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Abstract : Automatic Text classification (ATC) also known as text categorization or topic spotting is the task of 
automatically assigning an unlabeled text document to its corresponding category from a set of predefined category set. ATC is 
a supervised learning task. Summary of a text document contains a significant part of the information from the original text(s) 
and which is not more than half of  the original  text(s).  Latent  Semantic  Analysis  (LSA) is  a  mathematical  model  to  extract  the 
contextual  meaning of  words by statistical  computations on large corpus of  text.  In  this  paper,  a  hybrid model  was proposed for  text  
classification. The classification of unlabeled documents is performed using Support Vector Machine (SVM) classifier. Classification rules  
are generated using summaries of the training documents instead of on original documents. The summary of a document is generated using  
Latent Semantic Analysis (LSA). With the empirical evaluations on LSA, the appropriate number of sentences for summary generation are  
identified. The performance of text summarization using LSA and text classification using summaries are evaluated using precision, recall and 
F1 scores.

Keywords- Text Classification, Text Summarization, Support Vector Machines, Latent Semantic Analysis, Odds Ratio, TF-
IDF

I. INTRODUCTION

Text  Classification  (TC)  also  known  as  Text 
Categorization is the task of automatically classifying a set of 
unlabeled  text  documents  to  their  corresponding  categories 
from a predefined category set. If a test document is assigning 
to  exactly  one  category  then  it  is  termed  as  single-label 
classification,  if  the  test  document  belongs  to  multiple 
categories  then it  is called multi-label classification [1].  TC 
uses several methods and techniques which are developed in 
Information Retrieval (IR) and Machine Learning (ML). It is 
created  lot  of  interest  in  the  research  community  in  the 
academia and in the industry.

Text  classification  is  basically  a  content-based 
document management task hence it utilizes many techniques 
developed in text search. Set of predefined categories cab be 
viewed  as  a  set  of  documents  and  test   document  can  be 
treated as a query posed on to the system in IR. The measures 
to  evaluate  the  information  retrieval  systems  are  often 
applicable to measure effectiveness text classification systems 
[2]. The research in machine learning uses the applications of 
text classification as they use high-dimensional feature vectors 
and  large  amounts  of  data.  From  the  perspective  of 
developers, TC is important because of the large quantity of 
documents that need to be properly processed and classified.

Task  of  text  classification  is  a  supervised  learning 
task [3]. In supervised learning task, the set of documents are 
divided into training set and test set. Training set can be used 
to the learn the model, where as test set is used to measure the 

effectiveness of the learned model. It is necessary to train the 
classifier with a set of training documents from each category, 
so  that  the  model  generated  from  the  learning  is  able  to 
correctly classify the unknown documents. The effectiveness 
of  the  classifier  depends  on the  extraction  of  most  suitable 
features  and  with  more  appropriate  weightings and  also  on 
reducing the vector space of the training set. Performance of a 
classifier  can  be done using training efficiency  i.e  the time 
required to train the system, classification efficiency i.e. the 
time consuming for classification of the unlabeled document 
and  classification  effectiveness  i.e  the  accuracy  of  the 
classifier.  There  are  variety  of  applications  of  text 
categorization such as  finding answers  to  similar  questions, 
classification  of  news  articles  by their  subject,  categorizing 
spam  emails  from  legitimate  e-mails,  separating  set  of 
computer  programs  into  their  corresponding  programming 
languages categories.

A text  document  generally  consists of a set  topics. 
Topics are explained by some sentences and other sentences 
in the document are used to make the topics more readable 
and complete so that the whole story becomes complete. The 
summary of a document should be able to cover all the topics 
presented  in the original  text  and simultaneously should be 
able  to  keep  the  redundancy  to  a  minimum  level.  The 
summarization  can  be  broadly  classified  into  abstractive 
summary  and  extractive  summary.  In  extractive 
summarization,  the  sentences  in  the  summary  are  from the 
original text. The only important sentences that explains the 
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topics covered in the original text are becomes the sentences 
in the summary. The identification of these sentences can be 
done using lexical and statistical relevance of the sentences to 
the  original  text  [9].  In  abstractive  summary,  it  is  a 
reproduction of the actual text essence [4]. It requires a depth 
knowledge from Natural language processing which contains 
grammar  rules  and  lexicographical,  syntactic  rules  and 
semantic  rules.  Abstraction  approaches  generates  more 
meaning summaries with high compression rates, but difficult 
to  implement.  While  extraction  approaches  are  easy  to 
implement,  but  semantic  meaning  of  the  topics  can  not  be 
more  appropriate  and  compression  ratios  are  also  less 
compared  with  abstractive  summarization  techniques.  The 
method followed using latent semantic analysis is an example 
for extractive summarization.

