,
and 1. F4 has the highest 59% contribution, followed by F2 with 15%, F3 with 13% and F1 with

12% to the concentration of Mn in watet.
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Table 8.11. Dataset for model development of Mn

Variable N Mean StdDev Min Q1 Median Q3 Max
F1 108 49.580 56.160 3.530 20.220 32.040 56.330 312.200
Mn in
F2 108 22320 17.830 0.000 10.440 17.990 31.740 84.590
sedi-
F3 108 93.500 130.400 4.600 17.600 34.300 100.600  590.100
ments
F4 108  18.320 17.320 0.000 2.760  15.960 28.690 84.990
(mg/kg)
F5 108 80.260 64.440 4.080 24.490 76.410 113.410  299.590
Mn in Water
108  0.176 0.118 0.000 0.057  0.212 0.267 0.446
(mg/L)
5 <=78.772
mse = 0.012
samples = 46
_v?lue =01$3'/
F4 <= 11.161' F3 <=457.79
mse = 0.009 mse = 0.007
samples = 22 samples = 24
‘value =025 ) _value =0131
(F2<=7001" IF1 <: 33.684 F2 <= 25.;257‘ (5 <= 125.93
mse = 0.003 mse = 0.003 mse = 0,006 mse = 0.002
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Fig. 8.37. A decision tree for Mn speciation RF model
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Fig. 8.39. Feature importance of Mn speciation RF model
(d) Lead (Pb)

The dataset utilised for model development for Pb is shown in Table 8.12. The optimised
hyperparameters for the Pb speciation RF model are 'max_depth": 10, 'max_features": auto,
'min_samples_leaf": 2, 'min_samples_split" 3, 'n_estimators": 390. The random forest algorithm
was used to develop this model, which considered 390 (n estimators) different decision trees, and
the best decision tree was estimated using the R* value. Fig. 8.40 shows one of the decision trees
employed by the random forest. The training and testing results for the Pb speciation RF model
are shown in Fig. 8.41, and the fractions of metals in benthic sediments affecting the concentra-
tion of Pb in the water column are shown in Fig. 8.42. The contribution order of the different
fractions of Pb in benthic sediments is F1, F3, F4, and F2. F1 has the highest 34% contribution,
followed by F3 with 33%, F4 with 23% and F2 with 10% to the concentration of Pb in water.

Table 8.12. Dataset for model development of Pb

Variable N Mean Std Dev  Min Q1 Median Q3 Max
F1 108 3.681 5.415 0.191  0.822  1.878 3.461  21.533
Pb in F2 108 3.693 5.151 0.206  0.602  1.681 3.479  20.874
sediments F3 108 3.685 4.699 0.358  1.006  2.171 3480 18.714
(mg/kg) F4 108 4.643 4.857 0.019  0.607  3.803 6.932  18.445
F5 108 15.020  24.150 0.210  1.230  5.260 9.610  80.320
Pb in Water
108 0.031 0.028 0.000  0.000  0.031 0.052  0.122
(mg/L)

(e) Zinc (Zn)

The dataset utilised for model development for Zn is shown in Table 8.13. The optimised
hyperparameters for the Zn speciation RF model are 'max_depth": 8, 'max_features": auto,
'min_samples_leaf": 1, 'min_samples_split" 2, 'n_estimators": 310. The random forest algorithm
was used to develop this model, which considered 310 (n estimators) different decision trees, and

he best decision tree was estimated using the R? value. Fig. 8.43 shows one of the random forest's
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decision trees (max_depth=3). The training and testing results for the Zn speciation RF model

are shown in Fig. 8.44, and the fractions of metals in benthic sediments affecting the concentra-

tion of Zn in the water column are shown in Fig. 8.45. The contribution order of the different

fractions of Zn in benthic sediments is F1, F2, F4, and F3. F1 has the highest 64% contribution,

followed by F2 with 16%, F4 with 14% and F3 with 5% to the concentration of Zn in water.
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Fig. 8.42. Feature importance of Pb speciation RF model

