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ABSTRACT The current paper aims to construct an inventory of stylometric and psychometric features
for the automatic identification of the author’s gender. These features are derived from an analysis of a
manually developed Saudi Dialect Twitter Corpus (SDTwittC), consisting of four million words. Given that
the study seeks to provide machine learning algorithms with the accurate set of features in solving the gender
identification problem, word-based, character-based, syntactic, and function words are all considered during
the selection stage. The word-based features constitute the largest category and they represent the possible
gender discriminators from sociological, psychological and lexical perspectives. The results show that Saudi
males use different styles that separate them from their female counterparts in terms of politeness (greeting,
thanking, apology, congratulation, encouragement, best wishes etc), impoliteness (profanity and sarcasm),
uses of intensifiers, hedges, color, emotion, reason, emoji among many others.

INDEX TERMS Automatic gender detection, feature extraction, Saudi dialects.

I. INTRODUCTION
With the rapid growth of social media platforms (e.g. Twitter,
Facebook, Instagram etc), the anonymity of authors raises
a cyber-security concern worldwide [1], [2]. In cyberspace,
users can conceal their personal information such as name,
gender, age and location, and they become undetectable to the
security forces. Under such anonymity, the perpetrators may
misuse their accounts and commit online crimes. According
to the FBI’s Internet Crime Complaint Center (IC3), unlaw-
ful acts over the internet such as fraud, non-payment, non-
delivery scams, personal data breaches and exhortation have
been responsible for a $2.7 billion loss in 2018.1 In attempt
to minimize cyber-threats, local law enforcement agencies
implement procedures and fund research that help in tracking
the identity of users involved in terrorism, sexual exploitation,
child trafficking and other violence acts [3].

Previous studies have executed author profile tasks either
to identify threats [4] or to determine their authors’ demo-
graphics [5]. To profile an author, many studies seek to iden-
tify a number of their characteristics such as identity [6]–[9];

The associate editor coordinating the review of this article and approving
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1 https://www.ic3.gov/media/annualreport/2018_IC3Report.pdf

native language [10]; dialect [11]; gender [3], [12]–[16]; and
political affiliation [17].

Gender identification (GI) is among the natural language
processing (NLP) problems aiming to determine the authors’
gender of a given text. This problem has gained prominence in
a wide range of applications such as e-commerce, marketing,
security, forensics etc. In 2013, for instance, the Halt Abuse
Organization reported that 30% of the harassers’ gender is
unknown (while 40% are males and 30% are females).2

In light of textual data analysis, identifying the authors’ gen-
der becomes a promising solution. Male and female authors
employ special writing styles and use different stylometric
features. These features may be (i) word-based, (ii) character-
based, (iii) structure-based, (iv) syntactic or (v) function
words. Given that the performance of machine learning tasks
heavily relies on the careful selection of features, the study
aims to identify the most appropriate features in solving the
GI problem.

The rest of the paper is organized as follows. Section (II)
presents an overview of the literature done on the GI prob-
lem in Arabic and other languages. The methodology and
the dataset under study will be introduced in section (III).

2 http://www.haltabuse.org/resources/stats/2013Statistics.pdf
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In section (IV), we will discuss the set of features that sep-
arates Saudi users on a gender basis. Concluding remarks are
laid out in section (V).

II. RELATED WORKS
Psycholinguistic studies have shown that an author tends
to use a unique style and a set of words that disclose his
mental and physical health [18], [19]. It has been argued
that males and females employ a myriad of distinct styles.
Given that sex is biology-based whereas gender is socially
constructed [20], each gender uses special markers to fulfill
their social roles. Lakoff [21], for instance, has introduced
the field of language and gender, providing lexical, morpho-
syntactic and pragmatic features for each class. Similarly,
Talbot [22] has explored further sociolinguistic properties
that draw a dividing line between both genders, particu-
larly in the workplace. This field has thrived ever since
and many characteristics have been proposed on gender
bases [23]–[25].

Although the identification of an author’s gender has been
the focus of many studies worldwide [3], [12], [26] inter alia,
it has not received an adequate attention in the Arabic-related
literature. Little work has been carried out on Arabic and
gender [13], [16], [27]. Alsmearat et al. [27] analyze a dataset
that consists of 500 articles written in Modern Standard Ara-
bic (MSA) by male and female Arab authors (15 for each).
The articles are manually collected from khaberni.com and
sawaleif.com. For feature extraction, Alsmearat et al. [27]
follow two approaches: (i) Bag-of-Words (BOW) and
(ii) Sentiment and Emotion-based feature approach. The
study does not find conclusive evidence for the common
stereotype that female authors compose emotional texts than
their male counterparts.

