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A Case Study on the Relationship between Water Quality Parameters: Bursa
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Abstract

Monitoring the quality of mains water in residential areas where industrialization is intense is
of vital importance in terms of human health. For this purpose, quality parameters expressing
the physical, chemical and biological properties of water are periodically observed through
laboratory tests. During the evaluation of water quality, these parameters can be assessed
individually or as a group by considering their interrelations. In this context, by using water
quality reports of Bursa province which is an industrial city, answers to two questions were
sought. The first of these questions is, getting evaluated on a group basis, which groups of water
quality parameters are found to be highly correlated. The second question is whether the
correlation between these interrelated parameter groups can be maintained in different
measurement periods. For these purposes, analyzes were made using an approach which utilizes
canonical correlation analysis, exhaustive scanning, and sliding window methods. As a result
of these analyzes, it was observed that used approach gave successful results in terms of
determining interrelated parameter groups and the differences in terms of interrelations between
the measurement periods over these groups.

Keywords: Water quality parameters, canonical correlation analysis, exhaustive search, sliding
window

1. INTRODUCTION
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UNIVERSITESI

Water is the basic building block and
indispensable element of all living organisms,
from the smallest one to the largest. In terms of
mass, 73% of our brain and heart, 79% of our
skeletal muscles and kidneys, and 83% of our
lungs are composed of water [1]. Water plays an
important role in balancing our body temperature,
digesting and transporting nutrients, excretion,
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working of our joints, protecting our brain and
spinal cord against impacts, and many more.
When all these aspects are taken into account, it
becomes clear that human beings' access to water
is of vital importance.

Water is essential not only for biological life, but
also for agriculture, textile and industrial
production. Water used in production is polluted
with various chemicals and unfortunately is
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sometimes left back to the water cycle without
being filtered. This situation especially affects
drinking water quality of people living in cities
that are intertwined with industry. For this reason,
local governments frequently test the quality of
the mains water in terms of physical, chemical
and biological aspects. In these tests, (i) physical
properties of water such as color, smell, taste,
turbidity, (ii) chemical properties such as
hardness, electrical conductivity, dissolved gases
and elements in it, (iii) biological properties such
as presence/number of viral pathogens and other
microorganisms are examined. If the parameter
values are within the standard ranges, the water
source is considered to be suitable for
use/drinking.

To date, many academic studies have been
conducted on water quality parameters. In
general, these studies focus on three main topics:
Analysis of the relationship between quality
parameters [2- 5], Depending on the analyzed
relationship, estimation of a certain quality
parameter [6- 9], and Estimation of total water
quality using quality parameters [10- 14].

Among the studies on analysis of relationships
between quality parameters, Noori et al. [2]
examined physical and chemical parameters
obtained from the Karoon River using Canonical
Correlation Analysis. As a result of the research,
it was reported that parameters of electrical
conductivity, total dissolved solids, total amount
of ions and water hardness have a high weight in
explaining the canonical diversity. In a similar
study [3], measurements taken from Macau main
storage reservoir for ten years were used.
Principal Component Analysis, a dimension
reduction tool, was applied on two different
groups of physical and chemical parameters. The
canonical relations  between  remaining
parameters were examined and it was seen that
electrical conductivity from the physical
parameters group and amount of chloride from the
chemical parameters group had the highest
canonical weight in their own group. In another
study, Parmar et al. [4] divided water quality
measurements into sub-levels using Discrete
Wavelet Transform method instead of using them
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directly like in current studies. They obtained
measurement-signal vectors of these levels.
Afterwards, they showed that the chemical
oxygen demand parameter was highly correlated
with other three chemical parameters. On the
other hand, Sallam et al. [5], established
regression models for estimation of parameters
such as pH, dissolved oxygen, electrical
conductivity, and total dissolved solids using air
temperature, relative humidity, and
quantitative/qualitative properties of the water
released into the water source. They stated that
there is a strong correlation between these
parameters.

This study focused on the relationship between
water quality parameters. In this context, six-
years-long water quality measurements of Bursa
province were used and two separate subjects
were examined. First subject is to identify two
subgroups of quality parameters that provide a
high canonical correlation. For this purpose,
Exhaustive Search (ES) method was used. The
second subject of the study is to determine
whether there is a significant correlation between
two different measurement periods or not. At this
point, a sliding window approach along with
Canonical Correlation Analysis (CCA) was
applied on the data which is in form of time series.

