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Abstract 
Text classification is a significant topic. The number of electronic documents available on line is massive. Text 
classification aims to categorise documents into a set of predefined classes.  Number of researches conducted on 
English dataset is great in comparison with number of researches done using Arabic dataset. This research could 
be considered as reference for most researchers who deal with Arabic dataset. This research used the most well-
known algorithms used in text classification with Arabic dataset. Besides that, dataset used in this research is large 
enough in comparison with most dataset for Arabic language used in other researches. In addition, this research 
used different selections and weighting methods for documents. I expect that all researchers who would write 
researches using Arabic dataset will find this work helpful. Algorithms used in this research are naïve Bayesian, 
support vector machines, artificial neural networks, k- nearest neighbors, C4.5 decision tree and rocchio classifier.  
Keywords: text classification, arabic dataset, naïve bayesian, support vector machines, artificial neural networks, 
k-nearest neighbors, decision tree, rocchio classifier 
1. Introduction 
No doubt that the massive number of available electronic documents make text classification (TC) one of the most 
critical topics. The huge number of available electronic documents’ forms such as research article, reports, 
conference papers and other forms will increase the needs for efficient text classification methods and techniques. 
TC aims at extracting useful and valuable information from a huge document and this valuable information is used 
later in identifying document content based into a set of predefined conditions. Certainly not all available 
documents are valuable, but the number of useful and valuable articles are not small. (Motaz,2009; Adel 
Hamdan,2011) Text classification is a very important topic for information retrieval. Searching for new methods 
and techniques for text classification is one of the main duties for almost most academic and industry researchers.  
Text classification try to classify a new document into a set of predefined documents based on document content. 
Besides that, spam detection uses several techniques for email classification. Some of these approaches are based 
on email content. (Adel Hamdan,2011; Raed Abu Zitar,2011; Adel Hamdan,2013) Text classification is not an easy 
process since sometimes there are a great number of available information in document. Besides that, this 
information may have a high diversity. (Mofleh, 2012; Sebastiani,2002) One of the goals of text classification is 
to extract useful information from a huge document and then use this extracted knowledge to identify the document 
based into a set of predefined documents. (Rasha,2015; Mohammad Ali,2010) 
Most of text classification researches used English dataset. Actually, the number of researches conducted on 
English dataset are excellent. Unfortunately, the number of researches using Arabic dataset still need more 
investigation. There are several text classification methods such Naïve Bayesian (NB), Support vector machine 
(SVM), Artificial Neural Network (ANN), K-Nearest Neighbor (K-NN), Decision Trees (C4.5), Hidden Markov 
Model (HMM), Rocchio Classifier and other methods. (Sameh,2013; Adel Hamdan,2018; Abdel-Salam,2013) 
A huge number of researches can be found in English dataset text classification. Actually, most of these approaches 
are applied several times with several researches using English dataset. (L.Borrajo,2015; Adel Hamdan,2016; Adel 
Hamdan, 2018) But unfortunately, the number of researches and experiments done using Arabic dataset still not 
enough. In this research the author applies the most well-known text classification methods and applies his 
experiments using Arabic dataset. Also, in this research the author uses his own built in (in-house) dataset. 
ctaAuthor aims at creating a good reference for all researches who uses Arabic dataset. Besides that, in this research 
author uses a huge built in dataset. Finally, author use different feature extraction methods. 
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The rest of this paper is organized as follows: the following section contains details of Naïve Bayes. Section 3 
Support vector machine will be explained. Section 4 Artificial neural networks as text classifier will be explained. 
Section 5 K-Nearest neighbor text classifier will be shown. Section 6 will show Decision Trees classifier. Section 
7 will talk about rocchio classifier. Section 8 will talk about Arabic language. Section 9 demonstrate feature 
selection and extraction. Section 10 will talk about related studies. Section 11 will talk about dataset used in this 
research. Section 12 our experiments will be shown in detail. Finally, section 13 our conclusion will be shown. 
2. Naïve Bayesian 
Naïve Bayesian is a machine learning approaches used in text classification. Naïve Bayes is a probabilistic 
classifier based on applying Naïve Bayes theorem. (Abdel-Salam, 2013; L.Borrajo,2015; Adel Hamdan, 2016; 
Adel Hamdan,2018) Naïve Bayes could be considered a simple and great method in text categorization. One of 
the main advantages of Naïve Bayes is that it is a highly scalable method. (Russell, 2003) Naïve Bayes method 
assumes that the any value of a specific feature is independent of any value of other feature. (Russell,2003; Saleh 
Alsaleem, 2011; Rish, 2001) in Naïve Bayes there is a training stage so Naïve Bayes is a supervised learning 
technique. (Saleh,2011; Vladimir,1995) 
Naïve Bayes could be considered one of the conditional probability models. In Naïve Bayes the probability that a 
given document D belongs to a given class C is calculated as follows: (Adel Hamdan, 2018; Adel Hamdan, 2016; 
Russell, 2003; Saleh Alsaleem,2011; Vladimir, 1995) 

