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1. INTRODUCTION

Authorship attribution (AA) is a type of classification problems which considers a set of authors as
classes. AA aims to accurately attribute a disputed or unknown text to its. This task is deeply rooted in
history since identifying the author of ancient texts has always been the center of attention of linguists [1].
During the last decade, most researchers have addressed text in online social networks, primarily for
sentiment analysis [2]-[4]. However, AA of social networks texts has gained more attention bringing new
trends to this field.

With more than 10.5 million tweets per day [5], Arabic is among the top five dominant languages on
Twitter [6]. However, the first work dealing with AA of Arabic tweets is attributed to a publication dating
back to 2015 [7]. In fact, during the following three years, barely ten published works that addressed Arabic
AA [8]. Unfortunately, till writing this manuscript, we found that nothing considerably had changed. As for
many languages, Arabic AA is understudied in light of artificial intelligence and still not well-investigated [9].

This paper investigates the effects of various factors on the AA of Arabic short texts, especially
tweets. The first investigated factor is the data size or, more precisely, the number of tweets attributed to each
author in the training dataset. Followed by the number of authors (i.e., classes) covered in the used dataset.
Further, we investigated the influence of the features selected to represent the text. In this regard, we first
examined the original words used as the baseline; then, these words were replaced by linguistic and
stylometric features. The linguistic features used are either morphological such as stems and lemmas or
syntactic such as the part-of-speech (PoS) tagset. The next factor addressed is the feature extraction methods
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implemented such as the term frequency-inverse document frequency (TF-IDF) and Countvectorizer. The
final factor discussed is the algorithm selected to build the classification model. To This end, we investigated
the performance of the state-of-the-art classification models namely support vector machines (SVM), random
forests (RF), Naive Bayesian (NB), and their combination.

The five coming sections contain a detailed description of our investigation. The second section
introduces related works. In the third section, we describe in detail our methodology adopted to perform the
current study. The fourth section presents the results recorded for each mentioned factor. In the fifth section,
we discuss and illustrate our findings. Finally, we draw the conclusion and perspectives in the sixth section.

2. RELATED WORKS

In 2015, Albadarneh et al. [7] performed the earlier work that handled the AA of Arabic tweets.
First, they build a dataset that comprises 53,205 tweets posted by 20 different authors. Most of these tweets
are written in dialectal Arabic. Then, the feature extraction process was performed using the TF-IDF method.
Those features were next inserted into the hadoop distributed file system. They finally used the NB-based
classifier to identify the authors of the anonymous tweets, and the best accuracy recorded was 61.6%.

A second study [10] has fetched 37,445 tweets from 12 famous Arabic authors on Twitter. The
study uses a combination of uni-gram, stylometric, and linguistic features. Subsequently, three well-known
classifiers, namely decision tree (DT), SVM, and NB, were applied independently. The best performance,
i.e., 68.67%, was obtained by the SVM-based classifier using all the features combined. Later, the study has
been extended [11] by applying new feature selection techniques like SubEval, principal component analysis
(PCA), ReliefEval, CorrEval, and InfoG. However, the performance recorded by the classifier was slightly
better 68.90%). In 2018, an extensive study [8] investigated the performance of four classifiers, namely RF,
SVM, DT, and NB, using n-gram and stylometric features under several conditions. The main findings were
that applying n-grams technique leads to better results, while the best accuracy rate, i.e., 94%, was obtained
by the RF classifier.

A recent study [12] attributed the authors of offensive and inappropriate Arabic tweets. The authors
compiled 20,357 tweets of 134 users from different Arab countries. The tweets were compiled from users
who posted their disappointment with the Nicki Minaj’s performance that was supposed to be held in July
2019 in Saudi Arabia. Then, their classifier implemented a document clustering based on document index
graph (DIG) model and PCA as a feature selection method. The accuracy rate reported is around 83%.

The last example will be a study [13] that aimed to benefit from using a bagging model to improve
the accuracy of Arabic AA on Twitter. The authors compared the performance of their bagging classifier
with three single learners, namely NB, SVM, and DT. As a result, the bagging classifier outperformed the
other single classifiers by obtaining the best performance (95,03%). It is worth mentioning that ensemble
methods have also shown effectiveness when applied for AA of fatwas written in Arabic [14].