In the same vein, Alsmearat et al. [13] continue to address
the problem of GI, drawing on another manually collected
Arabic-news corpus derived from alrai.com, addustour.com
and sawaleif.com. The corpus consists of 2177 articles writ-
ten in MSA: 2120 by males and 1057 by females. Comparing
two approaches (i) BOW and (ii) stylometric features (SF),
they found that SF approach scores a higher level of accuracy,
i.e. 80.4%, in comparison to BOW approach, i.e. 73.9%.

While the two earlier studies investigated articles from the
internet newswires, Hussein et al. [16] analyzed textual data
from social media applications. They examined an Egyp-
tian Dialect Gender Annotated Dataset (EDGA) manually
retrieved from Twitter and they propose a text classifica-
tion solution to the GI problem. Their corpus consists of
70.000 tweets belonging to 140 active accounts located in
Egypt. The GI in their study achieves 87.6% in accuracy and
their proposed classification model was accurate by 77.4% in
PAN-AP’ 2017 dataset.

As far as we know, no previous work has explored the GI
problem in datasets comprising Saudi Arabic-written texts.
Similarly, no works have consulted sociolinguistic or psy-
cholinguistic studies in feature selection stage. Both fields
motivate the current study given that they constitute rich

avenues of features that yield accurate results in author
identification tasks. The current paper aims to fill this gap
and contribute with a manually developed corpus of Saudi
dialects from all over the kingdom. It also seeks to investigate
whether sociolinguistic and psycholinguistic findings are cor-
roborated by our in-house dataset, and whether new features
can be constructed as part of the solution to the GI problem.

Although some studies have assigned a special attention
to face attributes, making a great progress in the demo-
graphic estimation studies on gender, age, race etc [28], [29],
the current study overlooks face images as a gender-
discriminating feature due to cultural limitations. While it is
more helpful to augment textual corpus with author profile
pictures, Saudi females hold to an Islamic belief that woman
should not uncover their faces, let alone posting it in a pub-
lic platform. To maintain as much image-based information
as possible, we preserve emojis during the data processing
(see section III). We assume that emojis can transcend this
limitation as Saudi females represent themselves and their
feelings using female figures in online contexts.

III. METHODOLOGY AND DATASET
In the Arab world, NLP-related problems, including GI, are
in their early stage due to the lack of natural Arabic corpora.
A few datasets for GI are publicly available but they suffer
from some drawbacks. Articles written in MSA by both
genders, as is the case in [27] and [13], might have been
influenced by the formal lexicon of large news agencies such
as Reuters, BBC, CNN and their Arabic-translated services.
The lexicon of a political news story, for instance, is stan-
dardly constructed by unknown genders. Due to the non-
idiosyncratic styles in these domains, the gender authentica-
tion of news writers might be less achievable.

Likewise, the creation of Twitter-based datasets, as is
the case in Author Profiling Tasks at PAN [14], [15], and
[16], draws on tweets as a textual source. Tweets, however,
do not necessarily represent the natural language of a given
user. They may contain unnatural, literary or copy-and-paste
quotes composed by unidentifiable gender such as news,
songs, poems, prayers, scriptures’ verses amongmany others.
Thus, they may lead to confusion in data analysis and/or
author identification.

One of the major contributions of the current paper is to
create a large-enough Saudi Arabic corpus with open access
to all interested scholars. Thus, it consists of raw data that
can be used for training and testing tasks for future studies.
The developed corpus is manually gleaned from Twitter,
amicroblog servicewhich allows users to share 280-character
tweets. According to the social clinic (2013), the most users
of Twitter in the world are Saudis posting 500 million tweets
per month.3 We name the corpus Saudi Dialect Twitter Cor-
pus (SDTwittC) as it is an inclusive collection of Arabic texts
written by users of different dialects spoken in Saudi Arabia.

3https://www.thesocialclinic.com/saudi-arabia-ranks-first-on-twitter-
worldwide/
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TABLE 1. The statistical information of SDTwittC.

For the purpose of the study, speakers of other Arabic dialects
in the Gulf, the Levant or North Africa are disregarded during
the data collection.