Prob (class | document) = Prob (class). Prob (document | class) / Prob (document) 
 

(1) 

Prob (class | document): The probability that a given document D belongs to a given class C. 
Prob (document): The probability of a document. 
Prob (class): The probability of a class. 
Prob (document | class): The probability of document given class 
In other words, bayes theorem algorithm provides a formula for calculation the posterior probability, Prob (C|X), 
from Prob P(C), P(X), and P(X|C). in Bayes theorem algorithm the effect of any value of a predictor (feature) (X) 
on a given class(C) is independent of the values of other predictor (feature).  
3. Support Vector Machine 
Support vector machines (SVMs) are considered one of the most well-known text classifiers. SVMs are one of the 
supervised machine learning techniques. In SVMs a training algorithm is used to build a model that will be used 
to assign a new unknown document to one category from a set of predefined categories. SVMs can be used to 
perform a linear and a non-linear classification (see figure 1). Besides that, SVMs can be used with supervised and 
unsupervised learning. (Adel Hamdan,2016; Thorsten Joachims,1998; Cristianini,2000) 

 

Figure 1. Linear SVM vs Nonlinear SVM 

 
SVMs creates a hyperplane or a set of hyperplanes and these hyperplanes are used for classification or regression. 
In SVMs the classes are a hyperplane of the form: 
 

WTX + b = 0 (2) 
W: Weight of the vector. 
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X: Input Vector. 
b: bias. 
In SVMs, for each vector Xi we have either: 

W. Xi+ b >=1 for Xi having class 1 or (3) 
W. Xi+ b <=1 for Xi having class -1 (4) 

The boundary between positive and negative values is called decision boundary. If we got w.x+b=0 this means we 
get the decision boundary. 
4. Artificial Neural Networks 
Artificial Neural Networks (ANNs) are one of the main tools used in machine learning. The concept of ANNs are 
inspired from biological human brains. In ANNs the system learns how to perform tasks after training stage. ANNs 
are available in different forms and shapes such as supervised and unsupervised learning. When ANNs are 
introduced the aim is to solve problems in the same way the human brain solves it. ANNs are used in several areas 
such as text classification, pattern classification, speech recognition, medical diagnosis, prediction, financial 
analysis, optimization, and others.  (Rosenblatt,1958; M. Caudill,1992; Adel Hamdan,2016). 
ANNs can be found in different shapes such as single layer perceptron, radial basis network (RBN), multi-layer 
perceptron (MLP) (see figure 2) (dtreg.com) and others. The simplest form is a network which consists of an input 
and an output. The simplest form was introduced by Rosenblatt (1958). (Fouzi,2010; D. Rumelhart,1986)   
Multi-Layer Perceptron (MLP) is feed forward neural network. In MLP there are one or more hidden layers. MLP 
is passing input to output through hidden layers. Number of hidden layers and input can affect directly the output. 
MLP consists of three layers at least. Input layer, output layer and hidden layer. MLP use supervised learning 
techniques with backpropagation for training phase. Besides that, MLP can be used to separate data that not linearly 
separated. In this research author uses MLP. (M. Caudill,1992; Fouzi Harrag2010; D. Rumelhart, 1986)    

 

Figure 2. Multilayer Perceptron Neural Network Model 

 
In MLP, if we have m input data (x1, x2,…,xm), we call this m features then we multiply each of m features with a 
weight w (w1, w2,…, wm) and then perform sum of them (dot product) as follows: 

