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Abstract:

The problem of Authorship Attribution (AA) relies on distinguishing features to capture the writing style of the
author. The models of character n-gram have been identified as the most successful features for representing the
stylistic properties of a text. This study explores the use of punctuation marks within character n-grams as a
feature representation of a document for Arabic AA of short texts. Starting from a variable length of character n-
grams (2-, 3-, 4-, and 5-grams) used to generate feature vectors, the experiments were conducted independently
for each feature condition, using Chi-squared selection method with varying feature set sizes. Different machine
learning was trained to represent the probability of membership for certain authors. This study showed that by
adding punctuation to the construction of character n-grams, the length of 5-grams and 4-grams enhanced the
classification performance more than smaller lengths of 2-grams and 3-grams conditions. The results confirmed
a high attribution effectiveness at 0.93% with Macro Fi- measure for AA of short texts. This method yields an
improvement in the performance of AA by 7.5% with Macro Fi1- measure that when punctuation marks are used
within character n-grams. The punctuation therefore provides further insight into the writing style of the author.
This study contributes in improving the attribution performance of the issue of text size for Arabic authorship
attribution.

Keywords: Authorship Attribution, Text classification, Punctuation marks, Character n-grams, Machine
Learning.

Cite this article as: F. Howedi, S. Alharm, “Punctuation Marks Effect on Arabic Authorship Attribution Using
a Variable Length of Character N-grams,” African Journal of Advanced Pure and Applied Sciences (AJAPAS),

vol. 2, no. 4, pp. 352-359, October-December 2023
Copyright: © 2023 by the authors. Licensee

Publisher’s Note: African Academy of Advanced O) -
. . (:) African Journal of Advanced Pure and
Studies — AAAS stays neutral with regard to Applied Sciences (AJAPAS), Libya. This

{ﬁ;?g;ggﬁgf;},ﬁ:?;?snsm published maps - and article is an open access article distributed under the terms
' and conditions of the Creative Commons Attribution (CC
BY) license (https://creativecommons.org/licenses/by/4.0/).

N-grams <Y 5 piia Ji shi aladialy 4y all (e gaill Cillill sliad o a8 8l cladle il

PSR PR RS PNPNSPRREWAE
Ll ) M,.\ALY\ 2_3)4“\1\ doalall (il glaal) 40185 A4S c gualal) ?jk’ e.mﬁz‘l
gaidlall
Jiiad e ae b il (e ) 4 e (features) “leudl ) a5ul 445 5 (AA) Authorship Attribution ol sl A i
Cangh (a geaill A sl Gailiadl) Jia 8 Lalad 3okl ST (e aliil) n-grams <ioal 4 sk s il ell 4USH (gl 48 jaa
I cppan Jad e @i g 8 nail) Ay jall o geaill Callill diay A ol g n-grams Caal cpana o Al Gladle aladiny Al Al o3a

352 | African Journal of Advanced Pure and Applied Sciences (AJAPAS)


https://aaasjournals.com/index.php/ajapas/index

N-grams <Y 5 e J) shal sl ce feay Callill slind 485 cpuad e cladlall sda il o (S (520 (61 ) ol 5 JiuY) daga
Sladall 038 (552 5 el (any A ad il Gldle ae cn-grams (e Jsb S Jiie JC58 @ plaill ¢ sl 23 (2, 3, 4, and 5-grams)
3 Al jall 038 & jedal | Juadl (S Callil) sl dagae ool 3y el @lld 5 1Y) aleil Cayial Cilga 5l s DG (g i 23 LS (5 5a0 o jla b
by e ST IS8 2LuY) elal (e Candy 4-grams 5 5-grams J) sk <ld Caoa¥1 lé n-grams <ol ) a5l cladle dilal
n-grams s jal (paca pd il Gladle pladinly 450 2l all o3a ] il WS .3-grams s 2-grams il 8 LS 3 peall eté;\J\ &ld
Ao alisl & e Jgeandl 8 45 Hhall 038 Ciael Can (0675 Aty SV A8 Gt 35 S Allad < yelal ((N) 5k J) skl as
Ce A8 pmall (g 1y ja g Al Claglaa 358 il ledle Gl Ml 5 A jall Ga seaill (Fy- measure) Fy obdl) Jaee e %93 il
oS S aalud el J)gla¥) el n-grams al e il Aladle Gpanalt e aaiad Sl A jhall oda b ellhy g calgal) 2 o sbad