Latent  Semantic  Analysis  (LSA) is a  mathematical 
model that extracts the conceptual relations among the terms 
that  exists with in a sentence  or within a document or  else 
among the documents [5]. A set of words having the relation 
among  them  that  exists  in  a  set  of  documents  infers  the 
relationship among the documents. This method mines deeper 
correlations among the words in the texts. LSA uses the terms 
in  the  document  to  infer  the  topics  or  concepts  in  the 
document.  This  model  dependents  on  the  input  text  and 
independent from external vocabularies, humanly constructed 
dictionaries,  knowledge bases,  semantic networks,  grammar, 
syntactic  parsers,  or  morphologies  [12].  As  LSA  is  a 
mathematical model, the working principle of the model does 
not  depend  on  the  language  of  the  input  text,  but  the 
underlying characteristics of the language will influence the 
performance of the model.  In this paper,  the LSA model is 
used to analyze the data pattens for summary generation on 
the  text  developed  in  one  of  the  Indian  languages  such  as 
Telugu.

The applicability of latent semantic analysis model to 
Information  Retrieval  can  increase  the  accuracy  of  the 
information  retrieval  systems.  The  reason  behind  for  more 
accuracy  is  that  LSA  captures  the  semantic  relationships 
among the terms that exists in the query and in the documents 
from the  data  base.  Though the  terms  are  not  same in  the 
query  and  in  the  document  set,  but  their  usage  can  be 
identified by semantically relating among the terms. Hence a 
search  engine  works  using  Latent  Semantic  Indexing  (LSI) 
upgrades its performance by searching contextual correlation 
among the keywords instead of simply using keyword match 
[1]. 

The Latent semantic analysis model has been applied 
in various fields of research. In the field of text processing, 
LSA  has  been  used  for  intelligent  information  retrieval 
systems  [6],  Soboroff  in  [7]  applied  for  Authorship 
authorship,  Foltz  for  textual  coherence  measurement  [8], 
Gordon in [9] for literature-based discoveries. Wolfe in [10] 
used  for  matching  readers  and  texts,  Text  segmentation  in 
[11],  relationship  discovery  [12],  spam filtering  [13],  essay 
evaluation  [14].  Eugenio  in  [15]  explores  the  dialogue  act 
classification, for speech processing [16]. The applicability of 

LSA in image processing is to provide multi-level information 
security [17], Semantic content detection of video shots [18], 
face recognition [19], image retrieval [20].

In  this  paper,  firstly,  proposed  a  model  for  text 
summarization that creates summaries of Telugu texts using 
latent  semantic  analysis  method.  By  making  use  each 
document from the training document set as input text matrix 
can  be created.  The columns in  the input  matrix  represents 
sentences  of  the  document  and  rows  in  the  matrix  are 
represented by the words in the documents. The values in the 
matrix are represented by the weight of the word in terms of 
the  corresponding  sentence  in  the  document.  After 
transformations  on  the  input  matrix  the  first  'n'  sentences 
having maximum concept correlations are picked as summary 
of the document. Secondly, the classification of the unlabeled 
documents are performed by generating a classification model 
using summaries of the training documents instead of the on 
the original documents. Hence it can reduce the influence of 
non-content words in the classification process.

