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Abstract—we target the problem of identifying the author of
an Arabic text article. Our main aim is to develop an intelligent
system that is capable of classifying a new article into one of
seven classes that belong to seven different authors. For this
purpose, we propose a novel dataset consisting of 12 features and
456 instances belonging to the 7 authors. In addition, we
combine the proposed feature set with strong classification
algorithms to assist in distinguishing between the different
authors. Our results show that the proposed dataset has proved
successful with a classification performance accuracy of 82%
with hold-out test.
Keywords—authorship identification, arabic text features,
fuctional trees, support vector machines.

I.
INTRODUCTION
The area of authorship analysis has been investigated for
long years going back to the early 60s of works such as [4],
where the authors were studying the famous Federalist Papers
case for solving an authorship claim by different authors.
Recently, there has been growing interest in developing
practical applications for the purpose of authorship analysis.
These applications focus on different fields such as: email
authorship [1], plagiarism detection [7] and forensic cases
[10].
The area of authorship analysis includes interesting fields
such as authorship identification or categorization, author
characterization and similarity detection. In authorship
identification, the main aim is to identify the author of a piece
of writing given a number of existing writings by the same
author. Author characterization intends to generate the author
profile based on his/her writing style. The profile gives
knowledge about the characteristics of the author such as
gender and educational and cultural background. Another
interesting area of authorship analysis is similarity detection,
which is applied for the purpose of identifying if there is any
kind of plagiarism in a given piece of writing, including a
complete or partial replication of a piece of work without the
permission of the original author. It is carried out by
comparing multiple pieces of writings and determining
whether they were produced by the same author or not
[10,11].
Another linked area to authorship analysis is text
categorization which is closely related to authorship
identification but clearly different. In text categorization, the
main aim is to categorize a set of text documents based on its

content. Applications of text categorization include document
filtering and document retrieval [10].
In this paper, we target an interesting area of authorship
analysis, which is authorship identification or categorization
or attribution. The main aim is to develop an intelligent
classifier that is capable of predicting the author of a piece of
writing given a predefined set of candidate authors and a
number of samples for each author. To build such a classier, it
is very important to identify a set of characteristics or features
that is strong enough to distinguish between the different
authors. Moreover, an intelligent learning algorithm must be
built in an automatic way to be able to identify the authorship
of a piece of writing.
In the literature, different sets of features have been
implemented for the abovementioned purpose. These features
can be divided into four main types: lexical, syntactic,
structural, and content- specific features. Lexical features are
character or word based features, examples of these features
include vocabulary richness or word length...etc [2,10,11].
Syntactic features are more related to the language pattern and
they determine how to syntactically form a sentence, examples
of these features include the use of function words such as
"the", "if", "to", "while", "upon" etc. Use of punctuation is
also part of these features. In the work of [6], it was shown
that including these features can improve the accuracy of
author identification. Structural features are related to the style
the author follows in his/her writing. It is believed that each
author has a certain habit or structure in the way of writing.
Examples of these features are the use indentation and
paragraph length [10,11]. The last set of features is contentspecific features which are content related features or
keywords frequency and incorporating them can improve the
performance of the classifier. In works like [12], contentspecific features contributed positively in improving the
performance of the author identification classifier.
To build a robust classifier, it is very important to have the
right feature set and a strong learning algorithm. Recently,
there has been great interest in the application of machine
learning methods for the purpose of author identification and
these methods proved to be useful and successful for this
purpose. Examples of these methods are Support Vector
Machines (SVM) [9,10], neural networks [5], Markov chains
[3] and others. Each of these methods had its positives and
negatives and there is no unique algorithm that can be
generalized as the best among the others.
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Fig. 1. The classification process.

In this paper, we propose the application of machine
algorithms to the purpose of Arabic text author identification.
The novelty of our work is in the proposal of a novel feature
set for Arabic articles and the proof of the ability of the
proposed feature set to distinguish between 7 different classes
(authors) with a high percentage of accuracy.
The rest of this paper is organized as follows: In section 2,
we explain the feature extraction part. Section 3 gives an
overview about the classification algorithms used in our
experiments. In section 4, we present the experimental results
on the proposed feature set. Finally, section5 concludes the
paper and suggests future work.

Fig. 2. Two examples of parts of articles written by two different authors.

II.

