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Abstract
In today's world data mining is becoming an important area in terms of all business applications especially in the banking sector.
In developing countries like India, bankers should be vigilant to fraudsters because they will create more problems to the banking
organization. Application of data mining techniques helps the banks to look for hidden patterns in a group and discover unknown
relationship in the data. Feature selection is a method used in data mining to select the most appropriate attributes for defining a
relationship in a data set. It is very effective to build models based on these data mining techniques. There are several types of
classifiers in data mining that helps to classify the records into two major groups based on the list of attributes. The proposed
work is a comparative study of different types classifiers and evaluating the accuracy of the classifiers before and after applying
the feature selection. After evaluating the results of experiment, it is easy to predict that feature selection is an important and
necessary step during the process of data mining. From the results we can see that the performance metrics we obtained in

different classifiers after applying feature selection is equal or better than that of before applying feature selection.
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1. INTRODUCTION

The areas in which Data mining Tools can be used in the
banking industry are customer segmentation, Banking
profitability, credit scoring and approval, Predicting
payment from Customers, Marketing, detecting fraud
transactions, Cash management and forecasting operations,
optimizing stock portfolios, and ranking investments [1].
Now a days predicting loan repayment from customer is a
major task that can be handled by bank employees. It is very
difficult for them to detect the fraud using their personal
data at a glance. Detecting and preventing fraud is difficult,
because fraudsters develop new schemes all the time, and
the schemes grow more and more sophisticated to elude
easy detection [2]. Data mining technique involves the use
of sophisticated data analysis tools to discover previously
unknown, valid patterns and relationships in large data set
[3]. An effective method is to detect the chance of loan
repay ability or non repay ability using the most selective
arrtibutes that obtained from the given data set. In the
proposed work, before selecting the most important
attributes  the input data set is executed by
InfoGainAttributeEval followed by Ranker search algorithm
that helps to rank the attributes based on their information
gain ratio. In order to predict the customer behavior we
need not study about all the attributes and only the most
appropriate attributes helps to classifies the data into two
catagories such as customers who repay the loans promptly
and they do not. After removing the least important
attributes, various classifiers are applied to find out the
resultant class. Different classifiers will get different
performance metrics. The performance metrics selected here
are Accuracy, Kappa Statistic and Mean Absolute Error.

Aim of this paper is to make a comparative study about
various classifiers. The performance metrics values of each
classifier before applying feature selection and after
applying feature selection are evaluated. The results
obtained from the experiment shows that all the
performance metrics after applying feature selection is better
than that of before applying feature selection. It will be very
helpful for the banking industry for easy detection of fraud
and so that issues can be solved at an extent. This paper is
organized as follows. The next section discusses about the
dataset used for conducting the experiment. Section 3
explains about the concept used in this paper that gives an
idea about Feature selection and the technology used. The
proposed work is described in Section 4. Here the process of
classification before and after applying feature selection is
explained and a comparative study is done using various
classifiers such as JRip, ZeroR, SMO, Adaboost, Random
Forest, Kstar, Ridor and DTNB. The section 4 also
discussed about the evaluation by different performance
metrics and highlight the best classifiers. Conclusion is
given in Section 5 followed by the references.

2. DATASET

The benchmarking datasets in WEKA were used for this
study. The data available consists of 1000 records of bank
loan transaction data including 21 data fields. Twenty
attributes are considered here for the experiment and one
attribute is considered as class attribute. The class attribute
predict that whether a customer has the capability of making
repayment or not. The input data set before applying feature
selection is represented below:
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Table I. List of Attributes
Name of attribute
checking_status
duration
credit_history
purpose
credit_amount
savings_status
employment
installment_commitment
personal_status