W. X=w1.x1+w2.x2+…+wm. xm=∑ 𝑊𝑖𝑋𝑖𝑚𝑖=1  (5) 
Z= ∑ 𝑊𝑖𝑋𝑖 + 𝑏𝑖𝑎𝑠𝑚𝑖=1  (6) 
y’=f(z) (activation function) (7) 

 
5. K-Nearest Neighbor 
K-Nearest neighbor (K-NN) is a statistical learning approach used in text classification. KNN is one of the simplest 
algorithms which used in machine learning. (Y. Yang,1999; Riyad Al-Shalabi,2006). Besides that, K-NN 
considered one of the top text classification methods. In K-NN there is a training phase and a testing phase. The 
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training phase consists of storing feature vectors and class labels of the training stage. In K-NN a commonly used 
distance metric for continuous variables is Euclidean distance. In K-NN   when the algorithm tests a document 
the algorithm tries to find k nearest neighbor among the training documents. K-NN algorithm is based on feature 
similarity which means that documents are classified based on how it similar to its neighbors. K-NN has several 
merits such simple algorithm and high accuracy. Also, K-NN has several disadvantages such as computationally 
expensive, high memory requirements and prediction stage might be slow with big N. (Gongde Guo,2006; Li 
Baoli,2003; XindongWu,2007) 
This research use cosine similarity to calculate similarity between documents. In cosine similarity if we assume A 
and B are two vectors representing documents J and K then the similarity is calculated as follows: (Gongde,2006; 
Li Baoli ,2003; XindongWu,2007) 

SIM (A, B) =
∑ 𝑊𝑖𝑗∗𝑊𝑖𝑘𝑟𝑖=1√∑ 𝑊𝑖𝑗2  ∗ √∑ 𝑊𝑖𝑘2  𝑟𝑖=1𝑟𝑖=1  

(8) 

 
6. Decision Tree (C4.5) 
Decision tree is a predictive model used in learning. The main goal of decision tree is to create a model that has 
the capability to predict the value of target variables. In decision tree the variables created in training phase are 
used to predict target variables. A decision tree is one of simplest representation used in classification. Decision 
tree applies simple and straightforward ideas to solve classification problems. In general decision tree is built from 
a set of attributes. Decision tree has several forms such as ID3 and C4.5. (Abdullah,2012; Nidhi,2011; Badr,2014; 
Edy Budiman,2018) 
C4.5 is one of the most successful classifiers in data mining. C4.5 is a statistical classifier. (XindongWu,2007; 
Abdullah, 2012). C4.5 builds decision tree from a set of training data. C4.5 uses gain ration and information gain 
to rank possible tests.  Basically C4.5 consists of four steps: (XindongWu,2007; Edy Budiman,2018). 
I. Choose attribute as a root. 
II. Generate branch every value. 
III. Put dataset in branch. 
IV. Repeat the second process until every class have the same value. 
Formulas used in C4.5 is shown bellows: 

Entropy (S)∑ −𝑃𝑖 ∗ log2 𝑝𝑖𝑛𝑖=1  (9) 
S: Entropy. 
P: class proportion in the output. 

Gain (S,A)= Entropy (S)   ∑ |ௌ௜||ௌ|௡௜ୀଵ ∗ 𝐸𝑛𝑡𝑟𝑜𝑝𝑦 (𝑆) 
(10) 

S: Set of case. 
A: Attribute of case.  
|Si|: number of cases to i. 
|S|: number of cases in the set. 
7. Rocchio Classifier 
Rocchio classifier is an information retrieval algorithm. Rocchio classifier is a linear classifier. Rocchio methods 
is based on relevance feedback. Rocchio classifier developed based on Vector Space Model. Rocchio classifier 
works as follows:  Dataset is divided into two main categories training data and test data. Rocchio Classifier 
algorithm gives a benchmark dataset. Besides that, all documents or samples in the initial classes must be labeled. 
Rocchio classifier selects a class Ci and WCi is the representative vector. In the training stage every sample must 
have its own weight vectors (WCi). (Anping,2011; F. Sebastiani ,2002; F. Sebastiani,1999; M. M. Syiam,2006; 
Gongde Guo,2006). 
in rocchio classifier, classifying new instance requires computing the inner product between the new instance and 
the generalized instances.  
In rocchio classifier, given a training dataset Tr, this means that in straight method we can compute a classifier Ci 
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(Wi1,Wi2,….Win) for category Ci. Finally, the weighted average of a group is computed as follow: (Gongde 
Guo,2006; Tarek Fouad,2009] 

Wik = β ∑ ௐ௝௞|௉ைௌ௜| −  𝛾. ∑ ௐ௝௞|ோீ௜|ௗ௝∈ோீ௜ௗ௝∈௉ைௌ௜  

 

