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ABSTRACT Various banks in India are now becoming more market- oriented and customer-friendly.The banking sector has 
started realizing the need of the techniques like data mining to analyze data from the huge size databases. It is also 

importantto understand the various environmental, economic and socio-cultural factors that influence buying behavior or acceptance and 
denial of specific services by the consumers.This paper highlights applications of data mining tool WEKA to analyze the obstacles in adoption 
of e-banking services.It will demonstrate the reasons of denial of e-banking facility by consumers from rural and semi urban areas in sangli 
district by using two different data mining techniques in WEKA: Classification, Clustering (Simple K Means).

INTRODUCTION :
The quality of customer service in banks has three dimensions 
- One is the accessibility of banking services, second, availabil-
ity of a range of liability & asset, products and services and the 
third most important is the human element, which processes 
and delivers the service to the customers (M.D. Mallya, 2010)1. 
With the induction of technology in banks, there is gradual mul-
ti-dimensional improvement in the range of customer service.

Nowadays banks are benefitedwith virtual banking through a 
variety of more exciting, innovative and technology-based bank 
products like banking at home/office, Internet banking, mobile 
banking and so on, that can be summed of as e-banking. A lot 
need is to create confidence in the minds of customers about 
the benefits and security of these e-banking services.

DATA MINING :
In its simplest form, data mining automates the detection of rel-
evant patterns in a database, using defined approaches and algo-
rithms to look into current and historical data that can then be 
analyzed to predict future trends (Heikki, Mannila, 1996)2. Because 
data mining tools predict future trends and behaviors by reading 
through databases for hidden patterns, they allow organizations to 
make proactive, knowledge-driven decisions and answer questions 
that were previously too time-consuming to resolve.

Data mining functionalities are characterization and 
discrimination,mining frequent patterns, association, correla-
tion, classification andprediction, cluster analysis, outlier analy-
sis and evolution analysis(Han J. and Kamber M, 2000) 3. Two of 
the major data miningtechniques are classification and cluster-
ing. Classification is a datamining (machine learning) technique 
used to predict group membershipfor data instances. CLUSTER-
ING is a data mining techniqueto group the similar data into a 
cluster and dissimilar datainto different clusters. we are using 
WEKA data mining tool forclassification and clustering to inves-
tigate the acceptance of e-bankingfacility by bank customers in 
sangli district with a samplesize of 300 customers from public, 
private and co-operative banks.

WEKA :
WEKA is a landmark system in the history of the data min-
ing and machine learning research communities, because it is 
the only toolkit that has gained such widespread adoption and 
survived for an extended period of time (Sapna Jain, M Afshar 
Aalam and M N Doja) 4. It is a collection ofstate-of-the-art ma-
chine learning algorithms and data preprocessing tools written 
in Java, developed at the University of Waikato New Zealand. It 
is free software that runs on almost any platform and is avail-
able under the GNU General Public License. It has a wide range 

of applications in various data mining techniques. It provides 
extensive support for the entire process of experimental data 
mining, including preparing the input data, evaluating learning 
schemes statistically, and visualizing the input data and the re-
sult of learning. The WEKA workbench includes methods for the 
main data mining problems: regression, classification, clustering, 
association rule mining, and attribute selection. It can be used 
in either of the following two interfaces
• Command Line Interface (CLI)
• Graphical User Interface (GUI)
 
This research paper will demonstrate “The scenario of e-banking 
facility denial by bank consumers in sangli district by following 
two data mining techniques using WEKA: 1) Classification2) 
Clustering (Simple K Means)

By creating a classification tree (a decision tree), the data can 
bemined to determine the denial of e-banking by a person. Pos-
sible nodes on the tree would be not-aware, no-operating-knlg, 
feeling_unsecure, xtra-servic-charge, unefficient. These attrib-
utes of  reasons can be used against the decision tree to deter-
mine the likelihood of a person rejecting e-banking facility.

The data used in this paper is Bank Data available in Attribu-
teRelation File Format (ARFF) with following fields & 80 records.
@relation reason-not-using-e-banking
@attribute Not-aware {y,n}
@attribute no-operating-knlg {y,n}
@attribute feeling_unsecure {y,n}
@attribute xtra-servic-charge {y,n}
@attribute unefficient {y,n}

The denial_reasons.arff is loaded into WEKA and will look like –

Fig. 1 - Bank Data available in ARFF format.
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The Instances distribution is visualized with denial_reasons at-
tribute as class is follows-

Fig. 2 - WEKA Explorer with denial_reasons class
 
CLASSIFICATION OF DATA:
Classification is used to classify each item in a set of data into 
one of predefined set of classes or groups. In tree classification 
j48 is an implementation of C4.5 release 8,  a standard algorithm 
that is widely used for practical machine learning (Quinlan 
1993)5. This implementation produces decision tree models. This 
algorithm works by forming pruned and unpruned partial deci-
sion trees.