10 other_parties

11 residence_since

12 property magnitude

o|lo(Njo|g|s|lw(N| -~ |V

13 Age

14 other_payment_plans
15 housing

16 existing_credits

17 Job

18 num_dependents
19 own_telephone
20 foreign_worker
21 Class

3. CONCEPTS USED
3.1 Feature Selection

Feature Selection is the preprocessing process of identifying
the subset of data from large dimension data.[4]. G. Holmes
et.al explained that in order to obtain useful results using
super vised learning of real world datasets it is necessary to
perform feature subset selection and to perform many
experiments using computed aggregates from the most
relevant features [5]. The study discuss about various
classifiers that can be applied to the input data set and
measure the performance accuracy of each to determine
which one is better than the other. Feature ranking is the
process of applying feature selection to the input data set so
that the least important attributes can be removed and the
classification process is performed on the new data set that
was obtained after applying feature selection. From the
experiment we can see that the classification performance
will increase while reducing the number of features in the
original data set.

In Feature ranking, a number of ordered categories are used,
representing the ranking relationship between instances [5].
Let A={ay, a, ..., an} be the set of m attributes. Let r be a
function r: Ap — R that assigns a value of merit to each
attribute a € A from D. A feature ranking is a function F that
assigns a value of merit (relevance) to each attribute (a; € A)
and returns a list of attributes (a*€ A) ordered by its
relevance, withi € {1, .. . m}:F({a;, a, . . ., am}) =< a*;, a%
, @*m > Where r(a*; ) >r(a,)>...> r(a*m)[6] Before
Feature selectlon begins, the reIevance of the attributes is
found out by using attribute evaluator InformationGain and
ranker search algorithm. The tool selected for the
experiment is WEKA 3.7. Using Information Gain we can
determine the most useful attributes from a given data set. It

is a numerical value that determines how important a given
attribute from the list of original attribute list. It is achieved
through an information ratio obtained for every attribute.
Informain gain attribute evaluator is followed by a ranker
search algorithm which will display the list of attributes in
sorted order of their information gain ratio.

3.2 Technology Used

The Weka suite contains a collection of visualization tools
and algorithms for data analysis and predictive modeling,
together with graphical user interfaces for easy access to this
functionality [10]. Weka is a powerful tool that acts as an
aid for data mining process. It includes the basic activities
in data mining such as data preprocessing, classification,
clustering and Visualization. It is freely available as well as
platform-independent software. The four applications such
as Explorer, Experimenter, Knowledge Flow and simple
CLI are the main components of this tool. The files opened
in weka should be in .arff or .csv format. Weka can apply
several algorithms and techniques in data mining and it is
possible to compare the result of a process in different
techniques. In this experiment, feature selection and
classification algorithms are mostly concentrated. Microsoft
Excel is a powerful tool to manage data in tabular form and
chart format. The performance metrics obtained before
applying feature selection and after applying feature
selection can be easily represented in tabular as well as chart
form in Excel.

Program Visualization Tools Help
Applications
Explorer
The University Experimenter
of Waikato
KnowledgeFlow

Waikato Environment for Knowledge Analysis
Yersion 3.6.8 -
() 1999 - 2012 AmplSCLT
The University of Waikato
Hamilton, New Zealand

Fig. 1 User interface of weka

4. PROPOSED WORK

The different steps that were carried out for conducting the
comparative study have been described in this section.

4.1 InfoGainAttributeEval and ranker search

The attributes of the weka dataset is ranked using
InfoGainAttributeEval followed by ranker search algorithm.
The process of selecting attributes using Information Gain
and ranker search algorithm in WEKA 3.7 is represented in
Fig.2

Volume: 05 Issue: 11 | Nov-2016, Available @ https://ijret.org

79



IJRET: International Journal of Research in Engineering and Technology

elSSN: 2319-1163 | pISSN: 2321-7308

@ s

Fig.2. Process ofnselecting attributes

The resulting weights of the attributes obtained after
applying InfoGainAttributeEval followed by ranker search
algorithm are normalized into the interval between 0 and 1
as shown in the Table 2. From this list of attributes remove

the least

important

attributes

manually and apply

classification process repeatedly until there is no change in
the performance metrics. The classification procedure is