3. METHOD

Our overall methodology consists of five main stages. The first stage is preparing four sub-datasets.
The second includes various text processing techniques. Next, we identify the features representing the
original text using stylometric and linguistics features. In the fourth stage, only relevant features are kept
using two different methods, TF-IDF and Countvectorizer. These top-ranked features will be fitted to the
classifiers in the last stage. Figure 1 displays our overall methodology.

* Adapting two sub-datasets based on the number
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* Stop word removal:a list of 5,647 Stop words
' * Stemming: ARLSTem, MadamiraStemmer, ISRIStemmer, and Tashaphyne
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Figure 1. Overall methodology for the proposed study
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3.1. Dataset

Our dataset is part of the BZU-ECE corpus [15]. This latter is a collection of 71,391 Arabic tweets
posted by 44 different authors. We prepared four sub-datasets to investigate the effect of increasing training set
size and the number of classes on the performance of AA classifiers. As results, the first sub-dataset includes 10
authors and 1,350 tweets per each. The second includes 10 authors and 500 tweets per each. The third includes 5
authors and 1,350 tweets per each. Finally, the fourth includes 5 authors and 500 tweets per each.

3.2. Text processing techniques
The effect of the following text processing techniques on the AA of Arabic tweets is investigated:

a) Stop words removal: Although stop words are not related to a text’s subject, their use may be related to
the author’s writing style. Therefore, we investigate this hypothesis by studying the effect of a stop
words removal task on the performance of AA classifiers for Arabic short texts.

b) Stemming: We used four different Arabic stemmers that were previously under investigation for their
benefits for Arabic text classification. These stemmers are ARLSTem v1.0 [16], Tashaphyne, integrated
system of rice intensification (ISRI) stemmer [17], and the stemmer included in Madamira [18].

c) Lemmatization: Lemmatization has recently proved to be beneficial for Arabic text classifiers [19]-[21].
However, Lemmatization’s impact is rarely investigated for Arabic AA. Hence, we included in this
investigation using Madamira’s lemmatizer.

d) Part of speech tagging: Very few works have involved the PoS tagging in Arabic text classification in
general [22], and in Arabic AA in particular [8], [10]. Thus, two robust Arabic PoS taggers have been
used, namely the Stanford’s PoS tagger [23] and the PoS tagger of Madamira.

3.3. Stylometric features

Stylometric features are intensively used for AA to quantify the writing style. In this study, we
identified 25 features that represent three aspects of stylometric features namely, lexical, syntactic, and
structural. Table 1 exhibits the 25 stylometric features adopted in this study.

Table 1. Stylometric features extracted
Category  Lexical and Character Syntactic Structural

9. The number of Nouns
10. The number of Verbs
11. The number of Proper Nouns

1. The number of characters 12. The number of Adjectives
2. The number of words 13. The number of Adverbs
3. The number of unique words 14. The number of Pronouns
4. The maximum length of the words 15. The number of Prepositions
Features 5. The minimum length of the words 16. The number of Feminine ég 122 :xi;ggg Z\é?\rtgr:sg?;:gth
6. The number of punctuations 17. The number of Masculine '
7. The number of digital numbers 18. The Number of Singular Words
8. The number of Foreign (non- 19. The Number of Plural Words
Avrabic) words 20. The Number of Dual Words

21. The Number of 1% Person
22. The Number of 2" Person
23. The Number of 3 Person

3.4. N-grams models

N-grams or bag-of-n-grams is a language model that uses statistical techniques to learn the
probability distribution of tokens (words). It is considered as an extension of bag-of-words in which the
sequence of n tokens is calculated. Surveying the literature, the most n-grams sequences used are 1-gram,
2-gram, and 3-gram. To make our study more extensive, we used all these three types of n-grams models.

3.5. Feature extraction

For text classification, feature extraction is converting primary textual content into numerical
features that will be handled by the classifier. In the current study, we investigate the effects of using both
Countvectorizer and TF-IDF as feature extraction methods. Countvectorizer and TF-IDF are commonly used
as feature extraction methods. Countvectorizer counts the frequency of each word in the processed data;
whereas, the TF-IDF measure is calculated by multiplying the occurrence probability of a term in a single
tweet (i.e., TF) and the inverse log of the number of tweets containing that term (i.e., IDF). Using such
statistical methods have shown to be beneficial for AA and outperformed the state-of-the-art stylometric
features [24].
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3.6. Classification algorithms

In this stage, we used three cutting-edge classifiers, namely NB, SVM, and RF to evaluate the
effects of the aforementioned factors. These classifiers are first implemented individually. Then, they are
used to build a Bagging classifier. This Bagging classifier compound the ensemble predictions generated
by the three classifiers to get the final prediction based on a majority voting procedure. In another words, it
selects for each anonymous tweet the most voted author. If the given authors from the three classifiers are
unlike; then, we select the author given by the most accurate classifier that outperformed the others under
the same conditions.

