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Text Summarization versus CHI for Feature
Selection

ABSTRACT

Text Classification is an important technique for handling the huge and increasing amount of text
documents on the web. An important problem of text classification is features selection. Many feature
selection techniques were used in order to solve this problem, such as chi-square (CHI). Rather than
using these techniques, this paper proposes a method for feature selection based on text
summarization. We demonstrate this method on Arabic text documents and use text summarization
for feature selection. Support Vector Machine (SVM) is then used to classify the summarized
documents and the ones processed by CHI. The classification indicators (precision, recall, and
accuracy) achieved by text summarization are higher than the ones achieved by CHI. However, text

summarization has negligible higher execution time.
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1. INTRODUCTION

With the rapid growth of online information, text classification has become one of the key techniques
for handling and organizing text documents. The idea of text classification is to categorize textual data
into one or more predefined categories. Many classification methods, such as k-Nearest Neighbors
(kNN), Naive Bayes (NB) ,Support Vector Machine (SVM), Rocchio, etc [1] [2] [3] [4] [5] [6] were
applied to different datasets.
One of the major problems in text classification that affects its efficiency and increase time complexity
is the large number of features or terms of the documents to be classified. Many feature selection
techniques have been proposed to reduce this high dimensionality by choosing the most important
features only , such as Term Frequency (TF) [1] [7], Document Frequency (DF) [3] [6], CHI [1] [2] [4]
[5] [6] [8], Mutual Information (MI) [2] [3] [4] [6] , Information Gain (IG), etc [1] [3] [9] [4] [6] [8].
In this research, we compare automatic text summarization for feature selection with CHI square.
Automatic text summarization is the process in which a computer takes a text document(s) as input
and produces a summary of that document(s). A summary must be brief and accurate representation
of the important contents of original texts in order to reduce number of features and save time without
affecting the classification accuracy. We consider Arabic text documents and use text summarization
for feature selection. SVM is then applied to classify the produced text summaries and the ones
produced by CHI square (sometimes called x°, which is one of the well known feature selection
techniques that is applied to test independence of two events, namely the occurrence of term and
occurrence of class). This is due to the following:

- Few research works have been conducted on Arabic corpuses. This is mainly because Arabic

language is highly rich and requires special treatments [10].
- CHlis one of the well known feature selection techniques [1].

- SVM outperforms many other classification methods in terms of efficiency, such as [4] [5].

The rest of this paper is organized as follows: section 2 briefly discusses related works. The proposed
method is addressed in section 3. The experiments are presented in section 4. Finally, a conclusion is
presented in section 5.

2. RELATED WORKS

In [1], some feature selection techniques (CHI, IG, TF, and many combinations of them) were used for
term space reduction. KNN, NB, Rocchio, and SVM were used to compare results of using the

1




100
101
102

different feature. The comparison showed that combine X? statistics with DF or IG to eliminate rare
words are the best.

The author of [2] has used five feature selection methods (CHI, Ng-Goh-Low (NGL) Coefficient,
Galavotti Sebastiani-Simi (GSS) Coefficient, Odd Ratio (OR), MI) on an Arabic dataset of 1445
documents. SVM text classifier was applied for full-text documents (i.e. without using FS). A
comparison was held among the results of using each one of the feature selection techniques using
precision, recall, F1, macro P, and macro R.

A similar research has been conducted in [7], but the comparison was held between TF and text
summarization.

A comparison of three reduction techniques for reducing feature space (IG, MI, and DF) has been
performed in [3]. These techniques have been tested using k-NN classifier. The experiments showed
better performance of DF and IG.

Text summarization has been used in [9] versus IG. Using SVM as classification method, it has been
showed that summarization performed better for small datasets.

Chi-squared, 1G, Ml and Symmetrical Uncertainty has been compared and tested in [4] using different
classifiers (NB, SVM, decision tree and k-NN). As a result, SVM outperformed other classifiers in all
the occasions, NB was the worst in terms of accuracy and IG gives the best results of feature
selection.

SVM classification method has been compared to NB and kNN in classifying Arabic Language text in
[5] using CHI. The experimental results showed that SVM outperforms NB and kNN.

In [6], DF, IG, MI, Term Strength (TS), and CHI have been compared and tested using kNN and
Linear least Squares Fit Mapping (LLSF) classifiers. The experiments showed that CHI and I1G
outperform other techniques in feature reduction.

Ambiguity Measure (AM) feature selection method with SVM for time complexity reduction has been
proposed and compared in [8] to seven different feature selection methods (Odds Ratio, TFICF,
TFIDF, Improved Gini Index, IG, Cross Entropy (CE), and CHI). The results showed that AM
outperformed the other seven feature selection methods in terms of training time reduction by 50%.
The above mentioned works demonstrate the importance of feature selection for text classification.
However, improvement of the classification indicators (precision, recall and accuracy) is still needed.
This paper is directed toward such improvement by using summarization for feature selection, rather
than using the above mentioned techniques. A comparison between the achieved indicators and the
ones achieved by well-known feature selection techniques (TF, CHI) is given in section 4.

