
IJCST Vol. 3, ISSue 2, AprIl - June 2012 ISSN : 0976-8491 (Online)  |  ISSN : 2229-4333 (Print)

w w w . i j c s t . c o m778    InternatIonal Journal of Computer SCIenCe and teChnology 

Abstract
It investigates a novel algorithm-EGA-SVM for text classification 
problem by combining Support Vector Machines (SVM) with 
elitist Genetic Algorithm (GA). The new algorithm uses EGA, 
which is based on elite survival strategy, to optimize the parameters 
of SVM. Iris dataset and one hundred pieces of news reports in 
Chinese news are chosen to compare EGA-SVM, GA-SVM and 
traditional SVM. The results of numerical experiments show that 
EGA-SVM can improve classification performance effectively 
than the other algorithms. This text classification algorithm can 
be extended easily to apply to literatures in the field of electrical 
engineering.
Feature clustering is a powerful method to reduce the dimensionality 
of feature vectors for text classification. In this paper, we propose 
a fuzzy similarity-based self-constructing algorithm for feature 
clustering. The words in the feature vector of a document set 
are grouped into clusters, based on similarity test. Words that 
are similar to each other are grouped into the same cluster. 
Each cluster is characterized by a membership function with 
statistical mean and deviation. When all the words have been 
fed in, a desired number of clusters are formed automatically. We 
then have one extracted feature for each cluster. The extracted 
feature, corresponding to a cluster, is a weighted combination of 
the words contained in the cluster. By this algorithm, the derived 
membership functions match closely with and describe properly 
the real distribution of the training data. Besides, the user need 
not specify the number of extracted features in advance, and trial-
and-error for determining the appropriate number of extracted 
features can then be avoided.
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I. Introduction
Netnews and electrical literatures are more and more along 
with rapid popularization of internet and sharp development of 
information technology. Because Internet is as the principal source 
of information access by users, how to access valid information 
from lots of web pages becomes a popular problem that is worth 
to studying. There are two directions to classify web pages. In the 
case of methodology, algorithms of text classification are often 
used to classify web pages according to pages’ content, such as, 
Rough Sets, Bayes, SVM, etc. This paper investigates a novel 
algorithm that combines elitist genetic algorithm and support 
vectors machine and takes web pages as an example to apply to 
text classification problem.
We propose a fuzzy similarity-based self-constructing feature 
clustering algorithm, which is an incremental feature clustering 
approach to reduce the number of features for the text classification 
task. The words in the feature vector of a document set are 
represented as distributions and processed one after another. 
Words that are similar to each other are grouped into the same 
cluster. Each cluster is characterized by a membership function 

with statistical mean and deviation. If a word is not similar to any 
existing cluster, a new cluster is created for this word. Similarity 
between a word and a cluster is defined by considering both the 
mean and the variance of the cluster. When all the words have 
been fed in, a desired number of clusters are formed automatically. 
We then have one extracted feature for each cluster. The extracted 
feature corresponding to a cluster is a weighted combination of 
the words contained in the cluster. Three ways of weighting, hard, 
soft, and mixed, are introduced. By this algorithm, the derived 
membership functions match closely with and describe properly 
the real distribution of the training data. Besides, the user need 
not specify the number of extracted features in advance, and trial-
and-error for determining the appropriate number of extracted 
features can then be avoided. Experiments on real-world data sets 
show that our method can run faster and obtain better extracted 
features than other methods.

II. Basics and Definations 
To process documents, the bag-of-words model  is commonly 
used. Let D = { d1; d2; . . . ; dn } be a document set of n documents, 
where d1, d2; . . . ; dn are individual documents, and each document 
belongs to one of the classes in the set {c1; c2; . . . . . . ; cp}. If 
a document belongs to two or more classes, then two or more 
copies of the document with different classes are included in D. 
Let the word set W = {w1; w2; . . . ; wm} be the feature vector 
of the document set. Each document di, 1 ≤ i ≤ n, is represented 
as di = <di1; di2; . . . ; dim>, where each dij denotes the number of 
occurrences of wj in the ith document. The feature reduction task 
is to find a new word set W’ = {w’1; w’2; . . . ; w’k}, k << m, such 
that W and W’ work equally well for all the desired properties with 
D. After feature reduction, each document di is converted into a 
new representation d’i = <d’i1; d’i2; . . . ; d’ik> and the converted 
document set is D’ = {d’1; d’2; . . . ; d’n}. If k is much smaller 
than m, computation cost with subsequent operations on D’ can 
be drastically reduced.