(11) 

Wik: the weight of term tk in document dj.  
POSi and NEGi:  document dj belonging to (or not belonging to) category ci.  
β, γ: control parameters that allow setting of positive and negative examples.  
8. Arabic Language 
Arabic language is spoken by more than 250 million. Letters of Arabic language consist of 28 letters plus hamza. 
Arabic language letters are written from right to left. One of the main characteristics of Arabic language is that its 
letters has different forms and shapes depending on the position of the letter.one of the excellent merits of Arabic 
language is that majority of Arabic word has a root. Besides that, majority of Arabic root words are consisting of 
three letters. Representing words with its root helps in reducing the number of words. (Rehab Duwairi,2005; 
Eldos,2003; Adel Hamdan,2016; Adel Hamdan,2019). 
9. Feature Extraction, Selection and Terms Weighting 
Cleaning the documents from unnecessary characters is essential in text classification. Cleaning a document means 
removing all prepositions, auxiliary verbs, special characters, tags and others useless letters. One of the main 
advantages of Arabic language is that Arabic language has its built-in filtering instruments. Data preprocessing is 
critical in text classification. Data preprocessing aims to reduce the size and number of words in documents. 
Cleaning documents include two main steps feature extraction and feature selection (Rehab,2007; Liu,1998).  
Feature extraction is used to clean documents from all unnecessary words and letters. Feature extraction aims at 
reducing the amount of data required to describe a huge document. (Liu,1998; Wang,2005) In other words feature 
extraction aims at reducing the amount of input data by refining its representative attributes. Besides that, we can 
say that feature extraction means deriving new feature from its original feature. One of the significant goals of 
feature extraction is that keeping only key words which have the highest score or values according to a set of 
predefined criteria. (Zi-Qiang,2005; Montanes,2003) 
Feature selection means selecting only useful subset form extracted features. No doubt that not all extracted data 
from feature extraction are useful. Selecting only subset of extracted feature is done in feature selection. 
Feature selection has three different forms which are filter methods, wrapper methods and embedded methods. (L. 
Ladha,2013; Zaghoul,2013; Franca,2003) Filter methods apply statistical procedures to assign score for each 
feature. One of the main examples of filter methods is Chi-Square method, information gain and correlation 
coefficient scores. In wrapper methods the subset selection is based on learning algorithm used to train the model. 
Example of wrapper methods is recursive feature elimination. Finally, embedded methods which combines filter 
and wrapper methods. One popular example on embedded method is LASSO (Least Absolute Shrinkage and 
Selection Operator). (L. Ladha, 2013; F. Sebastiani, 2002; F. Sebastiani1999; Johannes Furnkranz, 1998; Abu-
Errub, 2014) 
The final stage of documents cleaning is that each document must be weighted as a vector. Weighting is crucial 
for the next stages. There are many methods and algorithms for weighting documents vector such as term frequency 
method, inverse document frequency, normalized term frequency inverse document frequency, term frequency 
inverse document frequency and others. (F. Sebastiani,2002; F. Sebastiani1999; Johannes Furnkranz,1998; Abu-
Errub,2014) 
10. Related Studies 
In this part author is going to talk about only researchers who conducted their researches using Arabic dataset.  
No doubt that the number of researches done using Arabic dataset is very small in comparison with English dataset, 
but there are a few researchers who perform an accepted experiment with Arabic dataset. 
Adel Hamdan (Adel Hamdan & Tariq Alwada’n, 2016; Adel Hamdan & Omar, 2016). In these researches, authors 
perform several experiments using Naïve Bayesian, K-Nearest neighbours, Neural Network, Rocchio classifier, 
C4.5, and Support vector machine. The experiments done in theses researches are conducted with Arabic dataset. 
Experiments in this research are done with small dataset in comparison to this research. Besides that, experiments 
in (Adel Hamdan & Tariq Alwada’n, 2016; Adel Hamdan & Omar, 2016) are done using one weighting technique 
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(tf.idf). Experiments conducted show that those methods are performed well, and the results show an acceptable 
