
Abstract
In this paper, we have proposed an efficient approach for 
the reduction of significant attributes from the spambase 
warehouses for identifying spam email using forward selection 
method and have performed the classification of spam e-mail 
using data mining techniques. The data used in this paper is 
collected from UCI Machine Learning Repository Spambase 
dataset. The dataset consist of 4601 records which have 
58 attributes and after applying Correlation–based Feature 
Selection methods the original attributes was reduced to 
22, 16 and 8 potential attributes. We have investigated four 
data mining techniques such as J48, BayesNet, OneR and 
Classification via Clustering. The results shows that BayesNet 
have much better performance than other three methods and 
it is also observed that using feature reduction method  the 
performance of BayesNet, OneR and classification via clustering 
a notable improvement in their classification.
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I. Introduction
As the number of Internet users’ increases, Email has been an 
efficient and popular communication mechanism. A large part 
of the Internet mail traffic comprises of unsolicited bulk email 
or spam as it is popularly, rather notoriously known. E-mail 
management is a significant and growing problem for individuals 
and organizations. Email Classification can be applied to 
several different applications including filtering messages 
based on priority, assigning messages to user created folders 
or identifying spam. Spam has several definitions varying by 
source. Unsolicited bulk e-mail (UBE)—unsolicited e-mail, sent 
in large quantities. Unsolicited commercial e-mail (UCE)—this 
more restrictive definition is used by regulators whose mandate 
is to regulate commerce, such as the U.S.
The total volume of e-mail spam has been consistently growing. 
The amount of spam users see in their mailboxes is only a 
portion of total spam sent, since spammers' lists often contain 
a large percentage of invalid addresses and many spam filters 
simply delete or reject "obvious spam." A 2010 survey of US 
and European e-mail users showed that despite knowing the 
risks of opening spam e-mails, 46% of the respondents still 
opened them, putting their computers at risk[1]
Origin or source of spam refers to the geographical location 
of the computer from which the spam is sent; it is not the 
country where the spammer resides, nor the country that hosts 
the spamvertised site. Because of the international nature of 
spam, the spammer, the hijacked spam-sending computer, the 
spamvertised server, and the user target of the spam are all 
often located in different countries. As much as 80% of spam 
received by Internet users in North America and Europe can be 
traced to fewer than 200 spammers[2]. Much work on spam 

email filtering has been done using the techniques such as 
decision trees, Naïve Bayesian classifiers, neural networks, 
etc.

II. Related Work
Rambow et al. apply a machine learning approach to 
email summarization [3]. Wan et al. study decision-making 
summarization for email conversations [4]. Several systems for 
automatic e-mail classification have been developed. Cohen 
[5] used RIPPER to induce keyword-spotting rules. Bayesian 
approaches have been used e.g. [6] as well as Nearest-neighbor 
techniques [7]. Previous studies have been limited because 
they have failed to explore the use of feature selection and 
phrase representations. 
[8]compared a cross-experiment between 14 classification 
methods, including decision tree, Naïve Bayesian, Neural 
Network, linear squares fit, Rocchio. KNN is one of top 
performers, and it performs well in scaling up to very large and 
noisy classification problems. Approaches to filtering junk email 
are considered [9,10,11,12,13] showed approaches to filtering 
emails involve the deployment of data mining techniques.
The hashing-trick is a natural fit for spam filtering. Nearly all 
commonly used spam classifiers, such as Naive Bayes, logistic 
regression and support-vector machines [14] require emails are 
represented in the bag-of-words format. A major disadvantage 
of the bag-of-words representation is the necessity of a 
dictionary data structure for mapping words to vector indices. 
In collaborative spam filtering, the set of possible word tokens 
is generally very large. As a result, the dictionary can use up a 
significant portion of a servers' memory.
KNN is one of the top performers, and it performs well in 
scaling up to very large and noisy classification problems.
[15]showed a good performance reducing the classification 
error by discovering temporal relations in an email sequence 
in the form of temporal sequence patterns and embedding the 
discovered information into content based learning methods. 
[16] Proposed a model based on the Neural Network to classify 
personal emails and the use of Principal Component Analysis 
as a preprocessor of NN to reduce the data in terms of both 
dimensionality as well as size. In the classification experiment 
for spam filtering, Decision tree showed better result than NB, 
NN, or SVM classifier [17].

