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Chemometric techniques such as factor analysis (FA),
cluster analysis (CA) and discriminant analysis (DA)
were applied to the groundwater quality data in a tan-
nery-polluted area of Chennai city, India. Groundwater
samples were collected from 65 dug wells during pre-
and post-monsoon seasons and analysed for 25 para-
meters. FA applied to the datasets pertaining to the
pre- and post-monsoon seasons resulted in eight and
nine factors explaining 78.7 and 79.7% of the total
variance of the respective datasets. Though FA identi-
fied two polluting processes (major ion pollution and
tannery pollution factors) explained by factors 1 and 2,
it could not explain the remaining factors. Three major
clusters, i.e. unpolluted, moderately polluted and se-
verely polluted groups, were obtained through CA on
the basis of similarities between them. But during the
post-monsoon season, the clustering of unpolluted and
moderately polluted groups was not clear. Spatial DA
by standard mode classified the cases into three
groups with 95.4 and 87.7% correct assignations for
the two seasons. DA by stepwise mode suggested that
electrical conductivity was the discriminating variable
with 69.2% correct assignation of cases. FA identified
temporal changes in water quality, due to ground-
water recharge after monsoon. Changes in water quality
were mainly attributed to reduction of pollution load
of tannery pollution factor. However, little changes in
the major ion pollution factor were observed. DA by
stepwise mode predicted that Mg, SiO,, pH and Cd
were the most important parameters to discriminate
the two seasons.

Keywords: Cluster analysis, discriminant analysis, factor
analysis, groundwater pollution.

THE chemical composition of groundwater is controlled
by many factors, including composition of precipitation,
mineralogy of the aquifers, climate, topography and an-
thropogenic activities. These factors combine to create
diverse water composition that varies temporally and spa-
tially. Additionally, these factors may lead to contamina-
tion of groundwater with diverse constituents, resulting in
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severe environmental and socio-economic problems. Hy-
drochemical characterization of such systems requires
many variables to be determined that would result in large
datasets. The use of graphical methods such as Piper,
Stiff, Schoeller and Collins diagrams to interpret such
datasets becomes inadequate, because these methods con-
sider only major ionic constituents. Constituents such as
fluoride, silica and trace metals cannot be included; hence,
these graphical methods are unsuitable for many environ-
mental studies™.

On the other hand, multivariate treatment of environ-
mental data is widely used to characterize and evaluate
water quality, and is useful for evidencing temporal and
spatial variations caused by natural and anthropogenic
tactors®®. Multivariate techniques such as factor analysis
(FA), cluster analysis (CA) and discriminant analysis
(DA) are powerful techniques to identify the underlying
processes that control groundwater chemistry, grouping
of samples of similar composition and origin, and to predict
the variables that differentiate the sampling stations tem-
porally and spatially. These techniques have widely been
used as unbiased methods in the analysis of groundwater
quality data to characterize groundwater composition in-
fluenced by natural and anthropogenic factors>'* %, In
the present article, the large dataset obtained from the
hydrochemical analysis of groundwater samples collected
from a sub-urban area of Chennai city, India has been
subjected to FA, CA and DA, with the objective of as-
sessment of: (a) groundwater pollution and its temporal
and spatial variation; (b) hidden factors explaining the
various processes/sources and (c) grouping of sampling
stations according to the extent of pollution. Finally, the
efficiency of these three chemometric techniques to af-
ford data reduction, identification of sources/processes of
groundwater pollution and classification of sampling sta-
tions on the basis of compositional differences and their
origin has been evaluated.

Review of multivariate statistical techniques

A summary of the chemometric techniques used in this study
is given here. More details on theoretical aspects’®* and
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Factor analysis

The purpose of FA is to reduce the analytical data of each
sample, which are intercorrelated to a smaller set of ‘fac-
tors’ that are then interpretable. The factors group corre-
lated concentrations together and they can be associated
directly or indirectly with some specific source or process.
The method consists of three steps, namely data standardi-
zation, factor extraction and rotation of factor axes.