precision and recall measures. 
Aisha Adel (Aisha, 2014). In this research authors make a comparative study of combine feature selection with 
Arabic dataset. This research investigates the performance of five feature selections named chi-square, correlation, 
Galavotti-Sebastiani-Simi (GSS) coefficient, information gain and relief F. experiments conducted using Naïve 
Bayesian and support vector machines. Experiments show that combination of multiple feature selection gives 
better results than using only one method. 
Wail Hamood (Wail Hamood,2014). In this research author apply K-NN and naïve Bayesian classifiers. This 
research is also conducted using Arabic dataset. Experiments in this research are done using Weka Toolkit. Authors 
use precision and recall criterion. Experiments show that improved K-NN improves performance and accuracy. 
Besides that, the experiments show that naïve Bayesian gives the best accuracy. 
Riyal Al-Shalbi (Riyad Al-Shalabi,2006). In this research authors implement K-NN with Arabic dataset. In this 
research authors use document frequency as a method for feature extraction and selection. Authors reach 0.95 
micro average precision and recall. Dataset used in this experiment consist of 621 documents which belongs to six 
categories.   
Tarek Fouad (Tarek Fouad,2009). In this research authors applied support vector machines classifier with Arabic 
dataset. Authors in this research make a comparison with other classifiers such as naive Bayesian, K-NN and 
rocchio classifier. Dataset in this research consists of 1132 documents. In this research the best results appear with 
rocchio classifier when the size of feature set is small. Besides that, SVM gives the best results when the size of 
feature set is large. 
M. Syiam (M. M. Syiam, 2006). In this research authors use k-nearest neighbor and rocchio classifier as text 
classifiers. Self-collected dataset is used in this research. In this research many algorithms for stemming and feature 
selection are used.  Results in this research show that hybrid approach of document frequency and information 
gain gives the best results. Besides that, authors mention that rocchio classifier has advantages in classification 
process over k-nearest neighbor. Authors in this research recommend using statistical n-gram stemmers for 
document preprocessing, information gain for feature selection and normalized tf.idf for term weighting. 
Majed Ismail (Majed,2011). In this research authors use several algorithms to implement text classification. This 
research uses the Sequential Minimal Optimization (SMO), J48 (C4.5) and Naïve Bayesian (NB). In this research 
authors use Weka program. Experiments in this research show that SMO achieves the best accuracy. Besides that, 
results show that the time needed to build SMO model is the best. 
Al-Harbi (Al-Harbi,2008). In this research authors present SVM and C5.0 classifiers. Dataset used in this research 
consists from seven corpora. Chi-squared is applied in this research. Results show that C5.0 outperformed the 
SVM algorithm.  
Aymen Abu-Errub (Aymen,2014). In this research author proposed a method for Arabic text classification. In this 
research a document is compared with a predefined document category. The content of the document is used to 
identify it. Arabic dataset is sed in this research. Term frequency inverse document frequency and chi-square are 
used in this research. 
Wail Hamood (Wail Hamood,2014). In this research authors implement traditional, proposed K-NN and Naïve 
Bayesian classifiers. Arabic dataset is used in this research. Results show that improved K-NN improves the 
accuracy performance. Besides that, experiments in this research show that NB has the best accuracy. 
11. Dataset 
One of the main problems of text classification for both English and Arabic language in general is lacking the 
availability of general dataset which can be used as benchmark. There is no general Arabic dataset which can be 
used by different authors as benchmark. Most of Arabic text classification researchers build their own dataset. In 
this research author used his own dataset which he used in several researches about Arabic text classification. 
Authors update and enlarge dataset used in this research to be consisted of 4000 documents. Dataset in this research 
are collected from several web resources such as Aljazeera site (www.aljazeera.net), al-hayat site 
(www.alhayat.com), and Saudi press agency. (www.spa.gov.sa) see table (1).  
 