III. Spam 
Many Copies of the same message is Spam. Email spam targets 
individual users with direct mail messages. Email spam lists are 
often created by scanning Usenet postings, stealing Internet 
mailing lists, or searching the Web for addresses. Spammers 
get email addresses by various methods such as Dictionary, 
Purchasing third party lists, Email Harvesters etc

IV. Dataset Description
The collection of spam e-mails came from the postmaster and 
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individuals who had filed spam. The collection of non-spam 
e-mails came from filed work and personal e-mails, and hence 
the word 'george' and the area code '650' are indicators of non-
spam. These are useful when constructing a personalized spam 
filter. One would either have to blind such non-spam indicators 
or get a very wide collection of non-spam to generate a general 
purpose spam filter. The last column of 'spambase.data' denotes 
whether the e-mail was considered spam (1) or not (0), i.e. 
unsolicited commercial e-mail. Most of the attributes indicate 
whether a particular word or character was frequently occurring 
in the e-mail. The run-length attributes (55-57) measure the 
length of sequences of consecutive capital letters.

A. Spam E-Mail Database Attributes 
48 continuous real [0,100] attributes of type word_freq_WORD 
= percentage of words in the e-mail that match WORD, i.e. 100 
* (number of times the WORD appears in the e-mail) / total 
number of words in e-mail.  A "word" in this case is any  string 
of alphanumeric characters bounded by non-alphanumeric 
characters or end-of-string. 6 continuous real [0,100] attributes 
of type char_freq_CHAR = percentage of characters in the e-mail 
that match CHAR, i.e. 100 * (number of CHAR occurrences) 
/ total characters in e-mail. 1 continuous real [1,…] attribute 
of type capital_run_length_average=average length of 
uninterrupted sequences of capital letters. 1 continuous integer 
[1,...] attribute of type capital_run_length_longest = length of 
longest uninterrupted sequence of capital letters. 1 continuous 
integer [1,...] attribute of type capital_run_length_total = sum 
of length of uninterrupted sequences of capital letters = total 
number of capital letters in the e-mail. 1 nominal {0,1} class 
attribute of type spam = denotes whether the e-mail was 
considered spam (1) or not (0),  i.e. unsolicited commercial 
e-mail.

V. Proposed Framework
The data was collected from the UCI Machine Learning 
Repository [18]. All attributes are numeric-valued. Initially, the 
data warehouse is preprocessed to make the mining process 
more efficient. The data mining process of predicting spam mail 
is depicted in Fig. 1. In the first stage the data was collected 
from the Hewlett-Packard Labs [19]. In the second stage raw 
dataset is then preprocessed using the discretization method 
to convert the numeric values to the nominal values. In the 
third stage significant attribute selection is performed using 
Correlation–based Feature Selection (CFS) Subset Evaluator 
and three different search methods such as Best First Search, 
Rank Search and Greedy Stepwise. This database consists of 
57 attributes and the feature reduction was made to reduce the 
attributes. The attributes was reduced to 22 by using Best First 
Search, 16 using Rank Search and Greedy Stepwise Search 
yields 8 attributes. In the fourth stage five different classification 
algorithms are used to classify the mail as spam or nospam. In 
the fifth stage the performance of each classification algorithms 
are discussed based on several evaluation models. 