3. THE PROPOSED METHOD

Automatic text summarization is the process in which a computer takes a text document(s) as input
and produces a summary (or a shortened form) of that document(s) as an output. In this research, we
apply Sakhr [11] summarizer on Arabic documents. This makes it easy to scan just the important
sentences within a document by highlighting the most relevant (to the topic of document) sentences
within a text (such as sentences that have dates or proper nouns). Key words extractor and spelling
corrector are then used in forming the summary. Finally, the highlighted sentences are copied into a
new file to form the summarized document. The summary of documents tends to contain the most
relevant words and subsequently acts as a feature selection technique. On the other hand, CHI has
demonstrated it's self as one of the best feature selection techniques. Therefore, we investigate the
use of text summarization and CHI (X?) as techniques to reduce the number of feature dimensions
and hence it is expected to give good classification results. To validate our expectation SVM is used
to classify the produced text summaries and the one produced by CHI. Thus, considering Arabic
documents, figure 1 outlines our proposed method where:

1. A sample of Arabic documents that belong to different categories (e.g. politics, economics,
etc.) is collected.

2. CHI [15] is used on one copy of the collected documents for feature selection (after
implementing preprocessing according to the steps in section 3.1), and the documents are
then classified using the SVM

3. Another copy of the original documents is summarized using the summarization technique
(SAKHR [11]).

4. The summarized documents are preprocessed as shown in section 3.1.

5. The preprocessed summarized documents are then classified using SVM
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6. The results of classification (when using CHI and when using SAKHR summarizer) are
compared as in section 4.

Documents
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Fig. 1. The Proposed Method

3.1. Arabic Data Preprocessing

The data set/corpus consists of 800 Arabic text documents. It is a subset of 60913-document corpus
collected from many newspapers and other web sites. The 800 documents were pre-classified into
four different classes (Economy, Politics, Religion, and Sport), 200 documents for each class. The text
documents have been preprocessed before being used, each document have been tokenized, i.e.
split it into tokens according to the white space position. Tokens that less than 3 letters were removed,
then we have followed [13] as follows:

1. Punctuations such as ,( ., ¢ | symbols ( such as < >} 1), and digits have been removed. The
comma ”,” has a special case, because it appears sometimes connected to a word (without a
space in between). Our preprocessor searches the beginning and end of tokens for a comma
and removes it.

2. Non-Arabic words have been removed.

3. Stop words frequently occur in all corpus without any added value such as ( c= 08,4 ) have
been removed .

4. Remaining terms have been normalized, i.e., Letters “” ,* 5”7, “1” ,“1” *” and “ &” have
been replaced with “”, letter “s ” replaced with “s”, and the letter s ” replaced with “ .

4. Experimental Results

The proposed method has been applied on the 800 Arabic text documents (section 3.1). For
example, figure 2 shows a sample of such documents. Figure 3 and figure 4 show a summarized and
a preprocessed version of the considered sample.

The performance of the SVM is measured with respect to the precision, recall, accuracy, and
execution time. Recall and precision are defined as in [14] and as given bellow.

(1)

Precision =

TP+FP

Recall =

(2

Accuracy= Number of Correctly Classified Documents/Total Number of Documents  (3)

Where TP stands for true positive, FP stands for false positive, and FN stands for false negative.

The SVM classifier that has been applied is the one proposed by Weakaito Environment for
Knowledge Acquisition (WEKA) [12]. Its data set (Arabic documents) has been divided into 70% for
training and 30% for testing.
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Table 1 shows the classification precision, recall, accuracy, and execution time resulted from applying
the SVM classifier on the full-text documents (using CHI as feature selection technique) and the
summarized ones. A graphical representation of such comparison is given on figure 5. For further
comparison, Table 1 shows the results of a similar work [7] that has been conducted using TF.

The obtained results as shown by Table 1 demonstrate a fact that the text summarization for feature
selection increases precision, recall, and accuracy of the classification as compared to CHI and TF,
with negligible difference in execution time (25.75 seconds versus 4.97 and 4.76 seconds
respectively). Furthermore, a noticeable reduction in the size of the original document is obtained.
The size of the original document is reduced by 70% as shown by figure1 and figure 3.