Prior to analysis, the initial data were standardized by
z-scale transformation as

where x;; indicates the original value of the measured pa-
rameter, x; the average value of the parameter j and s; the
standard deviation of j. FA takes data contained in a cor-
relation matrix and rearranges them in a manner that better
explains the structure of the underlying system that pro-
duced the data. The starting point of FA is to generate a
new group of variables from the initial dataset (the so-
called factors) that are a linear combination of the origi-
nal variables. The principal components (PC) extraction
has been used in this procedure. The first factor obtained
explains the biggest part of the variance. The following
factors explain repeatedly smaller parts of the variance.
Factor loadings show how the factors characterize the
variables. High factor loadings (close to 1 or —1) indicate
strong relationship (positive or negative) between the
variable and the factor describing the variable. Then the
factor loadings matrix is rotated to an orthogonal simple
structure according to the varimax rotation technique.
The result of this operation is high factor loadings (close
to 1 or —1) obtained for the variables correlated in the fac-
tor and low factor loadings (close to 0) obtained for the
remaining variables. In order to determine the number of
factors to be retained, the Kaiser criterion is followed.
The factors, which best describe the variance of the ana-
lysed data (eigen value >1) and can be reasonably inter-
preted, are accepted for further analysis. The measure of
how well the variance of a particular variable is described
by a particular set of factors is called ‘communality’.
Finally, factor scores are calculated for each sample and
plotted as a scatter diagram. Extreme positive factor scores
(>+1) reflect sampling stations most affected by the proc-
ess and extreme negative (<—1) scores reflect those unaf-
fected by the process explained by the factor. Near-zero
scores reflect sampling stations affected to an average
degree by the process.

Ideally, if a FA is successful, the number of factors
will be small, communalities are high (close to 1) and the
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factors will be readily interpretable in terms of particular
SOUTCES OT Process.

The disadvantage of FA is the difficulty of distinguish-
ing the processes which cause similar differentiation of
groundwater chemistry. Moreover, a priori knowledge of
various processes affecting the sampling stations is re-
quired for successful application of FA.

Cluster analysis

CA is an unsupervised pattern recognition technique that
uncovers intrinsic structure or underlying behaviour of a
dataset without making a priori assumption about the
data, in order to classify the objects of the system into
clusters based on their similarities. The main aim of CA
is grouping objects (sampling stations) into classes (clus-
ters), so that objects within a class are similar to each
other but different from those in other classes. There are
two major categories of CA: hierarchical and non-
hierarchical. Hierarchical cluster analysis (HCA) is the
most common approach in which clusters are formed se-
quentially, starting with the most similar pair of objects
and forming higher clusters step by step. The process of
forming and joining clusters is repeated until a single
cluster containing all samples is obtained. The result can
be displayed as a dendrogram and provides a visual
summary of the clustering process, presenting a picture of
the groups and its proximity with a dramatic reduction in
dimensionality of the original data.

Here we perform CA using Ward’s method on the
normalized dataset. This method uses an analysis of vari-
ance approach to evaluate the distances between clusters,
attempting to minimize the sum of squares of any two
(hypothetical) clusters that can be formed at each step.
The squared Euclidean distance usually gives the simi-
larities between two samples and a distance can be repre-
sented by the ‘difference’ between analytical values from
both the samples.

Though CA is simple and easy to perform, there are
certain disadvantages. Similarity/dissimilarity measure-
ments and linkage methods used for clustering greatly
affect the outcome of the HCA results. Furthermore, in-
terpretation of the dendrogram is a subjective evaluation
and it does not give information about the distribution of
the chemical constituents that form each group™.

Discriminant analysis

DA is used to determine the variables that discriminate
between two or more naturally occurring groups. DA
builds up a discriminant function for each group as in
equation (1):

f(Gi):ki+ZWijpij: (1)
j=1
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where i is the number of groups (G), k; the constant in-
herent to each group, n the number of parameters used to
classify a set of data into a given group, and w; the weight
coefficient assigned by DA to a given selected parameter
(). The efficiency of these discriminant functions can
then be checked with the same dataset using the cross
validation method, which refers to the process of assess-
ing the predictive accuracy of the model in a test sample
relative to its predictive accuracy in the learning sample
from which the model was developed. If the model per-
forms as well in the test sample as in the learning sample,
it is said to cross validate well, or simply to cross vali-
date.