Rest of the study is organized as follows: In the
second part, the dataset and approaches used are
introduced. In the third part, experimental results
are given. The fourth and final part is devoted to
conclusions.

2. MATERIAL AND METHODS
2.1. The Dataset

In the study, quality of drinking water reports
published weekly by Bursa Water and Sewerage
Administration were used
(www.buski.gov.tr/SuAnalizRaporu/Detay/).
There are 257 measurement reports in total for the
period between June 15™, 2014 and May 6™, 2020
(70 months). Distribution of these reports by
months and years can be seen in Table 1.
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Table 1 Number of measurements on the basis of Months&Years

Month

Year 1 2 3 4 5 6 7 8 9 10 11 12 Total
2014 1 1 1 1 1 2 1 8
2005 1 1 1 1 1 1 5 4 4 4 4 5 32
2006 2 4 5 4 2 5 3 5 3 4 5 4 46
2017 4 3 5 4 5 4 4 4 4 4 5 4 50
2018 5 4 4 4 5 4 4 4 4 5 4 4 51
2019 5 4 4 4 5 3 5 4 4 5 4 4 51
2020 5 4 4 5 1 19

In the aforementioned reports, there are a total of
54 parameters regarding the physical, chemical
and biological properties of drinking water. For
some of these parameters, data before a specific
date is not available. At the same time, for some
parameters, number ranges are used instead of

exact values. There are also parameters that have
the same value for each measurement or that can
be neglected because their standard deviation is
very low. For these reasons, 18 parameters which
are shown in Table 2 were selected to be used in
the study.

Table 2 Water quality parameters used in the study

Par# Name of the parameter [Min - Max] Mean Staqdqrd
Deviation

1 pH [7.36 —8.41] 7.889 0.260

2 Blurriness [0.02 - 0.91] 0.264 0.131

3 Total Hardness [137.8 — 250.9] 177.463 26.331

4 Total Iron [0 - 64] 21.659 10.490

5 Manganese [1-30] 12.284 4.147

6 Chloride [3.8—20.37] 8.662 2.666

7 Sulfate [7-51] 19.548 11.283

8 Nitrate [0-5.3] 0.991 0.702

9 Conductivity [277 - 432] 356.813 36.961
10 Permanganate Index [0.12 — 4.06] 0.996 0.406

11 Sodium [3.94 — 13.255] 7.787 1.880

12 Aluminum [0 - 163] 32.458 29.314
13 Fluoride [0-0.17] 0.065 0.021

14 Free Chlorine [0.42 -0.78] 0.648 0.062

15 Arsenic [0.017 —5.914] 2.637 1.271

16 Copper [0-6.57] 0.710 0.725

17 Nickel [0.25-9.22] 3.201 1.256

18 Trihalomethane (THM)  [0.42 - 64] 30.117 8.981

There is a missing data problem for some of the
selected parameters. To overcome this problem,
the "window average" approach was used, and
each missing data area was filled with the average
of the other data in its 14 neighborhood. In the last
step, all parameters were normalized to the range

Sakarya University Journal of Science 26(5), 1867-1878, 2022

[0,1] since they take values from different number
ranges.

Measurement reports were fetched from website
of Bursa Water and Sewerage Administration
using Python library “Beautiful Soup”. All
analyzes were carried on PC platform using
MATLAB.
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2.2. Canonical Correlation Analysis

Canonical Correlation Analysis (CCA) method is
a statistical analysis tool which is used to find
canonical projection vectors that transfer samples
of two different observation sets (views)
belonging to the same entity to ideal data spaces
in order to maximize their correlation (Pearson's
correlation) between [15]. The method is used in
many research areas like feature selection in
classification processes [16, 17], biomedical
applications [18- 20], bioinformatics [21, 22], and
SO on.

CCA can be briefly stated as follows:

Suppose that we have two zero-mean views Sx =
[X1, X2, ..., xn], and Sy = [y, Y2, ..., yn] in D-
dimensional space for N samples. We can project
these samples into a one-dimensional space using
two basis vectors wx and wy, and write the
correlation coefficient r between these projections
as seen in Eq. 1.
r= wxTSxSywy _
\/(WXTSXSXTWX) (WYTSySyTWy)
wxTCxywy (l)
JwxTcxxwx)wyT Cyywy)

Here, Cxx and Cyy are within-class covariance
matrices and Cxy = Cyx' are between-class
covariance matrices. Our goal is to find the ideal
canonical projection vectors wx and wy that will
maximize coefficient r. For this, we can create the
optimization problem seen in Eq. 2 by specifying
a set of constraints and using the Lagrangian
relaxation method.

