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Mohammad Abu-Arqoub, Ghassan F. Issa, Wael M. Hadi

Abstract: Text classification is a vital process due to the large
volume of electronic articles. One of the drawbacks of text
classification is the high dimensionality of feature space.
Scholars developed several algorithms to choose relevant
features from article text such as Chi-square (x2), Information
Gain (IG), and Correlation (CFS). These algorithms have been
investigated widely for English text, while studies for Arabic text
are still limited. In this paper, we investigated four well-known
algorithms: Support Vector Machines (SVMs), Naïve Bayes
(NB), K-Nearest Neighbors (KNN), and Decision Tree against
benchmark Arabic textual datasets, called Saudi Press Agency
(SPA) to evaluate the impact of feature selection methods. Using
the WEKA tool, we have experimented the application of the four
mentioned classification algorithms with and without feature
selection algorithms. The results provided clear evidence that
the three feature selection methods often improves classification
accuracy by eliminating irrelevant features.
Keywords : Feature selection; Text classification; Arabic
textual data; Classical algorithms.

I. INTRODUCTION
As the Internet has rapidly developed, so has the amount of
news and information accessible online. This volume of
information poses a particular challenge to manual analysis
and processing. Therefore, hierarchical organization of
documents has become more and more reliant on text
classification. Text classification is a process that aims to
organize texts in accordance with certain groupings.
Text classification or categorization is the process of
assigning a document to one or more labels or categories [1].
The first is known as single-label classification. The latter is
addressed in the literature as multi-label classification [2].
Text categorization is a supervised process since the set of
labels is known a priori. It has many applications such as
spam filtering, topic identification, and tailored news or
advertisement delivery.
Text classification is not without difficulties. One barrier
to use is the large number of available features. This vast
array of choice takes time and thereby reduces text
classification performance. One method used to mitigate this
difficulty is feature selection, which only examines the most
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relevant aspects [3]. Proposed improvements to English text
classification have included a number of feature selection
methods. In comparison, there are far less feature selection
methods on offer for Arabic language texts. In addition
majority of research in this area in regards to Arabic texts is
concentrated on algorithmic efficiency, and does not apply
appropriate concern to the manner in which classification
accuracy can facilitate feature selection [4]–[6].
Feature selection has become importance to several
research which deal with data mining and machine learning
communities, because it makes the algorithms to be fast,
cost-effective, and more accurate. Feature selection is the
task of eliminating irrelevant (useless) or redundant features
from the original dataset. Feature selection, therefore,
reduces the processing time of the learning algorithm, while
enhancing the classification accuracy through the
elimination of useless features which may hold noisy data
[7]. With feature selection the understandability can be
improved and cost of data handling becomes smaller [8].
Feature selection methods are split into three types;
embedded selectors, wrappers, and filters. Embedded
methods conduct feature selection during learning phase like
artificial neural networks. Filters assess each feature
independent from the algorithm model, rank the features
after assessment and take the greater ones [9]. This
assessment may be done using entropy for example [10].
Wrappers on the other hand selects a subset of the feature set,
assesses the model's performance on this subset, and then
another subset is assessed on the model. The subset for which
the model has the maximum performance is selected. Thus
wrappers are dependent on the selected model. In fact
wrappers are more consistent since classification algorithm
affects the accuracy, while the selection of the subset is an
NP-hard problem [10]. Thus it needs substantial memory and
processing time. Several heuristic procedures can be utilized
for subset selection such as best first, genetic algorithm,
random search, or greedy stepwise. Hence, the filters are
more efficient when compared to wrappers, but they don’t
take into account that selecting the better features may
appropriate to data mining techniques [11].
The aim of the study is to comparatively investigate feature
selection methods and produce benchmark results for feature
selection in published Arabic datasets. To investigate the
impact of feature selection methods, four well-known,
top-performing and scalable algorithms have been selected:
K-Nearest Neighbors (KNN), Naive Bayes (NB), Support
Vector Machines (SVMs),
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and Decision Tree. We want to answer following questions
with empirical results:
- Are the feature selection methods improve the
classification accuracy of the algorithms positively?
- Which combination of classifier and feature selection
method perform best across algorithms and feature
selection methods?
The answers of the above questions and others can help
data mining experts as well as computational scientists in
improving the design process of text classification models.
The rest of the paper is organized as follows: Section two for
related works. Section three feature selection methods are
