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Abstract 
 

Text categorization is one of the known problems in classification data mining. It aims 

to mapping text documents into one or more predefined class or category based on its 

contents of keywords. This problem has recently attracted many scholars in the data 

mining and machine learning communities since the numbers of online documents that 

hold useful information for decision makers, are numerous. However, the majority of 

the research works conducted on text categorization is mainly related to English 

corpuses and little works have focused on Arabic text collections. Thus, this paper 

investigates the problem of Arabic text categorization using different rule-based 

classification approaches in data mining. Precisely, this research works attempts to 

evaluate the performance of different classification approaches that produce simple 

“If-Then” knowledge in order to decide the most applicable one to Arabic text 

classification problem. The rule-based classification algorithms that the paper 

investigates are: One Rule, rule induction (RIPPER), decision trees (C4.5), and hybrid 

(PART). The results indicate that the hybrid approach of PART achieved better 

performance that the rest of the algorithms. 
 

Keywords: Classification, Data Mining, Text Mining, Associative Classifiers 
 

 

1. Introduction 
 

The rapid developments in computer hardware have made the process of collecting 

and storing large quantities of data in all application’s domains possible [14]. 

Nowadays, the number of documents scattered online by private and public sectors are 

in the orders of millions. These online documents may contain valuable information 

that decision makers can benefit from in decision making. The process of discovering 

and producing the hidden and useful information from these documents manually by  
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domain experts is extremely hard and time consuming. This is since the numbers of 

online textual data are numerous and these data have large dimensionality. Therefore, 

using intelligent techniques to discover essential information automatically from 

textual documents may give companies the right decisions that work for improving 

their competitive advantages [23]. 

Text categorization (TC) is the task in which texts are categorized into predefined 

categories based on their contents [20]. For example, if texts are represented as a 

research paper, categories may represent “Computer Science”, “Mathematics”, 

“Medicine”, etc. The task of TC has various applications such as automatic email 

classification, web-page categorization and indexing [7]. These applications are 

becoming increasingly important in today’s information-oriented society especially 

with the rapid growth of online information, and therefore TC has become one of the 

key areas for handling and organizing textual data. As mentioned earlier, the goal of 

TC is the classification of documents into a fixed number of pre-defined categories in 

which each document can be in multiple, exactly one, or no category at all.  

Generally, TC task goes through three main steps: Text pre-processing, text 

classification and evaluation. Text pre-processing phase is to make the text documents 

suitable to train the classifier. Then, the classifier is constructed and tuned using a 

learning technique against the training data set. Finally, the classifier gets evaluated by 

some evaluation measures i.e. error rate, recall, precision, etc. Detailed description of 

these steps can be found in [22]. Different data mining and machine learning 

algorithms have been applied successfully to English text corpuses including decision 

trees [17], Support Vector Machines (SVM) [11], rule induction [3], probabilistic 

approaches [6], K-Nearest Neighbour (KNN) [28] and others. However, little research 

works have been conducted on Arabic corpuses mainly since Arabic language is 

highly rich and requires special treatments such as order verbs, morphological 

analysis, etc . Particularly, in Arabic morphology, words have affluent meanings and 

contain a great deal of grammatical and lexical information [23]. Also, in syntactic 

structure, Arabic sentence formation differs from English. In this regard, the Arabic 

text documents are required significant processing to build accurate classification 

mode [11]. Therefore, few scholars have applied a number of classification approaches 

on the problem of Arabic text classification, i.e.  Naïve bayes [1], SVM [12] and 

Decision tree [11]. However, researchers conclude that Arabic text classification is a 

very challenging task due to language complexity.   

Most of the previous works on Arabic text mining attempt only to achieve the 

prediction accuracy from the above mentioned learning approaches. Some of domain 

experts have also interests in understanding the produced models that are formed as 

"IF-Then" patterns [23]. This is since such models are easy to interpret and can be 

modified by users manually [22]. Thus, this paper investigates different classification 

rule mining approaches related to the problem of Arabic text classification. Primarily, 

One Rule [27], rule induction (RIPPER) [3], decision trees (C4.5) [18], and hybrid 

(PART) [8] learning methods are applied to SPA Arabic data collection to measure 

their performance and effectiveness with reference to different text evaluation metrics 

such as error rate, and the number of derived rules. 
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The rest of the paper is organized as follows: Text classification and Arabic text 

mining related works are surveyed in Section 2. Section 3 is about the research 

methodology used, and Section 4 describes the Arabic data collection as well as the 

experimentations and results analysis, and finally the conclusions and further research 

are given in Section 5. 