DA was applied to the raw dataset using the standard
and stepwise modes to construct discriminant functions
(DFs) to evaluate spatial and temporal variations in water
quality. The site (spatial) and season (temporal) were the
grouping (dependent) variables, while the measured para-
meters constituted the independent variables. In this
study, two groups for temporal (pre- and post-monsoon
seasons) and three groups for spatial (depending on the
sampling stations) evaluation have been selected.

Materials and methods
Study area

The study area is located in Kancheepuram District, Tamil
Nadu, and adjoins Chennai city (Figure 1). It has an aerial
extent of 45 km?, which includes several sub-urban places,
among which Chrompet is known for its tanneries. A clus-
ter of 152 tanneries is located at Chrompet. Though they

were away from residential areas when the tanneries
came up nearly a century ago, now they have become part
of the city and are densely populated. The tanneries gen-
erate about 3000 m*/day of effluents, which are treated at
the common effluent treatment plant (CETP) and are fi-
nally disposed into the nearby Adyar river. Prior to the
establishment of the CETP in 1995, the untreated efflu-
ents were disposed into the existing tanks and river
through open sewerage system. In addition, the disposal
of solid and liquid domestic waste into the tanks through
open sewerage system causes severe groundwater pollu-
tion.

Geologically, the area is underlain by charnokite rocks
of archean age. Groundwater occurs under un-confined to
semi-confined conditions. The depth of sampled wells
ranged from 3.32 to 14.15 m below ground level (bgl).
The depth to water level ranged from 0.70 to 13.77 m bgl
and 0.38 to 8.56 m bgl during pre- and post-monsoon
seasons.

Sampling and analytical procedures

The sampling network and strategy were designed to cover
a wide range of determinants at key sites, which reasonably
represent the groundwater quality in the study area. In
this study, the representative sampling sites were chosen
in order to cover various anthropogenic activities, including
waste disposal. The gathered background information
provides sufficient details on these aspects.

Groundwater samples were collected from 65 dug wells
in June 2004 and January 2005, representing pre- and post-
monsoon seasons. Grab samples were collected at 30 cm
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Location map of the study area showing sampling sites and other features.
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below the water level using a water sampler. Samples for
major ions and other inorganics were collected in 11 pre-
cleaned polypropylene bottles. Samples for trace metal
analysis were collected separately, filtered at site using
0.45 um membrane filter and acidified to pH < 2 using ultra-
pure grade HNO;. The samples were immediately trans-
ported to the laboratory under low-temperature conditions
in ice-boxes and stored in the laboratory at 4°C until
analysis. All the samples were analysed for 25 parameters
according to the standard methods of APHA-AWWA-
WEF? and were completed within a month. Details of
analytical methodology followed are given in Table 1.

Hydrochemistry of major ions

The ionic composition of the groundwater is dominated
by major cations (Ca*", Mg®", Na" and K") and anions
(HCOg, CI, SO3 and NO3). Plotting of major ionic con-
stituents in the Piper diagram (not shown) indicated that
61% of samples is CaCl,-type, 31% of NaCl-type and
about 8% of mixed-type during pre-monsoon season.
During post-monsoon season 72% is of CaCl,-type, 23%
of NaCl-type and about 5% of CaHCOj-type. These show
that the recharge of groundwater after monsoon decreased
the concentration of major ions of Na*, CI” and SO3". On
the basis of compositional differences and field observa-
tions, the samples have been divided into three groups,
i.e. unpolluted (group 1), moderately polluted (group 2)
and severely polluted (group 3).

Data treatment and chemometric analysis

Chemometric analysis of the data was performed using
FA, CA and DA techniques. FA and CA were performed
on standardized (z-scale transformation) experimental
datasets in order to avoid misclassification due to wide
differences in data dimensionality. The z-scale transfor-
mation renders the data normalized with mean and vari-
ance of zero and one respectively. Standardization tends
to increase the influence of variables whose variance is
small and reduce the influence of variables whose vari-
ance is large. Furthermore, standardization procedure
eliminates the influence of different units of measurement
and renders the data dimensionless. All the statistical
computations were made using SPSS 10.1 software. Basic
statistics of the hydrochemical variables of the ground-
water samples are shown in Table 1.

Results and discussion

Factor analysis

The Bartlett’s sphericity test carried out on the correla-
tion matrix shows a calculated z* = 2495.9 and 2356.4 for

1016

the pre- and post-monsoon seasons respectively, which is
greater than the critical value 7* = 387.3 (P = 0.0005 and
300 degrees of freedom), thus proving that the PC extrac-
tion can achieve a significant reduction of the dimension-
ality of the original dataset.