In  this  paper,  section  1  gives  a  brief  introduction 
about text classification, text summarization, latent semantic 
analysis and its applicability in summary generation. Section 2 
briefs  about  different  studies  on  text  classification,  text 
summarization and TC using TS. Section 3 explains about the 
model for summary generation using latent semantic analysis 
and the results achieved using LSA are also presented. Section 
4 describes about different phases in the proposed model for 
text classification using text summarization. Description about 
dataset  and  analysis  on  results  achieved  are  presented  in 
section 5. The final section gives the conclusions and possible 
future extensions from the results.

II. RELATED WORK

Text classification, or text categorization, is to assign 
a category label to an unseen text document with one or more 
predefined  categories.  There  are  many  machine  learning 
techniques are employed to the task of text classification from 
the field of machine learning research including Naive Bayes 
[13],  Rocchio  [14],  K-Nearest  Neighbor  [15],  decision  tree 
[21], SVMs [14]. In [14], it is concluded that support vector 
machine is the most suitable algorithm for text classification. 
The performance of SVM can not be degraded even for high 
dimensional  vector  space.   Joachim  in  [13]  analyzed  the 
corpus of Reuters-21578 with SVM classifier and found that 
almost all features were actually relevant for classification.

The text document is commonly represented in the 
form of bag of words for machine learning for the purpose of 
classification.  Each  document  is  represented  in  the  form of 
vector space model. The vector space model is a set of pairs. 
Each pair contains the term and and its corresponding weight. 
The problem need to be addressed in classification is the curse 
of  dimensionality.  As the number of  features  are more and 
more then the efficiency of the classification will be degraded. 
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So the dimensionality space of the training set can be reduced 
by selecting only few features from the original vector with 
high scores for a particular measure [10]. Feature selection is 
one technique to deal with such problems.

From 1950s, the problem of Text summarization was 
addressed by many researchers proposed a variety of methods 
[9]. Summarization can be broadly divided into two categories 
such  as  abstractive  summarization  and  extractive 
summarization.  Most  of  the  research  has  been  focused  on 
extractive summarization, which selects a set of sentences that 
explains the topics covered in the original text to generate a 
summary.  Abstractive  summarization,  concise  the  topics 
covered in the original text by rewriting in the precise manner 
[4].In  [5]   summaries  are  classified  as  indicative  and 
informative,  generic  and  query-based,  single-document  and 
multi-document. In this paper, latent semantic analysis is used 
to generate extractive summarization for single document on 
Telugu text. In [43] Latent Semantic Analysis (LSA) approach 
is used for extractive summary generation and compared the 
results with the feature extraction algorithms. In [44] worked 
on summarization using LSA and relevance measure. In [45] 
explored summarization based on word lexical chains. Brunn 
et al.  in  [46] uses semantic relations among the words for 
summary  generation.  To  improve  the  efficiency  of  the 
summarization process, lexical chain clusters are used instead 
of lexical chains individually. 

In this paper, summary of the Telugu text documents 
are generated using latent semantic analysis. The appropriate 
sentences to be selected from the test document for summary 
is learned from the knowledge gained using training document 
set. The weights assigned to fill each cell in the input matrix 
for  the  word  and  sentence  correlation  will  influence  the 
accuracy of the text summarization system. There are some 
systems  proposed  in  the  literature  has  been  used  text 
summarization as a feature in the process of text classification 
to improve the performance. In [5] the term weight is assigned 
based on the term frequency, its position in the sentence and 
its  position  in  the  document.  In  [48]  weighting  scheme 
considers number of times the term appears in the number of 
phrases.

Few  approaches  were  proposed  to  enhance  the 
performance of the text classification model by reducing the 
presentation  of  the  documents  by  its  size  using  text 
summarization. Mihalcea and Hassan in [49] and Shen et al. 
[50] used various surface features to reduce the size of each 
document  in  the  training  document  set  to  generate  more 
effective  classification  rules,  hence  the  accuracy  of  the 
classification  model  can  be  enhanced.  Kolcz  et  al.  in  [3] 
utilized  the  summary  as  a  feature  selection  technique  for 
classification. In their experiments used the keywords and title 
words as key features for summary generation and compared 
the results with statistical feature selection techniques for text 
classification and finally concluding that both the approaches 
are comparable to each other.