 

 

2. Text Categorization 
 

TC is one of fundamental tasks of text mining in analyzing complex and unstructured 

data which is concerned about ‘assigning of natural language texts to one or more 

predefined category based on their content [4]. The concept of text classification has 

been firstly anticipated in early sixties [7] and it focused on indexing scientific 

journals using the vocabulary. Latterly, this research field has got more interest due to 

the fast growth of online documents that holds important and useful knowledge. 

Therefore, automatic text classification has turned into one of key domains for 

organizing and handling textual data Currently, there are many applications that are 

based on the text categorization including: document filtering, spam filtering, 

automatic metadata generation, classifying web resources under hierarchical 

catalogues and others [20].   

 

 

2.1 Problem Definition 
 

In TC and according to [21], there is a set of documents D which belong to terms 

space X, i.e. ; and a known number of class labels   . Class labels are 

sometimes called document categories. Normally, the documents space X is of high 

dimensionality and the categories are predetermined by trained experts according to 

application domain needs. Examples of input documents are online articles published 

by a newspaper in the last calendar year. The input data are often called the training 

data set where each document belongs to a specific assigned category by a human. So, 

formally, the training data set D of labeled documents where   

 For Instance, a document may be represented as:  

Where the category in the above document is sport.  

The ultimate goal of TC is to construct a classification model known as a classifier 

( that maps text documents to their corresponding categories.  

 The classifier is usually build based on the content of the training data set, and latterly 

utilized to predict the category for new unseen document. This type of learning is 

called supervised since the input data set contains labeled categories and the search for 

knowledge is restricted with target categories. Moreover, there are two main 

fundamental aspects during the learning process according to [21]:  

The document’s categories are represented as symbolic labels. Therefore, there is no 

meaning or additional knowledge available to assist the learning process to construct 

the classifier. 
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The attributes of documents in learning should be based on the content of that 

document, rather than contained metadata. For instance, document type, author, date 

of publication, etc might be obtainable from external source. Consequently, the 

conception of relevance of each document to a specific category is inherently 

subjective. 

 

2.2 Arabic Text Mining 
 

Arabic is considered one of widely spoken languages in the world, and in fact it a 

primary language in the Arab nations as well as a secondary language in many other 

nations. The alphabet of the language consists of 28 letters plus special character 

called Hamza (ء), which is. Moreover, the writing direction in Arabic is from right to 

left unlike English and Latin. The style of writing letters in a word varies depending 

on the position of the letter within the word. So, if the letters comes at the beginning, 

middle or at the end of the word, the letter shapes changes. Lastly, there are diacritics 

in Arabic that are symbols placed above or below the letters to double the letter in the 

pronunciation or to give short vowels [5]. In the next section, we review current 

research works related to mining Arabic textual data. 

 

2.3 Related Works on Arabic Text Mining 
 

have used Naïve Bayesian classifier to classify an in-house collection of Arabic 

documents. The collections consist of five categories and 300 web documents for each 

category, and have used several partitions of the data set. They have concluded that 

there is some indication that the performance of Naïve Bayesian algorithm in 

classifying Arabic documents is not sensitive to the Arabic root extraction algorithm, 

in addition to their own root extraction algorithm; they used other root extraction 

algorithms. The average accuracy reported was about 68.78%. 

[5] compared the performance of Naive Bayes, K-Nearest-Neighbors (KNN), and 

distance-based classifiers for Arabic text categorization. The collected corpus contains 

1000 documents that vary in length and writing styles and fall into ten categories each 

category consists of 100 documents.  The author used stemming to reduce the number 

of features extracted from documents. The recall, precision, error rate and fallout 

measures were used to compare the accuracy of classifiers. The results showed that the 

performance of Naïve Bayes classifier outperformed the other two classifiers. 

