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Abstract: Water is a highly complex environmental system; its
protection cannot be met by traditional methods. As a part of the
process, it is mandatory to evaluate the parameters of ground
water so as to pursue suitable treatment. These days’ data mining
algorithms have been developed to handle various data-rich
environmental problems. In data mining, several techniques such
as complex non-linear science, soft computing techniques,
clustering and association have been applied in the domain of
ground water quality assessment and evaluation in and around
Coimbatore District. In this work, the statistical cluster analysis
methods and association rule mining techniques were used to
identify the spatial distribution of different cluster of wells having
similar characteristics and determine the relationship between
different water quality variables. The water quality assessment in
Coimbatore was done using 13 parameters, namely NO3', TDS,
Mg?, Ca?*, Na', CI", F", SO,%, EC, pH and Hardness including
location in different sites. The main objective of the present study
is to assess the performance of various clustering algorithms of
WEKA and identify the most suitable algorithm for clustering
water quality samples. K-Mean algorithm and centroid method of
Hierarchical clustering performed in the similar manner in
clustering. In addition to that, this study focused on identifying
the water quality parameters exceeding permissible limits that
occur together (TDS, Mg SO,%, EC, hardness) in the given
samples using Association Algorithms. The performance and
efficiency of different association algorithms like Apriori and
Frequent Pattern Growth algorithm was evaluated by factors like
support, confidence, lift, leverage and conviction values.

Index Terms: Apriori Algorithm, Association Rule Mining,
Data mining algorithms, Density based clustering algorithm,
Hierarchical clustering, K-means algorithms, Weka tools, etc.

. INTRODUCTION

Ground water is one of the important natural resources for
existence of humans and all other living things.

Revised Manuscript Received on 30 July 2019.
* Correspondence Author

Mrs J. Jansi*, Scholar, Department of Mathematics, Kottayam
Institute of Technology and Science, Coimbatore, (Tamil Nadu), India

Dr. P. Jegathambal, Professor, Karunya University.

Dr. S. Devaraj Arumainayagam, Associate Professor, Department of
Statistics, Government Arts College, Coimbatore.

© The Authors. Published by Blue Eyes Intelligence Engineering and
Sciences Publication (BEIESP). This is an open access article under the
CC-BY-NC-ND license http://creativecommons.org/licenses/by-nc-nd/4.0/

Retrieval Number: A1377058119/19©BEIESP
DOI: 10.35940/ijrte.A1377.078219
Journal Website: www.ijrte.org

177

It fulfills the basic needs and domestic purpose including
drinking, agriculture irrigation and also for industria
manufacturing needs. The quality of the groundwater is
getting deteriorated due to over exploitation and pollution
from sources like domestic, agriculture, industrial and
weathering of subsurface rocks and minerals.

The evaluation process of water quality is usually indicated
by measuring a parameter such as NO3, TDS, Mg®, Ca®*,
Na', Cl', F, SO, EC, pH and Hardness including location.

Clustering is an unsupervised learning approach that
groups the water quality data on the basis of similarities
among them. The identified clusters preserve two properties,
maximizing intra cluster homogeneity and minimizing the
inter cluster heterogeneity. To identify the similarities, the
concept of distance metric is applied. Different kinds of
measures like Euclidean, Manhattan Min-kowski or Cosine
similarity distances etc. are applied to create clusters.
Association mining creates different association rules by
showing conditions of water quality parameters which
frequently occur together in a given raw water quality
datasets. The developed association rules reveal the hidden
relationship between water quality parameters.

II. RELATED WORKS

Different types of clustering methods such as the simple
k-mean, EM clustering, Cobweb clustering have been used to
analyze the lead contaminant in the river water quality dataset
and predict the cluster which restrain the highest value of lead
in the river water [1]. In this paper, the authors had applied
principle component analysis and statistical analysis to
predict the source of heavy metal like lead. The authors [2]
had coupled both K-Means and Principal Component
Analysis to reduce the dataset from high dimensional to low
for the perfection of K-Means clustering. They have used a
big dataset of 28 hydro geochemical variables and 582 dug
wells in the coastal aquatic region for data reduction using
PCA and clustering using K-Means. In the articles [3,5], the
authors implemented multivariate analysis like clustering and
PCA techniques for the data sets of Second Songhua River
(SSHR) basin in Chinato identify the sources of pollution and
group the wells based on the similarity in water quality
parameters.
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The literature [4] presented a tactic for evaluating the
effectiveness of interior household water use based on gaze
assessment. Peer groups were recognized through cluster
analyses according to their relevant socio-demographic
unigqueness.