III. TEXT SUMMRIZATION USING LATENT SEMANTIC ANALYSIS

A. singular value decomposition

The document structure is  based on the words and 
the  sentences  and  their  usage  within  the  document.  The 
structure is implicit within the document that exists because of 
the correlations among the words and sentences. The ordering 
among the words and the correlations that exists among the 
words and within the sentences leads to the set of concepts. 
By reading the text, human's intellectual  ability can capture 
the  relationships  among  the  words  that  appear  within  the 
sentence or among the sentences or among the phrases within 
a  document.  This  human understanding  capability  has  been 
acquired  from  the  nature  and  based  on  the  reading  and 
learning  process  from  various  experiences.  This  learning 
process can be adaptable to machines by using a mathematical 
model  called  Latent  Semantic  Analysis  (LSA).  LSA  can 
capture the relationship that exists among the words within the 
sentence,  sentences  within  the  phrase,  phrases  within  the 
document and documents from a corpus collection. There are 
words  that  are  syntactically  not  same,  but  there  exists  a 
semantic  correlation  among  the  words  in  a  document.  The 
same can be applicable to its higher levels. LSA uses Singular 
Value Decomposition (SVD) to capture the correlations that 
exists among the words and sentences within a document. It 
leads to the identification of semantic relationship among the 
words and sentences [1]. 

SVD divides a given matrix A into three matrices U, 
S and V. Each of these matrices represents the original matrix 
in with a unique interpretation.  Kirk Baker in [3]  proposed 
SVD which is derived from linear algebra. The input matrix A 
is  a  rectangular  matrix  that  can  be broken down into three 
component  matrices  such  as  an  orthogonal  matrix  U,  a 
diagonal matrix S, and the transpose of an orthogonal matrix 
V. The input matrix A with m rows and n columns can be 
divided into the matrices U,V and S as follows:

Amn = Umm Smn VT
nn 

where  U  and  V  are  square  matrices  and  S  is  a 
rectangular  matrix.  As U and V are orthogonal matrices so 
that UTU = I and, VTV = I where I is an identity matrix. The 
columns of U and V are orthonormal eigenvectors of AAT and 
ATA respectively and S is a  diagonal matrix containing the 
square roots of eigenvalues from U or V, known as singular 
values  which  are  present  in  decreasing  order  from  top  to 
bottom. 

B. Dimensionality Reduction

The  product  of  three  matrices  i.e.  U,S  and  VT 

actually represents the original matrix. The strength of each 
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concept  is  represented in a  diagonal  matrix S. The strength 
between word and concept  is  represented  in  the orthogonal 
matrix U. Similarly the strength between concept and sentence 
is represented in the orthogonal matrix VT. By reducing the 
size of the matrix S, it can be retained only strong concepts 
such  that  the  week  concepts  are  eliminated  to  reduce 
dimensionality of the matrix A. If only first k concepts are 
retained in S so that  the size of the matrix S becomes  kxk. 
Simultaneously the size of the matrix U becomes mxk and the 
size  of  the  matrix  V  becomes  nxk.  The  reduced  model  is 
represented as follows: 

Akmn = Umk Skk VT
kn 

The value 'k' should be selected in such a way that 
the  reconstructed  matrix  Akmn   should be  semantically 
approximate to the original matrix. Words that appear more 
significant in the original input matrix may not be prominent 
in the reduced dimensionality matrix, similarly the words that 
even not appear in the original matrix may become significant 
from the  reduced  matrix.  Now the  issue  is  selection  of  'k'  
value so that the number of dimensions or concepts to retain 
in the diagonal matrix is an empirical issue. As the value of 'k' 
is less then the approximate of the reduced matrix may less. 
So that there is a chance of missing some important concepts. 
If  the  number  of  dimensions  are  more  then  the  there  is  a 
chance  of  considering  unimportant  concepts.  The  way  to 
choose the suitable k value depends on many factors such as 
size of the training document set, size of the each document in 
the  training  set,  the  language  characteristics  of  the  text 
document [21].