Bl Gy jall (a peaill Caallal) sl dega elaf cppuad e

AW e en-grams <aal e il cledle ((a gaail) Cagiat cCadlil slin) s dalidal) cilalsl)

Introduction

Authorship attribution (AA) is the process of identifying the authors of an anonymous document, usually from a
pre-defined set of writers [1][2]. Automatic AA provides a valuable tool for a variety of applications including
forensic examinations, academic plagiarism detection, and intelligence source identification. While text content
is the only element employed in text classification (TC), writing style plays a significant role in AA. This makes
AA a different kind of classification challenge. Writing style can be broadly understood as the underlying
approaches of sentence constructions that are subject to analysis through the use of a range of components known
as stylometric analysis. Different metrics of lexical repetition are among the stylometric traits that are essential in
this context [3]. Because they may capture nuances at the lexical, syntactic, and structural levels, character n-gram
characteristics are a very effective way to represent texts for stylistic reasons [4][5].

The field of AA has seen several studies on very short texts in multiple languages in recent years. Promising
outcomes have been observed in certain studies of short texts using 500 character [6] or 500 words [7][8]. Short
texts, ranging in length from 290 to 800 words, are used in this study to approximate the length of ancient Arabic
texts. This enables to test the scalability of our methodology using very short text documents to show the impact
of excluding and including punctuation marks within character n-grams on Arabic Authorship Attribution.

In the case of AA, machine learning techniques have produced results that are satisfactory. Among other
classifiers, the estimates from the Naive Bayes (NB) and Support Vector Machine (SVM) classifiers have
demonstrated high efficiency and accuracy in classification tasks [9][10]. As a result, these classifiers seem
suitable for determining the author of unknown documents. Thus far, numerous studies in various languages have
benefited from the remarkable outcomes of n-gram-based algorithms. These findings have led to the successful
application of the n-grams method for text classification in AA in recent research projects [8][10][11][12]. In this
study, three machine learning algorithms of SVM, NB, and KNN were trained using a variable length of character
n-gram features including and excluding punctuation marks.

In the present study, several features of character n-gram with a variable length were used to generate vectors of
features for Arabic short texts written on the same topic. Furthermore, a pre-processing step that leaves
punctuation marks in texts intact for use as character features within n-grams is also included. This for improving
the performance of classification for AA task in short Arabic texts. Using methods from Information Retrieval
(IR), Machine Learning (ML), Natural Language Processing (NLP), and Data Mining, the comparative
performance of each feature vector is examined. In this work, three distinct ML algorithms SVM, NB, and KNN—
were employed because they enable taking into account a broad range of pertinent features without experiencing
a discernible decline in accuracy if the majority of these features turn out to be irrelevant [13].

1. Material and methods

This study approached AA as a text classification task. Documents are automatically categorized by TC based on
a predetermined set of authorship classes. The majority of TC systems use two stages. Figure 1 illustrates the TC
approach concept used for the AA task. A pre-processed data set serves as the starting point, after which the data
is divided into train and test sets. Based on predictive features that are extracted from data, training and test
instances are generated. Using the training data, an ML model is constructed in the second phase. Finally, using
previously unidentified documents (the "test data™), the generated model is tested. The term frequency of each
selected feature is represented by numerical feature vectors in the training and test instances, which are then
followed by the label of author.
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Figure 1: Conception approach of AA as a TC task.

The following section explains the process of the AA task which consists of features extraction that was computed
in numerical information, and selecting features, and then the classification task was applied using ML algorithms
of NB, SVM, and KNN which rely on extracted features, finally, evaluation of the method are presented.