VI. Feature Reduction Method
In this paper the attribute reduction is performed using CFS 
Subset Evaluator and three different search methods used 
are Best First Search, Rank Search and Greedy Stepwise. The 
potential attributes selected by Best First Search are All, 3D, 
Our, Over, Remove, Order, Receive, Addresses, Free, Business, 
You, Credit, Your, 0, Hp, Hpl, George, Labs, Data, 1999, Meeting, 
$. The potential attributes selected by Rank Search are All, 3D, 
Our, Remove, Order, Receive, Free, Credit, Your, 0, Hp, George, 

Data, 1999, $, Capital Run Length Longest. The potential 
attributes selected by Greedy Stepwise Search are Remove, 
Free, 0, Money, Hp, George, Edu, $.

Fig. 1: Framework of the proposed model

A. Best First Search
If the Successor’s heuristic is better than its parent, the 
Successor is set at the front of the queue and the loop restarts. 
Else the Successor is appended into the queue in place 
(determined by heuristic value).  The procedure evaluates the 
successor of the parent.

B. Rank Search
Subset selection algorithms differ with the scoring and ranking 
methods in that they only provide a set of features that are 
selected without further information on the quality of each 
feature individually. In this paper we Used an attribute/subset 
evaluator to rank all attributes. If a subset evaluator is specified, 
then a forward selection search is used to generate a ranked 
list. From the ranked list of attributes, subsets of increasing 
size are evaluated, ie. The best attribute, the best attribute plus 
the next best attribute, etc.... The best attribute set is reported. 
RankSearch is linear in the number of attributes if a simple 
attribute evaluator is used such as GainRatioAttributeEval

C. Greedy Stepwise Search
A greedy algorithm is any algorithm that follows the problem 
solving metaheuristic of making the locally optimal choice at 
each stage[20] with the hope of finding the global optimum. 
In general, greedy algorithms have five pillars: 1. A candidate 
set, from which a solution is created .2. A selection function, 
which chooses the best candidate to be added to the solution 
.3. A feasibility function, that is used to determine if a candidate 
can be used to contribute to a solution 4. An objective function, 
which assigns a value to a solution, or a partial solution, and 5. 
A solution function, which will indicate when we have discovered 
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a complete solution 

VII. Classification Methods
In this section the details of J48, Bayesnet, Id3, OneR and 
Classification via Clustering are discussed.

 A. J48 classifier
The J48 Decision tree[21] classifier follows the following simple 
algorithm. In order to classify a new item, it first needs to create 
a decision tree based on the attribute values of the available 
training data. So, whenever it encounters a set of items (training 
set) it identifies the attribute that discriminates the various 
instances most clearly. This feature that is able to tell us most 
about the data instances so that we can classify them the best 
is said to have the highest information gain. Now, among the 
possible values of this feature, if there is any value for which 
there is no ambiguity, that is, for which the data instances 
falling within its category have the same value for the target 
variable, then we terminate that branch and assign to it the 
target value that we have obtained. 
Now that we have the decision tree, we follow the order of 
attribute selection as we have obtained for the tree. By checking 
all the respective attributes and their values with those seen 
in the decision tree model, we can assign or predict the 
target value of this new instance. The above description will 
be more clear and easier to understand with the help of an 
example. Hence, let us see an example of J48 decision tree 
classification. 
J48 employs two pruning methods:
The first is known as subtree replacement. The second type of 
pruning used in J48 is termed sub tree rising. 

B. BayesNet
Consider a domain U of n variables, x1,...xn. Each variable may 
be discrete having a finite or countable number of states, 
or continuous. Given a subset X of variables xi where xi 
U, if one can observe the state of every variable in X, then 
this observation is called an instance of X and is denoted 

as X=  for the observations 

. The "joint space" of U is the set of all instances 

of U. denotes the "generalized probability 

density" that X=  given Y=  for 

a person with current state information . p(X|Y, ) then 
denotes the "Generalized Probability Density Function" (gpdf) 
for X, given all possible observations of Y. The joint gpdf over 
U is the gpdf for U.