[6] has used maximum entropy to classify Arabic documents. The data set collected 

from Aljazeera Arabic news channel and the documents categorized into sex domains: 

politics, sports, culture and arts, science and technology, economy and health. The 

results showed that using the preprocessing techniques (normalization, tokenizing and 

part-of speech) increases the F-measure from 68.13% to 80.41%.  

[16] has implemented the SVM algorithm with the uses Chi square method as a feature 

selection method to classify Arabic documents. He has used an in-house collected 

corpus from online Arabic newspaper archives, including Al-Jazeera, Al- Nahar, Al-

hayat, Al-Ahram, and Al-Dostor as well as a few other specialized websites. The 

collected corpus contains 1445 documents that vary in length. These documents fall  
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into nine classification categories. The results showed that the SVM algorithm with 

the Chi-square method has outperformed Naïve Bayes and the KNN classifiers in term 

of F-measure. 

[1] have evaluated the performance of tow popular classification algorithms C5.0 

decision tree [17] and SVM on classifying Arabic text using the seven different Arabic 

corpora such as (Saudi News Papers, WEB Sites, Arabic Poems). They have 

implemented a tool for Arabic text classification to accomplish feature extraction and 

selection. They have concluded that the C5.0 decision tree algorithm outperformed 

SVM in term of accuracy where as the SVM average accuracy was 68.65%, while the 

average accuracy for the C5.0 was 78.42%.   

[25] have investigated different variations of vector space models and term weighting 

approaches using KNN algorithm, these variations are Cosine coefficient, Dice 

coefficient and Jaccard coefficient. A corpus of Arabic text documents was collected 

from online Arabic newspaper archives, including Al-Jazeera, Al-Nahar, Al-hayat, Al-

Ahram, and Al Dostor. The average F1 results obtained against six Arabic data sets 

indicated that Dice based TF.IDF and Jaccard based TF.IDF outperformed Cosine 

based TF.IDF, Cosine based WIDF, Cosine based ITF, Cosine based log(1+tf), Dice 

based WIDF, Dice based ITF, Dice based log(1+tf), Jaccard based WIDF, Jaccard 

based ITF, and Jaccard based log(1+tf). 

[1] have implemented and compared the KNN classifier one time by using N-Gram 

(word-level unigrams and bigrams) in documents indexing, and another time by using 

traditional single terms indexing method to classify Arabic documents. A corpus of 

Arabic text documents contains 1445 documents that vary in length. These documents 

fall into nine categories. They also used document frequency for feature reduction and 

Cosine measure to calculate the similarity of each document to be classified with 

training documents. The experimental results showed that the use of N-gram to 

represent each document produces better performance than using single terms. The 

average accuracy in case of using N-Gram is 74% while with Single terms indexing is 

66%. 

[24] have evaluated the performance of Naïve Bayesian and SVM classifiers in 

Islamic Arabic data sets. The data set consist of 2244 Arabic documents of different 

lengths that belong to five categories. The recall, precision and F1 were used to 

compare the accuracy of classifiers. The results showed that the performance of SVM 

classifier outperformed the Naïve Bayesian classifier. 

[24] have investigated Naïve Bayesian algorithm based on Chi Square features 

selection method to Categorize Arabic Data. The data set consist of 1562 Arabic 

documents of different lengths that belong to sex categories. The experimental results 

provided evidence that feature selection (Chi Square) often increases classification 

accuracy by removing rare terms. 

[19] have used Boosting trees to automatically classify Arabic documents. A corpus of 

Arabic text documents were collected from Arabic online websites. The collected 

corpus contains 6825 articles of varying lengths partitioned among seven categories as 

follows: Politics, Economy, Sports, Medicine, Science and Technology, Law, and 

Religion. The authors have used SVM and Naïve Bayes classifier for comparing with 

Boosting trees. They have found that SVM and Naïve Bayes classifier were the best  
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performing algorithms with reference to accuracy. This does not undermine in any 

way the power of boosting since it did boost and enhance significantly the 

performance of C4.5. The drawback, however, was in the decision trees algorithm 

itself. 

has investigated Naïve Bayesian method, SVM algorithm and Classification based on 

Association rule algorithm to Categorize Arabic Data sets. The data set consist of 5121 

Arabic documents of different lengths that belong to seven categories. The 

Experimental results showed that Classification based on Association rule algorithm 

outperformed the Naïve Bayesian method and the SVM algorithm regards to F1, 

Recall and Precision measures. 