Finally, Table 2 shows detailed comparison results between our approach and CHI for different
classes (economy, politics, religion, and sport). In addition to precision and recall, such comparison
includes F-Measure and ROC area. Where F-Measure is the harmonic mean of precision and recall,
while ROC stands for relative operating characteristic curve, because it is a comparison of two
operating characteristics: true positive rate (TPR) and false positive rate (FPR) as the criterion
changes.
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Fig. 2. A sample Document
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Fig. 3. A Summarized Document
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Fig. 4. A Preprocessed Document

Table 1: The Experimental Results

PERFORMANCE MEASURE
SVM PRECISION | RECALL | ACCURACY | EXECUTION TIME
FULL-TEXT
DOCUMENTS
WITH CHI 0.825 0.808 80.8% 4.97 SECONDS
FULL-TEXT
DOCUMENTS
WITH TF 0.821 0.809 83% 4.76 SECONDS
SUMMARIZED
DOCUMENTS 0.947 0.94 94% 25.75 SECONDS
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Figure 5: Precision and Recall Comparison

CHI Summ.

TF

O Precision
ERecall

Table 2: Detailed comparisons Results

TEXT SUMMARIZATION CHI SQUARE
F- ROC F- ROC
PRECISION | RECALL | MEASURE | AREA | PRECISION RECALL | MEASURE | AREA
Economy 1.0 0.905 0.950 0.992 0.9 0.61 0.727 0.88
POLITICS 0.954 0.935 0.944 0.970 0.679 0.667 0.673 0.846
RELIGION 0.927 0.950 0.938 0.978 0.97 0.942 0.956 0.988
SPORT 0.890 0.970 0.928 0.972 0.714 1 0.833 0.943
Average 0.943 0.940 0.940 0.978 0.825 0.808 0.804 0.917
5. CONCLUSION

This research aims to study the effect of using text summarization as a feature selection tool on the
text classification. To do so, CHI is used as a comparative feature selection tool. Then, a classification
is performed using SVM for summarized Arabic text documents and for their respective original ones

as processed by CHI.

The classification efficiency was measured in terms of precision, recall,

accuracy, and execution time. We conclude that text summarization increases text classification
efficiency but with a negligible longer execution time. However, it is still in seconds.

REFERENCES

[1]
[2]
3]
4]
[5]
[6]
7]

(8]

Rogati M, Yiming Y. High-performing feature selection for text classification. ACM 1-58113-492-4/02/0011.2002

Mesleh A. Support vector machines based arabic language text classification system: feature sfelection
comparative study. Advances in Computer and Information Sciences and Engineering. 2008:11-16

Bednar P. Futej M. Reduction techniques for instance based text categorization. Machine Learning journal. 2000 ;
32: 257-286.

Subhajit S, Saptarsi, G. Empirical study on filter based feature selection methods for text classification.
International Journal of Computer Applications. 2013; 81(6).

Mesleh A. Chi square feature extraction based svms Arabic language text categorization system. Journal of
Computer Science. 2007; 3 (6): 430-435.

Yimig Y, Bederson, J. A comparative study on feature selection in text categorization. In: J. D. H. Fisher, editor,
The Fourteenth International Conference on Machine Learning. Morgan Kaufmann 1997; 412-420.

Al-Thawib, E. A Text summarization as feature Selection for Arabic text Classification. The World of Computer
Science and Information Technology Journal (WSCIT). 2014; 4(7): 101.104.

Mengle, S, Goharian, N. Using ambiguity measure feature selection algorithm for support vector machine
Classifier. Proceedings of the 2008 ACM symposium on Applied computing. 2008; 916-920.



220
221
222

223
224
225

226

227
228

229
230
231

232
233
234
235
236

[9] Anguiano-Hernandez, E , Villasehor-Pineda, L, Montes-y-Gomez, M, Rosso P. Summarization as feature selection
for document Categorization on Small Datasets. Notes in Computer Science. LNAI 6233. Springer-Verlag Berlin
Heidelberg. 2010;. 39-44.

[10] Anwar, A, Salama, G, Abdelhalim, M. Video classification and retrieval using Arabic closed caption. ICIT 2013 The
6" International Conference of Information Technology VIDEO .2013, Accessed May 2016. Available:
http://icit.zuj.edu.jo/icit13/Papers%20list.

[11] Sakhr company website. http://www.sakhr.com/index.php/en/. http://:www.sakhr.com

[12] Khorsheed, M, Al-Thubaity, A. Comparative evaluation of text classification techniques using a large diverse
Arabic dataset. Language Resources and Evaluation. 2013;47(2): 513-538..

[13] Samir, A, Ata, W, Darwish, N. New technique for automatic text categorization for Arabic documents. Proceedings
of the 5th Conference of the Internet and Information Technology in Modern Organizations, Cairo, Egypt. 2005; 13-
15

[14] Ikonomakis, M, Kotsiantis, S, Tampakas, V. Text classification using machine Learning techniques. Wseas
Transactions on Computers. 2005; 4(8): 966-974.

[15] WEKA. Data Mining Software in Java. 2015. Accessed May 2015. Available:
http://www.cs.waikato.ac.nz/ml/weka/downloading.html . http://www.cs.waikato.ac.nz/ml/weka.