SDTwittC consists of 200 authors evenly balanced by gen-
der (100 for each). We identified the gender of the tweeters
via their names and profile pictures. As potential copy-and-
paste texts, both tweets and retweets are discarded in the
first place. Only replies are compiled. The number of replies
for each author varies from hundreds to thousands. Male
authors produced 233926 replies whereas 219740 replies are
generated by the female group. To the best of our knowledge,
replies are the most reliable source of natural language as
they represent both genders more accurately than composing
original public tweets or sharing others’ texts. Unoriginal
data, if found in replies at all, is drastically minimized in
comparison to (re)tweets. Moreover, replying to friends does
not need the same amount of time and effort as composing for
the public. Although composing in online contexts requires a
carefully written prose as the audience varies, replies typi-
cally target well-known audience and they are produced for
natural social interactions. In this corpus, we have compen-
sated for the low number of subjects (i.e. 200) by eliciting an
enormous amount of replies per each author, leading to a four-
million-word dataset. Thus, we assume that this sufficient
corpus can disclose genuine features that discriminate both
genders on a linguistic basis.

SDTwittC has also undergone a cleansing process where
all Twitter-specific noises are removed. Any gender-neutral
text that is not naturally produced by the users under study is
eliminated such as hashtags, URLs, and username mentions.
Language other than Arabic, images and diacritics are also
banished from the corpus for the accuracy of word frequency.
To preserve as many gender identifiers as possible, the text is
not further normalized. Punctuation marks, alternating letters
and emojis are maintained. The final version of data is put in
a plain text file and is annotated based on the gender of the
authors. Consider the statistics of SDTwittC in Table 1.

Given that the data is retrieved from a public domain,
the data collection process does not violate the ethical rules
set by Institutional ReviewBoard (IRB). According to Twitter
policies, users are given the right to share their content or to
lock and protect their accounts against any intruders. Accord-
ing to Vitak et al. [30], an IRB-based study on social com-
puting research shows that researchers are not required to
obtain informed consent to collect data from public spheres.
Also, an overview of several hundreds of Twitter-based stud-
ies reveals that only a few papers have discussed ethical

obligations [31]. In the current paper, we have collected data
only from unlocked open access accounts, not to mention
that we have removed all informants’ identifying names plus
other user symbols during the reprocessing phase. Therefore,
no violations of IRB requirements are committed.

IV. FEATURE SELECTION
Given that the accurate selection of features improves the
robustness of author profiling tasks and other induction
methods [32], it follows that the second major contribution
of the current paper is to supply machine learning algo-
rithms/classifiers with a stock of features that may predict the
authors’ gender. Inspired by earlier studies, this section will
discuss all possible gender identifiers and will highlight the
other non-discriminating markers. Thus, the gender-related
features under study aim to provide scholars with preliminary
directions in their future research.

In this section, we classify our gender-related features
into four categories: (i) word-based, (ii) character-based,
(iii) syntactic and (iv) function words. Word-based features
will be presented in section (A) and they constitute the largest
category covering a diverse array of intensifiers, hedges, and
many other terms relevant to color, emoji, emotion, religion
etc. As for character-based and syntactic features, they will
be taken up in section (B) and they encompass tabs, spaces,
special characters such as %, ∗, &, etc plus the punctuation
marks. Function words include pronouns, demonstratives,
wh-interrogatives, negation markers, the definite article /al/,
feminine and plural words, and they will be finally discussed
in section (C).

The second aim of this section is to examine whether
our corpus confirms or negates earlier studies on gender-
dependent behaviors. Thus, all the studies cited within these
subsections will be from sociolinguistics or psycholinguis-
tics. For the calculation of the feature values, we will count
the frequency of tokens focusing on the most common words
in each category. Some of these words are extracted from the
literature and some others are manually selected based on
our linguistic knowledge. Due to space limitations, we will
provide representative examples for each class and calculate
the total of other related tokens as a separate input. The
percentage of the total is also computed per 10.000 words.