L, wy,wy) = WXTCXYWY -

A

> (WXTCXXWX -1) -

A

> (WYTCYYWY -1) (2)

By solving our optimization problem, the equality
seen in Eq. 3 and the eigenproblem seen in Eq. 4
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are obtained. The coefficient 1 is the Lagrange
multiplier from our optimization problem and is
also the square root of the eigenvalue of our
eigenproblem.

-1
wy = Cyy ;yxwx (3)
CXX_chYCYY_lcYXWX = }\ZWX (4)

With the solution of our eigenproblem, the
canonical projection vector wx (eigenvector) and
the coefficient 1 (eigenvalue) are obtained. By
substituting both of them in Eq. 3, the canonical
projection vector wy is obtained.

2.3. Exhaustive Search

In the first stage of the study, it was aimed to find
subgroups of water quality parameters that have a
significant relationship. Some of previous studies
[2, 3] used CCA method to examine the
relationship between physical and chemical
quality parameters for this purpose. Unlike their
work, instead of using views of two logical
classes, relationships between mixed subsets
(views) of all parameters given in Table 2 were
examined in this study. In literature, there are
iterative [23] and adaptive [24] techniques for
composing CCA views. However, since the
number of parameters subject to the study is
appropriate, Exhaustive Search (ES) approach, in
which all possible subsets of parameters are used,
was applied. The algorithm regarding to
application of the approach together with CCA
can be seen in Figure 1.

Like many machine learning methods, CCA can
be affected by the way training and test sets are
formed, and it can be under the influence of bias
effect. For this reason, the algorithm was run
using 5x2 cross validation, and 10 different test
scenarios were obtained.
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N < number of samples

D <« number of parameters
Par<—{1,2,....D}

Data < N = D dimensional data matrix
frain < mdices of training samples

test < indices of test samples

fori<—1t02?-14do
f <« i subset of Par

if number of elements( /) > 1 then

for k «— 1 to half do

yefox

test viewl < Data (test, x)
test view2 «— Data (test, y)

end for
end if
end for

half — | number of elements( /) /2]
x «— a k-element combination of /
train_viewl < Data(train, x)

train_view2 <— Data(train, y)

[wx, wy] «— CCA(train_viewl, train _view2)
r < pearson_correlation( fest viewl x wy! , test view2 x wy,T) / CCA test

/ Except null set

/ CCA training

Figure 1 Implementation of CCA using ES

2.4. Sliding Window Approach

Another subject of study is to find out whether
there is a significant correlation between water
quality parameters in different measurement
periods when measurements are ordered from
oldest to newest according to their dates. For this
purpose, the sliding window approach seen in
Figure 2 was used. Accordingly, two observation
periods (Periodl and Period2), which contain
equal number of observations (W) but do not
overlap with each other were created. Then,
canonical projection vectors which maximize
CCA training correlation of two views in Periodl
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were calculated. Lastly, using same canonical
projection vectors, samples in both views of
Period2 were projected to a new data space and
test correlation of projected views, which resolves
a possible relationship between two observation
periods, was obtained. In each iteration of the
approach, one of the observation periods
(Periodl) remained constant while the other
(Period2) was shifted by one sample forward. In
case where Period2 could not be shifted any
further, the approach was repeated from the
beginning by shifting Period1 one sample further.
Whole process is maintained until the case where
two periods overlap.
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Figure 2 Sliding window approach for detecting periodic relationships

3. RESULTS

3.1. Group-Based Relationships among Water
Quality Parameters

In order to find an answer to the question of
whether there is a significant relationship between

water quality parameters on a group basis, the
algorithm mentioned in Figure 1 was applied to
whole dataset, with a 5x2 cross-validation
approach. In this way, 10 different test scenarios
were created, each containing 2'® — 19 test
correlations. The 5-number summary obtained
after eliminating extreme values for each of these
scenarios is shown in Table 3.