In that, the most efficient patrons were acknowledged and
water efficiency levels were determined for individual
household purposes. The authors [6] demonstrated the
effectiveness of multivariate statistical techniques and
unsupervised classification techniques to identify the natural
clustering pattern and group monitoring stations on the basis
of similarities between each sample. is[7]. The Discriminant
Analysis (DA) has been used for the confirmation of the
groups found by means of the CA and PCA. In the ecological
studies, the applications of multivariate analysis to analyze
the complex datasets are gaining interest in the last decades
[8]. Association rules are proven and are successfully applied
in the social media for advertising and retain communities.
The authors of the papers [9,10] have provided an overview
of an association rule mining agorithms and elaborated the
application of association rule algorithm & correlation among
a variety of water quality parameters. Anonymization
technique and Apriori agorithm were applied to identify sub
clusters through which the unseen relationship among water
quality parameters with maximum solitude was obtained. The
result showed the association rules would be helpful for
monitoring the groundwater quality and in decision making.
[11,22,13].

I11. DATAMINING USING WEKA

Data Mining is one of the efficient technologies/methods
that involves database management, statistics and machine
learning used to bring it to the surface, the hidden information
from raw water quality datausually kept in datastorehouse. In
this study, Data Mining, Statistical and Machine Learning
Algorithms are applied for converting raw groundwater
quality data into wuseful information necessary for
groundwater engineers and policy makers to manage the
groundwater system effectively and efficiently.

IV. STUDY AREA

Coimbatore (Kovai) district, which is also referred as the
"Manchester of South India" is known for cotton production
and textile industries. Thisdistrict falls between 10°13°00” N
to 11°23°30” N Latitude and 76°39°00” E to 77°30°00” E
Longitude in Southern part of India at 1349 ft, 411 meters
above sea level, situated on the banks of Noyya River
surrounded by the Western Ghats. Kovai district extends over
an area 4723 sq.kmin size. The digtrict is divided into three
revenue divisions namely Coimbatore North, Coimbatore
South and Pollachi. There are six taluks named as Coimbatore
North, Coimbatore South, Mettupalayam, Sulur, Pollachi,
Valparai and 12 Blocks. The region is surrounded by Nilgiris
digtrict in the north, Idukki district in the south, Tirupur
district in the east, Erode district in the north-east and palghat
(Kerdla State) in west. The water quality datasets were
collected from in and around Coimbatore city for the time of
Pre-Monsoon and Post-Monsoon periods from 2006 to 2016.
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V. METHODOLOGY

A. Cluster Analysis

Clustering is a method useful for preprocessing and
understanding hidden structure in the raw data for detailed
analysis and evaluation of the water quality samples. The no.
of clusters is optimized by minimizing the intra-cluster
distance and maximizing the inter-cluster distance. This
clustering technique is called distance-based clustering. The
clustering can be done in three ways as given in Fig. 1.

[ CLUSTERING ]

[ Hierarchal ]

hased

[ Density
hased

] Partition

Figure 1. Typesof clustering techniques

InHierarchical, theinformation at desired level is obtained
in a sequential manner. There are mainly two approaches-
agglomerative which is bottom to top approach and divisive
which is top to bottom approach. The Agglomerative
approach merges water quality variables or sample locations
at each level on the basis of similarities present between water
quality parameters. The Divisive approach splits a solitary
cluster into number of clusters at each level on the basis of
dis-similarities which are found between them. In this type of
methodology, a mistake cannot be corrected. The previous
steps cannot be obtained for a rectification, if an incorrect
divide or combineisdone. Density-based clustering (Random
shaped clusters) finds the thick regions in given dataset and
represents it as a cluster. It can work correctly only if input
dataset has the clusters with non-various densities. Partitional
clustering algorithms can be applied only on the datasets with
spherical shaped clusters, but it doesn’t perform well in the
case of complex datasets.