A. WORD-BASED FEATURES
Word-based features can be categorized into four sub-sets:
(i) sociology-based, (ii) psychology-based and (iii) lexicon-
based. The sociology-based category discusses politeness as
a social phenomenon. Thus, it covers both polite and impolite
speech acts. Politeness-related acts include greeting, grati-
tude, apology, congratulation, encouragement, best wishes
and laughter. As for impoliteness-related acts, they include
derogatory expressions such as taboos, curses, swearwords
as well as sarcasm. Both politeness and impoliteness require
a dyadic interaction and they are implemented for social
communication. Thus, the afore-mentioned speech acts aim

VOLUME 7, 2019 111933



S. A. Alanazi: Toward Identifying Features for Automatic Gender Detection: A Corpus Creation and Analysis

to highlight the sociological distinctions between Saudimales
and females.

As for the psychology-based category, it is less likely to be
used for communication. Given that it involves tokens used to
express one’s self, it is more expressive than communicative.
It contains expressions related to individual preferences and
feelings, personal perception of the surrounding environment
and personal stances towards others, be they human or non-
human. Thus, it covers terms related to color, emoji, emotion,
reason, religion and words that intensify or lessen the speech
force. We add this category with a view to separate the two
genders on psychological grounds.

Concerning the lexicon-based category, it addresses the
linguistic content that distinguishes Saudi males from their
female counterparts. It consists of expressions from other
Arabic varieties such as MSA, Gulf Arabic Pidgin as well as
Arabicized English words, and it also involves topic-specific
words in sport, health, education, economy, politics and the
like. These linguistic differences can be compounded by
other features such as character-based, syntactic and function
words.

1) SOCIOLOGY-BASED FEATURES
a: POLITENESS-RELATED FEATURES
In the past decades, many politeness-related acts have
attracted a vast amount of research [25], [33], [34]. These
acts include greeting, gratitude, apology, congratulation,
encouragement, best wishes and laughter. They are used
as ‘‘rapport-sensitive speech acts’’ [35, p. 18]. In all these
respects, the findings suggest that women are more polite
than men [25], [36], [37]. In contrast to these studies, our
corpus provides conflicting results as shown in Table 2 below.
The number followed by refers to the percentage of token
count per 10.000 words.

As far as we know, no study has investigated greet-
ing or congratulation in terms of frequency and gender
correlations. The existing works only focus on the various
strategies of greeting and congratulation between the two
genders, e.g. [38] and [39] on greeting and [40] and [41]
on congratulation. As demonstrated in Table 2, our dataset
indicates that males greet 18.28 more than females do, i.e.
14.57 . Still, males congratulate the most (i.e. 26.71 )
in comparison to females who score 09.95 . These new
findings suggest that Saudi males are more polite than their
female counterparts in greeting and congratulation in online
contexts.

The SDTwittC also shows new findings in contrast to
earlier studies on apology and empathy (i.e. encouragement
and best wishes). Although Schumann and Ross [42] argued
that female apologize more, our dataset suggests an alterna-
tive view. Saudi males tend to use almost a double number
of apology-related phrases than females, i.e. 1237 words
(07.61 ) for males while 757 words (04.37 ) for their
female counterparts. However, this might still indicate that
males commit more errors and apologize in reaction. We will
find indications for this hypothesis in the following section on

impoliteness (§41.2). As for encouragement and best wishes,
previous studies have proposed that females support and
encourage more than males [43], [44]. In our dataset, we have
drawn striking results. Saudi males are by far inclined to
encourage and express their wishes to others than females:
17.86 vs. 09.94 for encouragement and 17.15 vs.
07.75 for best wishes.

As for thanking phrases, our corpus advocates the earlier
results. Hesabi and Azima [45] and Yusefi [46] argued that
males express more gratitude than females. Similarly, our
dataset shows a gratitude tendency on the male part over the
female one. Saudi males express their gratitude (27.26 )
whereas females assign only 14.81 for appreciation in
their replies.

Although laughter is hardly accepted as a polite action,
the literature shows that it enhances the social relations within
a speech community and displays positive intentions towards
unknown people [47]. Moreover, while speech interruption is
sometimes considered rude, laughter interruption is always a
gesture of positive feedback [48]. Thus, we treat laughter as
a politeness-related action.