1.1 Features Extraction

The frequency of punctuation is probably a reliable indicator of authorship; some authors, understandably, avoid
using punctuation to save time by substituting commas and question marks for periods and periods [15][16]. By
including punctuation marks within character n-grams and excluding them in certain experiments, this study
presents particular AA experiments. The procedure of splitting the input texts into character n-gram here was
preceded by replacing all punctuation marks with spaces before feature extraction in some experiments, while in
other experiments the punctuation marks were split within character n-gram using a variable length of n. The
language used in the text affects the features and how to extract them [18]. In this study, different lengths (n) of
characters were extracted, including character 2-gram, character 3-gram, character 4-gram, and character 5-gram.
Table 1 shows a description of each extracted feature of character n-grams using the following sentence example:

A ) cand i,

Table 1. Description of each extracted character n-gram feature (note: the underscore symbol ” _” represents

Characte| Length of n-grams SpaCGS_)I_he features extragtion of @he sentence example:

n-grams grams (n name 74sa ) ehéu-‘-;-“. _
c2 5 Bi-grams T s B ?Eu.'asu.\;‘bé 3G S e
c3 3 Tri-grams ol ?IEEQI«SI%:A%; ::_ Rt
Cc4 4 Tetra-gram - d“—«:& !‘1 ‘;'Maa T:s_;j;é ;‘T@u -~
C5 5 Penta-gram ‘%:A ;:j:a *;'fj; u:jj i;‘i j;\f:

1.2 Selecting Features

The present study used the technique of Chi-squared (Chi-x?) as the method of features selection (FS). All features
selection methods have as their common denominator the ranking of the features based on their independently
calculated scores, followed by the use of an evaluation function to choose the highest scoring features [10]. By
eliminating features that are unnecessary for the classification task, FS methods seek to reduce the dimensionality
of a data set [14]. Reducing the curse of dimensionality to produce better classification accuracy is another
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advantage of FS [14]. For the best features with the highest Chi-x? value to be included in the feature vectors fed
into the NB, KNN, and SVM classifiers.

1.3 Classification

Features extraction and classification are the two main steps in the AA task. In the current study, the step of
feature extraction is focused on extracting different lengths of character n-gram features for each candidate author.
The second step was to train ML algorithms by implementing three different classification algorithms SVM, NB,
and KNN using the extracted features of the first stage and then calculating and comparing the results with the
features of anonymous texts in order to identify the writer of anonymous texts.

In the experiments here, authorship was classified using three classifiers SVM, NB, and KNN. In addition, a 3-
fold cross-validation technique was used to divide the AAAT dataset into test data and training data, which were
used for building a probabilistic classification model of each classifier per author. Figure 2 shows the feature
extraction and classification processes of AA that are applied in the present study.

Phase (1): learning

Pre-Processing i Error Analysis
« Normalization Learning e 3-cross
Training Data e Dimension e SVM validation
Of Arabic texts reduction * NB e Precision/Re AA
(AAAT) datset) o teknostion e KNN -call /F1 Model
Phase (2): Prediction
AA
Mode
Prediction Predicted Data
New Data Of

Arabic texts

Figure 2: Classification task stages of AA process in the present study.

1.4 Evaluation

For evaluating the classification performance, the dataset was divided into 3 subsets according to the technique
of K-fold cross-validation, using 3-folds. One subset becomes a test set and the remaining becomes training set
for each iteration. With this experimental configuration, we ensure that all the text data are part of both training
and test. Moreover, the measures of Macro averaged recall "Rr ™" Macro averaged precision "Pr ™" and
Macro F1 were used to justify the experiment results.

2. Corpora and Experimental Settings

The experiments were done on an Arabic data set called AAAT, which was used in previous studies [8][10]. The
AAAT dataset consists of three ancient Arabic documents per author. There are ten different authors of these
texts. To make processing easier, the data was converted to UTF-8 format. Next, a pre-processing algorithm that
we designed it for tokenization, punctuation mark removal, and normalisation processing received the data. The
effectiveness of the feature extraction and classification phases depended heavily on the results of this text pre-
processing step.