FA was applied separately to the hydrochemical data-
set pertaining to pre- and post-monsoon seasons. Tables 2
and 3 summarize the sorted FA results, including the
variable loadings, eigen values and variance explained by
each factor for the two seasons. The factor loadings were
sorted according to the criteria of Liu et al.’®, i.e. strong,
moderate and weak, corresponding to absolute loading
values of >0.75, 0.75-0.50 and 0.50-0.30 respectively.
Loading values <0.30 are insignificant and not shown
here. The communalities of the variables for the two sea-
sons are given in Table 4.

FA rendered eight significant factors (eigen value >1)
explaining 78.7% of the total variance of the pre-
monsoon dataset. Factor 1 explains 19.9% of the variance
and is characterized by strong positive loadings (>0.90)
of TH and Ca, and strong loadings by Mg, EC, TDS and
Cl. Na and SO, show weak loadings. Factor 2 explains
17.8% of the variance and has strong loadings of Na and
moderate loadings of EC, TDS, SO,, Cu, Cr, Cd and Cl,
and weak loadings of HCO,;, Mg and acidity. These two
factors explaining almost equal variance individually, ac-
count for 37.7% of the total variance. Considerable over-
lapping of variables (i.e. EC, TDS, Cl, SO, and Na) is
observed. Hence, the underlying processes explaining
these two factors are mixed. Further, major ionic con-
stituents that are highly correlated to EC and TDS mainly
contribute to factor 1. Hence, factor 1 may be termed as
the ‘major ion pollution factor’. Factor 2 is contributed
by Na, Cl, SO, and trace metals such as Cd, Cr and Cu.
The sources of these trace metals, especially chromium,
are the tanneries located in the area; hence factor 2 could
be termed as the ‘tannery pollution factor’. The sources
of major ionic constituents are the poor domestic sewer-
age system and the tanneries; hence, factors 1 and 2 could
be collectively called as pollution factors.

The factors 3-8 account for 41% of the variance of the
dataset; however, the variable loadings of factors 3-8 are
not clear (Table 2). Hence the possible sources associated
with these factors could not be explained.

FA of the post-monsoon data rendered nine significant
(eigen value >1) factors explaining 79.7% of the total
variance (Table 3). Factor 1 (major ion pollution factor)
explains 21% of the variance and has strong loadings of
TH, Ca, TDS, Mg, EC and Cl. Similar to the pre-monsoon
season, Na and SO, showed weak loadings. Factor 2
(tannery pollution factor) explains 12.7% of variance and
has strong loadings of Na and Cr, moderate loadings of
SO, TDS and EC, and weak loadings of Cl and Cu. The
variance explained by the two factors accounts for 33.9%
of the total variance. Similar to pre-monsoon season,
overlapping of variables is observed. Also, the variable

CURRENT SCIENCE, VOL. 94, NO. 8, 25 APRIL 2008
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Table 2. R-mode varimax rotated factor loadings of water quality parameters during pre-monsoon season
Variable Factor 1 Factor2  Factor 3 Factor 4 Factor 5 Factor 6 Factor 7  Factor 8
TH 0.952
Ca 0.922
Mg 0.827 0.356
Cl 0.814 0.510
EC 0.759 0.612
TDS 0.749 0.620
SO, 0.474 0.700
Na 0.358 0.861
Cu 0.744 0.354
Cr 0.735
Cd 0.661 0.488
HCO, 0.437 0.744
Acidity 0.334 0.623 0.304
Fe 0.964
Zn 0.961
Pb 0.722
NO,-N 0.721 0.311
F 0.866
Mn 0.858
PO,-P 0.723
pH —-0.807
Silica 0.776
NO; 0.765
K 0.553
Ni 0.684
Eigen values 4.983 4.456 2.066 1.696 1.655 1.651 1.590 1.587
% Variance 19.9 17.8 8.3 6.8 6.6 6.6 6.4 6.3
Cumulative (%) 19.9 37.7 46.0 52.8 59.4 66.0 72.4 78.7
Table 3. R-mode varimax rotated factor loadings of water quality parameters during post-monsoon season
Variable Factor 1 Factor 2 Factor3  Factor 4 Factor 5 Factor 6 Factor 7  Factor 8 Factor 9
TH 0.963
Ca 0.918
Mg 0.846
Cl 0.836 0.492
TDS 0.807 0.546
EC 0.806 0.546
SO, 0.450 0.679 0.398
Na 0.453 0.821
Cr 0.805
Cu 0.377 0.610
Fe 0.898
Zn 0.874
Acidity 0.736
HCO, 0.719
Silica 0.433 0.666
F 0.393
Pb -0.378 0.390 —-0.394
pH 0.643
NO; 0.628 —0.483
F -0.616 0.310
NO,-N 0.600
Ni 0.732
Cd 0.728 —-0.305 —-0.330
K -0.783
Mn 0.820
PO,-P 0.906
Eigen values 5.310 3.173 2.074 1.973 1.797 1.611 1.436 1.384 1.173
%Variance 21.2 12.7 8.3 7.9 7.2 6.4 5.7 5.5 4.7
Cumulative (%) 21.2 33.9 42.2 50.1 57.3 63.7 69.5 75.0 79.7
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loadings of factors 3-9 are not clear, though they account
for 45.6% of the total variance.