C. OneR
The idea of the OneR (one-attribute-rule) algorithm is to find the 
one attribute to use that makes fewest prediction errors. 
The algorithm is: 
   For each attribute A:
     For each value V of that attribute, create a rule:
       1. count how often each class appears
       2. find the most frequent class, c
       3. make a rule "if A=V then C=c"
     Calculate the error rate of this rule
   Pick the attribute whose rules produce the lowest error 
rate

D. Classification via Clustering
A simple meta-classifier that uses a clusterer for classification. 
For cluster algorithms that use a fixed number of clusterers, 
like SimpleKMeans, the user has to make sure that the number 
of clusters to generate are the same as the number of class 
labels in the dataset in order to obtain a useful model. Note: 
at prediction time, a missing value is returned if no cluster is 
found for the instance. The code is based on the 'clusters to 
classes' functionality of the weka.clusterers.ClusterEvaluation 
class by Mark Hall
A simple meta-classifier that uses a clusterer for classification. 
For cluster algorithms that use a fixed number of clusterers, 
like SimpleKMeans, the user has to make sure that the 
numbers of clusters to generate are the same as the number 
of class labels in the dataset in order to obtain a useful model. 
Note: at prediction time, a missing value is 
returned if no cluster is found for the instance. 
The code is based on the 'clusters to classes' functionality of 
the weka.clusterers.ClusterEvaluation class by Mark Hall. 
Valid options are: 
-D:   If set, classifier is run in debug mode and   may output 
additional info to the console, -W :  Full name of clusterer., -N 
<num> :  number of clusters, -V :  Display std. deviations for 
centroids., -M :   Replace missing values with mean/mode, -S 
<num> :   Random number seed.

VIII. Model Evaluation
Weka 3.6[22] data mining tool kit is used for analyzing the 
results. The classification models can be evaluated using 
Specificity, Sensitivity and Accuracy. The classification models 
can be evaluated using 10 fold cross validation method, 
confusion matrix and other statistical Methods.

A. Confusion Matrix
One of the methods to evaluate the performance of a classifier 
is using confusion matrix the number of correctly classified 
instances is sum of diagonals in the matrix; all others are 
incorrectly classified. The following terminology is often used 
when referring to the counts tabulated in a confusion matrix

Table 1. A Confusion matrix for a binary classification problem 
in which the classes are not equally important

Predicted 
Class
+ -

Actual 
class

+ TP FN
- FP TN

The True Positive (TP) [23]: corresponds to the number of 
positive examples correctly predicted by the classification 
model.
The False Negative (FN) [23]: corresponds to the number 
of positive examples wrongly predicted as negative by the 
classification model.
The False Positive (FP) [23]: corresponds to the number 
of negative examples wrongly predicted as positive by the 
classification model.
The True Negative (TN) [23]: corresponds to the number of 
negative examples correctly predicted by the classification 
model.

B. Sensitivity, Specificity, Accuracy
Sensitivity and Specificity are statistical measures of the 
performance of a binary classification test. Sensitivity (also 
called recall rate in some fields) measures the proportion of 
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actual positives which are correctly identified as such (e.g. the 
percentage of sick people who are correctly identified as having 
the condition). Specificity measures the proportion of negatives 
which are correctly identified (e.g. the percentage of healthy 
people who are correctly identified as not having the condition). 
These two measures are closely related to the concepts of 
type I and type II errors. A theoretical, optimal prediction can 
achieve 100% sensitivity (i.e. predict all people from the sick 
group as sick) and 100% specificity (i.e. not predict anyone from 
the healthy group as sick). The Sensitivity, Specificity, Accuracy 
can be calculated using the formula
Table 2. Formula for Specificity, Sensitivity, Accuracy

Disease Present No Disease
Positive test a b
Negative test c d

• Sensitivity=a/(a+c)
• Specificity = d/(b+d)
• Accuracy, ACC = (TP + TN)/(P + N) 

C. Other statistical Methods
Kappa Statistics: The kappa measure of agreement is the ratio    
K = P(A) - P(E) / (1 - P(E))                                        (4)
Where, P (A) is the proportion of times the k raters agree, and 
P (E) is the proportion of times the k raters are expected to 
agree by chance alone. 