| Preprocess | Classify | Cluster | Associate | Select attributes | yisualize |
Attribute Evaluator
[ Choose ”InfoGainAttributeEval
Search Method
[ Choose |Ranker -T -1.7976931348623157E308 -N -1
Attribute Selection Mode Attribute selection output
(@ Use full training set 0.024894 4 purpose
) Cross-validation Folds !1—‘ 0.018709 5 credit_amount
— 0.0169285 12 property magnitude
seed |1 | | 4 013102 7 employment
0.012753 15 housing
(Nom) dass v ’ 0.011278 13 age
= = > 0.008875 14 other_payment_plans
Start ‘ Stop | 0.006811 9 personal_status
Result list (right-dick for options) 0.005823 20 foreign worker
R e | 0.004797 10 other parties
0.001337 17 jcb
0.000964 19 own_telephone
0 18 num dependents

represented in the Fig, 3

Program Visualization Tools Help

&3 Weka Explorer

| Preprocess| Classify | Cluster | Associate | Select attributes | Visualize |

WEKA

Classifier

The Universif

- [ Choose ]fRandomForest -I10-K0-51
\ of Waikato ;

=~ Test options
for Ki ge Ana (@ Use training set
Version 3.6.11 =
(:)rsfs;g - 2014 (©) Supplied testset | Set..,
:h:'mem ;fe::kdm (7) Cross-validation ~ Folds EIO
§ (©) Percentage split % }B‘s |
J’ Music ' [ More options... ]
[=/ Pictures Ol L.
$¥ videos 5] .i (Nom) dass - ]
&) ‘
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ﬁ Local Disk (C:)
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= Local Disk (E:)
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“! Network
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Windows Batch File

\ :
| Result list (right-dlick for options)
10:21:23 - rules.ZeroR.

10:21:52 - trees.RandomForest

Classifier output

Out of bag error: 0.287

Evaluation on training set
Summary ===

Correctly Classified Instances
Incorrectly Classified Instances
Kappa statistic

Mean absolute error

Root mean squared error
Relative absolute error

Root relative squared error
Total Number of Instances

=== Detailed Accuracy By Class

TP Rate FP Rate
0.999 0.03
0.97 0.001

[ Kanaom ICrest O LU TYEES, Sacn CONSTIUCTEd WHLLE COnSIdering S ranacm Ifar |
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930 99 3
10 1 3
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Precision Recall F-Measure ROC Are:
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Fig. 3 Process of Classification
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Table 2. Ranked List of Attributes

Sl Weight Attribute

1 0.094739 checking_status

2 0.043618 credit_history

3 0.0329 Duration

4 0.028115 savings_status

5 0.024894 Purpose

6 0.018709 credit_amount

7 0.016985 property _magnitude
8 0.013102 Employment

9 0.012753 Housing

10 | 0.011278 Age

11 | 0.008875 other_payment_plans
12 | 0.006811 personal_status

13 | 0.005823 foreign_worker

14 | 0.004797 other_parties

15| 0.001337 Job

16 | 0.000964 own_telephone

17 0 num_dependents

18 0 installment_commitment
19 0 residence_since

20 0 existing_credits

In this experiment, the least six attributes existing credits,
residence since, installment commitment, num_dependents,
own telephone and Job are manually removed before
applying the classification process.

4.2 Classifiers

Classification is an application of Data mining that helps to
classify a new data record into one of the many possible
classes which are already known. Classification is a data
mining technique to accurately predict the target class
within a given data set. Here the classification model can be
used to identify loan candidates as good or bad credit risks.
The different types of classifiers are decision tree classifier,
neural network, naive bayes classifier, support vector
machine etc. The experiment is conducted here using the
datamining tool WEKA 3.7. The different classifiers under
the study are  JRip, ZeroR, SMO, Adaboost, Random
Forest, Kstar, Ridor and DTNB.