Table 3 5-number summary of test scenarios

Test#  Minimum (LQCL)JV;I?{iIe Median gzgitrile Maximum
1 0.3938 0.6966 0.8064 0.8985 0.9510
2 0.3056 0.6520 0.7935 0.8829 0.9282
3 0.3987 0.6982 0.8386 0.8978 0.9592
4 0.3081 0.6543 0.7815 0.8852 0.9340
5 0.4205 0.7041 0.7991 0.8931 0.9409
6 0.3202 0.6596 0.7969 0.8859 0.9540
7 0.3419 0.6678 0.8037 0.8852 0.9322
8 0.3549 0.6791 0.7849 0.8952 0.9557
9 0.3644 0.6720 0.8145 0.8772 0.9404
10 0.3114 0.6637 0.8024 0.8985 0.9424

When Table 3 is examined, it is seen that there is
not a big difference between upper quartile values
of the test scenarios. The same is also true for
maximum values. At this point, top 100 test

Sakarya University Journal of Science 26(5), 1867-1878, 2022

correlations for each scenario and corresponding
water quality parameter groups (Viewl
parameters and View?2 parameters) were detected.
Afterwards, among these 100x10 cases, the most
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common parameter group in Viewl was scanned.
As a condition for this scan, selection of
parameter groups in View1 which took place in at
least half of cases was taken as a basis. Result of
this scan is given in Table 4.

Table 4 Most frequently encountered parameter
groups in selected test scenarios (Viewl)

Observation

Rate (%)

{Total Hardness, Chloride}  86.2

{Total Hardness, Chloride, 70.4

Permanganate Index}

{Total Hardness, Chloride, 55.6

Arsenic}

Parameter Group

For Viewl, it was observed that high test
correlations had been obtained by using three
parameter groups formed by quality parameters
#3 (Total Hardness), #6 (Chloride), #10
(Permanganate Index), and #15 (Arsenic).

Most frequently observed parameter group for
Viewl is the group consisting of “Total
Hardness” and “Chloride” pair. This group took
place in a total of 862 cases. Among all cases,
most frequently observed parameter groups for
View2 were scanned with a similar approach,
where selection of parameter groups in View?2
which took place in at least half of cases was taken
as a basis. Result of this scan is given in Table 5.

Table 5 Most frequently encountered parameter
groups in selected test scenarios (View?2)

Observation

Rate (%)

{Conductivity, Sodium} 100

{Nitrate, Conductivity, Sodium}  96.9

{Nitrate, Conductivity, Sodium, 77.8

Parameter Group

Fluoride}

{Sulphate, Nitrate, Conductivity, 77.3
Sodium}

{Nitrate, Conductivity, Sodium, 62
THM}

For View2, it was observed that high test
correlations had been obtained by using five
parameter groups formed by quality parameters
#7 (Sulphate), #8 (Nitrate), #9 (Conductivity),
#11 (Sodium), #13 (Fluoride), and #18 (THM).
“Conductivity” and “Sodium” parameters were
encountered in all of these five groups.

Sakarya University Journal of Science 26(5), 1867-1878, 2022

After application of cross-validation approach,
CCA test correlations ranging from 0.9021 to
0.9434 were obtained between Viewl created
with “Total Hardness” and “Chloride” parameters
and View2 created with “Conductivity” and
“Sodium” parameters.

Considering average test correlations obtained
from 10 test scenarios which were formed by 5x2
cross-validation approach, the highest average
test correlation was 0.9402. This value was
obtained by using {Blurriness, Total Hardness,
Chloride, Permanganate Index} parameters for
Viewl, and {Manganese, Nitrate, Conductivity,
Sodium, Fluoride, THM} parameters for View2.

3.2. Relationship between Observation Periods

For the secondary purpose of the study,
observations, which were ordered from oldest to
newest according to measurement dates, were
converted into periods covering 12 months. After
that, couples of periods were analyzed using the
sliding window approach mentioned in Section
2.4 in order to check for existence of a
similarity/difference between them. In this
context, as seen in Table 1, observations covering
6 years were divided into consecutive 12-months-
long periods with a one-month progress, and a
total of 61 periods were obtained. While forming
these periods, if there were more than one
observation belonging to some specific month,
only one of these observations was randomly
selected. Since this selection is a stochastic
process, each pair of non-overlapping periods
(Periodl and Period2) whose relationship will be
questioned were created 1000 times and averages
of training and test correlations were used in
analysis. While calculating both training and test
correlations,  {Blurriness, Total Hardness,
Chloride, Permanganate Index} parameters for
Viewl and {Manganese, Nitrate, Conductivity,
Sodium, Fluoride, THM} parameters for View?2
were used in each period. The reason for this
choice is that the highest possible test correlation
was obtained with the relationship between these
parameter groups.