A. Feature Reduction
In general, there are two ways of doing feature reduction, feature 
selection, and feature extraction. By feature selection approaches, 
a new feature set W’ = {w’1, w’2, . . . , w’k} is obtained, which is 
a subset of the original feature set W. Then W’ is used as inputs 
for classification tasks. Information Gain (IG) is frequently 
employed in the feature selection approach [10]. It measures the 
reduced uncertainty by an information-theoretic measure and 
gives each word a weight. The weight of a word wj is calculated 
as follows:

 (1)
where P, (cl) denotes the prior probability for class cl, P(wj) denotes 
the prior probability for feature wj, P ( ) is identical to 1-P(wj), 
and P(cl |wj ) and P (cl | ) denote the probability for class cl with 
the presence and absence, respectively, of wj. The words of top k 
weights in W are selected as the features in W’.
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In feature extraction approaches, extracted features are obtained 
by a projecting process through algebraic transformations. An 
Incremental Orthogonal Centroid (IOC) algorithm was proposed 
in [14]. Let a corpus of documents be represented as an m × n 
matrix X  Rm×n, where m is the number of features in the feature 
set and n is the number of documents in the document set. IOC 
tries to find an optimal transformation matrix F*  Rm×k, where 
k is the desired number of extracted features, according to the 
following criterion:

    (2)

  (3)
with P (cq ) being the prior probability for a pattern belonging to 
class cq, Mq being the mean vector of class cq, and Mall being the 
mean vector of all patterns.

B. Feature Clustering
Feature clustering is an efficient approach for feature reduction, 
which groups all features into some clusters, where features in a 
cluster are similar to each other. The feature clustering methods 
[are “hard” clustering methods, where each word of the original 
features belongs to exactly one word cluster. Therefore each 
word contributes to the synthesis of only one new feature. Each 
new feature is obtained by summing up the words belonging to 
one cluster. Let D, be the matrix consisting of all the original 
documents with m features and D’ be the matrix consisting of the 
converted documents with new k features. The new feature set W’ 
= {w’1; w’2; . . . ; w’k}, corresponds to a partition (W1,W2,….,Wk) 
of the original feature set W, i.e., Wt  Wq =   where 1 q; t    the 
partition. Then, the tth feature value of the converted document 
d’i is calculated as follows:

which is a linear sum of the feature values in Wt. The divisive 
information-theoretic feature clustering (DC) algorithm, calculates 
the distributions of words over classes, P(Cj|wj), 1 j m,
where C, = {c1; c2; . . . . . . ; cp}, and uses Kullback-Leibler 
divergence to measure the dissimilarity between two distributions. 
The distribution of a cluster Wt is calculated as follows:

 (5)
The goal of DC is to minimize the following objective function:

 (6)
which takes the sum over all the k clusters, where k is specified 
by the user in advance.

Fig. 1: Cluster Analysis Shown as Coloring of the Squares Into 
Three Clusters

C. Genetic Algorithm
Genetic algorithm [16], is presented by Prof. Holland in 1975. 
The algorithm has been widely implemented in a computer 
simulation in which a population of abstract representations (called 
chromosomes or the genotype of the genome) of candidate solutions 
(called individuals, creatures, or phenotypes) to an optimization 
problem evolves toward better solutions. Traditionally, solutions 
are represented in binary as strings of 0s and 1s, but other 
encodings are also possible. The evolution usually starts from 
a population of randomly generated individuals and happens in 
generations. In each generation, the fitness of every individual in 
the population is evaluated, multiple individuals are stochastically 
selected from the current population (based on their fitness), and 
modified (recombined and possibly randomly mutated) to form 
a new population. The new population is then used in the next 
iteration of the algorithm. Commonly, the algorithm terminates 
when either a maximum number of generations has been produced, 
or a satisfactory fitness level has been reached for the population. 
If the algorithm has terminated due to a maximum number of 
generations, a satisfactory solution may or may not have been 
reached.

D. Text Classification
Text classification [10], (also known as text categorization or topic 
spotting) is the task of automatically sorting a set of documents into 
categories from a predefined set. This task has several applications, 
including automated indexing of scientific articles according to 
predefined thesauri of technical terms, filing patents into patent 
directories, selective dissemination of information to information 
consumers, automated population of hierarchical catalogues of 
Web resources, spam filtering, identification of document genre, 
authorship attribution, survey coding, and even automated essay 
grading. Automated text classification is attractive because it frees 
organizations from the need of manually organizing document 
bases, which can be too expensive, or simply not feasible given 
the time constraints of the application or the number of documents 
involved. The accuracy of modern text classification systems rivals 
that of trained human professionals, thanks to a combination of 
information retrieval (IR) technology and machine learning (ML) 
technology.