presented. Section four gives the results and discussion of the
experiments. Finally, section five concludes the paper.
II. RELATED WORK
Several feature selection have been used on text
classification. The majority of feature selection study has
been investigated extensively for English text classification
and other applications such as phishing classification.
Thabtah and Abdelhamid (2016) [12] presented a new
way of clustering different attributes or features for websites
in solving the important problem of phishing categorization
for the online community. The authors presented a new
mathematical solution based on figuring out sharp lines that
may differentiate influential and uninfluential features
during the process of phishing classification. Different data
mining methods have been applied to measure the success
and failure of the phishing detection using a variety of
features sets derived by three common features filtering
techniques: Chi-square (X2) [13], correlation features [14],
and Information Gain [15]. Experimental analysis has been
performed to evaluate the filtering methods against a large
security data set download from UCI for phishing
classification [16]. Data mining based on rule methods have
been used to generate error rates and knowledge-based
classifiers. The results showed that there are three primary
groups of features that work well together in reducing the
risk of phishing for classification. Moreover, the data mining
algorithm using a small feature set of only 2 features have
shown good predictive performance when compared with the
30 features data set and using the same data mining
algorithms.
Prusa et al. (2015) [17] evaluated the impact of ten
feature selection methods on the problem of tweets
classification. Experimental results showed that the feature
selection methods could have an excellent effect on the
classification accuracy of data mining algorithms used for
sentiment classification. All experimental results conducted
using popular WEKA data mining software [18] and carried
out using a 5-folds cross-validation method using Artificial
Neural Network as Multilayer Perceptron (MLP), KNN, J48
Decision Tree, and Logistics Regression.
In [20], the authors studied the effect of five well-known
feature selection methods: Correlation, X2, Information Gain
[15], GSS Coefficient [21], and Relief-F [22]. Moreover, this
paper proposed an approach of combination of feature
selection methods based on the average weight of the
features. All experiments are employed using SVMs and NB
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algorithms to classify Arabic textual datasets. The
experimental results indicated that the Information Gain
outperformed all other feature selection methods. Also, the
combination of multiple feature selection methods obtained
the highest classification accuracy produced by individual
methods.
Karabulut et al. (2012) [23] investigated the effect of
using feature selection methods on classification accuracy of
Naïve Bayes (NB), MLP, and J48 Decision Tree algorithms.
These three known algorithms compared against 15 real life
datasets from the UCI data repository [24] All experimental
results conducted using popular WEKA data mining
software and carried out using a 10-folds cross-validation
method. In addition, the experiments conducted using six
feature selection methods: Information Gain, Gain Ratio
[25], Symmetrical Uncertainty [26], Relief-F, One-R [27],
and X2. The results indicated that the classification accuracy
improved for NB and MLP algorithms.
The authors of [28] investigated the impact of feature
selection on the problem of web spam detection. This study
proposed a new feature selection method called Imperialist
Competitive Algorithm and implemented it with Genetic
algorithm.
Experimental results against WEBSPAM-UK2007
datasets [29] showed that dropping the number of features
reductions the classification cost and improves the
classification accuracy.
Duwairi in 2013 [3] studied the impact of weight by
statistical feature selection methods on the Arabic text
classification accuracy such as deviation, correlation,
uncertainty, and x2. All tests conducted using NB algorithm
and carried out using a 3-folds cross-validation approach
against Arabic data contains of 4000 articles that belong to
two classes.
The experimental results demonstrate that weight by
correlation produces the highest classification accuracy when
compared with other methods.
In [5], the authors proposed a hybrid approach, namely
Binary PSO-KNN that select the best subset of the relevant
features. Also, demonstrated the proposed approach with
three known machine learning algorithms: Support Vector
Machines (SVMs), NB, and J48 Decision Tree. All
experimental results conducted using WEKA software. The
results indicated that the proposed approach outperformed
other methods against Arabic textual datasets and utilizing
feature selection on text classification increases the
classification accuracy of classifiers.
III. FEATURE SELECTION METHODS
A. Chi-Square (x2)
According to Forman in 2003 [30], the chi-square (x2)
statistical test is frequently employed to assess the divergence
from the anticipated distribution based on the assumption of
the null hypothesis, that is, that
there is no relationship between
the class value and the
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measured feature. This test is widely noted to behave
unpredictably when the anticipated count is extremely small,
as it is in the context of text classification due to the scarcity
of word features and to conceptualizations based upon
various positive training examples. The X2 feature selection
method is computed by the following equation.