4.3 A Comparative Study

The performance metrics of each classifier can be improved
by reducing the number of attributes of input data set. The
reduction can be done by removing the irrelevant and noisy
attributes. The performance metrics are evaluated based on
the three main factors such as Accuracy, Kappa Statistic and
Mean Absolute Error. A comparison of the classification
accuracy was performed using WEKA 3.7, before and after
attribute selection using the above stated classifiers. The
Different performance metrics are used to compare and
evaluate which one is better and whether the feature
selection is mandatory before applying the classification
during the mining process.

4.3.1 Accuracy

The percentage of correctly classified instances is known as
accuracy. Accuracy is a widely used metric for measuring
the performance of a classifier.

4.3.2 Kappa Statistic

Cohen’s kappa is another widely used measure. It measures
the extent to which the agreement between observed and
predicted is higher than that expected by chance alone [9].
A Kappa Statistic value greater than 0 means that the
classifier selected is better than chance.

4.3.3 Mean Absolute Error

The Mean Absolute Error measures the average magnitude
of the errors in a set of forecasts. The error rates are used for
numeric prediction rather than classification. The Mean
Absolute Error values are in the range from 0 to «. They are
negatively-oriented scores. That means that lower mean
absolute error values are better.

After removing the least important seven attributes the
classification results are explained below. The Table 3
displays the experiment results before applying the feature
selection. The Table 4 shows the results after applying the
feature selection to the input data set.

Table 3. Classifiers Performance Before Feature Selection
Based On Accuracy And Kappa

. Mean Absolute
Classifiers | Accuracy | Kappa Error
JRip 74.3 0.346 0.3666
ZeroR 70 0 0.42
SMO 78.4 0.45 0.216
Adaboost 73.7 0.225 0.342
Random 99 0.976 0.124
Kstar 100 0 0.009
Ridor 76 0.2701 0.24
DTNB 71.1 0.394 0.362

Table 4. Classifiers Performance After Feature Selection
Based On Accuracy And Kappa
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Mean

Classifiers Accuracy Kappa Absolute
Error
JRip 75.6 0.364 0.359
ZeroR 70 0 0.42
SMO 78.5 0.444 0.215
Adaboost 73.7 0.226 0.342
Rﬁg?gsrt” 99.6 0.99 0.124
Kstar 100 1 0.002
Ridor 78.3 0.374 0.271
DTNB 74.9 0.437 0.346
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Fig 4. Graph showing performance accuracy of different
classifiers before and after feature selection
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Fig.5. Graph showing comparison of classifiers before and
after feature selection based on kappa.
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Fig. 6. Graph showing comparison of classifiers before and
after feature selection based on Mean Absolute Error

From this comparative study, it is evident that the feature
selection is very important. It is clear from this work that all
the attributes in a dataset is not required for classification.
Noisy and unimportant attributes can be removed from the
data set. Data set contains 20 attributes including the class
attribute. So after feature selection 20 attributes has been
reduced to 14 attributes including the class attribute. Table 3
shows the classifiers performance before feature selection
based on accuracy, kappa and mean absolute error . Table 4
shows the classifiers performance after feature selection
based on accuracy, kappa and mean absolute error. Random
Forest and Kstar classifiers have highest accuracy and least
mean absolute error value. From this study we can see that
Random Forest and Kstar are the best classifiers with
respect to their performance metrics.

The graph given in the figure 4 shows the performance
accuracy of different classifiers before and after the
application of feature selection. The graph given in the
figure 5 shows the kappa performance of different
classifiers before and after the application of feature
selection. The graph given in the figure 6 shows the mean
absolute error performance of different classifiers before
and after the application of feature selection. Some
classifiers show better performance than the other classifiers
after feature selection. Some classifiers are giving almost
the same performance. These graphs confirm the fact that
feature selection produces the same or improved
classification accuracy.

5. CONCLUSION

In this paper, the comparative study of different classifiers
before and after feature selection was performed. It is
concluded that that feature selection i.e. removal of noisy
and redundant attributes, indeed leads to better classification
accuracy.

As a future scope, we can experiment the same techniques
over different data sets and use this scheme to decide the
best classifier as well as the best feature selection method
that may suit to any particular dataset.
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