Table 8.13. Dataset for model development of Zn

Variable N Mean Std Dev Min Q1 Median Q3 Max
F1 107 11.960 17.020 0.000 1.840 5.190 14.670  88.980
Zn in F2 107 26.700 56.260 0.950 4.520 7.410 19.960  247.160

sediments F3 107 19.310 20.220 3.400 6.540 8.220 27.420  108.350
(mg/kg) F4 107 14420 14.170 1.030  3.090 11.020 19.120  66.400
F5 107 44310 88.980 1.600  4.860 10.280 45.220  489.800

Zn in Water
107 0.186 0.141 0.004 0.059 0.151 0.275 0.656

(mg/L)
Fl <=2.438"
mse = 0.015
samples = 44
value = 0.185
IV .
Vs \
Ve AN
S/ .
/ g
" F5 <= 3.666 | F5 <= 64.787
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Fig. 8.43. A decision tree (max-depth=3) for Zn speciation RF model
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Fig. 8.45. Feature importance of Zn speciation RF model

8.2.1 Comparison of Different RF Models

The performance of models can only be judged based on their performance in predicting un-
known datasets. For this purpose, the dataset of this model (108 observations) is randomly divided
into a training set (81 observations) and a test set (27 observations). The best performing model
for predicting metal concentration in the water column from metal fractions in benthic sediments
are Cd (R* =0.87) and Mn (R* =0.86) models, and the worst performing model is Fe (R* =0.79)
model (Table 8.14). Thus, RF was able to predict metal concentrations with sufficient accuracy.

Table 8.14. Performance evaluation (R*) of RF models

II\_I/IZ?ZI}; Training Set  Test Set
Cd 0.88 0.87
Fe 0.87 0.79
Mn 0.96 0.86
Pb 0.89 0.81
Zn 0.95 0.83
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8.3 Summary

In this chapter, two regression models were developed for the Kolong river. One was for depict-
ing the relationship between physicochemical parameters and heavy metals using MLR, ANN and
RF; the other was for depicting the relationship between heavy metals in the water column and
heavy metal fractions in the sediment column. A few critical conclusions can be made, which are
as follows:

a. RF performed better on the test and training set than the MLLR and ANN models for the
first regression model. This model found that heavy metal concentrations in the surface
water were affected by the presence of Mg™?, Ca*™, Na*, CI, F, NOj, hardness, alkalinity,
turbidity and BOD:s. The surface water remediation strategies can now be formulated with
the help of this regression model.

b. The second regression model was developed only using RF because of its performance in
the first regression model. The RF technique performed best in the case of Cd and Mn
and worst in the case of Fe. Metal speciation fractions F1 for Cd, F2 for Cu, F3 for Fe,
F4 for Mn, F1 for Pb, and F1 for Zn made the most considerable contributions to the
concentrations of heavy metals in the water column from benthic sediments. Therefore,
this model has been used to estimate the contribution of benthic sediments metal frac-

tions to heavy metal pollution in the surface water of the Kolong River.
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Chapter

OVERALL CONCLUSIONS AND FUTURE
SCOPE OF RESEARCH

9.1 Overall Conclusions

A comprehensive assessment was carried out to characterise the pollution load in surface water
and benthic sediments of Kolong River to understand their risk and relationship using multivari-
ate statistical techniques (MSTs) and artificial intelligence (AI). Important conclusions are sum-
marised below:

1. The assessment of surface water pollution load revealed that DO, EC, BODs, Fe, Mn, Cd
and Pb values exceeded the permissible limit during the sampling period. Although a few
physicochemical were present in higher concentrations, heavy metals, because of their per-
sistent or non-degradable nature, present a higher risk to the consumer of the surface water
of Kolong river. The quality of surface water was expressed in terms of EWQI and FWQI,
which identified few of the probable non-point pollution sources in the river. The FWQI
results are more stringent than EWQI as they are more sensitive to each parameter varia-
tion.

2. The assessment of benthic sediment pollution load in terms of heavy metals was carried
out using two approaches; total metal concentration and metal speciation fractions. Speci-
ation based approaches were better at quantifying the risk or hazard posed by heavy metals,
as the indices developed using this approach gave consistent results and gel well with the
variation of the dataset.