Where:
A = The frequency of t and c occurrences, B = The
frequency of t occurrences without c, C = The frequency of c
without t, D = The frequency of non-occurrence of both c and
t and N is the quantity of document.

Where D is input training data, Dx is the subset of D for
which X has value x, |Dx| = the subset data size having Dx
from D, |D| =The input training data size.
IV. EXPERIMENTAL ANALYSIS
All experimental analysis have been evaluated using the
WEKA software tool [18]. The 10-fold validation method
has been utilized in the training SVMs, KNN, Decision Tree,
and NB in order to produce the classifiers from the Arabic
datasets. This study uses Saudi Press Agency datasets (SPA)
which is collected by [33]. The SPA dataset consists of 1,526
text articles; each of them belongs to one of the six categories
as shown in Table 1.
Table 1: Classes in SPA datasets
Class Name
Cultural
Economic
General
Political
Social
Sports

B. Correlation
Suganya & Rajaram in 2012 [14] described correlation as an
example of a widely accepted methodology for assessing and
grading the pertinence of various characteristics by
evaluating the relationships between one factor and another
and between factors and classes. The Correlation Feature
Selection (CFS) assesses the pertinence of various subsets of
characteristics by application of Pearson’s correlation
equation based on the quantity of characteristics (k) and
classes (C) as:

Where, Merits is considered as the relevance of feature
subset, rkc is the average linear correlation coefficient
between these features and classes and r kk is the average
linear correlation coefficient between different features.
C. Information Gain
Another noted technique is that of Information Gain (IG),
which has found use as a learning tool in various contexts,
such as in the preliminary stages of data processing for
machine learning operations, including text classification
[31], and in the construction of decision trees [32]. An
example of the latter application is in evaluating the decrease
in the level of uncertainty involved in using a characteristic
to establish a specific class label or, equivalently, in judging
how revealing a specific characteristic will be when using
Equations 3-4 to derive a specific class label.
IG assesses how a specific feature divides the input training
dataset samples with respect to the available set of class
labels. Given an input training data D of P outcomes, for each
feature X is possible to calculate its entropy as:

Where p( ) is the probability that x belongs to class c. The
IG of feature X in the input data (D) is
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# of Documents
258
250
255
250
258
255

Total
1526
Finally, all experimental investigations have been run on a
PC with 3 Ghz processor. The three feature selection
methods (Information Gain, Correlation, X2) are built within
WEKA. The main purpose behind our selection of these three
feature selection methods is they often produce significant
features in multiple real applications such as text
classification and detecting phishing websites.
The experimentation is divided into two parts as follows:
A) Evaluation of predictive power of classifiers using the
entire dataset (SPA). In other words, each of the data mining
algorithms (SVMs, KNN, Decision Tree, and NB) is applied
using all the features of the entire dataset.
B) Effect of applying feature selection algorithms on
predictive power of classifiers: In this part of the experiment,
feature selection algorithms are applied to the SPA dataset
first (IG, X2 and CSF), then the classification algorithms are
tested.
Table 2: Results of algorithms on the complete SPA data
Classifie Accuracy Recall Precisio
F1
r
n
NB
71.6252
0.716 0.719
0.70
9
KNN
42.3984
0.424 0.605
0.43
8
SVMs
73.0668
0.731 0.732
0.73
0
Decision 56.7497
0.567 0.566
0.56
Tree
6
After analyzing Table 2, we found that the SVMs
algorithm reaches the best results for all measures (Accuracy,
Recall, Precision, and F1). The second best algorithm is NB,
and the KNN obtained the
worst results for all measures.
In particular,
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the SVMs produced 1.44%, 16.32%, and 30.67% higher
accuracies than NB, Decision Tree, and KNN algorithms,
respectively. Figures 1, 2, 3, 4, 5, and 6 depict the
classification accuracies results generated by all considered
algorithms using three different feature selection methods,
when the number of features varying from 500 to 1000,
respectively. Figure 1 shows that the NB algorithm
outperformed all other algorithms using three different
feature selection, when the number of features is 500. In
particular, the NB algorithm produces 71.30%, 71.82%, and
71.95% classification accuracies using CFS, IG, and X2,
respectively. In general, the results produced by NB,
Decision tree, and KNN using 500 features are higher than
their original results on the complete dataset.