K-Means Clustering

In 1957, Stuart Lloyd introduced the standard algorithm as
a technique for pluse-code modulation and wasn’t published
until 1982. The term "k-means" was first used by James Mac
Queenin 1967. Inindustries, partitional clustering (K-means)
method is extensively used. The K-means agorithm is the
most commonly practiced partition clustering agorithm
because of its simplicity and consumption of less
computational time. The following steps are being following
in K-Means algorithms for a given input finite data points

X5 X5 Xs3....X, and the value of k (the number of clusters).

Step 1: C,,C,,C;....,C aretheinitial cluster centers for

randomly chosen k data points.
Step 2: Find the Euclidean distance between each point in the
dataset with the recognized kpoints.
Step 3: By using the distance, assign each data point to the
closest cluster center.
Step 4: Obtain the average of
the points in each cluster

group
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and find the new centroid.
Step 5: Repeat the process for a predetermined number of
iteration or still the centroids don’t alter.
Euclidean distance between two pointsis a space:
It m=(m,m,) and N=(n,n,) then the distance is
given by

dmn)=ym-n)?+(m-n)?* @
Assigning each point in the data set X to the nearest cluster
C based on

argmin dist(c, X)° )
Here for instance; dist(C, X) isthe Euclidean distance.

Obtaining the latest centroid form the clustered group of
points
1
G =i 2.X ®
|S| X €S
§ isaset of al points assigned to thei™ cluster.

The advantages of k-Mean clusteringcan be brought front
asitisthe fast algorithm and easy to understand, user friendly
and relatively an efficient. It gives good result when the data
sets are distinctive or well divided from each other. The
dis-advantage is that it requires Apriori specification of the
number of cluster centers ‘k’, which is hard assignment of
data points to cluster.

Hierarchical clustering

In Agglomerative clustering, the clustering starts with
grouping of small neighbourhood wellsand it is built up
sequentially further to reach the final cluster. In divisive
technique, it starts with the final cluster data set and gets split
down into small clusters.

Algorithm of Agglomerative technique [14]:

Step 1: Eachwell inthe location is assigned to a cluster, such
that all wells get associated with only one cluster. If
thereare N wells, N clusters are created.

Step 2: The wellsin the nearest pairs of clusters get merged
together to form a new cluster such that N-1 clusters
remain there.

Step 3: The distance between the created new cluster and the
old cluster is determined

Step 4: The above steps are repeated till al the well are
grouped into final cluster.

By using two different ways (Fig 2.) we can calculate
step 3 values.
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Single Linkage
technique
(i) Linkage Greatest distance
technique Linkage
( 7\
Average Linkage
Technique
(Average distance)
&

(ii) Metric Euclidean distance (Shortest

distance)

technique.

Figure 2: Typesof Metric and Linkage techniques

The metric technique is the mostly used one to compute the
distance. It can be computed by Euclidean distance which is
indicated by the shortest distance between two well locations
The formula for Euclidean distance between two pointsis a
space:

If mz(nl,mz) and nz(nl,nz) then the distanceis
given by

d(m,n) =/(m —n)? + (m, —n,)?

Density based clustering

Clustersinthe well location space are measured asthe regions
having more number of wells with less noise based on the
local cluster principle. This method used two parameters:
Minimum number of wells in the neighborhood and
Maximum neighborhood radius to identify the cluster with
different shapes and handle noise.