3. Results and discussion

This work investigates a pre-processing method to insert textual Punctuation Marks (PMs), so that they can be
used as character features within n-grams. Moreover, Chi-squared scores were ranked in the experiments
individually for each character n-grams condition that appeared in each document per author. Following that, the
most frequent feature of each character n-grams including PMs and excluding them was selected using different
frequency threshold values. The results of using different lengths of character n-grams with various sizes of the
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features set by applying selection methods of Chi-squared are shown in Tables (2 -4) in terms of recall Re ™ and
precision pr ™, The best results of each length of n-grams when including PMs and excluding them are in bold.

Table 2. The results of applying different lengths of character n-gram Including PMs within n-gram vs.
Excluding PMs, using SVM.

Character Including PMs within n-gram Excluding PM from n-grams
n-grams (Pr (M) (Re M) (Pr W) (Re M)
C2 69.17% 70.00% 68.33% 66.67%
C3 93.75% 83.33% 92.50% 86.67%
C4 90.00% 83.33% 83.33% 80.00%
C5 91.79% 83.33% 70.83% 70.00%
PRETEES Cifine sl 86.17% 79.99% 78.74% 75.84%
of all n-grams

Table 3. The results of applying different lengths of character n-gram Including PMs within n-gram vs.

Excluding PMs, using NB.

Character Including PMs within n-gram Excluding PM from n-grams
n-grams (PI’ (M)) (Re (M)) (pr (M)) (Re (M))
Cc2 44.00% 46.67% 36.67% 40.42%
C3 77.67% 76.67% 79.83% 73.34%
C4 90.17% 86.67% 82.92% 83.33%
C5 94.17% 93.33% 77.50% 76.67%
Average of the results 76.50% 75.83% 69.23% 68.44%
of all n-grams

Table 4. The results of applying different lengths of character n-gram Including PMs within n-gram vs.
Excluding PMs, using KNN.

Character Including PMs within n-gram Excluding PM from n-grams
n-grams (PI’ (M)) (Re (M)) (pr (M)) (Re (M))
C2 45.58% 56.67% 69.56% 53.33%
C3 79.79% 88.00% 69.72% 63.33%
C4 61.58% 53.33% 79.95% 66.67%
C5 75.58% 53.33% 61.00% 53.33%
Average of the results 65.63% 62.83% 70.05% 59.16%
of all n-grams

The summary in Tables (2 - 4) indicates that in most cases (especially when SVM and NB classifiers were used)
character features are better when they include punctuation marks. This is because the feature set size of the AAAT
data set increased when punctuation was included as a feature within the 2-, 3-, 4-, and 5-gram conditions. This
indicates that this increase in the feature set size of short texts proved more details about the author. Punctuation
therefore revealed something about the author. However, characters of 2-grams and 4-grams conditions using
KNN seemed to have the best percentage of average precision (Pr ™) and recall when they excluded punctuation
marks. Moreover. It is noteworthy that in all cases when using the classifiers of SVM, NB, and KNN, the most
significant performance improvement occurred when punctuation marks were added to the character 5-grams
condition.

From Table 1, it can be elicited that the results of the best classification improved from roughly 70.83% to 91.79%
in terms of precision (Pr ™), and from 70.00% to 83.33% in terms of recall Re™ that was when punctuation
marks were added to 5-grams.