Sociolinguistic studies report that men are joke tellers and
more funny than women [49]. Lakoff [21, p. 56] takes these
facts to the extreme and argues that women ‘‘have no sense of
humor’’. However, other studies reveal that women are also
dragged to laughter in pursuit of affection and intimacy [50].
Given that we cannot calculate the number of jokes, we resort
to the counts of laughs manifested in elongated conso-
nants /hhhhhh/ and /khkhkhkh/. In calculation,
we consider all words prefixed with three letters of these
consonants. Also, we compute emoji laughing faces as part of
the laughing process. The findings in Table 3 demonstrate that
no significant difference is detected between the two genders.

b: IMPOLITENESS-RELATED FEATURES
As for impoliteness, it has been correlated with men who
exercise more power, influence, confrontation and chal-
lenge [51]. In this section, we will focus on profanity and
sarcasm. As a sociolinguistic phenomenon, profanity has
received a special attention in the field of language and gen-
der. It has been found that women shrink from vulgar expres-
sions and use more refined language [21], [52], [53]. Regard-
ing sarcasm, males are reported as more sarcastic [49], [54],
[55]. Consider the results in SDTwittC below. For the sake of
courtesy, we have written vulgar Arabic words reversely and
used asterisks for their translations.

As shown in Table 4, Saudimales utter 13.37 of obscene
words of the whole data more than their female fellows do
(i.e. 08.16 ). As far as sarcasm is concerned, no sharp
contrast is recorded, but the difference is still skewed towards
males (i.e. 05.75 ) in comparison to females (03.64 ).
To bring these results together, it is obvious that there

is no conclusive evidence for the mainstream view that
women are more polite than men [25], [36], [37]. New find-
ings in SDTwittC suggest the reverse. In online contexts,

111934 VOLUME 7, 2019



S. A. Alanazi: Toward Identifying Features for Automatic Gender Detection: A Corpus Creation and Analysis

TABLE 2. The frequency of politeness-related acts in SDTwittC. TABLE 2. (Continued.) The frequency of politeness-related acts in
SDTwittC.

TABLE 3. The frequency of laughs in SDTwittC.

Saudi males score higher than females in almost all the
politeness-related respects, i.e. greeting, gratitude, apol-
ogy, congratulation, encouragement and best wishes. With
respect to the two types of humor (laughter and sarcasm),
no major difference is acknowledged but the number of sar-
castic phrases is somehow tilted towards males in particu-
lar. Concerning profanity, it is much rampant in the male
texts. Figure 1 illustrates all the sociology-based distinctions
in SDTwittC.
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FIGURE 1. Summary of Sociology-Based Features in SDTwittC.

TABLE 4. The frequency of profanity and sarcasm-related expressions in
SDTwittC.

2) PSYCHOLOGY-BASED FEATURES
Research in psychology has put forward hypotheses that
authors utilize diverse styles and behaviors stressing their
mental and physical health [18], [19]. The psychology-
based features differ from sociology-based ones in that they
are more expressive than communicative. In other words,
a speaker may express his or her psychology via different
choices and views. Thus, we take psychometric features as

TABLE 5. The frequency of intensifiers and hedges in SDTwittC.

a cover term for the uses of intensifiers and hedges, the per-
sonal feelings and beliefs and the choices of colors and
emojis.
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TABLE 6. The frequency of repeated consonants and vowels in SDTwittC.

TABLE 7. The frequency of comparative and superlative adjectives in
SDTwittC.

a: USE OF INTENSIFIERS AND HEDGES
Intensifiers are lexical items that reinforce the force of
statements such as completely, definitely, and absolutely in
English. They are also known as upgraders [56] or strength-
eners [57]. As for hedges, also known as down-graders [56]
or weakeners [57], they are mitigating words that reduce
the power of utterances, e.g. somewhat, maybe, and so and
so in English. Tag questions such as is not it? right? does
he?etc are also subsumed under hedges [58]. Psychology
research has found that women tend to use more intensifiers
and hedges than males [59, p. 300]. Women exaggerate and
use intensifiers to attract the interlocutors’ attention and they
also lessen the strength of their speech due to their lack of
confidence [21], [59], [60].

Contra earlier studies, our corpus records no difference
between the two genders as shown in Table 5: Saudi
males produce 43.86 as intensifiers and 38.74 as
hedges in comparison to females who generate 45.06 and
34.66 respectively. However, exact numbers suggest that

TABLE 8. The frequency of romantic and religious phrases in SDTwittC.

males tend to down-grade their utterances whilst females
intensify them. As for tag questions, and in support of the
findings in [61], Saudi male authors raise more of such
questions. As shown in Table 5, Saudi males produced
2315times as opposed to the 1670 times yielded by females.
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TABLE 9. The frequency of number and time terms in SDTwittC. TABLE 10. The frequency of basic and spectral colors in SDTwittC.