FEATURE EXTRACTION

The first step in any classification problem is feature
extraction where features are extracted for the Arabic articles
based on different information. After extracting features, a
classifier is trained using a classification algorithm and then a
model is built that can be used for prediction. This process is
explained in detail in Fig. 1.
For this purpose, we collected articles for 7 Arabic writers
(for simplicity, we refer to writer as W) where the number of
articles (instances) per writer is explained in Table I.
Moreover, Fig. 2 gives examples of these articles for two
writers: W1 and W2.
After collecting the articles for the 7 authors, we analyzed
these articles and ran our feature extractor to extract important

information in these articles. As we presented in the
introduction, there are four types of features that are important
for identifying authors. However, in works like [6], it was
proved that combining all four types of features can improve
the classification performance. Thus, we ended up with a list
of 27 features that include: lexical, syntactic, structural, and
content- specific features.
After running an initial experiment to evaluate the
impotence of these features, we ended up with 12 features that
are powerful in discriminating between the seven classes,
these features and there types are explained in Table II.
The big words feature returns the number of words that
their length is greater than the average length of words related
to the same author. The long and short sentences features
return the number of short and long sentences. The small
statement feature returns the number of small statements in the
text. The Contain-Digit feature represents a count for the

words that contain digits in them. Indeed particles and
Conditional particles are two particles that are commonly
used in the Arabic language and they have a certain effect in
terms of grammar in relation to the following nouns. There
were other Arabic particles used in the feature set but these
two were the most important. The special characters feature
returns the number of special characters in the article (e.g.
punctuations, question mark, etc..).
Regarding the complexity feature, it reflects how hard the
readability of the text written by the author and it is calculated
as the number of different words divided by the total number
of words.
In additions, we used the negative emotions feature, which
is an example of emotions features that reflect the emotions
expressed in the human writing and it can be positive or
negative but our feature selection algorithm selects the
negative emotions feature as more important than the other
one. Finally, the sport and political words are contentsspecific features and they indicate the number of sport and
political words that have been used in the article. Thus, we
ended up with a dataset that contains 456 instances and each
instance is represented with a normalized feature vector of a
12 – dimension space.
III.

CLASSIFICATION

The classifiers that have been used for the classification
experiments in our system are the Functional Trees (FT) and
sequential minimization optimization which is a variant of
Support Vector Machines (SVM) which are both available as
part of the WEKA package, a publicly available toolbox for
automatic classification [8].
Functional Trees are classification trees that could have
logistic regression functions at the inner nodes and/or leaves.
On the other hand, sequential minimal optimization is an
algorithm for efficiently solving the optimization problem
which arises during the training of support vector machines, it
breaks optimization problem into a series of smallest possible
sub-problems, which are then solved analytically [8].
The performance of the classifier is evaluated in terms of
classification accuracy which is calculated as the number of
correctly classified samples divided by the total number of
samples.
IV. EXPEREMINTAL RESULTS AND ANALYSIS
Experiments are conducted in order to evaluate the
performance of the proposed feature set. First, we run a holdout test where the dataset is divided into two sets: training data
and testing data. Almost 2/3 of the data is used to train the
classifier and build the classification model using a certain
classification algorithm. After that, the testing data are tested
by the model and the predicted instances are compared with
the original ones and the accuracy is calculated based on the
number of correctly classified samples. Table III shows the
number of samples used for training and testing for each of the
7 classes.
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Table IV. Shows the accuracy performance of the proposed
feature set using the abovementioned classification algorithms.
It is clear from this table that the proposed feature set is
powerful for discriminating between the 7 classes with
performance accuracy of 82% by the functional trees
algorithm. This accuracy is reasonably high given the high
number of classes which makes it challenging for
distinguishing between them. Moreover, the different writing
habits for each author and the different topics they may write
about especially in Arabic language makes it a not easy task to
recognize the author of the text. In general, the proposed
feature set proved to be effective in this problem.
Moreover, fig. 3 and fig. 4 illustrate in details the number of
misclassified examples per class and among the two
classification algorithms. It is clear from figure 3 that, in
some cases, the proposed feature set can accurately classify
two classes with 100% accuracy: W2 and W4. In figure 4, the
SVM classifier is capable of recognizing class W2 with an
accuracy of 100%. The reason for classifying class W2 in
specific with high accuracy is because this author seems to
follow a consistent style in his writings which makes the
features extracted from the different articles close in its values
and thus makes the recognition more accurate.
As the FT method gives better results than the other method,
we decided to further experiment this algorithm with a 10-fold
cross validation test to prove its robustness. So, the 456
instances of the dataset are divided into 10 disjoint groups and
nine of them are used for training and the 10th one is used for
testing. The algorithm runs for 10 times and the average
accuracy across all the folds is calculated. Table V. shows the
accuracy result of this method, it is clear from this tables that
the accuracy decreased slightly compared to the results
provided by the hold-out method. This is expected as the 10fold is a result of 10 different divisions compared to a single

achieved. Moreover, we tested FT using 10-fold cross
validation and the method retained, to a certain degree, its
accuracy result.
In the future, we plan to expand the feature set and
experiment with more classifiers. In addition, we plan to
develop a stand-alone application that can be commercially
implemented and widely distributed.
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that can discriminate between the different authors. For this
purpose, we collected articles of 7 authors with a total number
of 456 articles and applied a feature extractor to extract a total
number of 27 features. Out of this feature set, we chose the
most important feature and normalized their values to end up
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