 

2.3.1 Discussion 
 

Most researchers in Arabic text applied learning algorithms solely designed for 

English text without making significant changes. Therefore, and generally the majority 

of the current research works performed on Arabic text is just simple comparison 

studies [23]. For example, [1] have tested only two data mining methods and [6] has 

examined the performance of one probabilistic method with and without pre-

processing.  Moreover, one major problem associated with Arabic text classification 

the lack of standardized published Arabic corpuses is also unavailable or rare.  Such 

works can be used as key data sets for researchers in related fields to compare the 

results. In fact, most of the related research articles obtain data from online 

newspapers and websites. Such works usually do not publish their data for other 

researchers to utilize. Consequently the confidence in the results derived from such 

experimental studies is not high enough. Furthermore, the performance of the adopted 

data mining approaches is biased to such data sets and sometimes ambiguous. For 

example, the research conducted by [2] showed that decision tree algorithms 

outperformed the SVM with respect to classification accuracy. However, the majority 

of international research on English text mining proved that SVM is the best machine 

learning approach with reference to predictive accuracy [13].   

In general, comprehensive experimental and critical research studies that cover most 

of the common rule-based business intelligence techniques are rare. This is one of key 

motivations for this research work. Thus, this paper aims to investigate four different 

rule-based learning methods in data mining, which are used to derive simple “If-Then” 

rules. Further, the work proposes to establish the performance on published Arabic 

data set collection (CCA) so future researchers might get access and utilise it in their 

experiments and compare their derived results with this work. 

 

 

3. Research Methodology   
 

The research is systematic process in which defining the objective, controlling the 

data, and  communicating the findings take place within recognized frameworks and 

associated with existing guidelines [26]. The research success depends on selecting an 

appropriate research methodology. Employing both qualitative and quantitative  
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methods meets the purposes of this research.  Quantitative approach is concerned 

about data collecting in quantitative form which can be subject to extensive 

quantitative analysis in a formal method [15]. This research strategy is applied for 

analyzing the experimentation results namely; precision, recall, error rate, and the 

number of generated rules derived from different classification approaches. Qualitative 

research involves subjective evaluation of approaches, opinions, and behavior in 

which results are gained either in non-quantitative type or in the type which are not 

subjected to detailed quantitative analysis [15].   

Since one of this paper’s objectives is to conduct a literature review on Arabic text 

classification, the qualitative approach is considered as a suitable research approach to 

carry out this task effectively. Integrating both of these approaches into a single study 

is known as a mixed research methodology [26]. The importance of employing this 

type of methodological approach is to achieve strong points and to reduce weak points 

of quantitative and qualitative research approaches.  

 

 

 

4. Data and Results 

 

4.1 SPA Data Set Description 
 

SPA Arabic data collection is collected from (SPA site, 2008), and it consists of 1526 

Arabic documents of different lengths that belong to six different categories ( 

Economic "اقتصادية" , Cultural "ثقافية" , Political " سياسية" , Social " إجتماعية" , Sports " 

 .Table 1 shows the number of documents for each category .( "عامة " General , " رياضية

Arabic text is different than English one since it is highly inflectional and derivational 

language which makes monophonical analysis a complex task. Also, in Arabic scripts, 

some of the vowels are represented by diacritics which usually left out in the text and 

it does use capitalization for proper nouns that creates ambiguity in the text. In this 

Arabic data set, each document file was saved in a separate file within the 

corresponding category's directory, i.e. this data documents are single-labeled.  

In representing Arabic data set documents, we aim to transform the Arabic text 

documents to a form that is suitable for the classification data mining algorithms. In 

the phase of data representation, we followed [9] approaches and processed the Arabic 

documents according to the following steps:  

 

1. Each article in the Arabic data set is processed by removing the digits and  

 punctuation marks. 