4. EXPERIMENTS AND RESULTS

In this study, we investigated the effects of six main factors on the AA task under several
conditions. This results a total number of 792 tests, and we recorded the accuracy rate of each test. Retrieving
insights from these many rates is complicated; therefore, we represent the findings in brief and
comprehensible forms in the following sub-sections.

4.1. Effect of the training data size

The first factor to investigate is the size of the training dataset. We prepared two datasets that
comprises 1,350 and 500 tweets. All the 792 classifications are covered in this comparison. Then, we simply
compared the two accuracies achieved by each classifier under the same conditions except for the training
data size used to train the classifier. Thus, in 308 cases (78%), the classifiers achieved the best accuracy
when 1,350 tweets are used; whereas, only in 88 (22%) cases, the classifiers performed better when 500
tweets are used.

4.2. Effect of the classes’ number

The same as in the previous comparison, we have 396 comparison cases. Between the performance
of each classifier using 5 classes and using 10 classes while fixing all the other factors. In the end, we found
that all classifiers in all cases (100%) achieved their highest accuracy using only 5 classes.

4.3. Effect of text processing techniques

Selecting the appropriate linguistic feature that can represent the original text is still intriguing
researchers working on Arabic text classification [19], [20]. Therefore, we used 10 different linguistic
features to represent the tweets’ text. The baseline represents the original words as they are in the tweets.
Further, the same baseline words are used but after removing stop words. Then, we replaced the tweets’
words by their stems using various Arabic stemmers namely ISRI, Tashaphyne, ARLSTem, and Madamira
stemmer. Also, we used the lemmas generated by Madamira. The PoS tags are also involved using two
tagsets, those generated by the Stanford PoS tagger and those of Madamira. Finally, the combination of all
these features is used.

Each of these 10 linguistic features is used in classifications that involve two sub-datasets, two
groups of classes, three classifiers, three bag-of-n-grams, and two feature extraction methods. Consequently,
10*(2*2*3*3*2) = 720 accuracy rates are reported. However, we calculated the averages of these accuracies
to make these results easy to understand for the reader. Thus, Table 2 presents those results for each classifier.

Table 2. Average and highest accuracy achieved by the classifiers using linguistic features

Features . Average Highest Features - Average Highest
Classifiers Classifiers

selected accuracy accuracy selected accuracy accuracy
Baseline SVM 85.37 92.6 Madamira SVM 65.53 77.9
NB 87.62 93.2 Stems NB 66.35 75.33
RF 79.86 92.6 RF 60.61 71.84
Baseline with SVM 86.37 92.6 . SVM 64.98 78.18
stop words NB 87.74 93 '\I’_'Z‘i?r':]‘;;a NB 66.35 76.28
removal RF 78.89 85.7 RF 60.60 71.57
ISRI Stems SVM 83.42 92.2 SVM 37.18 50.54
NB 84.70 89.85 Star;;"rs‘itpos NB 3119 406
RF 76.96 85.18 g RF 35.93 48.4
Tashaphyne SVM 84.36 92.2 . SVM 41.29 53.72

Stems NB 85.94 01 masdﬁg“sg NB 34.01 44

RF 77.68 86 g RF 38.89 50.54
ARLSTem SVM 85.16 92 . SVM 61.17 87.36
Stems NB 86.83 914 C,fe'zttl’;gid NB 81.00 89.45
RF 78.24 86 RF 78.47 85.81
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According to Table 2, the best average accuracies are achieved by all the classifiers when the
baseline words are used as features. These average accuracies are slightly increased when stop words are
removed (SVM and NB). On the contrary, they are decreased when the baseline words are replaced by their
stems (similar to [25]), lemmas, PoS tags, or by their combination. Additionally, 8 out of the 10 best average
accuracies are recorded by the NB classifier while only 2 have resulted from the SVM. However, this latter
achieved 7 out of the 10 highest accuracies; whereas the remaining 3 are obtained by the NB classifier.
Another observation is that the less accuracies are achieved when the stems or lemmas of Madamira are used.
Regarding the PoS tagsets, the Stanford PoS tagger seems to lack behind Madamira.