c. summary generation using LSA

The summary of test document can be generated by 
fixing the number of dimensions 'k'.  The 'k' value fixes the 
number of sentences to be picked up from the test document. 
The  optimal  value  for  'k'  can  be  chosen  from the  training 
document  set.  Each  document  D  in  the  training  set  is 
preprocessed using various steps such as normalization, stop 
word elimination and stemming. Let  the number of distinct 
words in the document are m and the number of sentences in 
D  are  n  then  the  input  matrix  A  contains  m  rows  and  n 
columns. By applying Singular Value Decomposition ( SVD) 
on A, it is divided into three matrices such as U with m rows 
and m columns, S with m rows and n columns and V with n 
rows and n columns [23]. The dimensionality reduction on A 
to obtain the semantic relationship among the concepts can be 
performed by considering first k concepts from the diagonal 
matrix  S.  The  selection  of  k  is  an  empirical  issue.  For  a 
particular value of k, the size of the matrix S becomes kxk so 
that the corresponding size of U becomes mxk and the size of 
V comes nxk. If the value of k is too small then may loose 
some important  information.  If  the  value  of  k  is  high then 
there is a possibility keeping unimportant information. Hence 
the value  of  k  must  be  optimal.  The optimal  value  can  be 
identified by using the measures such as precision, recall and 

F1 metric by comparing with the human generated summary 
for each document. The value of k can be chosen based on the 
best average value for training document set. After fixing the 
value for  k then the matrix Akmn  can be reconstructed  with 
Amk,  Skk and  VT

kn.  The  matrix   VT
kn  represents  the  strength 

between  concepts  and  sentences  which  are  present  in 
descending  order.  It  can  be  selected  k  sentences  row wise 
from the beginning in the  VT to form summary of the test 
document. The input matrix A is filled with term weight as 
TF-IDF values for each word within the sentence. The process 
flow is as shown in figure 1.

Figure 1: The summarization using Latent Semantic 
Analysis
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D. Evaluation measures

The measures  used  to  evaluate  the performance of 
latent  semantic  analysis  model  in  comparison  human 
judgments are precision (P), recall (R) and F1 measure. The 
definitions of these measures are adopted from Gong & Liu 
[22].  Let  SH  be  the summary  generated  by  the  human 
judgments and SM be the number of sentences selected by the 
LSA model. The evaluation measures are defined as follows: 

R=
(SH∩SM )

(SH )
(1 )

P=
(SH∩SM )

(SM )
(2 )

F1=
2∗P∗R

P+R
(3 )

where |SH| is the number of sentences in the summary 
of the document picked by human, |SM| is the total number of 
sentences extracted by the model, |SH∩SM  | is the number of 
sentences  in  common with  human  generated  summary  and 
model generated summary.

As  the  maximum  number  of  sentences  in  any 
document of the corpus is 18 and the summary of a document 
is  not  more  than  half  of  the  document  so  that  in  this 
experiments it is considered number of dimensions from 1 to 8 
only.

Dimensi
ons

Evaluation measures

Precision Recall F1 value

1 0.81 0.24 0.37

2 0.76 0.31 0.44

3 0.72 0.4 0 0.51

4 0.64 0.57 0.60

5 0.61 0.64 0.62 

6 0.59 0.71 0.6 5

7 0.58 0.76 0.68

8 0.54 0.77 0.63

Table  1:  Precision,  Recall  and  F1  values  for  various 
dimensions on Telugu Text

From the results it  is observed that the F1 value is 
increasing from the dimensions one to seven. But at the eighth 
dimension  the  F1  value  is  decreasing.  At  the  seventh 
dimension the model gains the highest F1 value. There fore 
for the test documents to generate the summary, the first seven 
sentences having highest scores are considered.

IV. A HYBRID MODEL FOR TEXT CLASSFICATION

The  main  goal  of  Text  Categorization  or  Text 
Classification (TC) is to design a model for classification of 
natural language text [2]. The objective of text classification is 
to  derive  a  model  that  learns  the  classification  rules  from 
given a set of training documents D = {d1 , . . . , dr } with a  
set  of  categories  C  =  {c1  ,  .  .  .  ,  cq}  and   automatically 
classifies  an  unlabeled  document  dt with  one  or  more 
categories  in  C.  The  different  phases  in  text  classification 
using text summarization is presented in the figure 2. They are 
preprocessing, summary generation using LSA, vector space 
representation  with  suitable  term  weighting,  generation  of 
classification  rules  from  the  summarized  training  set  and 
assigning a class label for unseen document. In figure 2 the 
comparison between the traditional model and hybrid model is 
presented.