Two linguistic behaviors can be considered among the
intensifying mechanisms: word elongation and comparative/
superlative adjectives. Word elongation or keystroke repe-
tition occurs when a user repeats one letter as a sign of
emphasis or intensity. This feature in the literature has been
mostly associated with female tweeters [62], [63]. Given
that capital letters which are used in English for screaming
are not possible in Arabic orthography, letter replication is
rather used in Arabic for the same purpose. In our corpus,
women are more users of letter duplication (90.85 of the
whole data) as in Table 6. It should be noted that we did
not count repetitive consonants relevant to other functions
such as laughs /hhhh/ or /khkhkhkk/ (see §1.1). As apparent
in Table 6, unlike other consonants, vowels and glides are the
most frequently duplicated letters.

Comparative and superlative adjectives may as well fall
under the category of intensifiers. Comparison tips the scale
for one item over the other(s), thus supplying the utterance
with more emphasis. In contrast to earlier works [64] that
reserve adjectives for females’ language, Table 7 illustrates
that males compare the most (i.e. 60.35 vs. 45.48 for
females).

In sum, no significant differences between the two genders
in terms of intensifiers or hedges exist. However, Saudi males
tend to comparemore (i.e. intensifiers) and raise tag questions
(i.e. hedges) than females. As for elongated letters, they are
exclusively among the salient properties of the Saudi females’
language.
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TABLE 11. The frequency of emojis in SDTwittC.

b: EMOTION AND REASON-RELATED FEATURES
Emotion (i.e. heart) and reason (i.e. mind) are integral parts
of the human psychology. There is a widely established
view that women are more emotional than males [65], [66].
In contrast, men focus more on facts, logic and reason [67].
Given that the number of emotion-related words (i.e. love,
sadness, anger, hate etc) is too large for our analyti-
cal purposes, we confined our attention to two emotional
aspects that emphasize gender differences: (i) romantic and
(ii) religious phrases. The former involves personal feelings
towards human beings while the latter encompasses personal
beliefs in a non-human power, i.e. God. Consider the results
in Table 8 for both romantic and religious phrases.

As shown in Table 8, our dataset reveals that Saudi females
use more romantic phrases (42.62 ) than their male coun-
terparts, i.e. (26.81 ).The statistics of romantic phrases
confirm the validity of the past findings that females are
more emotional [68], [69]. However, they are in conflict with
Alsmearat et al. [27] who obtains no decisive evidence in this
regard.

Part of Alsmearat et al.’s [27] misanalysis may follow
from the fact that they drew on emotion-bearing words from
Mohammad and Turney’s [70] Emotion Lexicon (EmoLex).
Although EmoLex consists of English lexemes, the authors

TABLE 12. The frequency of lexical items in different domains in
SDTwittC.

simply translated them into Arabic using Goolge Translate
service. We take issues with this methodology due to the pre-
dictable inaccuracy of Google Translate as well as the irrel-
evance of English terms to Arabic. Going through Emolex,
we have also noticed some phrases irrelevant to emotion.

Concerning religious phrases, several studies have postu-
lated that women are more religious than men [71]–[74]. Our
corpus provides similar findings. 154.86 of the females’
speech is religious whereas 138.84 of the same phrases is
only observed in the males’ content.

In contrast to emotion, reason is manifested in facts, logic
and statistics. Limiting our focus to the frequency of numbers
(such as 1-10, 20-90, 100, 1000, 1000.000) and timing terms,
we have found remarkable differences between the two gen-
ders. Consider the results in Table 9.
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TABLE 13. The frequency of punctuation marks and other characters in
SDTwittC.

As evident in Table 9, Saudi male speech includes a high
frequency of cardinals: 47.44 for males vs. 27.66 for
females. It also follows naturally that males are more accurate
in their perception of timing such as days and months.

As an overall conclusion, Saudi males embed 108.41 as
number and time-related terms in their streams whereas
females incorporate only two thirds of the same percentage,
viz. 66.87 .

c: USE OF COLORS AND EMOJIS
The perception of color has been associated with the emo-
tional component of a human being [75], [76]. Previous
studies confirm that females are capable of identifying more
colors than males [77]–[79]. Yet, our results in Table 10 do
not support this line of research.