4.4. Effect of stylometric features

The effects of the aforementioned three types of stylometric features and their combination are
investigated using the same two sub-datasets, two groups of authors, and the three classifiers. This led to
performing 4*(2*2*3) = 48 different classifications. The findings are summarized in the following Table 3 that
presents only the average accuracies alongside the highest accuracies that have resulted from all the classifiers.

As seen in the table, the best average accuracies are achieved by the SVM and the NB classifiers
when only the syntactic features are used; whereas, the best average accuracy, which resulted from the RF
classifier, is recorded when all the stylometric features are combined. Except this latter achievement recorded
by the RF classifier, the SVM classifier was the best in all other cases.

Table 3. Average and highest accuracies achieved by the classifiers using stylometric features
Stylometric features  Classifiers  Average accuracy  Highest accuracy

SVM 38.97 49.11
Lexical features NB 32,51 40
RF 34.98 44
SVM 34.23 43.18
Structural features NB 27.76 38.66
RF 29.50 38.51
SVM 40.35 48.8
Syntactic features NB 32.60 40.4
RF 37.60 48.6
SVM 38.38 48.9
Combined features NB 25.23 33.81
RF 39.28 48.63

4.5. Effect of n-grams

To investigate the effect of bag-of-n-grams on the AA classifiers, we have adopted the uni-gram, bi-
grams, and tri-grams to learn the probability distribution of tokens. This investigation is based on the same
720 accuracy scores mentioned previously while the linguistic features were used. Similarly, we calculated
the average accuracies that have resulted from the classifiers for each language model of these n-grams.
Table 4 summarizes the results achieved by each classifier using those n-grams. According to Table 4, the
best average accuracy (71,96%) and the highest accuracy (93,2%) are reported when the tri-grams model is
used. Furthermore, the NB classifier outperforms the others in terms of either the best average accuracies or
the highest accuracies achieved.

Table 4. Average and highest accuracies achieved by the classifiers using bag-of-n-grams
N-grams  Classifiers  Average accuracy  Highest accuracy

Uni-gram SVM 68.65 91.8
NB 69.72 91.4
RF 65.34 91.2
Bi-grams SVM 70.02 92.6
NB 71.86 92.6
RF 67.18 924
Tri-grams SVM 69.78 92.6
NB 71.96 93.2
RF 67.32 92.6

4.6. Effect of feature extraction methods
Among the factors investigated in this study is the method implemented for the feature extraction
stage. As noted in section 3.5, we have adopted the Countvectorizer and the TF-IDF. Both methods were
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used in all the classifications performed. Likewise, we calculated and listed in Table 5 the average as well as
the highest accuracies that have resulted from the classifiers for each feature extraction method.

According to Table 5, the average accuracies that have resulted from each classier while using
Countvectorizer or TF-IDF are quite similar. However, the best result is reached while using the
Countvectorizer as a feature extraction method. Although the NB classifier achieved the highest accuracy, it
also scored the lowest accuracy when implementing the TF-IDF method.

Table 5. Average and highest accuracies of the classifiers according to the feature extraction methods used
Extraction methods  Classifiers  Average accuracy  Highest accuracy

Countvectorizer SVM 71.07 89.85
NB 72.74 93.2

RF 66.97 86.96

TF-IDF SVM 70.19 92.6

NB 72.04 924

RF 67.47 92.6

4.7. Effect of classification algorithms

We implemented three classifiers namely NB, SVM, and RF separately under various conditions,
which produced 240 accuracy results for each classifier. First, the classifiers were ranked according to their
performance. Then, the output of the most accurate classifier is selected in the Bagging classifier when the
given authors from the three classifiers are unlike. Consequently, the NB classier was ranked first in 115
cases (48%), the SVM classifier in 106 cases (44%), and the RF classifier in only 19 cases (8%). Next, we
calculated the average and the highest accuracies that have resulted from the classifiers separately as well as
the results achieved by the bagging classifier. Table 6 exhibits the findings.