E. Vector Space Model
Vector space model [11], (or term vector model) is an algebraic 
model for representing text documents (and any objects, in general) 
as vectors of identifiers, such as, for example, index terms. It is 
used in information filtering, information retrieval, indexing and 
relevancy rankings. Its first use was in the SMART Information 
Retrieval System.
A document is represented as a vector. Each dimension corresponds 
to a separate term. If a term occurs in the document, its value in 
the vector is non-zero. Several different ways of computing these 
values, also known as (term) weights, have been developed. One of 
the best known schemes is tf-idf weighting (tfd is term frequency 
of term t in document d, idf is named inverse document frequency). 
The definition of term depends on the application. Typically terms 
are single words, keywords, or longer phrases. If the words are 
chosen to be the terms, the dimensionality of the vector is the 
number of words in the vocabulary, which is the number of distinct 
words occurring in the corpus.
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III. Our Process
There are some issues pertinent to most of the existing feature 
clustering methods. First, the parameter k, indicating the desired 
number of extracted features, has to be specified in advance. This 
gives a burden to the user, since trial-and-error has to be done until 
the appropriate number of extracted features is found. Second, 
when calculating similarities, the variance of the underlying cluster 
is not considered. Intuitively, the distribution of the data in a cluster 
is an important factor in the calculation of similarity. Third, all 
words in a cluster have the same degree of contribution to the 
resulting extracted feature. Sometimes, it may be better if more 
similar words are allowed to have bigger degrees of contribution. 
Our feature clustering algorithm is proposed to deal with these 
issues.
Suppose, we are given a document set D of n documents d1, d2, . 
. . , dn, together with the feature vector W of m words w1,w2,…. 
wm and p classes c1, c2, . . . , cp, as specified in Section II. We 
construct one word pattern for each word in W. For word wi, its 
word pattern xi is defined, similarly as in [27], by
= <P (c1|wi), P (c2|wi), . . . , P (cp|wi)>;
xi = <xi1, xi2, . . . , xip>
where

   (8)
for 1 j  p. Note that dqi indicates the number of occurrences of wi 
in document dq, as described in Section II. Also,  is defined as

  (9)
Therefore, we have m word patterns in total. For example, suppose 
we have four documents d1, d2, d3, and d4 belonging to c1, c1, c2, and 
cn, respectively. Let the occurrences of w1 in these documents be 
1, 2, 3, and 4, respectively. Then, the word pattern x1 of w1 is:

   (10)

IV. Algorithms
The whole clustering algorithm can be summarized below.
Initialization
# of original word patterns: m 
# of classes: p 
Threshold: Initial deviation: ρ
      Initial deviation: σ0
 Initial of clusters: k = 0
Input:
xi = < xi1; xi2; . . . ; xip>, 1i  m
Output:
Clusters G1, G2; . . . ; Gk
procedure Self-Constructing-Clustering-Algorithm for each word 
pattern xi, 1 ≤ i ≤  m
temp_W = Gj| μGj (xi) ; 1  j  k}; 
if(temp_W== )
A new cluster Gh, h = k +1
else let Gt ∈ temp _ W be the cluster to which xi is closest by 
(19);
Incorporate xi into Gt by (20)-(24);
endif;
endfor;
return with the created k clusters;
 endprocedure

Note that the word patterns in a cluster have a high degree of 
similarity to each other. Besides, when new training patterns are 
considered, the existing clusters can be adjusted or new clusters 
can be created, without the necessity of generating the whole set 
of clusters from the scratch.The order in which the word patterns 
are fed in influences the clusters obtained. We apply a heuristic 
to determine the order. We sort all the patterns, in decreasing 
order, by their largest components. Then the word patterns are 
fed in this order. In this way, more significant patterns will be fed 
in first and likely become the core of the underlying cluster. For 
example, let x1 = <0:1; 0:3;

V. GA-SVM Algorithm Algorithm Introduction
There are two methods that are used to combine Genetic algorithm 
and SVM.

A. Dealing with Dataset
The initial training dataset are optimized with GA in order to find 
a sample subset including the important samples that can preserve 
or improve the discrimination ability of SVM. Training on the 
subset is equal to that on the initial sample sets. The training time 
is greatly shortened.