As manifested in Table 10, males (13.15 ) make use
of colors than females (11.26 ), contrary to the earlier
findings. Upon close inspection, however, Saudi females are
still the winners in terms of spectral colors (i.e. 01.56 )
while males produce 05.35 as basic colors. The males’
high number of basic colors might be a result of the females’
tendency to employ spectral colors only; in other words,
the exclusive use of basic colors by males might increase the
statistics and give the male users an advantage in frequency.

In twitter and other social networking applications, users
also supplement their texts with emojis to illustrate their
feelings graphically and to apply more emphasis on their
emotions. Emojis are smileys and ideograms used to convey
facial expressions and represent objects such as body parts,
animals, flags among many others. In SDTwittC, and in
support of earlier research [80], [81], Saudi females embed
641.38 as emojis in their twitter-feeds whereas their male
fellows allocate only 523.68 of their texts to emoticons.
Consider the results in Table 11.

TABLE 14. The frequency of function words in SDTwittC.

In sum, Saudi males generally use more basic colors than
females yet females use more spectral colors than males.
Regarding emoticons, females generate a high amount of
emojis than their male counterparts.

3) LEXICON-BASED FEATURES
This section discusses lexical items derived from other Ara-
bic varieties such as MSA, Arabic Pidgin and Arabicized
English. It also discusses well-known words and phrases in
different domains such as politics, economy, sport, health
and education. Given that males and females differ in their
interests, a divergence in lexical selection is expected [82].
We restricted our search to the most common and predictable
20 vocabulary items in each field. The results are given
in Table 12 below.

As presented in Table 12, no radical difference is noted
in most of the categories. However, males tend to delve
into sport and government topics whereas females prefer to
tackle issues related to health and social life. Bringing all the
psychology-based features together, consider Figure 2.
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FIGURE 2. Summary of Psychology-Based Features in SDTwittC.

B. SYNTACTIC AND CHARACTER-BASED FEATURES
This section is concerned with the frequency of punctua-
tion marks and other special characters. Recall that hashtag
and username symbols (# and @ respectively) are removed
from the dataset. However, they are still used in other irrel-
evant contexts. As seen in Table 13, a sharp contrast is
detected. Saudi male tweeters tend to embed 764.38 as
characters in their replies than their female counterparts,
i.e. 502.20 usage.

C. FUNCTION WORDS
As for function words, they include all expressions with
grammatical functions such as pronouns, demonstratives,
wh-interrogatives, definite article, negation markers, yes-no
responses, feminine words (ending in -at or -ah) and plural
words (ending with -u:na/i:na or -a:t). The results are given
in Table 14.

The overall results indicate that no significant differences
are observed between the two genders in terms of function
words. However, Saudi women tend to use more pronouns
than their male counterparts who are themost users of demon-
stratives.

V. CONCLUSION
In conclusion, the contribution of the current paper is twofold:
(i) a manually created Saudi dialectal dataset, and (ii) an
inventory of features for machine learning-based tasks. The
corpus is sufficient enough in that it includes 4-million-
word texts from twitter replies, which represent the most
authentic natural linguistic source. As for the set of features,
they are proposed in light of the gender-based distinctions
in the fields of sociolinguistics and psycholinguistics. The
study derives its importance from these features that can feed
machine learning algorithms and improve their performance
and accuracy in author identification. Due to space limita-
tions, the current paper does not measure the impact of using
these features onmachine and deep learning classifiers. Thus,

we recommend that future works pursue this line of research
and take our proposed features into consideration.

The corpus presents new findings contra the past studies.
From the sociological point of view, for instance, we have
found that Saudi males are more polite than their fellow
citizens in terms of greeting, gratitude, apology, congratu-
lation, encouragement and best wishes. Nonetheless, Saudi
males are still impolite in terms of profanity and sarcasm.
As for the psychometric features, and in line with the past
literature, we have noted that Saudi females are more emo-
tional and psychologically aware, due to their extensive use
of romantic and religious phrases, emoji and spectral col-
ors. No significant distinction has been drawn between the
two genders as far as intensifiers and hedges are concerned.
As part of the intensifiers, however, duplicated letters have
been attested among the females whereas comparative and
superlative adjectives are mostly used by the males. Regard-
ing lexicon-based features, we have shown that Saudi males
are more involved in government and sport topics while their
female fellows aremore concernedwith health and social life.
In terms of syntactic and character-based features, we have
seen that Saudi men use more of these items. In the final
section dedicated to function words, males are reported as the
most users of demonstratives whereas females are seen as the
most users of pronouns.
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