Figure 3: The results of algorithms on 700 Features
Figure 4 displays that the NB algorithm outperformed all
other algorithms using three different feature selection, when
the number of features is 700. In particular, the NB algorithm
produces 71.63%, 71.43%, and 71.17% classification
accuracies using CFS, IG, and X2, respectively. In addition,
the SVMs algorithm produces results greater than 70%. In
general, the results produced by all algorithms using 800
features are comparable with their original results on the
complete dataset. Also, all classifiers produce results higher
than 50%.

500 Features
80.00
60.00
40.00
KNN

SVMs
CFS

NB
IG

Decsion
tree
X2

Figure 1: The results of algorithms on 500 Feature
Figure 2 shows that the NB algorithm outperformed all
other algorithms using three different feature selection, when
the number of features is 600. In particular, the NB algorithm
produces 71.17%, 70.71%, and 71.10% classification
accuracies using CFS, IG, and X2, respectively. In general,
the results produced by all algorithms using 600 features are
comparable with their original results on the complete
dataset.

Figure 4: The results of algorithms on 800 Features
After analyzing figure 5, we found that the NB algorithm
and SVMs achieved the best results using three deferent
feature selection, when the number of features is 900. In
particular, the NB algorithm and SVMs produce
classification accuracies above 70% using CFS, IG, and X2.

Figure 5: The results of algorithms on 900 Features
In addition, figure 6 depicts that the NB algorithm and SVMs
achieved the best results using three different feature
selection, when the number of features is 1000. In particular,
the NB algorithm and SVMs produce classification
accuracies above 70% using CFS, IG, and X2
Figure 2: The results of algorithms on 600 Features
Figure 3 displays that the NB algorithm outperformed all
other algorithms using three different feature selection, when
the number of features is 700. In particular, the NB algorithm
produces 71.43%, 70.97%, and 71.23% classification
accuracies using CFS, IG, and X2, respectively. In general,
the results produced by all algorithms using 700 features are
comparable with their original results on the complete
dataset. Also, all classifiers produce results higher than 50%.
Figure 6: The results of algorithms on 1000 Features
From our experimental results, we conclude that the feature
selection often increased classification accuracy by removing
irrelevant features. In particular, the NB using IG and X2 on
500 features produce 0.002
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and 0.0033 higher accuracies than the original complete
dataset. This reduce the run time and memory usage. In
addition, the feature selection methods improve the
performance of NB algorithm because its learning strategy
depends on the probability of features
V. CONCLUSION
Text classification is one of the popular problems in
information retrieval and machine learning fields. Given a
large number of articles in a dataset (training data) where
each article is belonged with its corresponding class.
Classification procedure involves building a model from
classified articles (learning phase), in order to predict
previously unseen articles as accurately as possible (testing
phase). One of the main drawbaks of text classification is the
high dimensionality of feature space, which requires more
time and more memory usage. Feature selection is an
important issue in classification, because it may have a
considerable impact on classification accuracy of the
algorithm. It reduces the number of features of the dataset, so
the memory usage and run time reduce; the dataset becomes
easier and more understandable to investigate on.
The experimental results against SPA datasets provided
evidence that the three feature selection methods often
increased classification accuracy by removing irrelevant
features. In general, the results produced by all algorithms
using three feature selection methods are comparable with
their original results on the complete dataset. Also, all
classifiers produce results higher than 50%. In addition, the
NB and SVMs worked well when the number of features
reduced by all feature selection methods.
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