Fig. 2: The Flowchart of GA-SVM

There are two available sets of training data: class1 z1 , z2 , zn 
and class2 z1 , z2 , zn. z i or z j is an example, or one feature vector 
for SVM. An intuition idea is to find out the important examples 
that affect the classification results greatly. If these feature vectors 
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are removed, the separating boundary changes the most. The key 
important question is how to find out these important training data 
from all the examples with GA.

B. Defining Parameters
The value of parameters in Support Vector Machines is important 
to algorithm’s performance. The support vectors have been 
determined from the application of Lagrange Multipliers, but 
are not applicable to search for “C”. In fact, GA are used to solve 
the constrained QP. One advantage of using GA for this kind 
of problems is that restrictions are not imposed in the form of 
the objective function: a neither the objective function nor the 
constraints of the problem must be derivable in order to solve 
problems. In some cases, each individual represents a LM (  i ,i  
1,2,3,  N ), where N  is the number of points in the training set 
for the dual SVM problem.

Fig. 3: The Flowchart of EGA-SVM

This algorithm combing GA and SVM has been applied many 
fields, such as fault detection, protein sequences classification, 
network intrusion detection, daily flow forecasting, Short-term 
load forecasting, Evaluation of competitiveness of power plants, 
stock index forecasting.
The combing algorithm has better performance in classification and 
forecasting. This paper presents a new algorithm-EGA-SVM that 
combine EGA and SVM. An issue considered in the performance 
is that traditional GA itself has the problem: it is possible that 
some better solution found in previous steps may be lost because 
of the genetic operation. For reserving these better solutions, the 
algorithm should have the memory ability. Elite survival strategy 
is employed in combing algorithm, EGA-SVM.

Algorithm Description
EGA-SVM algorithm can be showed as following,
Step1 Create initial population randomly, the number of population 
is popsize
Step2 Classify dataset by SVM, calculate the Accuracy Rate that 
will be the value of fitness in Genetic algorithm Step3 Genetic 
operation: selection, crossover and mutation
Saving elite individuals
Step4 If not the maximal iteration N, then to Step2;
Or, quit algorithm and output the classification result.
The flowchart of GA-SVM algorithm and EGA-SVM are showed 
in fig. 1 and fig. 2.

Fig. 4: The Distribution of Iris Data

Table 1: Compare of Results Among Three Algorithm in Iris 
Dataset

Accuracy Rate of Running 
time

classification

Best Worst Avg. Best Worst Avg.

SVM 1 0.833 0.9033 0.1406 0.2813 0.19064

GA-SVM 1 1 1 6.9063 7.8906 7.3172

EGA-
SVM 1 1 1 6.6094 7.3594 6.93439

VI. Experiment Result
For the compare of classifying performance among traditional 
SVM, GA-SVM and EGA-SVM, three algorithms are run several 
times respectively. In iris dataset, three algorithms are run ten 
times respectively. Accuracy rate of classification and running 
times are recorded. In text dataset, they are run a dozen times and 
first five best results, accuracy rate of classification, are chosen 
for algorithm’s evaluation.
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Fig. 5: Compare of Results Among Three Algorithm in Iris 
Dataset

The programs of three algorithms are written based on Matlab 
7.6 (version R2008a) and run on a computer with 2.0 GHz CPU, 
2GB DDR RAM. The experiment results are showed in Table 1, 
Table 2 and fig. 5, 6.

Fig. 6: Compare of Results Among Three Algorithm in Text 
Dataset

VII. Conclusions
This paper presents a new algorithm combing elite genetic 
algorithm and support vectors machine. It uses good optimization 
performance of support vector machines to improve classification 
performance of genetic algorithm with elite strategy. Iris dataset 
and a text dataset are chosen to validity performance of the 
combing algorithm. It’s obviously that the hybrid algorithm and 
future Clustering can be applied to classify literatures in the field 
of electrical engineering. Future study direction will focus on the 
effect to performance when related parameters, such as crossing-
over rate, mutation rate, size of population, etc., have different 
values, and improve computational efficiency of the new algorithm 
further.
Similarity-based clustering is one of the techniques we have 
developed in our machine learning research. In this paper, we 
apply this clustering technique to text categorization problems. We 
are also applying it to other problems, such as image segmentation, 
data sampling, fuzzy modeling, web mining, etc. We found that 
when a document set is transformed to a collection of word 
patterns, the relevance among word patterns can be measured, and 
the word patterns can be grouped by applying our similarity-based 
clustering algorithm. Our method is good for text categorization 
problems due to the suitability of the distributional word clustering 
concept.