The full experiments showed that the performance of both NB and the SVM is generally quite similar
in terms of the number of cases they ranked first and the average and the highest accuracy recorded. However,
the NB classifier ranked first in the owverall investigations when the three classifiers are implemented
individually. Still, the best average (90,91%) and the highest (97,4%) accuracies reported in the whole
investigation are those achieved by the bagging classifier. For completeness’s sake, we provide a comparison of
our best result with similar works. Table 7 exhibits the relative conditions of each study that led to its best
accuracy rate. According to this comparison, the current study achieved the highest accuracy (i.e., 97.4%).

Table 6. Average and highest accuracies achieved by the classifiers
Classifiers  Average accuracy  Highest accuracy

SVM 69.48 92.6
NB 71.18 93.2
RF 66.61 92.6

Bagging 90.91 97.4

Table 7. Highest accuracies achieved by similar studies

Classifiers Avg tweets Nb. of Features N-grams Feature extraction method Classifier Highest
per author authors selected accuracy
[7] 2,660 20 Baseline 1-gram TF-IDF NB 61.6
[10] 3,120 12 ngmsﬂcst * 1-gram StringToWordVector SVM 68.67
Stylometric
Linguistics + SubEval, CorrEval, PCA,
(1] 3,120 12 Stylometric ~ 79raM ReliefEval, and InfoG SVM 68.9
[8] 747 2 Stylometric 1-gram TF-IDF RF 94
[12] 152 134 Stylometric 1-gram PCA DIG 83
[13] 1,479 45 Baseline 1-gram TF-IDF Bagging/SVM 95.03
Our . - Major voting
model 500 5 Baseline 3-grams Countvectorizer (NB+SVM+RF) 97.4

5. DISCUSSION
Here is a quick recap of what is being done in the current investigation. This study investigated the
influence of various factors on the entire AA procedure. Indeed, the results reported confirm that all six
factors have an impact on the author’s attribution efficiency. The list below summarizes the findings:
a) Training data size: 78% of the experiments conducted led to improved accuracy when the number of
tweets per author increased from 500 to 1,350.
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b)  Number of authors: As the number of candidate authors increases, it leads to a decreased accuracy.

c) Selected features: The investigation shows that the accuracy dropped for all the attribution performed
when the baseline words were replaced by linguistic or stylometric features. Nevertheless, since the
original dataset was already lemmatized and the stop words were removed, the influence of using the
morphological (i.e., stems and lemma) and syntactic (i.e., PoS tagset) features on author’s attribution
may need further investigation using a different dataset.

d) Bag-of-n-grams: 62% of the highest accuracies are recorded when the tri-grams model was used, 32%
with bi-grams, and only 6% with the uni-gram model.

e) Feature extraction: 60% of the highest accuracies are scored when the TF-IDF is used, whereas, 40%
with the Countvectorizer. However, we should point out that both the best average and the highest
accuracy in the entire investigation were recorded when the Countvectorizer method is implemented.

Classification algorithm: The NB and SVM classifiers shared the first and best ranks, while the
performance of the RF classifier remains weak compared to them. However, the accuracy recorded by the
bagging classifier in different experiments was always higher than those achieved by the other classifiers
separately. After checking some samples, the reason may be because the three classifiers attribute different
incorrect authors and these differences are exploited in combination to yield better results. Therefore, using
the Bagging classifier is recommended, especially if involved classifiers generate different incorrect classes.

6. CONCLUSION AND PERSPECTIVES

This extensive investigation is among very few works that addressed the AA of Arabic tweets.
Through this work, we studied the influence of various factors that are generally employed in text
classification. The results showed that each factor has its impact on the entire classification procedure. To
emphasize this claim, we conducted many comparative studies and the best accuracy rate of the author’s
identification was always recorded and discussed according to the factor under investigation.

This work is among the contributions that aim to fill the gap between Arabic AA and western
languages. Despite the encouraging results obtained, more extensive and detailed investigations are still
required. Besides, building freely available datasets is among our primary recommendations. Additionally,
we highly recommend investigating what features are the best to represent the original text, especially for
highly inflected languages like Arabic. Involving at least one feature extraction method seems to be sufficient
to level up the performance. Finally, improved attribution is always still at hand by combining the outputs
achieved by different algorithms using the Bagging classifier.
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