DBSCAN separates data points into three classes (Fig 3):

Data points

Core Border points Itisnot

points (it’s not like acore
(interior core point, but point or
of a within the aborder

cluster) neighborhood points

of core points)

Figure 3. Typesof classesin DBSCAN algorithm

The concept of density reachability and connectivity is used
to group the wells in the study area.
Density Reachability: -
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With respect to point ‘z’ and Min points, x is reachable
from the point y, if:

1. xe Ng,(0a)
2. |Ngyo(9)| = Min Pts

Density Connectivity: -

The points x and y are density connected if there exist
another point "z" which has enough numbers of data pointsin
its neighborhood and both "x" and "y" are within the distance
of "z". This process is called as chaining in DBSCAN. A
cluster is a maximal set of density connected data points. It
has the following basic steps [15].

Step 1: Randomly select a point X.

Step 2: Find al the neighborhood points density reachable

from x with respect to z and Min Pts.

Step 3: If x iscore point, a cluster isformed

Step 4: If x isaborder point, no pointsare reachablefrom z,

and then visit the next data point.

Step 5: Thisprocess continues until all pointsarelabeled as

visited.

VI. RESULTSAND DISCUSSION

Clustering is done to identify the groundwater samples of
similar characteristics in the study area (row wise).
Association deals with identifying similar water quality
parameters exceeding permissible values (column wise). The
raw groundwater quality data were anayzed by WEKA
(Waikato Environment for Knowledge Analysis) software for
the data preparation, association rule mining and clustering.
The run information for k-mean clustering method for pre
monsoon data set has been given in Table 1. In this dataset
there are 452 instances and 14 parameters like longitude,
latitude, TDS, NOs;, Ca, Mg, Na, Cl, SO, F, pH, EC,
HAR-Total and Quality. The number of iterations for build
the mode is 7 with sum of the squared error as 86.1590. Here
the data are clustered into 5 groups as given in Table 1.

Table 1: Identified Clusters of groundwater samples

Table 2: Comparison Table of various clustering
algorithmsfor Post-M onsoon and Pre-M onsoon data

No of

n cluster

Cluster Membership

Name

217(42%); 40(27%);
47(9%); 91(18%);
23(4%)

119(26%); 109(24%);
94(21%); 28(6%);
102(23%)

Pre- Monsoon 5

K- Means

Post-Monsoon 5

101(19%); 195(38%);
69(13%); 116(22%) ;
37(7%);

279(62%); 1(0%);
146(32%); 1(0%);
25(6%)

Pre-Monsoon 5

Hierarchical

Post-Monsoon 5

101(20%); 192(37%);
116(23%); 69(13%);
37(7%)

102(23%); 109(24%);
143(32%); 68(15%);

Pre-Monsoon 5

DBSCAN

Post-Monsoon 5

25(6%)

Attribute Cluster 1 | Cluster2 | Cluster 3 | Cluster4 | Cluster 5
(119) (109) (94) (28) (102)
TDS 853.9244 | 719.1651 | 517.0745 | 2803.321 | 1017.147
NOs 20.8748 17.2945 9.6128 98.9286 28.9051
cat 46.9412 49.7284 26.9574 179.1429 | 66.098
M g2+ 60.9401 50.7161 36.7381 2245107 | 66.978
Na* 153.0084 | 117.0092 | 77.6489 397.8929 | 1775
Cl- 220.8824 | 172.6422 | 131.5319 | 920.3214 | 272.5392
SOy 95.1092 74.3119 45.1915 382.1429 | 124.451
F 1.3959 0.5243 0.1866 1.2632 0.7755
pH 8.1546 7.9991 8.0213 7.8679 7.9167
EC 1448.487 | 1226.514 | 914.7872 | 4567.5 1704.314
HAR_Total | 368.0672 | 332.9817 | 218.4574 | 1371.786 | 440.7843

Among thefive clusters, clusters 1,2, 3 (232 samples) are less
polluted than clusters 4,5 (130 samples) which are highly
polluted. The following table shows the experimental results
obtained for pre and post monsoon data while comparing the
clustering algorithms (Tab 2).
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VIl. ASSOCIATION RULE MINING