The bank data for this article is classified with weka.classifiers.
trees.J48 -C 0.25 -M 2 pruned method and got the classifier out-
put as follows-

Fig. 3 - weka.classifiers.trees.J48 -C 0.25 -M 2 pruned meth-
od (training set)

Listing of Output from WEKA’s classification model (above 
window)

Scheme:       weka.classifiers.trees.J48 -C 0.25 -M 2
Relation:     reason-not-using-e-banking
Instances:    80
Attributes:   5
              Not-aware
              no-operating-knlg
              feeling_unsecure
              xtra-servic-charge
              unefficient

Test mode:    evaluate on training data

=== Classifier model ( full training set) ===

J48 pruned tree
------------------
xtra-servic-charge = y: n (51.0/3.0)
xtra-servic-charge = n
|   no-operating-knlg = y: n (12.0)
|   no-operating-knlg = n
|   |   Not-aware = y: n (6.0)
|   |   Not-aware = n: y (11.0)

Number of Leaves  : 	 4
Size of the tree : 	 7
Time taken to build model: 0 seconds

=== Evaluation on training set ===

Time taken to test model on training data: 0 seconds

=== Summary ===

Correctly Classified Instances          77               96.25   %
Incorrectly Classified Instances         3                3.75   %
Kappa statistic                          0.8582
Mean absolute error                      0.0706
Root mean squared error                  0.1879
Relative absolute error                 24.0176 %
Root relative squared error             49.4323 %
Coverage of cases (0.95 level)         100      %
Mean rel. region size (0.95 level)      81.875  %
Total Number of Instances               80     

=== Detailed Accuracy By Class ===

=== Confusion Matrix ===

  a  b   <-- classified as
 11  3 |  a = y
  0 66 |  b = n

What do these numbers mean-
Time taken to build model: 0 seconds
Correctly Classified Instances          77               96.25   %
Incorrectly Classified Instances         3                3.75   %
 
Confusion matrix is another important aspect to be considered, 
from this matrix predictions can be made.

Confusion Matrix
 	   a      b    <-- classified as
 11    3  |  a = y
  0    66 |  b = n
 
Above 11 instances are correctly classified for the class value 
Yes. And below 66 instances are correctly classified instances for 
the class value No. Remaining elements represents the incorrect-
ly classified instances Yes and No respectively. 

Based on our accuracy rate of 96.257 %, we can say that this is 
a pretty good model to analyze reasons for consumer denial of 
e-banking facility. 

A tree Visualization can be seen on the model just created as 
follows -  
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Figure.5- Classification Tree Visualization
 
CLUSTERING :
Clustering is a data mining technique that makes meaningful 
or useful cluster of objects that have similar characteristic using 
automatic technique. Clustering is also called as data segmenta-
tion. Clustering can also be used as outlier detection, where out-
liers may be more interesting than common cases. Many clus-
tering algorithms exist in WEKA. The performance of K-Means 
algorithm produces quality clusters when using huge dataset 
and is better than Hierarchical Clustering algorithm(Bharat 
Chaudhari, Manan Parikh,2012)[6]. 

Considering this, we have used K-Means algorithm to quickly de-
termine patterns in the data.

Fig. 5 Clustering by Simple K means algorithm (5 clusters)
 
Listing of Cluster Output with 5 clusters : 
Scheme:       weka.clusterers.SimpleKMeans -init 0 -max-candi-
dates 100 -periodic-pruning 10000 -min-density 2.0 -t1 -1.25 -t2 
-1.0 -N 5 -A “weka.core.EuclideanDistance -R first-last” -I 500 
-num-slots 1 -S 10

Relation:     reason-not-using-e-banking
Instances:    80
Attributes:   5
              Not-aware
              no-operating-knlg
              feeling_unsecure
              xtra-servic-charge
              unefficient
Test mode:    evaluate on training data
=== Clustering model ( full training set)     ===    kMeans  =====
Number of iterations: 2
Within cluster sum of squared errors: 24.0
Initial starting points (random):
Cluster 0: n,y,n,n,n

Cluster 1: n,n,n,y,y
Cluster 2: n,n,n,y,n
Cluster 3: n,n,y,n,n
Cluster 4: n,y,n,y,n

Missing values globally replaced with mean/mode
Final cluster centroids:

Time taken to build model ( full training data) : 0 seconds
=== Model and evaluation on training set ===
Clustered Instances
0      18 ( 23%)
1      10 ( 13%)
2      32 ( 40%)
3      11 ( 14%)
4       9 ( 11%)

Description of Clusters-
Cluster 0 - This group represents to the respondents who are 
not using e-banking services because of having no or less oper-
ating knowledge of e-banking services. There are 18 (23%) out of 
80 respondent belongs to this group.

Cluster 1 - This group represents to the respondents who are 
not interested in e-banking services because they are not ready 
to pay extra service charges levied by banks for usage of these 
services. The respondents from this group also think that e-
banking services are inefficient. There are 10 (13%) out of 80 re-
spondents belong to this group.

Cluster 2 - This group represents to only those respondents who 
are not using e-banking services because they are not ready to 
pay extra service charges levied by banks for usage of these ser-
vices. There are 32 (40%) out of 80 respondents belong to this 
group

Cluster 3 - This group represents to the respondents who are 
not using e-banking services because they feel that these servic-
es are unsecure. There are 11 (14%) out of 80 respondent belongs 
to this group.

Cluster 4 - This group represents to the respondents who are 
not interested in e-banking services because they are not ready 
to pay extra service charges levied by banks for usage of these 
services. The respondents from this group also have no operat-
ing knowledge of e-banking services. There are 9 (11%) out of 80 
respondents belong to this group.

One thing that is clear from above cluster distribution is that, re-
spondents of extra service charges are heavily distributed among 
5 clusters.

CONCLUSION :
The primary objective of the study was to study consumer denial 
of online banking in Sangli district in the light of the technology 
acceptance. The study proposed that online banking denial can 
be modeled with five variables derived as from the Not-aware, 
no-operating-knlg, feeling_unsecure, xtra-servic-charge, uneffi-
cient.

The results of the analysis conducted on the five factors indicate 
that amount of information on online banking were found to be 
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the most influential factors explaining the use of online bank-
ing services. This finding refers to the fact that consumers deny 
online banking for the extra service charges levied by banks for 
usage of online banking services in comparison to other factors 
considered in the specified study.

Finally, it proves that WEKA is a significant step in the transfer 
of machine learning technology into the workplace. 
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