Comparison of FA for the two seasons shows the effect
of groundwater recharge caused by monsoon on the two
processes associated with the two factors. It appears that
the major ion pollution factor shows little change during
the post-monsoon season, but there is considerable reduc-
tion in pollution load caused by the tannery pollution fac-
tor. This is evidenced by the substantial reduction in the
concentration of trace metals notably, Cd, Cr and Cu, and
major ionic constituents such as Na, Cl and SO, during
the post-monsoon season. The loading pattern of factors
3-8 during pre-monsoon season and factors 3-9 during
post-monsoon season is not clear and indicates the ab-
sence of correlation with other variables. Variables which
are known to be geogenic, i.e. F, silica, K and HCO; are
grouped together with that of anthropogenic variables, i.e.
Pb, Zn, Cu, NO; and NO,. Hence the processes or sources
associated with these factors are highly localized and
contributed by geogenic and anthropogenic sources.

The factor score plots of the first two factors for the
pre- and post-monsoon seasons are shown in Figure 2 a
and b, respectively. Comparison of the factor score plots
for the two seasons shows the effect of dilution caused by
recharge on the hydrochemical variables. The score plots
for the two seasons show almost the same grouping of
samples. The samples affected by the two factors (factor
score >1) are well identified for the two seasons. During
the pre-monsoon season, most of the samples are clustered
around the origin, indicating contamination by the two

Table 4. Communalities of variables of the factor model

Variable Pre-monsoon Post-monsoon
EC 0.979 0.990
TDS 0.977 0.990
TH 0.968 0.974
Fe 0.943 0.821
Zn 0.933 0.812
Cl 0.932 0.951
Na 0.917 0.915
Ca 0.906 0.886
Mg 0.869 0.853
Mn 0.862 0.737
HCO, 0.823 0.728
pH 0.792 0.611
F 0.788 0.772
Acidity 0.757 0.686
SO, 0.755 0.847
Cd 0.737 0.752
NO, 0.725 0.538
Cu 0.724 0.717
NO; 0.711 0.753
PO,-P 0.703 0.859
Silica 0.656 0.801
Pb 0.601 0.738
Cr 0.618 0.715
Ni 0.591 0.754
K 0.414 0.732
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processes to an average extent. Only a few samples were not
affected by the two processes and have high negative
scores (>—1). The clustering of samples around the origin
is less pronounced during the post-monsoon season, indi-
cating the effect of dilution caused by rainfall.

Tt is interesting to note the unrotated principal compo-
nent analysis (PCA) loadings, in that the pollution factors
explained by factors 1 and 2 are merged to a single PC.
During pre-monsoon season, PC 1 is contributed by
strong loadings of EC, TDS, Cl, TH, Mg, Na and SO,
and moderate loadings of Ca, acidity, Cu, Cd and Cr, and
explains 31% of variance. On the other hand, moderate
loadings of Ca and moderate negative loading of HCO;
characterize PC 2, and other variables show weak loadings
and explain only 9% of variance. During post-monsoon
season, PC 1 accounted for 29.8% of total variance with
strong loadings of EC, Cl, TDS, Na, SO,, TH, Ca and
Mg, moderate loadings of HCO; and Cr, and weak load-
ings of Ni, acidity and Cu. PC 2 was characterized by
moderate positive loading of NOs;, weak loadings of Fe,
Pb and Zn, and explained 9.5% of the total variance. Thus
varimax rotation refined the PC model by separating the
two pollution processes explained by factors 1 and 2. A
similar result of FA has been reported by Helena et al.™.