Table 1. (in-house) data set 

Category Total Number of Doc. Training. (#of doc) Testing. (# of doc) 
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Politics 500 300 200 
Economics 500 300 200 
Culture 500 300 200 
Sports 500 300 200 
Art 500 300 200 
Technology 500 300 200 
Science 500 300 200 
Education 500 300 200 
Total 4000 2400 1600 

 
12. Experiments and Analysis   
Author in this research applies several algorithms used in text classification. Documents in these experiments 
belong to 8 categories. Documents are collected from several resources as mentioned in section 11.  The most 
familiar evaluation measures used in text classification are precision, recall. To understand these measures, see 
table 2 and formulas 12,13. 
 
Table 2. The symbols that are required to calculate the three evaluation measures 

Iteration Relevant Document Irrelevant Document 
# of retrieved Documents  a b 
# of un-retrieved Documents c d 

Precision= ௔௔ା௕ 
      (12)

Recall= ௔௔ା௖ 
(13)

a: the relevant retrieved documents  
b: the irrelevant retrieved document. 
c: the relevant documents that haven’t been retrieved  
d: the irrelevant document that haven’t been retrieved.  
In this research author uses information gain, gain ratio and Chi-square as feature selection methods. Also, in this 
research authors use different number of input layers when dealing with multi-layer perceptron (MLP). Author 
applies 200,400,600,800 and 1000 input layers. The best results are shown with 800 input layers, so author 
demonstrates only MLP with 800 input layers. Related to K-NN, the value of K is very important and affects the 
results directly. Author applies several experiments using different values of K. In these experiments when K=12, 
best results are appearing.  
Tables 3 and 4 demonstrate the author’s results using information gain as a feature selection, then tables 5 and 6 
demonstrate results using gain ratio and finally tables 7 and 8 show experiment results using chi-square. 



mas.ccsenet.org Modern Applied Science Vol. 13, No. 5; 2019 

95 
 

Table 3. NB, SVM and ANN (Information Gain) 

 Classifier Naïve SVM ANN 

Categories Precision Recall Precision Recall Precision Recall 
Politics 0.82 0.78 0.67 0.71 0.69 0.51 
Economics 0.81 0.79 0.69 0.82 0.68 0.57 
Culture 0.79 0.79 0.69 0.81 0.64 0.51 
Sports 0.68 0.76 0.79 0.49 0.69 0.58 
Art 0.79 0.81 0.6 0.59 0.64 0.67 
Technology 0.58 0.69 0.65 0.58 0.58 0.71 
Science 0.79 0.68 0.69 0.57 0.6 0.79 
Education 0.85 0.68 0.54 0.72 0.54 0.52 
Average 0.76375 0.7475 0.665 0.6613 0.6325 0.6075 

 

 
Table 4. NB, SVM and ANN (Information Gain) 

Classifier K-Nearest Neighbours Decision Tree (C4.5) Rocchio Classifier 

Categories Precision Recall Precision Recall Precision Recall 
Politics 0.79 0.78 0.78 0.67 0.69 0.68 
Economics 0.79 0.79 0.71 0.62 0.66 0.78 
Culture 0.75 0.71 0.71 0.62 0.71 0.71 
Sports 0.65 0.71 0.65 0.78 0.65 0.74 
Art 0.52 0.68 0.65 0.61 0.79 0.75 
Technology 0.63 0.64 0.69 0.61 0.71 0.75 
Science 0.59 0.62 0.79 0.79 0.79 0.79 
Education 0.53 0.63 0.79 0.69 0.81 0.61 
Average 0.65625 0.695 0.72125 0.67375 0.72625 0.72625 
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Table 5. NB, SVM and ANN (Gain Ratio) 
Classifier Naïve SVM ANN 

Categories Precision Recall Precision Recall Precision Recall 
Politics 0.87 0.81 0.77 0.79 0.71 0.54 
Economics 0.84 0.89 0.78 0.85 0.69 0.59 
Culture 0.79 0.87 0.79 0.91 0.65 0.52 
Sports 0.69 0.81 0.85 0.59 0.72 0.59 
Art 0.89 0.79 0.59 0.58 0.65 0.68 
Technology 0.59 0.72 0.68 0.59 0.59 0.78 
Science 0.89 0.72 0.78 0.57 0.58 0.81 
Education 0.91 0.69 0.59 0.78 0.57 0.59 
Average 0.80875 0.7875 0.72875 0.7075 0.645 0.6375 

 

 
Table 6. K-NNN, C4.5 and Rocchio (Gain Ratio) 

Classifier K-Nearest Neighbours Decision Tree (C4.5) Rocchio Classifier 

Categories Precision Recall Precision Recall Precision Recall 
Politics 0.84 0.81 0.79 0.69 0.78 0.69 
Economics 0.82 0.82 0.78 0.68 0.77 0.78 
Culture 0.81 0.76 0.77 0.66 0.75 0.72 
Sports 0.69 0.72 0.69 0.87 0.69 0.75 
Art 0.67 0.69 0.68 0.64 0.8 0.78 
Technology 0.65 0.68 0.79 0.71 0.81 0.79 
Science 0.61 0.68 0.81 0.8 0.82 0.88 
Education 0.64 0.65 0.82 0.71 0.84 0.67 
Average 0.71625 0.72625 0.76625 0.72 0.7825 0.7575 