1. Mean Absolute Error: In statistics, the mean absolute 
error is a quantity used to measure how close forecasts or 
predictions are to the eventual outcomes. The mean absolute 
error (MAE) is given by

             (5)
The mean absolute error is an average of the absolute errors 
ei = fi − yi, where fi is the prediction and yi the true Root Mean 
Squared Error (RMSE): It is a frequently-used measure of 
the differences between values predicted by a model or an 
estimator and the values actually observed from the thing being 
modeled or estimated. 

2. Relative Absolute Error: The relative absolute error Ei of 
an individual program i is evaluated by the equation):

                                (6)
where P(ij) is the value predicted by the individual program i for 
sample case j (out of n sample cases); Tj is the target value for 

sample case j; and is given by the formula:

                     (7)
For a perfect fit, the numerator is equal to 0 and Ei = 0. So, the 
Ei index ranges from 0 to infinity, with 0 corresponding to the 
ideal.

Root Relative Squared error: The root relative squared error Ei 
of an individual program i is evaluated by the equation: 

                            (8)

IX. Experimental Results
The work is begun with original dataset which is comprised of 57 
attributes and one class label.  Applying the CFS subset Attribute 
Evaluation and three different search methods we obtained 
22, 16, 8 significant attributes as the result of dimensionality 
reduction. From the reduced dimensionality the experimental 
result shows that the performance of the reduced feature also 
predicts the classification in efficient manner. The Tables III, IV, 
V Shows the performance of five classification methods based 
on correctly and incorrectly classified Instances, Kappa statistic 
and Mean absolute error, Root Mean Square Error and Relative 
Absolute Error, Root Relative Squared error and Time taken to 
build the models respectively. The comparison is performed 
for 22, 16 and 8 attributes.

Table 3. Performance Evaluation of five classificatin models 
using Best First Search Method

 BayesNet CVC J48 OneR

Correctly 
Classified 
Instances

86.1% 60.5% 81.4% 74.0%

Incorrectly 
Classified 
Instances

13.9% 39.5% 18.6% 26.0%

Kappa 
statistic

70.0% -0.2% 58.6% 40.4%

Mean 
absolute 
error

14.7% 39.5% 24.9% 26.0%

Root mean 
squared 
error

34.1% 62.9% 38.2% 51.0%

Relative 
absolute 
error

30.7% 82.8% 52.1% 54.5%

Root 
relative 
squared 
error

69.8% 128.7% 78.2% 104.4%

Unclassified 
instances

 0.0%   
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Table 4. Performance Evaluation of five classificatin models 
using Rank Search Method

 
Bayes
Net CVC J48 OneR

Correctly 
Classified 
Instances

86.0% 61.6% 80.9% 74.0%

Incorrectly 
Classified 
Instances

14.0% 38.4% 19.1% 26.0%

Kappa statistic 69.7% 3.0% 57.4% 40.4%
Mean absolute 
error

16.6% 38.4% 26.1% 26.0%

Root mean 
squared error

31.9% 62.0% 38.3% 51.0%

Relative 
absolute error

34.7% 80.5% 54.6% 54.5%

Root relative 
squared error

65.3% 126.9% 78.4% 104.4%

Unclassified 
instances

 0.0%   

Table 5. Performance Evaluation of five classificatin models 
using Greedy Step Wise Search Method

 
Bayes
Net CVC J48 OneR

Correctly 
Classified 
Instances

86.7% 59.5% 81.0% 74.0%

Incorrectly 
Classified 
Instances

13.3% 40.3% 19.0% 26.0%

Kappa statistic 71.4% -0.8% 57.5% 40.4%
Mean absolute 
error

14.1% 40.4% 25.2% 26.0%

Root mean 
squared error

33.1% 63.5% 38.3% 51.0%

Relative absolute 
error

29.5% 84.7% 52.8% 54.5%

Root relative 
squared error

67.6% 130.1% 78.3% 104.4%

Unclassified 
instances

 0.3%   

The Table 3, 4 and 5 show that BayesNet outperforms remaining 
algorithms in all the three search methods.