2. We have followed [9] in the normalisation of some of the   

Arabic letters such as (hamza (إ) or (أ)) in all its forms to (alef (ا )). 

3. All none Arabic texts were filtered. 

4. Arabic function words were removed. The Arabic function words (stop words) are 

the words that are not useful, e.g. The Arabic prefixes, pronouns, and prepositions. To 

avoid high dimensionality we selected the top 30 features using Chi Square method. 
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Table 1: Number of Documents per Category (SPA) 

Category Name Number of Documents 

Cultural News 258 

Sports News 255 

Economic News 250 

Social News 258 

Political News 250 

General News 255 

Total 1526 

 

4.2 Experiments Details 
 

The rule-based classification algorithms are depicted in Table 2 The selection of these 

algorithms is based on the different rule learning strategies they employ during the 

training step. For instance, C4.5 utilizes decision tree approach based on information 

gain to build the classifier [27], whereas RIPPER is based on greedy heuristics in 

which it derives the rules based on exhaustive search [3]. On the other hand, PART is 

an integration of both C4.5 and RIPPER (Frank and Witten, 1998), and One Rule is a 

simple   heuristic to extract the rules from the data set [27].  It should be noted that all 

the experiments in this paper have been conducted using the WEKA software system 

on a Windows Vista Pentium IV 1.7 Ghz, 2 GB RAM PC. 

 

Table 2 The selected algorithms used in the experiments 

Classification 

Approach  

Classification 

Learning 

Algorithm  

Algorithm 

Implementation   

Name in 

WEKA 

Decision Trees   C4.5 Trees.J48  

Simple Rule One Rule  Rules.OneR  

Rule Induction  RIPPER  Rules.JRip 

Hybrid PART  Rules.Part 

 

We used the classification accuracy, precision, recall, and the number of rules as the 

base measures of comparison.  Further, thorough analysis of the results produced is 

conducted in order to determine the applicable rule based classification algorithm to 

the problem of Arabic text mining. 

Ten-fold cross validation was utilized to derive the classifiers and their performance 

measure results in the experiments. This is a known testing method in data mining that 

works as follow: The input data set is randomly partitioned into ten parts where the 

class is represented in the same proportions as in each data part. Each part is tested in 

turn and the learning algorithm trained on the remaining parts; then the error rate is 

computed on the holdout part. The learning algorithm is executed ten times on 

different data parts, and the error rates are averaged in order to produce the final error 

rate.  
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Three known text mining evaluation measures: precision, recall, and accuracy have 

been used to measure the predictive performance of the classification algorithms 

considered. These evaluation measures were originated from the Information Retrieval 

to evaluate a user query against a collection of documents [27]. According to Table 3 

precision denotes for the number of retrieved documents that are relevant divided by 

the total number of documents that are retrieved, and is given in the equation below. 

Whereas, recall denotes for the number of relevant documents that are retrieved 

divided by the total number of relevant documents (retrieved and not retrieved) and is 

given in the equation below. Lastly, accuracy is the number of relevant documents 

retrieved from the total number of overall available documents, and is given in 

equation below. 
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Table 3 Distribution of documents and retrieval   

  Relevant Irrelevant 

Documents Retrieved  x y 

Documents not Retrieved z w 

 

4.3 Results and Analysis 
 

Table 4 shows the average recall and precision results for the chosen classification 

algorithms. After analyzing the figures in that table, it is clear that PART algorithm 

outperformed the remaining classification algorithm (C4.5, RIPPER, One Rule) with 

reference to recall on the selected data set on average by 1.5%, 6.3%, and 35.9%   

respectively.  In addition, it achieved higher precision than C4.5, RIPPER, and 

OneRule algorithms by 1.0%, 2.0%, and 53.0% respectively. 