The process of developing association rules by identifying
the conditions of water quality variables which freguently
occur together in a given database is called Association
Mining. It contains some powerful algorithmsthat are highly
capable to extract hidden frequent patterns, relationships or
correlations among data items of large data set. Association
rules are used to find the parameters which affect the quality
of water. It generates simple “if = then” rules which can be
easily understandable. It has a following structure “If
Antecedent (A) = then consequent (B)”. Support and
Confidence are the statistical measures used to identify the
strength of an Association rule. As Stated in [16], an item in
ruleisan attribute value pair. If A and B are two water quality
parameters having values greater than permissible limit,
Support (A=B) = P(A B); Confidence (A=B) = P(B/A) =
P(A B)/P(A Support is defined as the percentage of
occurrence of similar water quality parameters having values
more than the permissible limit in the raw data set.
Confidence is defined as the percentage of occurrence of a
particular water quality parameter exceeding the permissible
limit occur along with other parameters with values higher
than permissible limit. Rulesthat satisfy the minimum support
and minimum confidence for parameters in given raw water
quality data set/groundwater wells are called strong.
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A. Apriori Algorithm

The stepsinvolved in Apriori Algorithm are:

Step 1: Input water quality dataset.

Step 2: Thefirst pass counts the number of occurrences of
water quality parameters whose values are above
permissible limits from the raw dataset.

Step 3: This processis repeated until no new large sets of

water quality parameters are identified.

Step 4: The set of water quality parameters containing
sub-sets of length K which are not large are pruned.

Step 5: Support of each set of water quality parametersis
calculated by scanning the entire database.

Step 6: Eliminate the item-sets that are significantly small.

Step 7: Item-sets that are having more parameters qualify

for the minimum support and minimum confidence

thresholds.

To illustrate the above mentioned algorithm manually, the
water quality data of 10 wells were selected randomly from
the main raw data set (Tab 3). It was observed that the
minimum support count is 4 and the minimum confidence
level is 75%. Then based on minimum support and minimum
confidence, the frequent occurring parameters that exceed the
permissible limit are identified and Association mining rules
are developed.

Table 3: Ten setsof water quality parameters (values >
permissible limit) from 10 different locations

Samples | Water Quality Parameters exceeding the

permissible limit

TDS, Mg*, CI', SO,%, F, EC, HAR

N

TDS, NO;y, Mg*, Na', CI', SO,%, F, EC,
HAR

TDS, Mg*, SO,*,EC har

TDS, Ca*, Mg**+, SO, EC, HAR
Mg*, EC

Mg*, EC, pH

TDS, Mg* ,pH, EC

pH, EC

pH

10. pH

©| o N| o g M W

The Apriori Algorithm is analyzed all the water quality
samplesin a dataset for each items support count as given in
Tab 4.

Table4: Singleitem (C1), Twoitem (C2) and Threeitem
(C3) set frequent pattern and support count

S.No Item Support
(C
1 EC 8
2 Mg~ 7
3 TDS 5
4 pH 5
5 SO, 4
6 HAR 4
7 Ccr 2

Retrieval Number: A1377058119/19©BEIESP
DOI: 10.35940/ijrte.A1377.078219
Journal Website: www.ijrte.org

181

International Journal of Recent Technology and Engineering (IJRTE)

| SSN: 2277-3878 (Online), Volume-8 I ssue-2, July 2019

8 F 2
9 NO; 1
10 ca’ 1
11 Na* 1
C1: (TDS, Mg2+, pH, EC, SO4-, HAR);
S.No Item Support
(C2)
1 EC, Mg** 7
2 EC, TDS 5
3 EC, pH 3
4 EC, SO,/ 4
5 EC, HAR 4
6 | Mg®¥ TDS 5
7 Mg®*, pH 2
8 | Mg”, SO/ 4
9 | Mg® HAR 4
10 TDS, pH 1
11 | TDS, SO 4
12 | TDS HAR 4
13 | pH, SO° 0
14 | pH,HAR 0
15 | SO,%, HAR 4

C2: (TDS, Mg2+, EC, HAR, SO4-);
S.no Item Support
(C3)
TDS, EC, HAR 4
TDS, Mg*', EC
TDS, Mg”, HAR
TDS, Mg, SO,*
TDS, EC, SO,*
Mg”*, HAR, EC
Mg>, EC, SO~
EC, HAR, SO/~
Mg®, HAR, SO
TDS, HAR, SO/
C3: (TDS, Mg®" SO,%, EC, HAR)

