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ABSTRACT

In the present study, data on water quality parameters for 16 lakes located in and around Bengaluru
Urban and Rural Districts over a period of three years viz., 2008 to 2010 was considered to know the factors
responsible for pollution. The study reveals that the first three factors explain 46.37 per cent, 22.71 per cent and
16.62 per cent of variances, respectively. The potential factors identified were lead, zinc, copper, iron, dissolved
oxygen, electrical conductivity, total dissolved solids, pH and suspended solids.

THe lakes in Bengaluru occupy 4.8 per cent of the
city’s geographical area (640 sq km covering both rural
and urban areas). These Lakes were created basically
for hydrological reasons; and for impounding the
monsoon run off in the valley for use in lean seasons.
They also helped in checking floods, in recharging and
maintaining the ground water table. Lakes and tanks
also act as sediment traps and prevent clogging up of
natural valleys and reduce erosion by regulating run
off.

Lakes serve as an important life supporting
system by helping in recharging of aquifers and
regulating hydrological regimes, beside, providing
habitats and breeding grounds for variety of fish, birds
and other aquatic life. In urban areas, lakes assume
special importance in providing drinking water,
recreation, irrigation and fishing. However, these lakes
are often seen as main reason for development of urban
area due to pressure of human activities like
urbanization and industrialization.

In both urban and rural districts of Bengaluru we
can observe the production activities like Agriculture,
Horticulture, Dairy, Poultry, Sericulture, Fishery,
Animal husbandry, etc. In Bengaluru rural district, there
is 65 per cent cultivable area and 77 per cent population
is engaged in agriculture. Amongst that, 65 per cent
marginal land holding and 22 per cent small land holding
farmers are there (Source: District profile-Bengaluru
Rural). In Bengaluru urban district there is 36.7 per
cent net cultivable area. Among that 82 per cent of
cultivable area is under rain fed condition (Source:
District profile-Bengaluru Urban). These activities are

entirely depending on lake water. But after 1950°s,
the rate of urbanization increased rapidly. To create
accommaodation for the increasing population, tank beds
were converted into layouts, bus depots, playgrounds
and so on. As such several tanks / lakes have been
erased from the map.

In the last few decades, Bengaluru has observed
rapid industrialization and urbanization. Information
technology sector in Bengaluru over the last decade
resulted in migration and settlement of large population.
The uncontrolled industrialization and urbanization has
led to excessive pollution of water bodies in Bengaluru
city. Rapid urbanization resulted in scarcity of potable
water and this made the situation worst. The agencies
are not able to provide sanitation to all parts of the

city.

The comprehensive monitoring has revealed that
most of the lakes in and around Bengaluru metropolitan
area are polluted because of untreated municipal waste
water joining the lakes. The causes are due to improper
sewage maintenance, missing links which are not
connected to trunk sewers of Bangalore Water Supply
and Sewerage Board (BWSSB), i.e. not reaching the
sewage treatment plant. The sewage treatment plants
established by BWSSB are under loaded and as such
bypasses of sewage effluents are taking place without
any treatment.

The quality of water depends on several physico-
chemical parameters. It is difficult to describe a simple
straight forward reason for the deterioration of water
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quality in a particular lake. The water quality varies
both spatially and temporally. The lakes nearer to the
industrial area get more pollutants. Because of the lake
water being stagnated, the day by day accumulation
of pollutants will increase the concentration.

There are several studies reported by researchers
identifying the factors responsible for pollution level of
lakes and rivers. The prominent among them are
Nazire et al. 1999; Hulya et al. 2005; Papatheodorou
etal. 2007; PetrPraus, 2007; Abbas et al. 2008 ; Hulya
and Hayal, 2008; Sangam et al. 2008; Smeti et al.
2009; Santhosh Kumar and Bhasker, 2005;
Venkatesharaju et al. 2010 ; Yang-Hui et al. 2010;
Mahmood et al. 2011; and Adamu, 2012. In the present
study, factor analysis was used to identify the
parameters responsible for pollution of lakes in
Bengaluru District.