Likewise, Table 2 indicates that the best classification results improved in terms of precision (Pr ™) from 77.50%
to 94.17% and in terms of recall (Re™) from 76.67% to 93.33%, this is when punctuation was added to the 5-

356 | African Journal of Advanced Pure and Applied Sciences (AJAPAS)



gram condition as opposed to the 2-gram,3-gram, and 4-gram conditions. The reason for this was the way of the
combination of punctuation within 5-grams, where one punctuation mark could appear with character 5-grams in
five different ways; Thus, the frequency of appearing each punctuation mark occurs in five different n-grams
which leads to an increase the number of features of the texts which can help classification algorithms to classify
the author of short texts correctly. While, when punctuation marks become a part of the 2-grams, indicated that
one 2-grams might occur with one character. Thus, the number of features of these 2-grams does not necessarily
increase, as the case of 5-gram. In this respect, punctuation marks have less of an impact on short texts when they
are added to small lengths of n-grams, such as the constrictions of 2- and 3-grams, than when they are added to
5-grams, which increases the feature size of the data set and provides more information about the author of the
short text. The punctuation therefore reveals the author's style.

Additionally, based on all of the data, it was found that adding punctuation marks to character n-gram
constructions improved classification performance more when the n-gram length was five than when it was two,
this also held when punctuation were combined with the 3-gram and 4-gram conditions.

Generally, in both cases when punctuation marks are included or excluded from the AAAT data, the best
classification score was produced with 5-grams level using NB classifier, which produced the largest improvement
in average precision (Pr ™). On the other hand, the best average of the results of all n-grams conditions was using
SVM classifier in term recall (Re ™) when punctuation was included.

3.1 The effect of punctuation to potential robustness to algorithms of machine learning

The classifiers comparison experiments are shown in this section. In order to prevent situations where one
authorship class was not more well-represented than another, the classifiers were presented with an equal number
of instances for each author, a circumstance that can lead to incorrect classifications [17]. These experiments
demonstrated the robustness of three distinct classifiers in performing AA using various features of character n-
grams, including and excluding punctuation marks, using a small amount of data from short Arabic texts.
Furthermore, the classifiers were employed using the RapidMiner toolkit. It was recalled that 3 text documents
for each an author were collected and stored in AAAT dataset. Thus, a three-fold cross validation was performed.
Two texts were used for the training phase and a third text was used for testing for each fold. The process was
then carried out once more. As a result, every fold was saved for testing, necessitating three attempts at the
classification task. The average results for the AAAT data set were then determined by combining the outcomes
of these three classification tasks. Table 5 indicates the micro Fi- measure of the best attributions using SVM,
KNN and NB classifiers with different lengths of character n-grams including punctuation and excluding them.
While, table 6 shows Micro F1- measure averaged of overall attribution.

Table 5. The results of Micro Fi- measure Averaged of overall attribution obtained by applying different
lengths of character n-gram Including PMs within n-gram vs. Excluding PMs, using NB, SVM, and KNN
classifiers Including PMs within n-grams Excluding PMs from n-grams
2-gram 3-gram | 4-gram 5-gram 2-gram | 3-gram 4-gram 5-gram
SVM 0.67738 | 0.84454 | 0.82809 | 0.82571 | 0.63499 | 0.86238 | 0.72904 | 0.67047
NB 0.42539 | 0.74834 | 0.85738 | 0.93238 | 0.37079 | 0.73620 | 0.78952 | 0.76571
KNN 0.47970 | 0.69589 | 0.51166 | 0.54284 | 0.53776 | 0.61904 | 0.65809 | 0.51277

According to Table 5, the best classification result was obtained by applying the NB classifier on 5-gram when
punctuation marks were included, yielding a score of 0.93238 of the F1- measure. Conversely, the application of
the NB classifier on the 2-gram produced the lowest classification result when punctuation was excluded at
0.37079 of the F1-measure. This classification result of 0.37079 could not be used to ascertain whether a text was
written by the author or not. This means that the NB classifier provided more information about the author of the
short texts when punctuation marks were added to all n-grams conditions: 5-gram, 4-gram, 3-gram, 2-gram which
respectively provided at the levels of 0.42539, 0.74834, 0.85738, and 0.93238 compared to the same experiments
when punctuation marks were excluded, which reached less percentage at the levels of 0.37079, 0.73620, 0.78952,
0.76571 respectively.