References
[1] S. M. Metev, V. P. Veiko,"Laser Assisted Microtechnology", 

2nd ed., R. M. Osgood, Jr., Ed.  Berlin, Germany: Springer-
Verlag, 1998.

[2] J. Breckling, Ed.,"The Analysis of Directional Time Series: 
Applications to Wind Speed and Direction", ser. Lecture 
Notes in Statistics.  Berlin, Germany: Springer, 1989, Vol. 
61.

[3] S. Zhang, C. Zhu, J. K. O. Sin, P. K. T. Mok,“A novel ultrathin 
elevated channel low-temperature poly-Si TFT”, IEEE 
Electron Device Lett., Vol. 20, pp. 569–571, Nov. 1999.

[4] M. Wegmuller, J. P. von der Weid, P. Oberson, N. Gisin,“High 
resolution fiber distributed measurements with coherent 
OFDR”, in Proc. ECOC’00, 2000, paper 11.3.4, pp. 109.

[5] R. E. Sorace, V. S. Reinhardt, S. A. Vaughn,“High-speed 
digital-to-RF converter”, U.S. Patent 5 668 842, Sept. 16, 
1997.

[6] The IEEE website (2002), [Online] Available: http://www.
ieee.org/

[7] M. Shell. (2002) IEEEtran homepage on CTAN, [Online] 
Available: http://www.ctan.org/texarchive/macros/latex/
contrib/supported/IEEEtran/FLEXChip Signal Processor 
(MC68175/D), Motorola, 1996.

[8] Support  vector  machine. [Online] Available: http://www.
en.wikipedia.org/wiki/Support_vector_machine [2009-
10-6]

[9] Genetic algorithm (2009), [Online] Available: http://www.
en.wikipedia.org/wiki/Genetic_algorithm. 

[10] Text classification (2009), [Online] Available: http://
en.wikipedia.org/wiki/Text_classification

[11] Vector space model.
[12] [Online] Available: http://www.en.wikipedia.org/wiki/

Vector_space_model, (2009)
[13] “PDCA12-70 data sheet”, Opto Speed SA, Mezzovico, 

Switzerland.
[14] A. Karnik, “Performance of TCP congestion control with 

rate feedback: TCP/ABR and rate adaptive TCP/IP,” M. Eng. 
thesis, Indian Institute of Science, Bangalore, India, Jan. 
1999.

[15] J. Padhye, V. Firoiu, D. Towsley,“A stochastic model of 
TCP Reno congestion avoidance and control”, Univ. of 
Massachusetts, Amherst, MA, CMPSCI Tech. Rep. 99-02, 
1999.

[16] "Wireless LAN Medium Access Control (MAC) and Physical 
Layer (PHY) Specification", IEEE Std. 802.11, 1997.

[17] Li, S.T., Wu, X.X., Hu, X.Y.: ‘Gene selection using 
geneticalgorithm and support vectors machines’, Soft 
Computing, 2008, 12, (7), pp. 693-698

[18] FENG He-long, XIA Sheng-ping,"Web Page Classification 
Method Based On RSOM-Bayes", Computer Engineering, 
2008, 34(13), pp. 61-63.

[19] Liu Li-zhen, HE Hai-jun, Lu Yu-chang, Song Han-
tao,"Application Research of Support Vector Machine in 
Web Information Classification", MINI-MICRO SYSTEM, 
2007, 28(2), pp. 337-340.



IJCST Vol. 3, ISSue 2, AprIl - June 2012ISSN : 0976-8491 (Online)  |  ISSN : 2229-4333 (Print)

w w w . i j c s t . c o m InternatIonal Journal of Computer SCIenCe and teChnology 783

DR.C.P.V.N.J.MOHAN RAO, Professor 
in CSE Dept and Principal of Avanthi 
Institute of Engineering & Technology. 
He attained his master and doctorate 
from Andhra University. He is having 
15years of experience in the field of 
Computer Science Department.

T.T. Rajeswara Rao, obtained his 
Msc. in Mathematics from the Madras 
University. He  pursuing  his M.Tech 
Computer Science from  JNTU 
KAKINADA. His Research interest 
includes Data-warehousing and Data-
Mining and clustering based on A Fuzzy 
Self-Constructing Feature Clustering 
Algorithm for Text Classification.