In trials using the sliding window approach, first
49 of 61 periods were used to calculate i) training
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correlations between views of these periods, and
ii) canonical projection vectors that maximize
these correlations. Out of 1000 trials, training

(Periodl) correlations obtained using these
periods are shown in Figure 3 together with
outliers in box graphic form.
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Figure 3 Training correlations obtained during various train periods

When Figure 3 is examined, it is seen that high
training correlations ranging from 0.87 to 0.99
can be obtained in each of the different train
periods, as would be expected from CCA
approach. It is also seen that correlation values
obtained at the end of multiple trials per period do
not show much variation for train periods
including initial months with few observations.
Lowest outliers (+ symbol) in training correlation
are seen in train periods #17, #18, #19, #20, #21,
and #28 (5 consecutive 12-months-long periods
covering October 2015 — January 2017 interval,
and a single 12-months-long period covering
September 2016 — August 2017 interval).

Sakarya University Journal of Science 26(5), 1867-1878, 2022

In accordance with the sliding window approach
seen in Figure 2, test correlation between views of
Period2 (test period) were obtained by applying
canonical projection vectors which maximize the
training correlation between views of Periodl
(train  period). Accordingly, i. period was
accepted as Periodl and each of the following
periods in the interval [i + 12, 61] was considered
as Period2 one by one. In this way, the
relationship of each Period1 with each subsequent
Period2 was evaluated through the test correlation
obtained. The boxplot created using test
correlations obtained over 1000 trials is shown in
Figure 4.
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As can be seen in Figure 4, median values of test
correlations obtained by applying canonical
vectors of training period (Periodl) to views of
test period (Period2) remained low (at the level of
0.2665) especially for 18" and 19" training
periods (two consecutive periods of 12 months
each, covering the range of November 2015 -
November 2016). For 18" training period, mean
and standard deviation of test correlations were as
low as 0.2603 and 0.0507, respectively. Similarly,
for 19" training period, mean and standard
deviation of test correlations were as low as
0.2722 and 0.0666, respectively. Median training
correlations obtained for these two periods were
similar, about 0.99. Other than this, test
correlations which can be defined as outliers (+
symbols) were observed using first 10 training

4. CONCLUSIONS

In this study, a case analysis was conducted i) to
determine the relationship between water quality
parameter groups, and ii) to determine whether
there exists a periodic relationship between
measurements taken at different times or not. In
this context, exhaustive search and sliding
window approaches are employed along with
canonical correlation analysis. When the
relationship of quality parameters on a group
basis is evaluated, it is seen that the relation
between the group consisting of {Blurriness,
Total Hardness, Chloride, Permanganate Index}
parameters and the group consisting of
{Manganese, Nitrate, Conductivity, Sodium,
Fluoride, THM} parameters is maximized using
the sets of observations in accordance with 5x2
cross-validation. In addition, by using detected
groups of quality parameters, the relationship
between distinct 12-months-long periods was also
questioned. As a result of this inquiry, it was seen
that the relationship established between these
two parameter groups was valid in most of the
observation periods covering 70 months.
However, especially for the periods covering
November 2015 - November 2016 interval, low-
level test correlations such as 0.2603 and 0.2722
were observed, which means the relationship
established between detected parameter groups in
this interval does not hold in other observation

Sakarya University Journal of Science 26(5), 1867-1878, 2022

periods. Variation of mean test correlations for
these periods is shown in Figure 5.

Examining Figure 5, it is clear that mean test
correlation values remain low until 20" test
period. Only after that, a rise is possible. One
might suspect that, the reason is lack of diversity
in observations for leading periods (check number
of measurements for leading months in Table 1).
However, although observation diversity is low
for first 10 periods, it is seen that canonical
vectors obtained in training phases of these
periods provide high mean test correlations after
20™ test period. Moreover, checking Table 1, we
can see that lack of diversity in observations
comes to an end after 13" period.

periods. This gives us an idea about benefit of
applied methodology in order to detect seasonal
variability of the relationship between water
quality parameters.
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