 

It is also obvious from Table 4 that One Rule algorithm is the least applicable 

classification method to the SPA data set due to the low numbers of recall and 

precision. This is since One Rule algorithms seeks for the rule that is associated with 

the largest frequency class in the training data set and derive it. From the SPA corpus, 

and for the One Rule classification algorithm, most of the categories are associated 

with no documents at except two categories, i.e.  “Politics” and “Social”, and therefore 

most of the documents belonging to the other categories have been misclassified to 

"Politics" and "Social" class labels. On the other hand, PART algorithm for instance 

derived 119 rules that represent most of the document categories in the SPA data set 

and correctly covered 855 out of 1526 documents. Overall, PART and C4.5 algorithms  
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show competitive performance with reference to precision and recall on the data set 

we considered since their generated results are very close to each other. 

 

 
Table 4 the average recall and precision results  

Classification Algorithm 

Average Precision Average Recall 

One Rule 0.089 0.264 

C4.5 0.609 0.608 

RIPPER 0.599 0.56 

PART 0.619 0.623 

 

Figure 1 displays the accuracy results generated by the chosen algorithms against the 

SPA data set. This accuracy figures show that C4.5 and PART have close performance 

and that PART achieved a slightly better performance than C4.5 and the rest of the 

algorithms. Furthermore, again the classification accuracy of One Rule algorithm on 

the SPA data set is very low, e.g. 26.4%, which makes it the least applicable algorithm 

to such data. The reason behind the high error rate generated by the One Rule 

algorithm is that its outputted classifier represents very small portion of the data set 

that belong to just two categories (“Politics” , “Social”) from a total of six categories. 

Thus when a new document is to be classified this algorithm often assigns to it either 

category (“Politics”, “Social”) which often leads to incorrect classification. 
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Figure 1: Accuracy (%) results produced by the contrasted classifiers 

 

Figure 2 depicts the classifier size (number of rules) derived by the algorithms and it 

shows that C4.5 decision tree algorithm generated the largest number of rules whereas 

One Rule algorithm produced the least. In fact, the size of the classifiers generated by 

C4.5 is massive (417) and (PART, RIPPER) have derived moderate size classifiers 

competitive with respect to accuracy to C4.5. On the other hand, One Rule derived a 

very small classifier in size that lacks the fundamental feature for classification 

algorithm which is the ability to predict test documents and this expose its use for at 

least the SPA Arabic text collection. 
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Figure 2.Number of derived rules from the classifiers 

 

A deep analysis has been conducted on the performance of document categories for 

each selected classification approach. Table 5 represents precision, and recall 

evaluation measures for C4.5, RIPPER, PART, and Rule One algorithms respectively. 

For instance, in table 5, there are four class labels (categories) with zero precision and 

recall for the One Rule algorithm. This means that the documents belonging to these 

categories have been misclassified to other categories which shows the "0" figures for 

this particular algorithm. The majority of the categories performances for the rest of 

algorithm vary with reference to precision, and recall. Though PART and C4.5 

algorithms outperformed RIPPER and One Rule with reference to precision and recall 

evaluation measures. Notable figures in Table 5 belong to category “Sport” that 

achieved the highest precision and recall scores if compared with the rest of the 

categories. 

 
Table 5. Precision and recall results per class for the classification algorithms  

 
 

 

5. Conclusion 
 

In this paper, different classification data mining algorithms (C4.5, PART, RIPPER, 

OneRule) have been contrasted on the problem of Arabic text classification. Selecting 

these approaches is due to the fact that 1) they produce simple chunk of knowledge 

that end-user may interpret and understand easily, and 2) they employ different rule 

learning strategies. Comprehensive experiments are conducted against known Arabic 

text collection called SPA with respect to different evaluation measures such as error 

rate, number of rules, etc, to determine the applicable classification approaches to  
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Arabic text classification problem. The results revealed that the least applicable 

learning algorithm towards the chosen Arabic data set is One Rule. This is since One 

Rule algorithm produced only very limited numbers of rules and most of Arabic 

documents which belong to other rules have been misclassified. . Moreover, the most 

applicable algorithm to the Arabic data set is PART in which it derived higher results 

in all evaluation criteria than RIPPER, and PART, respectively. Moreover, the results 

of documents per category is generated for all the considered algorithms, and showed 

that the “Sport” category achieved the best results with respects to precision and recall 

on the SPA data set. we intend in near future to develop an language specific 

classification algorithm that can overcome the main challenges faced by the current 

classification algorithms. 
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