Table 6. Sensitivity, specificity and accuracy based on 22, 16 
and 8 feature reductions

Performance evaluation

0 . 0 0

0 . 1 0

0 . 2 0

0 . 3 0

0 . 4 0

0 . 5 0

0 . 6 0

0 . 7 0

0 . 8 0

0 . 9 0

1 . 0 0

B a y e s N e t C V C J 4 8 O n e R

A l g o r i t h m s

S e n s i t i v i t y
S p e c i f i c i t y
A c c u r a c y

Fig. 2 : Performance of Best First Search  
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Algorithms
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Fig. 3 : Performance of Rank Search
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0.00
0.20
0.40
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BayesN
et CVC J48

OneR

Algorithms

Sensitivity

Specificity
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Fig. 4. Performance of Greedy Stepwise Search Method

The Fig. 2, 3 and 4 show the Specificity, Sensitivity and accuracy 
for Best first Search, Rank Search and Greedy Stepwise Search 
Methods.

X. Conclusion
In this contribution CFS Subset Attribute Evaluator is used to find 
potential features for efficient classification of spam in email. 
From the result, it is observed that after applying the feature 
selection from 57 attributes to 22, 16 and 8 attributes.  The 
overall performance of J48, Bayesnet, classificationviaclustering, 
OneR has increased their performance using Greedy Stepwise 
Search Method than the Best First Search and Rank Search. . 
It is observed that the classification accuracy increases better 
after feature selection.

References
[1] 2010 MAAWG Email Security Awareness and Usage Report, 

Messing Anti-Abuse Working Group/Ipsos Public Affairs
[2] Register of Known Spam Operations (ROKSO)
[3] N. Ducheneaut and V. Bellotti. E-mail as habitat: 

an exploration of embedded personal information 
management. Interactions v.8, n.5, pp.30-38, 2001.

[4] Stephen Wan and Kathleen McKeown. Generating 

122 InternatIonal Journal of Computer SCIenCe and teChnology

IJCSt Vol. 1, ISSue 2, deCember 2010 I S S N  :  2 2 2 9 - 4 3 3 3 ( P r i n t )  |  I S S N  :  0 9 7 6 - 8 4 9 1 ( O n l i n e )

w w w . i j c s t . c o m



overview summaries of ongoing email thread discussions. 
In Proceedings of COLING’04, the 20th International 
Conference on Computational Linguistics, August 23–27 
2004.

[5] Owen Rambow, Lokesh Shrestha, John Chen, and Chirsty 
Lauridsen. Summarizing email threads. In HLT/NAACL, 
May 2–7 2004.

[6] D. J. Cook and L. B. Holder. Graph based data mining. IEEE 
Intelligent Systems,15(2):32{41, 2000.

[7] Kamber M, Winstone L and Hanj – Generation and decision 
Tree Induction – Efficient classification in Data mining

[8] Y. Yang, “An Evaluation of Statistical Approaches to Text 
Categorization,” Journal of Information Retrieval, Vol 1, 
No. 1/2, 1999, pp. 67-88.

[9] W. Cohen, “Learning rules that classify e-mail,” In Proc. 
of the AAAI Spring Symposium on Machine Learning in 
Information Access, 1996.

[10] Y. Diao, H. Lu, and D. Wu, “A comparative study of 
classification based personal e-mail filtering,” In Proc. of 
fourth PAKDD, 2000.