The results of the SVM classifier on the 5-gram, 4-gram, and 2-gram conditions showed that excluded punctuation
marks also produced the lowest classification results. These conditions yielded F1 measures of 0.63499, 0.72904,
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and 0.67047, respectively. Included punctuation marks produced higher classification results at 0.67738, 0.82809,
and 0.82571, respectively. The exception to this was the 3-gram condition, where excluded punctuation marks
produced a high F1- measure of 0.86238 before falling to 0.84454 when punctuation marks were added, as shown
in Table 5.

Regarding the KNN classifier, the classification results of including punctuation within character n-grams and
excluding them provided different results of F1- measure. As indicated in Table 5, some conditions of n-grams (3-
gram and 5-gram) improved the classification when including punctuation, while some conditions of n-grams (2-
gram and 4-gram) improved the classification when punctuation was excluded.

According to Table 6, both the NB and SVM classifiers performed better at classifying when punctuation was
included within n-grams. Specifically, the classification performance of the average of all results was enhanced
by 7.5% and 6.25%, respectively, when NB and SVM were used. This means that the procedure of adding
punctuation within n-grams enhanced the performance of the proposed method. Therefore, It can be stated that
punctuation frequency is probably a reliable indicator of AA.

Based on the improvement values shown in Table 6, the classification performance of the KNN classifier same to
not be good when punctuation marks were included within character n-grams. This was probably caused by the
fact that the KNN classifier was built to handle even larger amounts of data than were utilised in the experiments
of this study.

In conclusion, table 6 illustrates that, among the three ML algorithms employed in this investigation, the NB
classifier yielded the best-improved value of including punctuation marks within character n-grams. On the other
hand, as Figure 3 illustrates, the SVM classifier produced the highest average of overall attribution. Additionally,
the KNN classifier displayed the lowest classification based on figure 3.

Table 6. Micro F1- measure Averaged of overall attribution obtained by using NB, SVM, and KNN, and the
improvement of Including PMs within n-gram vs. Excluding PMs from n-grams.

classifiers Including PMs within n-grams Excluding PMs from n-grams Impr;)e:/tzment
SVM 78.75% 72.5% 6.25%
NB 73.5% 66.0% 7.5%
KNN 55.25% 57.5% -2.25%
100.00%
80.00%
60.00%
40.00%
20.00%
0.00%
SVM NB KNN
Including PMs within n-grams Excluding PMs from n-grams

Figure 3: Micro F1- measure the percentage of the best attribution obtained by using NB, SVM, and KNN,
Including PMs within n-gram vs. Excluding PMs from n-grams.

4. Conclusion

This paper examines the impact of using punctuation marks within character n-grams as a feature representation
by applying three different Machine Learning (ML) for Authorship Attribution (AA) of short Arabic texts, where
each ML (SVM, NB, and KNN) was trained against two text documents per author. The selection method of Chi-
squared was used to carry out the experiments independently for each feature condition, utilising different feature
set sizes. The experimental results provided that the frequency of punctuation marks with character n-grams is
likely to be a good indicator of authorship. This procedure improved the performance of the method at 7.5% of
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macro Fi- measure as average of overall features. It can be concluded that the classification performance was
improved by the use of punctuation marks within character n-gram features. Punctuation appears to reveal more
details about the writing style of the author. This is conceivable because while some writers utilise punctuation
frequently, others do not.

According to the experimental results, the SVM and NB classifiers outperformed the KNN classifier using all
conditions of n-grams. Furthermore, most of the conditions of n-grams obtained the best percentage of macro F:-
measure when they added to punctuation marks. In addition, the length of 5-grams increased the classification
performance highly compared to the lengths of 2-grams, 3-grams and 4-grams conditions.

This study mainly contributes to the field of AA in short texts using a variable length of n-grams, and is specific
for the Arabic language. This study paid a lot of attention to improving the classification performance of the issue
of text size by using the specific procedure of using punctuation marks within character n-grams in the experiments
of authorship attribution.
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