MATERIAL AND METHODS

The 16 lakes of Bengaluru District which were
selected for the present study are Begur Lake,
Bellandur Lake, Gottigere Lake, Haralakunte Lake,
Jakkur Lake, Kalkere Lake, Karihobanahalli Lake,
Lalbagh Lake, Madavara Lake, Puttenahalli Lake,
Sanky tank, Ulsoor Lake, Varthur Lake, Yadiyur Lake,
Yelahanka Lake, and Yellemallappa Lake.

The water quality parameters measured at 6
sample sites each over three years from 2008 - 2010
are pH, Dissolved oxygen (DO), Bio - Chemical
Oxygen Demand (BOD), Electrical conductivity (EC),
Total dissolved solids (TDS), Suspended solids (SS),
Lead (Pb), Copper (Cu), Zinc (Zn) and Iron (Fe).

Factor analysis (FA) is a multivariate statistical
technique, which gives the general relationship
between measured variables by showing multivariate
patterns that may help to classify the original data. FA
is designed to transform the original variables into new
uncorrelated variables called factors, which are linear
combinations of the original variables. It is a data
reduction technique and suggests how many variables
are important to explain the observed variances in the
data. This treatment provides a small number of factors
that usually account for approximately the same
amount of information as the original set of
observations. The observed variables are modeled as

linear combinations of the potential factors including
the error terms as follows :

Zij = a1flj + a2 f2j ot am fmj + eij

Where, Zij: Measured variable, a= i Factor
loading, f,= Factor score

i=1,2,..m, j=1,2,3...p

The first thing to do before conducting factor
analysis is to look into the inter-correlation between
variables. If there is any variable that does not correlate
with any other variables or the variables which are
highly correlated with other variables are excluded
before the analysis. The correlation between the
variables can be checked using correlation matrix of
all variables. This matrix will be created as part of the
main factor analysis.

€= Error term,

Although mild multi - collinearity exists, itisnota
problem for factor analysis, it is important to avoid
extreme multi-collinearity and variables that are
perfectly correlated. Because, it becomes impossible
to determine the unique contribution to a factor of the
variables that are highly correlated as was the case in
multiple regression. Therefore, at this early stage we
look to correlation matrix and eliminate any variables
that do not correlate with any other variable (R<0.05)
or that correlate very highly with other variables
(R>0.9). Hence, R-matrix can be used. If the
determinant of the R-matrix is more than 0.00001, then
it can be concluded that there is a problem of multi-
collinearity and hence, no need of elimination of
variables. If it is less than this value then look through
the correlation matrix for variables that correlated very
highly (i.e. R>0.9) and consider eliminating one of the
variables before proceeding.

Kaiser-Meyer-Olkin test :  This test is
conducted to test the sampling adequacy, used to
examine the appropriateness of factor analysis.The
test statistics is given by
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Where, M= Correlation between j™ and k™

variables.
p, = Partial correlation between j* and k*
variables.
m=  Number of pairs of observations.
r = Karl Pearson’s coefficient of

Xy )
correlation between x and y

It varies between 0 and 1. A value of 0 indicates
that the sum of partial correlation is large relative to
the sum of the correlation, indicating diffusion in the
pattern of correlation. Hence, factor analysis is likely
to be inappropriate. A value close to 1 indicates that
pattern of correlations are relatively compact and so
factor analysis should yield distinct and reliable factors.

Kaiser (1974) recommended accepting values
greater than 0.5 as acceptable. Furthermore, values
between 0.5 and 0.7 are mediocre, value between 0.7
and 0.8 are good, values between 0.8 and 0.9 are
greater and values above 0.9 are superb.