Cluster analysis

CA was performed on the standardized (z-scale) dataset
for the two seasons separately by Ward’s method using
squared Euclidean distance as similarity measure. The re-
sulting dendrogram is shown in Figure 3 @ and b. CA was
also performed on variables for the two seasons sepa-
rately to find out the grouping of variables. The dendro-
gram for pre-monsoon season is shown in Figure 4.
Grouping of variables was similar for the two seasons.
However, CA performed on the combined dataset for
both seasons, with the objective of classifying the sam-
pling stations based on temporal variation was unsuccessful.

The dendrograms for the two seasons (Figure 3 @ and
b) consist of several groups, and each group consists of
several sub-groups and singletons. However, for the sake
of interpretation, it could be classified into three major
clusters, as shown in Table 5. During the pre-monsoon
season, the three clusters consisted of 23, 29 and 13
members. About 56% of the cluster I members belonged
to the unpolluted group, cluster II was highly mixed
comprising 41 and 59% of moderately and severely pol-
luted samples and cluster IIT comprised 100% of severely
polluted samples. During the post-monsoon season clus-
ters I and IT were mixed; however, 95% of the cluster III
members were from severely polluted samples. It appears
that the grouping of cases in CA is mainly based on the
major ionic characteristics.

CA performed on variables indicates the groups of
variables that behave similarly and/or have similar origin

CURRENT SCIENCE, VOL. 94, NO. 8, 25 APRIL 2008
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Table 5. Clustering of cases during pre- and post-monsoon seasons

Group membership®

Cluster Case Total no. 1 2 3
Pre-monsocon
1 13-2, 22-16, 33-62, 52-28 23 13 7 3
11 41-49, 38-42, 12-46, 29 - 12 17
36-17, 23-24, 25-65,
26-35, 48,3, 32, 39, 60
111 5-18, 51-14, 53, 13 - - 13
10-47,9-7,6, 8
Post-monsoon
1 45-19, 3-35, 33-23, 15-16, 21 4 10 7
26-50, 17
11 21-55, 31, 54-20, 59-40, 23 9 8 6
4-64, 28, 65
111 5-32, 11, 7-61, 14, 46-56, 9-48, 21 - 1 20

47, 6, 42-49, 51-53, 39, 818

*Number of samples belonging to the original classification based on sampling location.

(Figure 4). The dendrogram shows two major clusters,
one including major ionic constituents such as Cl, Na,
SO,, TH, Ca, Mg plus EC and TDS, and the other includ-
ing trace metals and constituents such as acidity, HCOs,
NO,, NOg, pH, silica and F. The grouping of variables
was similar for the two seasons; however, the similarity
levels of the variables were changed in the post-monsoon
season. The grouping pattern predicted by CA is consis-
tent with the factor loading pattern of the two seasons
predicted by FA.

Discriminant analysis

DA was performed on the raw dataset comprised of 25
parameters for the two seasons separately. Temporal DA

CURRENT SCIENCE, VOL. 94, NO. 8, 25 APRIL 2008

was performed on the combined dataset after grouping
the cases season-wise (pre-monsoon — group 1 and post-
monsoon — group 2). The standard mode for building dis-
criminant function coefficients based on entering all the
variables was used. In the stepwise mode variables were
included step-by-step beginning with the more signifi-
cant, until no significant changes were obtained.