3. Environmetric tools like hierarchical cluster analysis, discriminant analysis, principal com-
ponent analysis, and positive matrix factorization model were employed to give insights
into the sources of pollution. Hierarchical cluster analysis (HCA) clusters the 18 sampling
sites into different clusters in different seasons. HCA clustered the sampling sites into three
clusters in winter, pre-monsoon and monsoon season and four clusters in post-monsoon
season. Sites in the middle stretch, i.e. from 9 to 16, were polluted due to anthropogenic
metal pollution or runoff, and the rest were polluted due to domestic discharge or geogenic
metal pollution. From DA, only 10 (turbidity, TDS, EC, hardness, alkalinity, Na*, Ca™,

Mg, F., SO and Cd) out of 21 parameters were responsible for the temporal variability
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of the water quality dataset of the studied area. From PCA, Pearson correlation, and PMF,
pollution in the months of winter and post-monsoon were attributed to domestic discharge
and metal pollution. Whereas, another pollution gets added during pre-monsoon and mon-
soon, bringing agricultural or surface runoff pollution into the river. These findings are
also inline with the benthic sediment quality study.

4. Human health risk assessment was conducted to evaluate the carcinogenic and non-car-
cinogenic risks posed by prolonged exposure to heavy metals through ingestion and dermal
contact with surface water and benthic sediments of Kolong River. The dermal contact of
exposure for both water column (surface water) and benthic sediments presents a consid-
erable risk for the human population than the ingestion pathway of exposure. The non-
carcinogenic health risk assessment revealed Zn (for both surface water and sediments)
and Cd (only in the case of surface water) posing a considerable hazard for the human
population, and the carcinogenic health risk assessment revealed Pb (for surface water) and
Mn (for sediments) to be a considerable hazard for the human population. In the study
area, children were at higher risk than adults for carcinogenic and non-carcinogenic risks.

5. The application of artificial intelligence (AI) and multiple linear regression (MLR) to de-
velop two models for the prediction of heavy metals in the surface water of the Kolong
River was carried out. One model was developed using physicochemical parameters of
surface water, and the second model was developed using the metal speciation fractions to
identify the factors affecting the metal concentrations in surface water. Random forest (RF)
technique performed better on the test and training set than the multiple linear regression
(MLR) and artificial neural network (ANN) based models. The first regression model
found that heavy metal concentrations in the surface water were affected by the presence
of Mg*?, Ca*?, Na*, K, CI, F, NOs, hardness, alkalinity, turbidity and BODs. The second
regression model found the F1 fraction for Cd, F2 fraction for Cu, F3 fraction for Fe, F4
fraction for Mn, F1 fraction for Pb, and F1 fraction for Zn as influencing factors. There-
fore, river remediation strategies, particularly to curb heavy metal pollution, can now also
be formulated with the help of the findings of these regression models.

The formulation and application of the current study can thus be of great assistance to various
agencies responsible for water supply and pollution control, as these form a powerful tool for
easy understanding, making their applicability uncomplicated. Indeed, these methodologies make
the use of water quality datasets extremely simple and straightforward. This would help in propetly
managing the funds allotted for restoring and revitalising the water bodies. This is due to the fact
that it will assist in identifying the critical pollution parameters that are essential in the process of
restoring the water bodies, which will help in the process of updating the regulatory norms for

future policies.
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9.2 Future Scope of Research

e The present study on a river can be made applicable for other various other sources of water,
such as groundwater, lakes, reservoirs, and estuaries, which can give a clearer picture of the
water quality of a source in any geographical location.

e Indices developed in this study and till date has proved to be highly effective; still, newer
methods such as artificial neural networks, artificial neuro-fuzzy interference system, and
geographical interference system may be tried and tested to improve the interpretability of
the indices. Also, water quality indices can be developed for many other purposes, such as
irrigation, industrial, commercial etc., which can utilise their applicability. Furthermore, re-
search on improving the proposed models are also highly welcome.

e One promising area of research would be the optimisation of water quality monitoring sta-

tions.
e Another area would be the fate of pollutants using information entropy and other methods.
e In the case of MLR, the ordinary least squares (OLS) technique has been used to estimate
the regression equations; advanced techniques such as the generalised least squares (GLS)
technique can also be used to enhance the accuracy of the predicted equations.
e Spatial modelling to model the pollution dissemination in a river could be another study area.
e As industries and factories are build up in areas near rivers, the environmental carrying ca-

pacity of rivers can also be investigated or evaluated.
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