Bartlett’s test of Sphericity : Bartlett’s test
was used to test the null hypothesis that the original
correlation matrix is an identity matrix. For factor
analysis one should have some relationship between
variables and if the R-matrix were an identity matrix
then all correlation coefficients would be zero.
Therefore, this test provides a minimum standard,
which should be passed before a factor analysis is
conducted. The test statistics is given by

1-n+(2p+5)
X2=—|°9|r|"'%2a, P(p-l)df

6 2
Where, n = Number of observations,
p = number of parameters (Variables)

In order to determine the number of factors to be
used, the variance and co-variances of the variables
are computed. Then, the eigen vectors are evaluated
for the covariance matrix and data can be transformed
into factors. An eigen value gives a measure of
significance of the factor. The factors with highest
eigen values are the most significant factors. Eigen

values of 1.0 or greater were considered significant
(Shreshta and Kazama, 2007). Factor loading is
classified as strong, moderate and weak corresponding
to absolute loading values of greater than 0.75, between
0.50 and 0.75 and less than 0.50, respectively (Liu et
al., 2003).

Then Kaiser Varimax rotation scheme was
implemented to evaluate factor loadings that correlate
the factors and variables. The next step of the analysis
is to compute the contribution of each factor based on
the factor scores. The factor scores are projection of
data onto corresponding eigen vectors based on which
factor loadings are evaluated that correlate the factors
and variables.

REsuLTs AND DiscussioN

Table | Shows the Karl Pearson’s correlation
coefficient between all the pairs of water quality
parameters. It was observed that majority of variables
had correlation coefficients more than 0.05 and there
was some relationship between the parameters while
none was more than 0.9. Hence, no correlation
coefficient was particularly large and there is no
problem of high correlation. Therefore, there was no
need of eliminating any variables at this stage.

Table Il shows Kaiser-Meyer-Olkin measure of
sampling adequacy and Bartlett’s test of Sphericity.
The Kaiser value was found to be 0.543. According to
Kaiser (1974) it is acceptable, which means pattern of
correlations are relatively compact and so factor
analysis should yield distinct and reliable factor.
Bartlett’s test statistic was 179.228 (p<0.00001) which
is highly significant. So, there was significant
relationship between parameters which clearly implies
that the correlation matrix is not an identity matrix.
Therefore, Factor analysis was found to be highly
appropriate.

Table I11 shows the eigen values associated with
each linear component (factor) before extraction, after
extraction and after rotation. Before extraction 10 linear
components were identified. The eigen values
associated with each factor represents the variance
explained by that particular linear component.

Factor 1 explained 46.375 per cent of the total
variance. It clearly shows first few factors explaining
relatively larger amount of variance. Whereas, the
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TaBLE

Correlation between water quality parameters

pH DO BCD Pb Cu Zn Fe EC TDS SS

pH 1.000

DO 0588 ** 1000

BOD 0050  -0372* 1000

Pb 0324* 0035 0065 1000

Cu 0300* 0005 0067  0883** 1000

Zn 0237* 0011 0211  0825*% 0862 ** 1000

Fe 0336 * -0.126 0353* 0755 ** 0803 ** 0823 ** 1.000

EC 0488 ** 035 * 0794 ** 0275* 0371 * 0443 ** 0574** 1000

TDS 0476 ** -0305* 0782** 02/5* 0369 * 0430 ** 0542** 0894 ** 1000

SS 0.525 ** 0198 0.198 -0.075 -0.007 0.069 0.014 0.047 -0023  1.000

* Significant at 5% level ** Significant at 1% level

TasLE I

Kaiser-Meyer-Olkin and Bartlett’s test values

Kaiser-Meyer-Olkin Measure of Sampling Adequacy 0.543
Bartlett’s Test of Sphericity ~ Approximate Chi-Square  179.228
Degree of freedom 45
p value 0.000

TasLE Il

Extracted values of various factor analysis for water quality parameters

o Extraction Sums of Rotation Sums of Squared
Component Initial Eigen Values Squared Loadings Loadings
Total Bof  cimo Total %of — cum% Total ot imoe
Variance Variance Variance