OO |N[O|OD|WIN|F

E N N N N N R e

=
o

From the above selected 10 sets of water quality parameters
selected for manual calculation (Tab 4) some of the water
quality parameters (CI", F, NO*, Ca®*, Na") having a support
count |ess than the minimum support count are removed from
the pool of the candidate item set C1. By using the theorem
“Any subset of a frequent item set must be frequent. Hence,
we can find the Candidates C2, C3 and C4 from the tables 3,4
and 5. All the candidate item sets generated with a support
count greater than the minimum support count from a set of
frequent item sets. These frequent item setswill be generated
strong association rules. Let minimum confidencethresholdis
75%. The resulting Association rules are given below in
Tableb.
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1. Mg**=1]: 7 ==> [EC=1]: T
2. [TDa=1]: 5 ==> [EC=1]:

3. [804%=1]: 4 ==> [EC=1]: 4
4 [HAR=1]: 4==> [EC=1]: 4
5 [TDE=1]: 5 ==> [Mg=1]: 5
6. [3047=1]: 4 ==> Mg*'=1]: 4
7. [HAR=1]: 4==> [Mg**=1]: 4
2. [304%=1]: 4 => [TDE=1]. 4
9. [HAR=1]: 4==3 [TD3=1]: 4

10, [50,%=1]: 4=+ [HAR=1]: 4

Table5: Association Rules

5 - | 818

o =) o |l & | &

Z 33 g 2| X

? 7 | 3| 5|5

< 0| O

1 | TDS ™ Mg*, | 4 | 44| 100%
EC, HAR, SO~

2 | Mg® > TDS, | 4 | 4/4| 100%
EC, HAR, SO/

3 |HAR™ TDS, | 4 | 4/4| 100%
Mg*, EC, SO,*

4 | EC — TDS, 4 | 4/4 | 100%
Mg*, HAR,
SO,”

5 | SO, TDS, 4 | 4/4 | 100%
Mg®, HAR, EC

6 | TDS Mg* — | 4 | 4/4| 100%
EC, HAR, SO*

7 | EC,TDS™ 4 | 4/4 | 100%
Mg®, HAR,
S0.*

8 | EC, SO, 4 | 4/4 | 100%
TDS, Mg*,
HAR

9 | EC,HAR™ 4 | 44| 100%
TDS, Mg*,
S0~

10 | Mg®, TDS™ | 4 | 44| 100%
EC, HAR, SO*

11 | Mg*, S0 | 4 | 44| 100%
TDS, EC, HAR

12 | Mg, HAR—™ | 4 | 44| 100%
TDS, EC, SO,*

13 | TDS, SO,Z— | 4 | 4/4 | 100%
TDS, EC, HAR

14 | TDS,HAR—™ | 4 | 4/4 | 100%
Mg, EC, SO,*

15 | so,, HAR™ 4 | 4/4 | 100%
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B. FP-Growth algorithm

Frequent pattern growth algorithm is an improved version
of Apriori algorithm. FP growth algorithm is used for finding
frequent occurring water quality parameters in the
groundwater samples without candidate generation. This
reduces the memory space and computational time
requirement. FP growth represents frequent items in frequent
pattern (FP) trees. The FP tree is a compressed representation
of the input. From table (2), FP tree and top ten frequent
patterns are given below. FP Growth found 117 rules

(displaying top 10)

C. Manual determination of association mining rules

Step 1. Random Samples (10 sets)

Samples | Water Quality Parameters

1. TDS, Mg®, CI', SO,%, F, EC, HAR

2. TDS, NO;, Mg*, Na', CI', SO,*, F, EC,
HAR

3. TDS, Mg®, SO,%, EC, HAR

4. TDS, Ca®, Mg®, SO,%, EC, HAR

5. Mg**, EC

6. Mg**, EC, pH

7. TDS, Mg™, pH, EC

8. pH, EC

9. pH

10. pH

Step 2: Calculation of Support

>
o

Water Quality Parameters Support

EC

M g2+

TDS

pH

s0,%

HAR

Cl

F

RINN|A OO |00

NOs, Ca™*, Na"
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Step 3: Conditional Pattern Base and Frequent Pattern Tree