PREPROCESSING

Document need to be preprocessed before processing 
through the machine. The per-processing contains removing 
the  unnecessary  content  from  the  document  which  is  not 
useful  for  TC like  punctuation marks,  numbers  ,  dates  and 
symbols etc. Secondly, features which can create noise to the 
TC process called stop words which are used to give meaning 
to the sentence need to eliminated. For Telugu text stop words 
are  identified  by  using  the  NLTK  tool  kit.  As  Telugu  is 
complex  morphological  variant  language,  reducing  the 
features of document into their root form can greatly reduces 
the dimensionality space of the document. Hence features of 
the document are converted into their root form using TMA 
tool. After per-processing the feature space of the document 
contains only stemmed form of the features.

                      International Journal of Research Sciences and Advanced Engineering
                                      Vol.2 (8) 41, ISSN: 2319 – 6106, OCT 2104 – DEC 2014.                                                 
                                                                                                                                                               268

MARLENE G VERGHESE D et al, International Journal of Research Sciences and Advanced Engineering [IJRSAE] TM
Volume 2, Issue 8,   PP: 264 - 271, OCT 2014 - DEC 2014.



FIGURE  2:  A  HYBRID  MODEL  FOR  TEXT 
CLASSFICATION

FEATURE WEIGHTING

From the experiments conducted in [13] on the same 
data set, it is concluded that Odds ratio is the most relevant 
measure  for  measuring  the  weight  of  the  term  in  the 
document.

 Odds  Ratio  (OR  (t))  is  for  relevance  ranking  in 
information retrieval [24]. It is calculated by taking the ratio 
of positive samples and negative samples [24]: 

ODDS  RATIO (t )=log( N t,c×N¬t,¬c

N t,¬c×N¬t,c
) (4 )

             where Nt,c denotes the number of times term t occurs 
in category c,  Nt,¬c is the number of times t occurs in other 
categories than c, N¬t, c is the number of times c occurs without 
term t, N¬t,¬c is the number of times neither c nor t occurs. 

C.  SUPPORT VECTOR MACHINE

Support Vector Machine classifier (SVM) [25] takes 
the  training  vectors  and  aims  to  find  a  hyper  plane  that 
separates positive and negative samples into different sides of 
the  hyper  plane.  Usually  it  is  impossible  to  separate  the 
samples directly using the given data in the given dimensions. 
For this reason,  it  is  often a good idea to map the original 
space into a higher-dimensional space where the separation is 
easier  to accomplish.  SVM classifiers  use a kernel  function 
that maps the features into higher dimensions and creates the 
hyper  plane;  this  is  the  model  created  by  the  simple  SVM 
classifier. 

V. EMPERICAL EVALUATIONS

A.   DOCUMENT COLLECTION

The dataset was gathered from Telugu News Papers 
from various news sources from the web during the year 2012 
–  2013.  The  corpus  is  collected  from  the  website 
http://uni.medhas.org/ in unicode format. We obtained around 
800 news articles  from the domains of  economics,  politics, 
science,  sports,culture  and  health.  Before  proceeding,  we 
conduct  some  preprocessing  like  tokenisation,  removing 
stopping words and stemming. We have chosen 70% of the 
documents  as  training  dataset,  remaining  30%  of  the 
documents as testing dataset for all six categories.  By using 
the summaries for both training dataset and testing dataset, we 
have  conducted  the  experiments  with Odds Ratio weighing 
method  using  the  SVM  classifier.  We  have  compared  the 
performance  of  the  SVM  classifier  on  original  text 
classification  and  classification  using  summary  of  the  text 
generated  by  LSA.  The  performance  of  the  classifier  is 
measured  using  precision,  recall  and  F1  measures  with 
original training text set as input and summary of the training 
set as input to the classifier.