1 4638 46.375 46.375 4.638 46.375 46.375 3675 36.753 36.753
2 2272 22.715 69.090 2272 22.715 69.090 2.986 29.86 66.612
3 1.662 16.621 85.711 1.662 16.621 85.711 1.910 19.099 85.711
4 0.675 6.749 92.460
5 0.364 3641 96.101
6 0.194 1939 98.040
7 0.150 1495 99.535
8 0.037 0.369 99.905
9 0.008 0.077 99.982
10 0.002 0.018  100.000
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subsequent factors explains the small amount of
variance. There are three factors with eigen values
>1, the eigen value associated with these factors are
again displayed in the columns labeled extraction sum
of squared loadings. The values in this part are same
as the values before

Extraction, except that the values for the
discarded factors are ignored. In the final part of the
table labeled rotation sums of squared loading, the eigen
values that the factors after rotation are displayed.
Rotation has the effect of optimizing the factors
structure and one consequence for these data is that
the relative importance of the four factors is equalized,
before rotation. Factor one account for only 36.756
per cent of variance compared to 29.860 per cent and
19.099 per cent, respectively. High positive loading
indicates strong linear correlation between the factor
and parameter. Similarly, Factor 2 and 3 explained
22.715 and 16.621 per cent of the total variability,
respectively.

Table IV shows that, Factor 1 was positively and
strongly (>0.75) loaded with eigen values of Pb (0.969),
Cu (0.971), Zn (0.835), Fe (0.910) and weakly loaded
with EC (0.307) and TDS (0.303). Factor 2 is positively
and highly loaded with DO (0.952), EC (0.897), TDS
(0.888) and moderately loaded with Zn (0.371). Factor
3 was positively and strongly loaded with pH (0.866),
SS (0.813) and moderately loaded with BOD (0.621).

TaBLE IV

The factor loading values and the explained
variance of water quality parameters

Para Factor 1 Factor 2 Factor 3
meters
pH -0.254 -0.242 0.866
BOD 0.130 -0.442 0.621
DO -0.014 0.952 0.118
Pb 0.969 -0.045 -0.111
Cu 0971 0.080 -0.055
Fe 0.910 0.217 0.046
Zn 0.835 0.371 -0.071
EC 0.307 0.897 -0.209
TDS 0.303 0.888 -0.180
SS -0.005 0.199 0.813

Figure 1 shows the variables in the rotated factor
space. It is the alternative method of representation of
loadings, to achieve a better interpretation. This will
help to see how the variables are organized in the
common factor space, while, the total amount of
variance explained remains equal but the variance
explained per component changes.

Figure 2 shows the Scree plot of the Eigen values.
By using Kaiser’s criteria extracted 3 factors, this
criteria is accurate when the number of variables are
less than 30 and number of communalities after
extraction are greater than 0.7. Table IV shows the
communalities before and after extraction. In this case,
both the conditions are satisfied. So, Kaiser’s criterion
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Fig. 1: Showing component plot in rotated space
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Fig. 2 : Showing the Scree plot of the Eigen values
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is accurate. It is once again proved in the Scree plot of
Eigen values. Here, we can observe the inflexion on
the curve. The curve is tail off after three factors,
reaching stable plateau. Therefore, we can justify that
retaining of three factors is correct.

Based on the statistical analysis of data on factors
responsible for pollution of selected lakes around
Bengaluru, it can be concluded that the parameters
such as Lead (Pb), Copper (Cu), Zinc (Zn) and Iron
(Fe) were strongly loaded with a total variability of
46.37 per cent. On the other hand, DO, EC and TDS
had explained variations to an extent of 22.71 per cent.
However, the parameters pHand SS explained variation
to an extent of 16.62 per cent. These were the potential
factors for pollution of the lakes.
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