S.no | Item | Conditional Pattern Base Conditional Frequent Peattern tree
1 Na" | {EC,Mg™, TDS, SO HAR, Cl',F,NO; | {EC:1}{ Mg™ :1}{TDS :1}{ SO,” :1}{HAR:1} { CI
1} H{F:1H{ NOs:1}
2 Ca* | {EC, Mg™, TDS, SO,~ HAR:1} {EC :1}{ Mg* :1}{TDS:1}{ SO,” :1}{HAR:1}
3 NO; | {EC, Mg¥, TDS, SO, HAR, Cl,F:1} | {EC:1}{ Mg® :1}{TDS:1}{ SO,* :1}{HAR:1}{ CI
H{F:1}
4 F {EC, Mg*, TDS, SO,” HAR, Cl :2} {EC :2}{ Mg*:2}{TDS:2}{ SO, :2}{HAR:2}{Cl :2}
5 Ccl” | {EC, Mg™, TDS, SO,~ HAR:2} {EC :2}{ Mg™ :2}{TDS:2}{ SO,” :2}{HAR:2}
6 HAR | {EC, Mg*, TDS, SO, :4} {EC :4}{ Mg™ :4}{TDS:4}{ SO,* :4}
7 SO,” | {EC, Mg®, TDS:4} {EC :4}{ Mg™ :4}{TDS:4}
8 pH | {EC,Mg¥ TDS:1} {EC,Mg:1}{EC | {EC:3}{ Mg® :2}{TDS:1}
1}
9 TDS | {EC, Mg* :5} {EC :5}{ Mg** :5}
10 | Mg® | {EC:T} {EC:7}
Step 4: Final Frequent Pattern Generated
S.No | Frequent Pattern Generated

1 {EC, Na" :1}{ Mg*, Na" :1}{TDS, Na":1}{ SO,%, Na" :1}{HAR, Na" :1}{ CI', Na" :1}{F, Na' :1}
{ NOy,Na:1}{ TDS, NOs, Mg*, Na, CI", SO,*, F, EC, HAR :1}

HAR :1}

2 {EC, Ca™ :1}{ Mg™, Ca®" :1}{TDS, Ca&" :1}{ SO,*, Ca®" :1}{HAR, Ca’* :1}{ TDS, Mg, Ca’* SO,, EC,

{EC, Mg*, TDS, SO, HAR, Cl, F, NO; :1}

3 {EC, NO; :1}{ Mg®, NO;:1}{TDS, NO; :1}{ SO,, NO; :1}{HAR, NO; :1}{Cl, NO; :1}{F, NO; :1}

F:2}

4 {EC, F:2}{ Mg®, F:2}{TDS, F:2}{SO,, F:2}{HAR, F:2}{Cl, F:2}{EC, Mg*, TDS, SO, HAR, CI,

{EC, CI":2}{ Mg®, CI":2}{TDS, Cl":2}{SO,, CI :2}{HAR, CI :2}{EC, Mg®*, TDS, SO,* HAR, Cl" :2}

{EC,HAR :4}{ Mg”, HAR :4}{TDS, HAR :4}{ SO,”, HAR :4}{EC, Mg*", TDS, SO,” HAR :4}

{EC, pH :3}{ Mg®, pH :2}{ TDS, pH :1}{ EC, Mg*, TDS, pH :1}

5
6
7 { EC, SO%, :4}{ Mg”, SO,* :4}{TDS, SO,* :4}{EC, Mg**, TDS, SO,* :4}
8
9

{EC,TDS:5}{ Mg®", TDS:5}{ EC, Mg**, TDS :5}

10 {EC, Mg** :7}

Table 6: Comparison of Association rules developed by Algorithmswith Manual Calculation