B.   EVALUATION MEASURES

To  evaluate  the  classification  performance  of  the 
proposed model using SVM classifier,  we used F1 measure 
and  macro-averaged  F1  measure.  F1  measure  and  macro-
averaged F1 measures are calculated as follows: 

F1=
2∗R∗P

R+P
(5 )

 where

TRAINING SET

PREPROCESSING

VECTOR SPACE
REPRESENTATION

CLASSIFICATION
USING
SVM

SUMMARIZATION
USING LSA

VECTOR SPACE
REPRESENTATION

RESULTS
COMPARISION
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P=
X

X+Y
(6 )

 and

R=
X

X+Z
(7 )

where X is documents retrieved and relevant, Y is documents 
retrieved but not relevant and Z is documents not retrieved but 
relevant. Macro-averaged F-measure is obtained by taking the 
average of F-measure values for each category as:  

F (macro−average )=

∑
1

M

Fi

M
(8 )

We have compared the performance of the proposed 
model  with  classification  performance  on  original  dataset 
using  SVM with summary  of  the  text  set.  For  the  original 
classification performance,  we have used Odds Ration as  a 
feature weighting method.

 

Category Original text set Summarized text 
set

Economics 0.875 0.913

Politics 0.862 0.892

Science 0.838 0.874

Sports 0.884 0.944

Culture 0.862 0.896

Health 0.876 0.927

Macro-
averaged F1

0.866 0.907

Table 2: Comparison of text classification performance 
using precision, recall and F1 measure with original text 
set and summarized text set

From  the  results  we  observed  that  classification 
performance  was  improved  through  the  proposed  model 
compared  with  traditional  Text  categorization  model.  The 
probable  reason  is  summary  can  retain  the  important 
information  of  the  original  document  and  also  reduces  the 
number of features which can create noise in the process of 
classification learning by the classifier. The 36.7% summary 
of  the  original  document  gives  the  best  performance  with 
4.1%  improvement  in  the  macro-averaged  F1performance 

when compared with the original  macro-averaged F1 value. If 
the number of  dimensions are  less  than seven then there  a 
choice  of  missing  some   content  features  which  are  more 
useful  for  categorization  causes  less  performance  in 
classification.  Similarly  for  more  number  of  dimensions  it 
includes some of the features which acts as noisy words in the 
classification  process  leads  to  decrease  in  the  classification 
performance.

V. CONCLUSIONS AND FUTURE SCOPE

A  text  document  consists  of  set  of  phrases.  Each 
phrase or group of phrases explains about a set topics. Each 
topic  is  explained  one  or  few sentences  and  the  remaining 
sentences in the phrase(s) are meant to elaborate the topic so 
that it is more interesting to the readers. In this way the set of 
topics are covered in the document. The summary generated 
from the document should able to cover all the topics with few 
sentences.  The  summary  can  be  either  extractive  or 
abstractive. In this paper, The summary is generated for given 
test  document  using  a  mathematical  model  called  latent 
semantic analysis (LSA). From the results for the corpus on 
Telugu text it is  concluded that the top seven sentences from 
the orthogonal matrix VT  gives best suitable summary of the 
document.  To  attempt  the  problem of  text  classification,  a 
model has been proposed by using summary of the document 
set instead of original training documents. For the classifier to 
generate classification rules, the summary of each document 
in the training set is given as input to the classifier instead of 
the actual  documents as inputs.  So that the accuracy of the 
classification model has been increased to around five percent. 
The reason behind the improvement in performance is that the 
influence  of  non content  words  are  reduced  with  usage  of 
summary as input to the classifier. As a possible extensions to 
the present work, the influence of the training set size and test 
set size on text summarization and text classification can be 
evaluated.  Secondly,  the  combination  of  term  weighting 
measures can be tested to weight the terms more accurately in 
both the addressed problems. 
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	where Nt,c denotes the number of times term t occurs in category c, Nt,¬c is the number of times t occurs in other categories than c, N¬t, c is the number of times c occurs without term t, N¬t,¬c is the number of times neither c nor t occurs.