[11] M. Sahami, S. Dumais, D. Heckerman, and E. Horvitz, “A 
Bayesian Approach to Filtering Junk E-Mail,” In Proc. of 
the AAAI Workshop on Learning for Text Categorization. 

[12] T. Fawcett, “in vivo spam filtering: A challenge problem 
for data mining,” In Proc. of ninth KDD Explorations vol.5 
no.2, 2003.

[13] K. Gee, “Using latent semantic indexing to filter spam,” In 
Proc. of eighteenth ACM Symposium on Applied Computing, 
Data Mining Track, 2003.

[14] T. Hastie, R. Tibshirani, J. Friedman, T. Hastie, J. Friedman, 
and R. Tibshirani. The elements of statistical learning. 
Springer New York, 2001. 

[15] S.Kiritchenko, S.Matwin, and S.Abu-Hakima, 2004.
Email Classification with Temporal Features. Intelligent 
Information Systems, pp.523-533.

[16] B.Cui, A.Mondal, J.Shen, G.Cong, and K.Tan, 2005. On 
effiective Email classification via Neural networks. In 
Proceedings of DEXA,, PP.85-94.

[17] Seongwook Youn and Dennis McLeod. A Comparative 
Study for Email Classification.

[18] The spambase dataset  from http://archive.ics.uci.edu/
ml/datasets/Spambase

[19] Mark Hopkins, Erik Reeber, George Forman, Jaap 
Suermondt Hewlett-Packard Labs. 

[20] Introduction to Algorithms (Cormen, Leiserson, and Rivest) 
1990, Chapter 16 "Greedy Algorithms" p. 329.

[21] J48classifier,http://www.d.umn.edu/~padhy005/ 
chapter05.html                              

[22] WEKA: Data Mining Software in Java (2008),http://www.
cs.waikata.ac.nz/ml/weka

[23] C.Ferri, P.Flach, and J.Hernandez-Ozalle. Learining 
Decision Trees using the area under the ROC Curve. In 
Proc. Of the 19th Intl.Conf.on Machine Learning, pages 
139-146, Sydney,Australia, july 2002.

Kavitha B. completed her M.Phil in Computer 
Science from Bharathiar University in 2007. She 
is working as a Lecturer in School of Computer 
Science, Karpagam University, Coimbatore. Her 
experience is 6 yrs. Currently she is pursuing 
Ph.D in Bharathiar University. She has published 

5 papers in International Journals and presented paper in 1 
International Conference. Her research interests are Data 
mining, Network Security and Cryptography
 

 D.Shanmuga Priyaa completed her M.Phil from 
Bharathidasan University in 2004. She is working 
as a Asst.Prof at Karpagam University, Coimbatore. 
Her experience is 9 yrs. Currently she is pursuing 
Ph.D. She has published 1 paper in International 
Journal. Her fields of interest are Data mining, Image 

Processing

Naveen Kumar R. completed his M.Phil 
in Computer Science from Karpagam 
University in 2009. He is working as a 
Lecturer in School of Computer Science, 
Karpagam University, Coimbatore. His 
experience is 3 yrs. he has published 
1 paper in International Journals and 

presented paper in 2 International Conference. His research 
interests are Data mining and warehousing

K.Banuroopa  has completed her bachelor 
degree in Applied Sciences in PSG College 
of technology, Coimbatore in 1997 and 
her Master Degree in Bharathidasan 
University in 2002. She completed her 
M.Phil from Bharathiar University in 2004. 
She is working as a Leturer in Karpagam 
University, Coimbatore. Her experience is 
5 years. Her fields of interest are Data 
mining, E-learning, Network Security and 

Cryptography.

 InternatIonal Journal of Computer SCIenCe and teChnology 123

I S S N  :  2 2 2 9 - 4 3 3 3 ( P r i n t )  |  I S S N  :  0 9 7 6 - 8 4 9 1 ( O n l i n e )

w w w . i j c s t . c o m

IJCSt Vol. 1, ISSue 2, deCember 2010