S.No Apriori Algorithm FP-Growth Algorithm Manual Calculation
1 EC, Mg® -7 [Mg*=1]: 7 ==>[EC=1]: 7 > {ECHAR:4}{ Mg* HAR:4}{ TDS,
2 EC, TDS-5 [TDS=1]: 5==>[EC=1]: 5 HAR :4}{ SO/, HAR :4}{ EC,
3 EC, SO/ -4 [SO,Z=1]: 4==> [EC=1]: 4 Mg®, TDS, SO~ HAR :4}
4 EC, HAR - 4 [HAR=1]: 4 ==>[EC=1]: 4
5 Mg”, TDS—_5 [TDS=1]: 5 ==> [Mg”'=1]: 5 > {EC, SO,*:4}{ Mg”, SO”:4}{ TDS,
6 Mg®, SO,/ -4 [SO,~=1]: 4 ==> [Mg*'=1]: 4 SO,* :4}{ EC, Mg, TDS, SO,* :4}
7 Mg*, HAR -4 [HAR=1]: 4 ==> [Mg*'=1]: 4
8 TDS, SO -4 [SOZ=1]: 4==>[TDS=1]: 4 > {EC,TDS5}{Mg,TDS:5}
9 TDS, HAR - 4 [HAR=1]: 4 ==> [TDS=1]: 4 {EC,Mg™, TDS:5}
10 S04, HAR - 4 [SO#=1]: 4 ==> [HAR=1]: 4 > {EC, M@ -7}

D. Comparison of Association rules developed by
Algorithmswith Manual Calculation

The rules created through association algorithms (Apriori
and FP Growth) and manual calculations are given in Tab 6.
Both FP Growth and Apriori algorithms have same input of
groundwater samples and same output having support greater
than minimum threshold of support and confidence. Both
algorithms produce the same output as given in the Table 6,
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Apriori algorithm stores the
datain array while the data get
stored as tree based in FP
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Growth algorithm. Apriori algorithm generates three patterns
with 1 item, 2 items and three items and count the patterns
having values more than minimum support threshold. So
repeated scanning of the raw database and the demand of high
computational time are the limitations of the algorithm. While
in FP Growth algorithm, divide and conquer technique is
adopted wherein the search for patterns in the existing raw
data happens depth wise rather than breadthwise. Thereisno
generation of candidate item sets. Mining is done based on
leverage, lift and conviction [19].

E. Correlation between Water Quality Parameters
(2006-2016) I dentified through Association Rule Mining
Algorithms

The correlation coefficient between the water quality
parameters obtained through Association datamining
techniques was obtained through scatter plot asgivenin Fig 4.
The frequent occurrence of water quality parameters, Mg
and SO,* in the samples may be due to presence of minerals
like anhydrite and gypsum. The dissolution of gypsum is
confirmed by frequent occurrence of Magnesium along with
total hardness of the samples.

Correlation between EC and Hardness
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Figure 3: Correlation between identified parameters
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VIII. CONCLUSION

In this work, the groundwater quality assessment and
evaluation were done by converting the raw data into
information useful for decison makers, scientists and
engineers to evolve a strategy for preservation, conservation
and proper management of groundwater sources. The spatial
distribution of groundwater quality was assessed by
identifying the clusters similar water quality wells through a
datamining technique. Fromthefiveidentified clustersamong
the groundwater samples (cases) in the study area using
unsupervised leaning methods, it was observed that the
clusters 1,2, 3 (232 samples) areless polluted than clusters 4,5
(130 samples) which are highly polluted. From the results
obtai ned through association mining rule algorithm to identify
the relationship and frequent occurring of water quality
parameters (variables) in the collected groundwater samples
(cases), it was observed that hardness causing ions occur
frequently with sulphates. This may be due to the dissolution
of minerals like gypsum, calcite and dolomite in the aguifers.
This was proven by the correlation coefficients also. To
conclude, datamining is one of the best tools to explore the
underlying hidden structure of the groundwater quality which
may be used to explain the hydrogeochemical processes
occurring in the subsurface media.
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