The standard mode DA formed two DFs using all vari-
ables except Mg and Mn, and Mg for the pre- and post-
monsoon seasons respectively, as they failed the toler-
ance test. The DFs were tested using Wilks’ lambda and
chi-squared tests. The classification result showed that
95.4 and 87.7% of the original grouped cases correctly
classified during the pre- and post-monsoon seasons. The
stepwise mode DA showed that 69.2% of the original
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Figure 3. Dendrogram showing grouping of sampling stations during (a) pre-monsoon and (b) post-monsoon seasons.

grouped cases correctly classified for both seasons utiliz- Among the three groups, group 3 is clearly separated
ing the variable EC only. Thus DA suggests that EC is  from group 1, whereas little overlap is seen between groups
the most important parameter to discriminate between the 1 and 2, and 2 and 3.

three groups of sampling stations. The scatter plot of DFs DA performed on the combined dataset (temporal DA)
1 and 2 for the two seasons is shown in Figures 5a and b.  using the standard mode utilized 25 variables and classi-
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fied the cases with 79.2% right assignations. The step-
wise mode DA utilizing variables Mg, pH, SiO, and Cd,
gave 72.3% right assignations, suggesting that these vari-
ables are important to discriminate between pre- and post-
MONSOON Seasons.

Conclusion

Groundwater quality dataset of a tannery-polluted subur-
ban area of Chennai city, India was analysed using
chemometric techniques (FA, HCA and DA) for varia-
tions in compositional differences, temporal and spatial
variations caused by anthropogenic factors. FA identified
two polluting processes, namely major ion pollution fac-
tor and tannery pollution factor, responsible for ground-
water pollution in the area. The polluting processes
associated with factors 3-8 and factors 3-9 during pre-
and post-monsoon seasons could not be identified be-
cause variable loadings of these factors are not clear. FA
predicted that temporal changes in water quality are due
to the reduction of pollution load caused by the tannery
pollution factor. However, FA did not give considerable
data reduction, because it requires 21 and 16 variables
(factor loadings >0.7), which correspond to 16 and 36%
data reduction to explain 78.7 and 79.7% variances for
pre- and post-monsoon seasons respectively. Further, it

R led Di

Cluster Combi
0 5 10 15 20 25

s10,

Figure 4. Dendrogram showing grouping of variables during pre-
MONSO0N Season.
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could not differentiate between the unpolluted and mod-
erately polluted stations clearly. CA resulted in three major
clusters, which correspond to the three groups of sam-
pling stations. Though it formed well-defined clusters for
unpolluted and severely polluted groups, grouping of
cases into the moderately polluted group is not clear, parti-
cularly for the post-monsoon season. Similarly, temporal
CA performed on the combined dataset was unsuccessful.
CA performed on variables resulted in two major clusters,
one comprising major ionic constituents and the other
comprising minor constituents and trace metals. DA ren-
dered best results for both temporal and spatial analysis.

@ 4

3 48
L}
51 g 2l:160
2 104.2@ e :’g, % Os
]
o ! ﬁ b 15 % g o
1 ) 58
5 olu 0% R S
5 0-~§—5e—se.s o
c o0 @ ‘g
S 47 5444
P o8 2390,
2 » A 3?6
a ad
2 25 % 1
A . A
>
-3 40 [an?32
-4
-4 -2 0 2 4 6
Function 1
® "’
2.
1.
N
5
5 0
c
=]
w
-1
24
-3
-6
Function 1
Figure 5. Bivariate plot of discriminant functions 1 and 2 during (a)

pre-monsoon and (b) post-monsoon seasons; O, Group 1 unpolluted;
A\, Group 2 (moderately polluted); ®, Group 3 (severely polluted); O,
Group centroids.
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Spatial DA by standard mode gave 95.4 and 87.7% cor-
rect assignations of the classified groups using two DFs.
Stepwise-mode DA assigned 69.2% cases correctly using
the variable EC only. Temporal DA performed on the
combined dataset indicates that Mg, pH, SiO, and Cd are
important discriminating parameters and assigned 72.3%
cases correctly. This study reveals that FA is more effec-
tive in identifying the compositional differences of water-
quality data and, DA is more effective in grouping the
sampling stations based on the extent of pollution and its
spatial and temporal variations.

The findings of the study indicate the need for proper
industrial planning and the safe disposal of industrial and
urban waste, which would otherwise lead to severe envi-
ronmental degradation. The persistence of heavy metals
in the groundwater indicates that contaminated aquifers
require several years to flush out the contaminants natu-
rally. Though several ‘pump and treat’ techniques are avail-
able to make the water fit for its intended use, aquifer
remediation techniques®®** are suitable for this type of small
area.
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