 

 
Table 7. NB, SVM and ANN (Chi-Square) 

Classifier Naïve SVM ANN 

Categories Precision Recall Precision Recall Precision Recall 
Politics 0.89 0.82 0.78 0.81 0.71 0.55 
Economics 0.85 0.91 0.79 0.87 0.71 0.6 
Culture 0.81 0.91 0.81 0.9 0.57 0.52 
Sports 0.71 0.84 0.86 0.61 0.74 0.61 
Art 0.91 0.81 0.61 0.61 0.69 0.69 
Technology 0.61 0.73 0.69 0.62 0.61 0.88 
Science 0.91 0.73 0.81 0.59 0.55 0.83 
Education 0.9 0.71 0.61 0.81 0.59 0.63 
Average 0.82375 0.8075 0.745 0.7275 0.64625 0.6638 
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Table 8. K-NNN, C4.5 and Rocchio (Chi-Square) 

Classifier K-Nearest Neighbours Decision Tree (C4.5) Rocchio Classifier 

Categories Precision Recall Precision Recall Precision Recall 
Politics 0.85 0.82 0.81 0.71 0.81 0.71 
Economics 0.85 0.84 0.81 0.71 0.81 0.81 
Culture 0.84 0.79 0.82 0.68 0.79 0.74 
Sports 0.71 0.75 0.71 0.89 0.71 0.79 
Art 0.59 0.71 0.71 0.68 0.83 0.79 
Technology 0.59 0.74 0.81 0.76 0.84 0.81 
Science 0.69 0.71 0.84 0.85 0.89 0.87 
Education 0.78 0.59 0.85 0.76 0.86 0.71 
Average 0.7375 0.74375 0.795 0.755 0.8175 0.77875 

 

 
 

 

 

Figure 3. NB precision and recall using 
information gain 

Figure 4. SVM precision and recall using 
information gain 
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Figure 5. MLP precision and recall using 

information gain 
Figure 6. K-Nearest Neighbours precision and recall 

using information gain 

 
  

Figure 7. C4.5 precision and recall using 
information gain 

Figure 8. Rocchio precision and recall using 
information gain 

 
Figures 3,4,5,6,7,8 and tables 3,4 show precision and recall when experiments done using information gain as 
feature selection. experiments show that NB gives the best results with 0.76 precision and 0.74 recall. 
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Figure 9. NB precision and recall using Gain Ratio Figure 10. SVM precision and recall using Gain 
Ratio 

 
  

Figure 11. MLP precision and recall using Gain 
Ratio 

Figure 12. K-NN precision and recall using Gain 
Ratio 
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Figure 13. C4.5 precision and recall using Gain 
Ratio 

Figure 14. Rocchio precision and recall using Gain 
Ratio 

Figures 9,10,11,12,13,14 and tables 5,6 show precision and recall when experiments done using gain ratio as 
feature selection. experiments demonstrate that NB gives the best results with 0.80 precision and 0.78 recall.  

  

Figure 15. NB precision and recall using Chi-
Square 

Figure 15. SVM precision and recall using Chi-
Square 

 
  

Figure 16. MLP precision and recall using Chi-
Square 

Figure 17. KNN precision and recall using Chi-
Square 
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Figure 18. C4.5 precision and recall using Chi-
Square 

Figure 19. Rocchio precision and recall using Chi-
Square 

 
Figures 15,16,17,18,19,20 and tables 7,8 show precision and recall when experiments done using Chi-square as 
feature selection. experiments demonstrate that NB gives the best results with 0.82 precision and 0.80 recall.  
Tables 3,4,5,6,7 and 8 shows that when using chi-square as feature selection results are little bit better than gain 
ration and information gain.  
13. Conclusion and Future Work 
Text classification is one of the most important topics. Readers can find a lot of researches talk about text 
classification using English dataset. Unfortunately, the number of researches conducted with Arabic dataset is not 
enough. Author thinks that this research could be considered as a reference for almost all researchers who are 
interested in text classification using Arabic dataset. This research talks about the most famous methods used in 
classification such as NB, SVM, MLP, K-NN, C4.5 and rocchio classifiers. Besides that, this research uses different 
feature selection methods such information gain, gain ratio and chi-square. Experiments in this research are done 
with a relatively huge dataset.  Experiments show that NB is the best with small difference if compared with 
SVM. Also, experiments show that chi-square is little bit better than gain ratio and information gain.  
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